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Abstract

The rapid advancement of Artificial Intelligence, particularly through deep learning
and Large Language Models, has yielded unprecedented performance across diverse
domains. However, this success has come at the cost of increasingly demanding compu-
tational requirements and diminished transparency. Modern Al systems rely heavily on
over-parameterized architectures that, while powerful, are inefficient for deployment
in resource-constrained environments and opaque in their decision-making processes,
raising critical concerns for adoption in high-stakes applications. This thesis addresses
the urgent need to reconcile the capabilities of state-of-the-art Al with the practical
demands of real-world deployment by developing systems that are simultaneously adap-
tive, efficient, and interpretable. Through three interconnected research themes, we
advance the foundations of Al architectures. First, we establish a comprehensive frame-
work for adaptive computation, introducing mechanisms that enable neural networks
to dynamically allocate computational resources based on input complexity and avail-
able resources. Our contributions include Adaptive Computation Modules for granular
per-token efficiency, adaptive layer selection for accelerated fine-tuning of Vision Trans-
formers, and adaptive semantic token selection strategies for edge intelligence systems.
Second, we tackle critical efficiency bottlenecks in Large Language Model deployment,
specifically addressing the memory constraints imposed by the Key-Value cache. We
propose multiple novel compression strategies—including L, norm-based approaches, Q-
Filters that exploit query-key geometrical relationships, and Expected Attention methods
that leverage future query distributions—enabling practical deployment of LLMs with
extended context windows. Third, we advance interpretable Al through mechanistic
analysis of model internals and domain-specific applications of explainable AI. Our
work encompasses steering knowledge selection behaviors in LLMs, analyzing residual
streams under knowledge conflicts, and deploying interpretable models in high-stakes
domains including high-energy physics and archaeological classification, demonstrating
how transparency enables both trust and scientific insight. Collectively, this body of work
demonstrates that efficiency and interpretability need not be traded against performance.
By developing adaptive architectures, addressing specific deployment bottlenecks, and
opening the black box of neural networks, this thesis provides both theoretical frame-
works and practical solutions that move Al systems closer to widespread, trustworthy
deployment across diverse real-world applications.
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Chapter 1

Introduction

1.1 Adaptive, Efficient, and Interpretable Systems for future
Al Development

The field of Artificial Intelligence (AI), particularly deep learning, has undergone a
revolutionary transformation in the last decade. The sheer scale and power of modern
neural network architectures, exemplified by Large Language Models (LLMs), have
delivered unprecedented performance across a multitude of complex tasks, from natural
language understanding to scientific discovery. This success, however, is tethered to
increasingly demanding computational and financial costs. The prevailing paradigm
often relies on over-parameterization—training massive, static models that, while
powerful, are fundamentally inefficient and difficult to deploy in resource-constrained
environments like mobile devices, edge servers, or specialized scientific instruments.

Furthermore, the complexity that fuels these gains simultaneously exacerbates the
black-box problem. As models grow, they become less transparent, making it exceedingly
difficult to understand their decision-making processes, debug failures, and establish
the trust necessary for their adoption in high-stakes domains such as medicine, finance,
and autonomous systems. This lack of transparency is not merely an academic concern;
it raises critical ethical, legal, and safety questions.

This thesis is motivated by the urgent need to bridge the gap between the power of
state-of-the-art Al and the practical constraints of real-world deployment. We assert that
the next generation of Al systems must be:

1. Adaptive: Capable of dynamically adjusting their computational effort based on
the input’s complexity, the available resources, or the specific task.

2. Efficient: Designed to minimize computational and memory footprints during both
training and inference, enabling broader accessibility and reducing environmental
impact.

3. Interpretable: Transparent in their internal mechanisms and decision-making,
providing human-understandable insights to foster trust and accelerate scientific
discovery.

To address these challenges, this thesis sets forth the following central research
questions:
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* RQ1: How can the principles of conditional computation be generalized and
formalized to create neural architectures that dynamically allocate resources at
various granularities (e.g., layer, token, or module level) for both efficient training
and inference?

* RQ2: What novel architectural and algorithmic techniques can be developed to
overcome the specific memory and computational bottlenecks, such as the Key-
Value (KV) cache in Large Language Models, to make state-of-the-art models
practical for widespread deployment?

* RQ3: How can eXplainable AI (XAI) and mechanistic interpretability tech-
niques be applied to both large-scale foundational models and domain-specific
applications to build robust, trustworthy, and insight-generating Al systems?

1.1.1 Thesis Contributions: A high-level Overview

The body of work presented in this thesis addresses these research questions through
a series of published papers, focusing on the core themes of Adaptive Computation,
Efficient Architectures, and Interpretable Al Systems. The key contributions are
summarized below and detailed in the subsequent chapters.

1.1.2 Adaptive and Efficient Architectures

The first major theme of this thesis focuses on fundamentally changing the way Al
models process information to achieve dynamic efficiency. We begin by providing
a foundational framework and comprehensive review of Conditional Computation,
defining the principles by which neural networks can dynamically activate or deactivate
parts of their structure based on the input [517]. Building on this, we introduce the
concept of granular adaptation with Adaptive Computation Modules (ACMs), a general
mechanism that allows models to adapt their computational load on a per-token basis,
demonstrating substantial efficiency gains for inference [609]. We also apply these
adaptive principles to specific efficiency challenges, proposing Adaptive Layer Selection
for accelerating the fine-tuning of large Vision Transformers [150], and developing an
Adaptive Semantic Token Selection scheme for resource-aware data transmission in
edge intelligence and goal-oriented communication systems [154].

1.1.3 Overcoming LLM Inference Bottlenecks

The second major contribution area addresses the unique scaling challenges presented
by Large Language Models (LLMs). The memory footprint of the Key-Value (KV) Cache
is a critical bottleneck that limits the context window and the overall deployment size
of LLMs. We directly tackle this by proposing a set of novel and effective strategies
for KV Cache Compression. Our work includes a simple yet effective L, Norm-Based
Strategy [153] and two more sophisticated approaches: Q-Filters, which leverage the
geometrical relationship between queries and keys to significantly enhance compression
efficiency with minimal performance degradation [208] and Expected Attention that
uses the future queries distribution to estimate attention in current context [151].
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1.1.4 Interpretable Al Systems and Transparency

The final theme shifts from efficiency to the crucial requirement of transparency and
trust. We contribute to the foundational understanding of LLMs through mechanistic
interpretability, developing methods to Steer Knowledge Selection Behaviors using
SAE-based Representation Engineering [678] and by rigorously Analysing the Residual
Stream of models when they encounter knowledge conflicts [680]. This work moves us
closer to models that can be debugged and controlled. Furthermore, we demonstrate the
broad applicability of eXplainable AI (XAI) in high-stakes, non-traditional domains. This
includes the design of Mixture-of-Experts Graph Transformers for interpretable particle
collision detection in High-Energy Physics [200] and the Interpretable Classification of
Archaeological Data [87], providing domain experts with new insights and validating
Al decisions in scientific discovery.

1.2 Additional Relevant Publications

In addition to the core papers driving the narrative of adaptive efficiency and inter-
pretability, the following publications further expand the scope of my research, ad-
dressing foundational aspects of trustworthy Al such as robustness and continuous
learning: "Reidentification of Objects From Aerial Photos with Hybrid Siamese Neural
Networks" [152], "On the Robustness of Vision Transformers for Monocular Depth Es-
timation" [178], "Are We Done with MMLU?" [197], "Class Incremental Learning with
Cascaded Gated Classifier" [467].
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1.3 List of Publications

Table 1.1. Publications List with Venue and Year

Title and Citation Venue Year
Are We Done with MMLU? [197] NAACL 2025
A Simple and Effective L, Norm-Based Strategy for =~ EMNLP 2024
KV Cache Compression [153]

Steering knowledge selection behaviours in LLMs NAACL 2025
via sae-based representation engineering [678]

Adaptive Semantic Token Selection for Al-native =~ GLOBECOM 2024
Goal-oriented Communications [154]

Conditional computation in neural networks: Prin- Intelligenza Artificiale 2024
ciples and research trends [517]

Adaptive Modular Computation: Granular Condi- AAAI 2025
tional Computation For Efficient Inference [609]

Reidentification of Objects From Aerial Photos With  IEEE Transactions on Industrial Informatics 2023
Hybrid Siamese Neural Networks [152]

On the robustness of vision transformers for in-flight  Industrial Artificial Intelligence 2023
monocular depth estimation [178]

Adaptive layer selection for efficient vision trans- Neurocomputing 2025
former fine-tuning [150]

Q-Filters: Leveraging QK Geometry for Efficient KV SLLM @ ICLR 2025
Cache Compression [208]

Goal-oriented Communications based on Recursive  Asilomar Conference 2024
Early Exit Neural Networks [468]

Class Incremental Learning with Probability Damp- Neurocomputing 2024
ening and Cascaded Gated Classifier [467]

Analysing the residual stream of language models MINT @ Neurips 2024
under knowledge conflicts [680]

Expected Attention: KV Cache Compression by Es-  arXiv preprint (under review) 2025
timating Attention from Future Queries Distribu-

tion [151]

Universal Properties of Activation Sparsity in Mod-  arXiv preprint (under review) 2025
ern Large Language Models [559]

Interpretable Classification of Levantine Ceramic  ML: Science and Technology 2025
Thin Sections via Neural Networks [87]

Attention Sinks in Diffusion Language Models [506]  arXiv preprint (under review) 2025
Mixture-of-Experts Graph Transformers for Inter- Nature Scientific Reports 2025

pretable Particle Collision Detection [200]




Chapter 2

Conditional Computation

In the last twenty years, neural networks (NNs) have undergone two opposing trends.
On one hand, the number of practical applications has continued to grow, fueled by
successes in, among others, language modeling [283], drug design [593], rendering, and
language-vision reasoning [462]. On the other hand, their design has crystallized around
a very small set of layers (e.g., multi-head attention) and principles (e.g., permutation
equivariance), while the focus has shifted on scaling up their training, both in terms of
data and parameters [283]. Apart from scale, maybe less than a dozen components
and variations thereof are enough to categorize the vast majority of neural networks
deployed nowadays.

Among these design principles, sequentiality has remained a key component. NNs, be
they convolutional, recurrent, or transformers, are composed of a stack of differentiable
operations, which are activated in sequence for each input to be processed. Stated
in another way, their computational graph, i.e., the sequence of primitive operations
executed on the underlying hardware, is fixed beforehand when instantiating them.
Because NNs have continued to scale in depth and width, this has led to several issues
in terms of computational performance and efficiency [187]. Standard techniques to
make NNs more efficient only address this partially, by replacing the original network
with other static models having fewer layers (distillation [597], pruning [300]), less
precision per parameter, or by approximating each weight matrix (e.g., via low-rank
factorization).

By viewing neural networks as computing systems, this behavior is counter-intuitive.
Hardware components are designed based on their expected peak usage, while only
executing a fraction of their resources at any given time (e.g., memory). Similarly,
software libraries and operating systems are composed of millions of lines of code, only a
handful of which are selected and run in a given moment, thanks to the use of branches,
loops, and conditional execution. Recently, a large body of literature has flourished on
embedding similar sparse modularity principles in the design of neural networks [465].
Based on the original idea of conditional computation [46], this has blossomed into a large
number of practical implementations, ranging from mixture-of-experts (MoEs) [533] to
dynamic mechanisms to select tokens and layers in transformers [394]. This tutorial is
intended as an organized, uniform overview and entry point into this growing body of
literature.

The benefits of developing networks that can dynamically adjust their computational
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graph go beyond memory or time efficiency. More and more, neural networks are
treated in the same way as software [292], and deploying them requires the possibility
of quickly debugging their predictions [69], continually fine-tuning them on new data,
and transferring parts of their knowledge from one network to the other [17], similarly
to standalone software libraries. As we will see, dynamically-activated neural networks
provide a principled way to improve both zero-shot transfer and generalization [471]
(Sec. 2.0.3) and explainability of the models (Section 2.0.3). This aligns with the
requirements of many novel applications of NNs, from scientific discovery [593] to
Al-native telecommunications [631, 550]. In particular, smart semantic communication
networks [550] envisioned in the so-called beyond 6G model necessitate networks that
can flexibly adapt to bandwidth and energy constraints, while ensuring transferability
and communication through separate neural modules.

For the purpose of this tutorial, we consider three flavors of dynamism: (a) neural
components that can restrict their computation to a smaller subset of input tokens
(dynamic input sparsity); (b) layers that can selectively activate sub-components for
processing a token (dynamic width sparsity); and (c) layers that can be completely
skipped during their execution ( ). As we show in Section 2.0.1, a
simple mathematical formalism encompasses all three cases. Section 2.0.1 also highlights
how modularity can be achieved with the addition of a small set of primitives to our
networks’ toolkit, namely, the possibility of sampling in a differentiable way elements
from a set. We discuss in Section 2.0.1 the simplest technique to this end, the Gumbel-
Softmax trick [? 378], and some common extensions.

We then proceed to discuss three notable implementations of these concepts in Sec-
tion 2.0.2: early-exit (EE) models, mixture-of-expert (MoE) layers, and token selection
mechanisms. While these models are generally discussed in separate fashions (e.g.,
see [522, 384] for EEs, and [657, 181] for MoEs), viewing them as specific instances of a
general framework highlights many similar trends and characteristics. In fact, we argue
that designing networks with dynamically activated components is not simply a matter
of enhancing performance: in all these cases, the resulting networks are more apt at
adapting to variable system’s constraints (e.g., decreased energy usage), specialization,
catastrophic forgetting, and multimodality. We build on these insights in Sections 2.0.3
and 2.0.4, where we list potential research directions for these models including adapting
their computational cost and energy at inference and training time in an elastic way,
zero-shot transfer, robustness, and explainability.

Relation to prior works: we do not claim to be the first to discuss these ideas, nor to
present them in a general way. We simply hope to provide a simple, cohesive entry point
into an extremely fascinating and growing research direction in the literature. Recently,
modular deep learning [465] has been proposed as a general term for neural networks
where computation is functionally decomposed into units that are sparsely activated.
Compared to [465], our formalism is simpler and we focus on a smaller set of ideas: for
example, we do not consider input composition methods, nor soft routing strategies,
and we focus on viewing modularity as discrete sampling inside neural networks. Hence,
we provide an orthogonal view to [465], to which we refer for a broader outlook on
modularity and composition. We also focus on a tutorial exposition, preferring simplicity
and clarity to completeness. We only describe the simplest techniques for differentiable
sampling, and we refer to [426] for a larger and more in-depth introduction to this field.
Additional entry points in the literature include [239] (for an overview up to 2021 of



«’Dc

Figure 2.1. Input sparsity: A differentiable mechanism subsamples input tokens to be processed
by the later parts of the network (we show original image patches in the figure, but the
tokens can be equivalently be replaced by their latent representations if we consider an
intermediate layer of the architecture).

dynamism in NNs) and [187] for designing faster and more efficient transformer models.

2.0.1 Three types of conditional computation
A general formalism for sparse modularity

Neural networks can be described as the composition of several trainable, differentiable
operations of the form:
y=flx,w) 2.1

where x denotes the input, w the module’s parameters, and f the specific operation.
Because of functional composition, f can represent an operation at any level of com-
plexity, e.g., a basic linear algebra operation, a layer (convolutional, recurrent, ...), or
a composite block, such as the classical combination of token mixing, channel mixing,
and layer normalization operations found in transformers.

Most of our discussion focuses on transformer-like architectures, where the input
is composed of a set of tokens, representing parts of the complete input [501] (e.g.,
subwords in a sentence or patches in an image). The input x in (2.1) is purposefully left
vague: depending on the scenario and the layer, x can be a single token (e.g., for the
fully-connected blocks inside a transformer), the entire set of tokens, a mini-batch of
inputs, or other forms of data aggregation.

We are interested in augmenting (2.1) to allow the dependence of the different
quantities to vary based on some conditioning input x,., where x, can be equal to x,
some linear or non-linear projection of x (in order to decouple the conditioning input
from the input used for the layer and increase the flexibility of the dynamic mechanism),
or some additional input information (e.g., a latent token representing the language of
the speaker in an audio model [361]).

Suppose we have available some trainable subsampling operation, defined over the
conditioning input x,. and over some set 8, such that:

r'(8,x.)C8s. (2.2)

Practically, sets are always represented in some matrix format inside neural networks
(e.g., by stacking all elements row-wise), in which case we assume the relevant quantities
in (2.2) to follow the same conventions. As an example, if S is represented by a matrix
S, (2.2) can be implemented by row-wise masking of the corresponding elements:

I(S,x.)=M®S (2.3)
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Differentiable
sampling

Figure 2.2. Width sparsity: Different parts of a layer (e.g., experts) can be activated based on
the conditioning value.

where M is a binary mask of suitable shape with rows set to either 0 or 1. Different
implementations can be obtained depending on whether the size of the output mask
is known in advance (e.g., how many tokens to keep in a given layer), or must be
estimated by I' itself. We will see later on in Section 2.0.1 how such an operation can be
implemented in practice.

This small addition allows us to implement several levels of modularity inside our
neural network. First, assume the input x can be decomposed into smaller components
x = {xq,...,x,}. In many cases, this is a natural decomposition, e.g., tokens inside a
transformer, time instants for a sequence, or frames for a video input. However, they
can also correspond to additional register tokens [132], to elements extracted from
some external memory (e.g., AdaTape [637]), or additional views or modalities. Then,
dynamic input sparsity (Fig. 2.1) is achieved by combining the layer with a subsampling
operation on the input:

Input sparsity : f (TI'(x, x.), w) (2.4)

This allows the layer to focus exclusively on input components that are relevant to the
current operation. As an example, consider an image with a very wide, uniformly blue
background: for the majority of tasks, we can imagine the layer to be able to operate even
when removing the vast majority of tokens corresponding to such background [610].
This is, indeed, observed in practice, as we’ll describe in Section 2.0.2.

Second, assume the weights themselves can be decomposed into blocks b = {w,...,w,,},
and the entire function decomposed as:
f(X,W):@({fl(X,Wl),...,fm(x,Wm)}), (25)

where & is a permutation equivariant operation that aggregates the results of the
different blocks. This is also a very natural decomposition in practice: for example,
f; could correspond to a single output channel in a convolutive layer, with @ being a
concatenation. Or, f; can be a head in a multi-head attention layer, with @ being a
concatenation followed by a projection. In this case, what we call dynamic width sparsity
(Fig. 2.2) can be achieved by subsampling the blocks:

Width sparsity : f (x,T(w, x.)) =
ea(r({fl(xawl):'"3fm(x>Wm)5xc}) (26)

Imposing some form of structure over w is fundamental since subsampling each weight
separately would result in a highly unstructured form of dynamic pruning, which is
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e ; T e ;

Figure 2.3. A subset of the layers can be deactivated by the sampling mechanism,
like in early-exit networks.

generally very difficult to optimize and control [278]. Once again, this formulation is
very generic: for example, if each f; corresponds to an activation function, subsampling
with cardinality 1 corresponds to choosing the best activation function for each token
or each input, in a form of dynamic model selection mechanism [362]. If each f; is
an entire model, this can be used to route information across blocks with different
types or complexity (see, e.g., layer stitching [448]). We will see in Section 2.0.2 a
common implementation of this principle in the context of MoEs, and defer more general
discussions to Section 2.0.3.

Third, even if a weight decomposition is unavailable, dynamic computation can still
be achieved by considering the entire layer as a single block and conditionally skipping
its execution. This (Fig. 2.3) can be achieved easily by rewriting
the layer with an additional, untrainable scalar weight o = 1, and writing:

Depth sparsity : f'(x,w,T({c},x.)) = (2.7)
o(x)f (c,w)+(1—o(x))x (2.8)

where we assume the empty set §) to be implemented as 0 in practice. As a variant of this
idea, we can skip entire blocks of layers by exiting the network instead of adding a skip
connection in (2.8). We will see concrete implementations of this concept in Section
2.0.2.

Discrete sampling: the Gumbel-Softmax trick

Before proceeding, we discuss briefly the implementation of the subsampling layer I'.
As a prototypical example, we restrict our analysis to subsampling a single element
from the set in input. In this case, a very common implementation is the so-called
Gumbel-Softmax (GS) trick [277], also known as the concrete distribution [378]. In
this section, we only provide a high-level overview, and we refer to [272] for a fuller
exposition.

First of all, we process the inputs with some trainable layer p(8, x) € Rl to provide
a real-valued score for each element in 8, which is proportional to its probability of
being sampled. In this section, we drop the subscript from the conditioning input x, for
readability. The implementation of p depends on the use case. For example, suppose
that the conditioning input is a tensor x € R™"*4 coming from intermediate output of
a CNN having width w, height h, and d channels, while § is the set of output channels
in a convolutive layer, of which we want to select a single one [250]. We associate to
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g ~ Gumbel(0, 1) |E
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Figure 2.4. Overview of the Gumbel-Softmax trick. We show in orange differentiable operations
(the argmax’s gradient being zero almost everywhere) and with a dashed arrow the relaxed
backward path.

each channel a trainable vector ¢;, and compute an affinity score via the dot product
with a pooled representation of the image [250]:

L,j
p(8,x) = [vTcl, ...,vTc|3|] (2.10)

Many other designs for p are possible based on x and 8. Let us denote by p the output
of p, and by g; samples from the so-called Gumbel distribution [277]. We also assume
that the elements of S correspond to integers, § = {1,...,|8|}, in which case we simply
write Tjg(x) for the subsampling over the set of integers. Then, the following operation
provides an unbiased sample from 8, with the probability of sampling the i-th element
p(s € 8) o< exp(p,) proportional to p;:

§ = argmax {pi +gi}. (2.11)

1

Removing the Gumbel noise g; corresponds to taking the element with the highest score
pi, while sampling provides a degree of freedom that is helpful in exploring possible
alternatives. Since the probabilities p; are implicitly trained via p(8, x), the network can
learn to select the element from 8 which is most useful for the specific input x. In the
case of channel selection, for example, this can lead to specializing single channels to
specific types of inputs.

The operation in (2.11) is not easily trainable via gradient descent (since its gradient
will be zero almost everywhere), but it can be relaxed with a softmax approximation:

_ exp((p; + &) /1) '
Zjexp((Pj‘f'gj)/T)

(2.12)

The quality of the approximation can be controlled by the user-defined parameter 7,
sometimes called the temperature [272]. The values in s are not binary anymore, being
generic convex combinations of the (one-hot) representations from the elements in S.
However, a common relaxation is to use the binary values in (2.11) during the forward
pass of the network, and relax the gradients to use the soft approximation in (2.12)
during the backward pass. This is called straight-through estimation (STE). A high-level
overview of the complete schema is given in Fig. 2.4.
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The GS trick can be easily extended to sampling more than a single value by replacing
the argmax with a top-k operation [307]. Suitable generalizations, such as the entmax
family [118], can also sample binary vectors with a variable number of elements. The
simplicity of the GS trick makes it widespread in many applications, but several other
types of sampling layers can be found in the literature, especially for more complex
combinatorial spaces, for which we refer to [426]. A larger overview of possible sampling
operations for MoE layers is also given in Sec. 2.0.2.

2.0.2 Concrete implementations

The previous section has introduced a generic framework for designing networks with
dynamic computational graphs. In the literature, these ideas have coalesced around a few,
notable set of implementations. In this section we overview three of the most popular
ones: early exits (Sec. 2.0.2), MoE layers (Sec. 2.0.2), and token sampling (Sec.
2.0.2) as examples of networks having dynamic depth, width and input, respectively. In
all cases we focus on the key strengths and drawbacks of each approach, highlighting
how they connect to the framework of Sec. 2.0.1.

Early exits

Early exit neural networks (EENNs) were introduced based on the idea that not all the
inputs to a network are required to go through all the layers of the model to be correctly
classified [565]. In fact, the accuracy of a network can decrease with respect to the
depth on particularly easy samples, a phenomenon known as overthinking [516].

Consider a neural network (sometimes called the backbone network in this context),
which can be either trained from scratch or pre-trained. In an early-exit framework, the
backbone is augmented with auxiliary classifiers (early exits) which are connected at
intermediate outputs of the backbone. These auxiliary blocks can be trained all at the
same time or in a layer-wise fashion [522], while at inference time they are used to halt
the computation when the model is confident enough about the prediction. This is an
example of dynamic depth sparsity (Section 2.0.1), except that an entire subset of layers
is skipped at the same time.

We introduce first the most common formulation of EENNs, in which early exits
are jointly trained while the early exit logic is defined manually with additional hyper-
parameters. As already stated, we can see a neural network as a composition of b
sequential blocks:

flx)=fyofy jo---ofi(x) (2.13)

where o denotes function composition, b is the last layer of the backbone, and we remove
the dependency on the parameters for simplicity. Where to place the auxiliary classifiers
is in general a hyper-parameter [522], but here, for clarity, we add a classifier after each
block, producing multiple prediction functions:

Yilx)=cjo(fiofi_jo0---0f;(x)) (2.14)

where c; is a small classifier (e.g., for a CNN, a typical design is to have a global average
pooling operation followed by a fully-connected layer, while for a transformer we can
apply a fully-connected layer on a specialized class token). This formulation leads to
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an EENN which is capable of classifying input samples at any stage of the computation
through the sequence y;(x), ya(x),...,¥p—1(x), f(x). Ideally, each classifier can spe-
cialize on a subset of the training samples based on the complexity of the input. In the
simplest case, given a desired output y, all early exits can be trained simultaneously by
minimizing the sum of the losses for each classifier:

b—1
L = aCE(y, f (x)) + ) BiCE(y, y;(x)), (2.15)
i=1

where CE is the cross-entropy loss, and a, f31, ..., B;_; are hyper-parameters that balance
the loss contribution from each early exit. At inference time, an exit can be chosen
by comparing, e.g., the predicted class probability or the entropy of the prediction to
a user-defined parameter acting as a threshold. Other strategies include combining
predictions based on trainable [521] or geometric [611] ensembling.

These networks have found applications in many fields recently. Concerning NLB
many strategies with BERT have been proposed [687, 628, 693], varying from patience-
based EE [687] to extra classification layers [628]. For computer vision, EE applications
vary based on the strategy, including multi-exiting [37, 308, 597, 64], and loss-weight
adjustment [596]. Also, the tasks vary, spanning semantic segmentation [308], video
recognition [204], adversarial training [294], and image compression [631]. Recently,
EE strategies have been proposed also for vision-language models [562].

Although this formulation of EENNs (or minor variations thereof) is very common
in the literature (see e.g., [565, 64, 687, 384, 525, 562]), it only fits partially our view
of dynamic sparsity, since the computational graph is unchanged during training and
the dynamism is only obtained via an external heuristic. To this end, [521] proposed
a mechanism to optimize the early exit selection during training, called differentiable
branching. Suppose we augment each early exit with an additional output that we
denote as y;(x). The key idea of differentiable branching is to define a new recursive
output, which is given by a soft composition of the original outputs:

Fi() = 7:(x)yi(x) + (1 = 7;(x))F 142 (x) (2.16)

where the recursion stops at i = b, where y;(x) = 1 by definition. At inference time,
this can be turned into an early exit module by viewing v;(x) as a binary classifier and
thresholding it at 0.5. By replacing the gates y;(x) with samples from a GS distribution,
we return to the general setting described in Section 2.0.1. In fact, if the outputs of
yi(x) are binary we can identify:

r1(x)
(1—=71(x))y2(x)

Tpq(x) = (2.17)

[Hf’;f(l—n'(x»]m_l(x)

with the subsampling block over the indexes of the early exits. This can also be given
a Bayesian interpretation under the stick-breaking process [469]. While the sampler
in (2.17) is conditioned on the full input, other choices are possible. For example, in
multitask learning a separate task embedding can be used to select different exits for
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different tasks [664 ], while in the case of transformers, only the class token can be used
to decide an optimal exit strategy [246]. Being able to train the choice of early exit
is fundamental because it allows us to regularize it further for, e.g., better inference-
accuracy trade-offs: we revisit this idea in Section 2.0.3. See [521, 384] for in-depth
reviews on EENNs and [521] for a fuller description of differentiable branching.

Mixture-of-experts

Mixture-of-Experts (MoEs) models were introduced more than thirty years ago as adap-
tive algorithms to perform dynamic ensembles of individual machine learning algorithms,
denoted as experts in that context [657]. Recently, MoE layers in neural networks have
gained popularity, especially for LLMs and large vision modules [501]. They allow
scaling the model’s parameters while keeping the compute budget constant, and they
offer the possibility of distributing the training by decomposing the computation of
a layer over multiple GPUs [501]. As a side product, they offer dynamic width spar-
sity by selectively activating only parts of the layer for each input. At the time of
writing, the largest open source language and vision models are based on a MoE formu-
lation [331, 182, 501, 123, 283].

In a MokE layer, the trainable parameters are grouped into topologically identical
blocks called experts. In the forward pass, a decision block (called router in this context)
selects a subset of expert blocks (typically, only a fixed number of k experts, with k
selected beforehand, is chosen) that will be activated and routes the input data to the
selected experts. More formally, the MoE layer can expressed as:

FGe,w) =D 1 (Ofi(x,w) (2.18)
i=1

where v is the routing function and f, f5 ... f,, are the experts. In its simplest form, this
is a sparse linear combination of the outputs of the experts. This is immediately seen to
be an instance of 2.6 with I},(x) = [y;(x), v2(x), ..., y.(x)], provided that the outputs
of v;(x) are sparse.

The unique advantage of MoEs is that only a fraction of the network parameters,
depending on the chosen value for k, are used for computation. Such fraction can
be tuned by changing the value of k. Additionally, one can devise routing functions
such that experts focus on different areas of the input space, leading to specialized
sub-networks (see Sec. 2.0.3 for a discussion on specialization and Sec. 2.0.2 for an
overview of routing algorithms for MoE layers).

As stated earlier, the seminal idea of MoEs dates back to [287], where this paradigm
is regarded as an ensembling technique with soft gates. The first work that adopts MoEs
in a modern deep learning scenario is [531]. Here, the gate becomes sparse, i.e., a fixed
top-k operation and the main goal is scaling the number of parameters. Based on these
initial results, in the past few years, the deep learning community witnessed a steep
growth of MoE’s success in conjunction with transformer architectures.

Unlike early exiting, where the routing function typically works at the level of input
samples (e.g., images for a CNN), an MoE layer as in (2.18) can work at the level of
individual tokens in a transformer. More specifically, in the fully-connected layers of
a transformer block, each token can be assigned to one or more experts. Transformer
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MokEs have been proposed for NLP [182, 477], for vision [501] and even for multimodal
training [419]. Additional variants can be applied to individual heads of an attention
block [671] or adapters in a fine-tuning context [660].

Routing in Mixture of Experts

Different routing strategies can be adopted to orchestrate the experts. These are defined
in the gating function y and usually leverage some differentiable sampling method
similar to the Gumbel-Softmax trick (Sec. 2.0.1). Routing is a crucial aspect of any MoE
architecture, as it must perform a matching between input data and expert network,
conditioned on the input data itself. Decisions taken by the routing function govern
the training. They can determine faster convergence and expert specialization or cause
expert starvation, a peculiar situation where only a few experts are always activated due
to their ever-increasing expertise.

The routing algorithm usually adopts a dot product for computing similarity be-
tween the embedding of each routed sample (e.g. a token in a transformer) and n
trainable expert embeddings (one for each expert). Once this operation has occurred,
the assignment can happen according to various methods.

In top-k token choice, each token is assigned to the k most similar experts, where k
is an arbitrary value. This is the original approach from [531], and it usually requires
additional regularization to avoid expert starvation and training instability. The same
approach has been adopted with minor changes (e.g. balancing loss and the k factor)
in [492, 182]. Top-k expert choice, proposed in [689], tries to solve the expert balancing
problem by assigning each expert to the k most similar tokens, where k is an arbitrary
value. Other works [114, 504] cast the expert assignment problem into a reinforcement
learning framework and train over a routing policy to assign each token to a single
expert. Finally, [702] achieves surprisingly good results by randomly assigning experts
to routed samples. An empirical comparison of different routing functions can be found
in [368], while a broader overview of MoE layers is given in [181].

Soft routing

We discuss here a variant of the MoE layer in (2.18), known as soft MoE, which has
become popular recently to avoid training instabilities in the layer. The key idea is to use
the gating function to combine the layer’s inputs [476] or weights [416] instead of the
model’s outputs. These variants also provide a fixed compute budget which is decoupled
from the total number of parameters, but they are generally easier to implement and
train.

First, denote by x1,..., x, the tokens in input to the layer. The first soft MoE variant
we consider can be defined as [476]:

filx,wy) = f; (Z}/i(xi)xbwi) (2.19)

i=1

i.e., each expert is activated with a soft combination of input tokens. Compared with
standard top-k routing, each expert is only activated once in this formulation, irrespective
of the number of tokens. The output of the layer for a single token is then given by
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another soft combination, this time over the experts’ outputs:
n
FOe) =D rilx)filx,wy) (2.20)
i=1

By comparison, another soft MoE variant can be achieved by performing a soft combina-
tion of the experts’ weights [416]. Denote by f (x,w) the generic architecture of a single

expert, we have:
f)=f (X,Zy,-(x)wi) (2.21)
i=1

A thorough comparison of the relative benefits of hard vs. soft routing is still lacking in
the literature, but we highlight a few benefits in Sec. 2.0.3.

Token dropping and token merging

We conclude with a brief analysis of token selection mechanisms. In particular, we
consider two cases of token selection, which we refer to as token dropping (removal of
tokens from the model) and token merging (combination of tokens). Both are condi-
tional computation techniques that can be employed in any transformer model. The
fundamental idea behind token dropping and token merging is that the input data often
contains information that is nearly useless for the final task. Since transformers operate
on set-based inputs with no fixed cardinality, one can dynamically reduce the number
of tokens being passed to each layer depending on the relevance of said tokens for the
final task.

More formally, let X be the set of n tokens inside a transformer model stacked horizon-
tally. For the purpose of this section, the subsampling operation I' can be implemented
as a matrix multiplication of the input matrix X and a mask M:

X' =T,(X) = MX (2.22)

Depending on the properties of the matrix M, we can obtain either token dropping or
token merging:

* Token dropping: M is a matrix of shape n’ x n that selects a subset of n’ elements
from the original tokens. This can be achieved by setting each row to a one-hot
vector.

* Token merging: M is a binary matrix of shape n’ x n, with the requirement that
each column sum to one. In this way, the output tokens are combinations of the
input ones, so each input token participates in a single output token. This can be
seen as a dynamic variant of the standard pooling used in CNNs.

Both methods aim to reduce the computational cost of the forward pass of a transformer
by reducing the number of tokens. The mask M is usually computed depending on the
input data, M = MLP(X), in such a way as to eliminate only redundant information, such
as background patches in an image. This is usually done either by small modules that
are added to the backbone model [495] or by evaluating some channels added to the
tokens for this purpose [394]. For token selection, when dealing with mini-batches of
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inputs, the sub-sampling operation in (2.22) cannot be performed easily in a vectorized
way. In these cases, (2.22) can be replaced by a masking operation as in (2.2), with
the additional constraint that subsequent selection modules can only select values that
were not masked previously [495]. In these cases, performance gain only materialize at
inference time, while at training time most operations are still executed in a masked
way.

Token dropping and token merging have been largely explored in recent years; some
of the most impactful works on these topics in the field of vision transformers are [394,
495] for token dropping, while [65, 449] explored token merging. These techniques have
also been employed in other fields where transformers are predominant: in 3D computer
vision token dropping has been applied to point cloud transformers by [641], while
in NLP [259] applied token dropping in the pre-training of BERT, obtaining significant
speedups.

2.0.3 Research directions

Designing neural networks with sparse modularity principles has a number of benefits.
The first and most studied is increased efficiency, both in training and in inference
(Sec. 2.0.3). However, modular networks show emergent properties also in terms of
specialization and transferability (Sec. 2.0.3), as long as providing a blueprint for a new
type of explainability techniques (Sec. 2.0.3). We briefly overview these aspects in the
following sections.

Efficiency in training and inference

Conditional computation has gained significant attention for accelerating training and
inference in deep learning models [187, 465]. Often, the time saving comes with a
drop in accuracy, making it important to assess the accuracy/computation trade-off. An
interesting example is shown in Fig. 2.5. The approaches can vary based on several
factors. For example, some research investigated the sparsification of CNNs [589] and of
transformers [278, 102], some others focused on some specific aspects of the net, such
as the gradients [147], the backpropagation, the activations [104] and the attention
layers [576, 110]. For clarity, we focus here, mainly, on efficiency aspects related to
the three families of models seen in Sec. 2.0.2, focusing on emerging trends and open
challenges. To make the analysis more timely and precise, we have reported all the
methods analyzed in Table 2.1.

When training from scratch an EENN, the joint training described in Sec. 2.0.2 cannot
provide faster training since all exits must be trained simultaneously. Soft combinations
of the early exits [521] combined with sampling tricks could be useful, but this aspect has
been scarcely explored in the literature, possibly due to training instabilities and collapse.
Still, EEs can provide indirect benefits to training by accelerating the convergence of
deep neural networks [64, 565]. They can also improve the inference efficiency of
large-scale pre-trained models [240, 687], making them more discriminative [565],
act as a regularization technique [516], and possibly reduce training problems (e.g.
vanishing gradient phenomena) [453]. In addition, they can be trained in a layerwise
fashion if one starts from a pre-trained network [239]. In Table 2.1, we can see that
most of these methods require additional parameters, leading to a latency reduction.
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Compared to EEs, MoEs were investigated mostly to speed up training by distributing
the experts across different GPUs [181], or to accelerate inference by activating a subset of
experts for each forward pass. For the former, tiling the model across separate machines
requires customized implementations [492]. In addition, to achieve an effective stable
throughput, training must avoid collapses of the routing function, and care must be taken
to balance the number of tokens that are sent to the different experts. This last point
can be achieved with the addition of so-called balancing losses, e.g., batch prioritized
routing [501, 114, 181]. Due to these problems, open-source implementations of large
MOoE models have generally lagged behind proprietary models, with some preliminary
steps being taken in this direction [638], as observable also in Table 2.1.

The benefits of applying MoEs can also vary depending on the specific component
that is being replaced. In [531], MoEs replace MLP layers to scale-up transformers. A
similar methodology, for vision, was presented in [501]. Other approaches proposed
to replace attention layers [671], entire blocks [561] of the net, and adapters [660].
By comparison, soft MoEs (Sec. 2.0.2) can reach similar gains as standard MoE layers
while being simpler to train. Finally, the majority of MoEs are trained from scratch,
but recently moefication has emerged as an interesting research direction, in which a
pre-trained model is converted to an MoE variant by clustering the activations [482, 673]
(see Table 2.1 to see the approaches based on pre-training). These variants provide
different accuracy-time trade-offs based on the specific routing function. Additional
emerging research trends are exploring dynamic variants of routing to provide a flexible
inference budget instead [466, 610].

Finally, reducing the number of tokens with token selection techniques is a straight-
forward strategy to improve the inference time of the network. Most methods in this
sense have focused on token dropping [242, 652, 65]: A-ViT adopts a token halting ap-
proach (shown also in Fig. 2.5);AdaViT [394] proposes a light-weight decision network,
attached to the backbone to produce decisions on-the-fly; DynamicViT [495] proposes
an attention-masking strategy to block interaction of redundant tokens; MSViT [243]
proposes a conditional gating mechanism that selects the token scale for every image
region; GTP-ViT [635] introduces a Graph-based Token Propagation (GTP) to propagate
the information of less significant tokens. During training, token selection is generally
achieved by masking the corresponding input elements (Sec. 2.0.2). Designing token
selection mechanisms that can improve training time (for a fixed compute budget) is
still an open challenge.

Some works have focused more on specific tasks, such as diffusion [68], long-input
sequences [10], segmentation [370], or to better understand the general pattern of
token dropping [242]. For token merging, PatchMerger [499] proposes a module that
reduces the number of tokens by merging them between two consecutive intermediate
layers [499]. Recently, a hybrid solution, Token Fusion (ToFu) [300], proposed to put
together the benefits of both token pruning and token merging. Token selection can also
be combined with the other methods discussed in this paper. As an example, Adaptive
Computation Module (ACM) [610] is a technique that combines token dropping with
a dynamic width principle, in which each token is allocated a variable width for each
layer in the network.
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Table 2.1. Overview of methods to improve efficiency of the models, including baseline algo-
rithms not discussed in the text (e.g., pruning). Parameters: whether the method adds
additional parameters. Pre-training: whether the method requires a pre-training phase.
Latency/FLOPs: whether the method optimizes one of these two metrics

Method Approach Parameters Pre-training Latency FLOPs
Dynamic Convolutions [589] (2020) Sparsity Yes - Yes Yes
Scaling Transformers [278] (2021) Sparsity - - Yes -
SViTE [102] (2021) Pruning - - Yes Yes
Sparse Momentum [147] (2019) Pruning - - Yes Yes
SparseViT [104] (2023) Pruning Yes - Yes Yes
Sparse Transformers [110] (2019) Factorization Yes - - Yes
Differentiable branching [521] (2020) Early Exits Yes - Yes Yes
Adaptive Early Exits [64] (2017) Early Exits Yes - Yes -
L2W-DEN [240] (2022) Early Exits Yes - Yes -
PABEE [687] (2020) Early Exits Yes - Yes -
Branchynet [565] (2016) Early Exits Yes - Yes -
AFP [516] (2023) Early Exits Yes - Yes Yes
BoF [453] (2020) Early Exits Yes - - Yes
DeepSpeed-MoE [492] (2022) MoE Yes Yes Yes Yes
Sparsely-Gated MoE [531] (2017) MoE Yes - - Yes
V-MoE [501] (2021) MoE Yes - - Yes
MoA [671] (2022) MoE Yes - - Yes
SUT [561] (2023) MoE Yes - - Yes
MoV/MoLoRA [660] (2023) MoE Yes Yes - Yes
EMOoE [482] (2023) MoE - Yes - Yes
GMOoE [334] (2022) MoE Yes Yes - Yes
MoEfication [673] MoE Yes Yes - Yes
SADMOE [466] (2023) MoE Yes Yes - -
A-VIT [652] (2022) Token Sampling - - Yes Yes
ToMe [65, 68] (2022) Token Sampling Yes - Yes Yes
AdaViT [394] (2022) Token Sampling Yes - - Yes
DynamicViT [495] (2021) Token Sampling Yes - Yes Yes
MSVIT [243] (2023) Token Sampling Yes R Yes Yes
GTP-ViT [635] (2024) Token Sampling Yes - Yes Yes
Colt5 [10] (2023) MoE Yes Yes Yes Yes
PatchMerger [499] (2022) Token Sampling Yes Yes Yes Yes
ToFu [300] (2024) Token Sampling - Yes Yes Yes

ACM [610] (2023) MoE/Token Sampling Yes Yes - Yes
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Figure 2.5. Example of accuracy-flops trade-off for inference with A-ViT [652]. Specifically, the
architecture is a DeiT, trained on Imagenette.

Specialization

Modularity can also lead to specialization benefits in specific tasks [675, 406], such
as language modeling [361, 400], cross-lingual transfer [463, 17, 462, 592], speech
processing [400, 464], computer vision and multi-modality [493, 419, 14], and task
generalization [415].

Specialization can happen in two ways: implicitly if no external information is pro-
vided, or explicitly if additional information (e.g., the speaker identity) is known. The
key insight is that knowledge of, e.g., the task, the domain, or the speaker provides
latent information that can be used to condition the routing blocks (T" in Sec. 2.0.1), thus
specializing specific parts of the network or specific components to different scenarios.
This can be achieved in different ways: manual routing in which different components
are pre-selected for the different latent vectors [465], direct conditioning of the rout-
ing functions [691], entropy regularizers to force the distributions w.r.t. to a specific
latent vector to have low entropy [419], or weight sharing across tasks [562]. Soft
merging [416] also seems to offer specialization benefits.

Studies on quantifying the quality of the resulting specializations were carried out
recently in the literature [638]. MoEs showed promising performance due to their nature,
and, specifically, hard routing facilitates module specialization [465]. On the other hand,
learned routing could lead to sub-optimal results [407, 406] w.r.t to fixed routing,
except for specific cases [471]. As another example, [638] showed that many routing
decisions tend to ignore context, and they can be fixed during the early stages of training.
Generally speaking, understanding the interplay between routing and specialization and
the extent to which this specialization correlates with human-understandable semantics
and biological plausibility remain open challenges that will require novel benchmarks
and metrics [482, 675]. Recent moefications works show that some form of emergent
modularity may also be found in pre-trained networks with no specific modularity
bias [482, 673].

A benefit of having specialized sub-structures and components is that the networks
can perform better in multi-task learning [415] and multi-domain scenarios [419],
and they can potentially enable zero-shot transfer and generalization of the resulting
sub-structures. We list a few interesting examples from the recent literature. PHAT-
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GOOSE [415] is a MoE specialized in zero-shot generalization, thanks to a new post-hoc
routing strategy. EMoE focuses on the implicit modular structures (Emergent Modularity)
of large pre-trained transformers [482]. DSelect-k [244] presents a continuously differ-
entiable and sparse gate for multitask learning. Uni-Perceiver-MoE [691] is a generalist
conditional MoE that shows SOTA performance when compared to specialized MoEs.
LIMOoE [419] is focused on language-image pre-training. DeepSeekMoE [123] manages
to ensure expert specialization for language models, still reducing computational costs.
Other approaches include modular submodels to scale language models [52] and a
class-aware channel pruning for queriable NNs [285].

Explainability

Finally, modularity and sparsity can provide significant gains in explainability, which is a
significant issue when deploying systems [241]. In particular, analyzing and plotting
the routing decisions made by the subsampling blocks I' almost always provide valuable
insights into the predictions. These include, but are not limited to, visualizing repre-
sentative tokens sent to each expert [419], visualizing the early exits distribution for
a given sequence in an autoregressive model [525], visualizing the tokens that were
never discarded in a network having token selection [444, 394, 495], or the number of
experts that were activated token-wise [610]. These techniques can provide benefit also
for specific tasks, such as object detection [104].

Also in this case, we lack principled benchmarks and frameworks to analyze the
resulting plots, which is an open problem in explainability in general [241]. In addition,
for networks having thousands of blocks or experts, manually analyzing each of them can
be a time-consuming process. LLMs can potentially help in automating this process [57].
From a mechanistic interpretability point of view, fully understanding and being able to
track the evolution of modules in these networks could be a large step forward in better
understanding overfitting, generalization, and fine-tuning [270]. Finally, we note that
being able to plot and visualize internal decisions of the network provides a direct way
for providing feedback on, e.g., whether specific modules should be kept or ignored,
and to perform interventional analyses [69].

2.0.4 Conclusions and future trends

In this tutorial paper we have provided an introduction to the emerging field of de-
signing neural networks which are sparsely activated in a modular fashion, via the use
of conditional computation techniques. To this end, we have provided both a general
mathematical formalism to categorize these approaches, and then an overview of several
concrete implementations including mixture-of-expert models and early exit neural
networks. Although these models have been investigated mostly for improving training
and/or inference time, we have discussed a number of additional emerging benefits
from this approach, including specialization, generalization, and explainability. Many of
these benefits are only starting to be investigated, opening up interesting avenues of
research.

Some common challenges have also emerged from our discussion: (a) being able
to control and adapt the inference and/or training time is still an open challenge,
with most techniques providing a fixed accuracy-time trade-off (e.g., MoEs with top-k
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routing); (b) sparse routing introduces balancing and collapse challenges that must
be taken care of; (c) most routing decisions are taken only locally (e.g., layer-wise),
while taking them globally requires sampling from a combinatorially large search space
requiring new sampling techniques [426]; (d) outside of accuracy, benchmarks and
metrics for evaluating specialization and generalization of these models are still being
developed [406].

There are also several research directions that we were not able to touch due to
space constraints: these include scaling laws for modular models [114], biological
plausibility [522, 675], and exploiting these models in specific applicative fields such as
split computing [384] and semantic communication [664].
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Chapter 3

Efficient and Adaptive Architectures
for Resource-Constrained Scenarios

3.1 Adaptive Computation Modules for Granular Efficient In-
ference

Driven by their constantly improving capabilities, state-of-the-art neural networks have
been experiencing a continued growth in size in the last decade [475]. This progress was
made possible by algorithmic and model design improvements (in particular with the
introduction of transformer models) and the increasing computational power of modern
GPUs. Scaling up the model architecture frequently results in improved performance
[149, 661], causing the size and computational costs of state-of-the-art models to keep
increasing steadily. These escalating costs limit applications in latency-sensitive and
energy-constrained scenarios and contribute to higher carbon emissions, exacerbating
environmental concerns [526, 457].

Several approaches from the literature aim to mitigate this problem. For example,
quantization reduces inference time by quantizing the weights and activations into
low-precision floating-point [119] or integer values [614, 146]. Knowledge distillation
methods [251, 6] can transfer knowledge from an ensemble or single larger model into
a smaller network. Finally, sparsification methods [327, 238] yield either sparse weight
or sparse activation tensors.

While they incur a slight decrease in downstream model performance, such methods
show that some neural modules can often be replaced with computationally cheaper
alternatives. Based on this observation, we argue that in transformer models [585],
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Figure 3.2. Example images with computation spatial load maps

the representational capacity of a whole layer is not needed for every input token. In
other words, we hypothesize that the same transformation could be achieved in a more
computationally efficient manner. To explore this hypothesis, we introduce Adaptive
Computation Modules (ACMs), a neural network module that adapts its computational
burden to match the difficulty of the current input token. An ACM consists of a sequence
of learners and a single gating network. The task of each learner is to improve upon the
combined output of previous learners, while the gating network determines the optimal
number of learners to execute for each input token. Since all token-level decisions are
independent, the resulting model is a highly granular application of the conditional
computation paradigm [47, 46], and thus allows for spatial adaptability in transformer
models [186, 239]. ?? provides an outline of the proposed model.

To enable the use of a vast range of publicly available models, we propose a straight-
forward conversion procedure in which we: (1) substitute the selected blocks of the
model with ACMs, (2) initialize the learners by distilling knowledge from the substituted
blocks, (3) pre-train the gating networks using artificially generated labels, and (4) train
the entire model in an end-to-end manner.

Our approach can significantly decrease the model’s computational footprint without
sacrificing performance. We evaluate our method on the ImageNet-1k [509] dataset with
Vision Transformer (ViT) models and on speech recognition with pre-trained Wav2Vec
networks [34], and show that in both cases we achieve a better performance-efficiency
trade-off than other conditional computation methods. We make the following contribu-
tions:

* We show that individual layers in transformer models can be computationally
inefficient and that their entire expressiveness is often needed only for a small
subset of input tokens.

* We introduce ACM, an easy-to-train, modular, and general-purpose module that
offers a granular approach for reducing the computational cost of transformers.

* We propose a smart initialization strategy for the parameters of ACMs that relies
on module-wise knowledge distillation from pre-trained models.

* We provide an efficient GPU implementation to demonstrate that ACMs effectively
speed up inference.
3.1.1 Related Work

We provide a brief overview of related works, focusing on our experimental comparison.
A longer overview with a broader outlook can be found in the supplementary material.
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Conditional Computation

Conditional computation (CC) refers to the ability of a model to adapt its computational
graph to its input. While CC can be used for problems such as continual learning [359],
most CC methods adjust their execution on a per-input basis to significantly reduce their
average computational cost while maintaining performance [519].

In the following, we focus on CC algorithms that can be applied to any pre-trained
transformer model with minimal modifications; architecture-specific CC algorithms (e.g.,
dynamic channel selection for CNNs [107, 335]) are discussed in the supplementary
material. We broadly categorize the methods into three groups: early-exits (EEs) [565,
64], mixture-of-experts (MoEs) [657, 531, 181], and token dropping (TD) [495, 652,
394, 242]. Finally, [78] is a concurrent conditional computation work that is remarkably
similar to the proposed ACMs. In particular, it also trains a router for each layer and
converts a pre-trained dense model with a three-step method.

Early-exits

In EE models, inputs are allowed to “exit” the architecture at intermediate layers via
additional classifier heads that are trained together with the backbone network [565],
or as a separate phase in a layerwise fashion [239], and the predictions of multiple
heads can be merged with a number of different techniques [565, 611, 521]. In EE
networks, the execution is stopped for the entire input at once, as opposed to individual
tokens as is done in the proposed ACMs. In addition, designing and placing exit heads is
itself a non-trivial problem [565], and very little work has been done outside standard
computer vision and natural language processing classification tasks. In contrast, ACMs
are designed to replace individual blocks in a transformer model in a plug-and-play
fashion.

Token Dropping

TD strategies either prematurely stop execution [495, 652, 242] or skip computation of
selected layers [394] for individual tokens that are deemed less relevant or redundant.
We can interpret them as dynamically allocating a variable depth to each token. Our
proposed ACM can be seen as an orthogonal width variant of token dropping, in which
each token is allocated a variable width for each layer in the network.

Mixture-of-Experts

In MoEs, selected modules of a model are replaced by an independent set of blocks called
experts, which are selectively activated for each token by an additional routing network
[476]. MoEs have been successfully developed for replacing MLP layers in transformer
models [531, 501], attention layers [671], entire blocks [561], and adapters [660].
Although MoEs are typically trained from scratch or fine-tuned from existing models
[660], a small number of works have investigated moefication procedures [673, 482].
Importantly, in MoEs, each token is allocated a fixed amount of compute depending
on the routing strategy (e.g., top-k routing [501]). ACM can be seen as a modification
of MoEs in which the experts are ordered, and thus, the complexity of the routing
problem is drastically reduced. The gating network decides how many learners instead
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Figure 3.3. Architecture of an ACM block: the output is the sum of k learners, where k is
determined on a per-token basis by a small gating network g. The learners are executed in
parallel. In the example, only the first two learners are executed, and the computation of
the third (greyed out) is skipped.

of which experts to execute, therefore allowing for a variable amount of computation on
a per-token basis. A concurrent work of [275] defines nested experts, which results in a
dynamic model similar to ACMs.

3.1.2 Method

An ACM is a conditional computation block that adapts its execution cost for each
processed token via a trainable gating layer. In this paper, instead of training an ACM-
based model from scratch, we focus on converting any pre-trained transformer network
into an equivalent “ACMized” version, i.e. one having similar accuracy while achieving
a pre-defined computational budget on average. To this end, we propose an effective
weight pre-initialization scheme. First, we substitute a subset of layers of the base model
(e.g., MLPs or MHA projections) with an ACM of similar size. The ACMs are then trained
independently but in parallel, first with a per-layer reconstruction loss to initialize the
learners and then using a cross-entropy loss to initialize the gates. The actual training
consists of fine-tuning the model in an end-to-end manner to allow it to adapt its weight
to the dynamic inference setting. In the supplementary material, we demonstrate that
this setup significantly speeds up the training of the ACMized networks in all cases.

Adaptive Computation Module

Our ACM module aims to allow the model to work well with any required computational
budget while still ensuring efficient execution on GPUs, a property most of the dynamic
width methods lack [335]. Given an input token g, consider a set of N homogeneous
modules, s,(z; ¢()), n € {1,...,N}, each module having weights ¢ ). We refer to these
modules as learners. In an ACM, each learner progressively refines the prediction of the
previous ones such that the k-th output of the ACM block, k € {1,...,N}, is given by:

k

h(z,k; ) = > 5,(25 beny) 3.1)

n=1

All intermediate outputs h(z,1;¢),...,h(z,N; ¢) are valid choices for the output of
the ACM: a larger value for k yields a more accurate result at the cost of a higher
computational burden, while k = 1 means that only a single learner is executed. Note
that once k is known for a token, the learners can be executed in parallel.
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For any token z, k should be chosen as the smallest possible value that guarantees
good network performance. To this end, at the beginning of the ACM block, we add
a small trainable gating network g with weights w to select the number of learners k
to be executed. In practice, the gating network returns N real-valued outputs, which
are then discretized into a one-hot gating choice vector with the Gumbel-Softmax trick
[277] to retain differentiability:

- exp((log(g(z; ), +7,)/T) (3.2)

2 exp((log(g(z; w))n +7,)/T)
In Equation (3.2), vq,...,yy are i.i.d samples from Gumbel(0,1), and T is softmax
temperature. In the forward pass, we discretize v into a one-hot vector ¥, but the
continuous values are used directly for gradient computation in the backward pass. The
complete ACM architecture is outlined in Figure 3.3.

Design of the ACM blocks Any network architecture with the required input and
output dimensionality can play the role of a learner. For simplicity, in this paper, we
always use two dense layers with a GELU activation function in between. Since we
replace selected modules of a pre-trained model with ACMs, we always pick N and
the size of a single learner such that the entire ACM module has approximately the
same computational cost and the number of parameters as the substituted block. This
is straightforward to achieve as the cost of a learner scales linearly with its hidden
dimensionality. However, the output dimension has to be the same as in the replaced
module. This results with output layer biases taking a larger share of learner parameters
as we increase N. To avoid this effect, we simply eliminate them from our architecture.

For the gating network, we also use a two-layer network and determine its hidden
dimensionality such that the total computational cost of gating is around 1% of the
overall model cost. When feasible — such as the module being placed under a residual
connection — we set the minimum number of executable learners to O so that even the
computation of the first learner can be skipped.

ACM weight initialization

The costs of training large models are constantly increasing [551]. On the other hand,
there is a large number of publicly available pre-trained models, so the capability of
adapting them is a desired property for new methods. Since ACMs are designed to
replace individual modules, we initially train them by distilling the knowledge from
the corresponding trained modules that are being substituted. Specifically, we propose
the following scheme. A trained static model f(-) is cloned, and selected modules (e.g.,
every MLP module) are replaced with ACMs in that cloned model facpizeq(:). Each
learner from every ACM is initialized randomly. For each sample x; from a mini-batch B
forwarded through the original model, we save every input token zf’ j and output token

oll. i of each [-th module that was replaced in the copied model. Then, every ACM is
trained independently and in parallel by minimizing the mean squared error (MSE)
applied for every possible choice of k:

1
)= Al ns 1) —o!
(¢) |B|SLNi;nH (2! jm; $1) 0!

2

(3.3)
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where S is token sequence length, and L is the number of substituted modules. Note
that the gating network is not needed in this phase. The effectiveness of this training
approach can be tested by setting a fixed k for every ACM in the model and evaluating
the model on the validation set.

With learners being able to reliably imitate the replaced modules, we subsequently
freeze them and train the gating networks in a similar, layer-wise approach. We frame
the problem as a classification task and generate artificial labels with the following
heuristic. First, we consider the outputs of all learners and compute the distance to the
original output:

l _ Lo 1
di’j(n) - ”h(zi’j:n: ¢)_Oi,j||2 (34)
The target label is then set as:
l d (n)
t;;=min{n€{2,..,N} 1— >T0, (3.5)
] d; ;(n—1)

where 7 is a threshold hyperparameter. In other words, we select the smallest number
of learners such that the relative improvement from adding one more learner is lower
than the threshold 7. With these labels, the gating networks are trained using standard
cross-entropy loss:

L(w)=

l [
|B|SLN Z “tijn log(vi,j,n)' (3.6)
i,j,l,n

End-to-end training

In the third phase, we finetune the entire model end-to-end to allow it to adapt its
weights to the dynamic inference setting. To make the model more predictable in terms
of its computational cost, we add an auxiliary loss term that penalizes for any deviation
from the given target budget fBi,qe; ON average:

Zj Zl k%,jpl

1
Lp(0) =||— — Ptarget|| > 3.7
»(0) IBIZZ]-ZZNPI Brarg 1 (3.7)

where p! is the computational cost of a single learner from layer [ and Brarger € (0,1) is
the targeted computational budget. This term still allows for the allocation of different
amounts of computational resources to samples of varying complexity and only requires
to be close to fiyrger 0N average. It also affects the computational cost of future training
steps, potentially accelerating the training process.

While £; does not prevent diversity of gating choices, it does not encourage it. In
practice, we find that the gating networks collapse to a state where the same number of
learners is chosen for every input token, effectively turning our dynamic model into a
static one. To prevent this behavior and encourage diversity, we add two additional loss
terms. The first auxiliary loss term maximizes the average normalized entropy of gating
choices taken for tokens in a single image:

_ ]- Znanlog(an)
Ee(e)_|B|L; log(N) (3.8)
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where: 5 1
Y
! j Tijn
a =——— (3.9
1,n Al
Zn Z] vi,j,n
represents a distribution between N choices in batch B for the [-th ACM aggregated for an
entire sequence of tokens from sample i. The intuition behind this loss is that not every
input region is equally important; hence, a non-uniform distribution of computation is
required.
Finally, entire images may exhibit different difficulty levels, and enforcing diversity
of gating choices for a single image at a time may not be enough. We address this with
the second auxiliary loss, which is defined as:

1
£4(0) = @ZZubi—bmnl, (3.10)

where: !

LT
22N

denotes the fraction of learners executed on sample i. It encourages the model to

distribute its computational budget between easy and hard examples. The final loss that
is minimized for classification tasks is given by:

b, (3.11)

1 .
LO) =15 D> —yiclog(Fi) + apLy(6)

+ . Le(0) +agly(0),

(3.12)

where {(x;, yi)}gl are samples from the current mini-batch B, and ay, a., a4 are

hyperparameters for weighting the different terms. In practice, we always use a;, = 0.1,
a. = 0.05, and ag = 0.05. In the analysis section, we present an ablation study that
demonstrates the necessity of applying the proposed auxiliary losses and shows the
positive impact of their interplay. Note that the auxiliary losses are task-agnostic, allowing
ACMs to be used for any other task than classification.

3.1.3 Experiments

Due to the widespread availability of pre-trained weights, we evaluate our method on
popular image classification and speech recognition tasks. The aim of the evaluation
is to compare the performance-efficiency trade-offs of different methods. To measure
the computational efficiency, we track the number of FLOPs used by the model for each
evaluated sample and report the averaged result. The source code for our experiments
is available at https://github.com/bartwojcik/adaptive_computation_modules.

Computer Vision

We select a ViT-B [166] model pre-trained on ImageNet-1k [509] from the torchvison
library' as the base model for all methods. We compare ACMized models with three

'https://pytorch.org/vision/stable/models.html
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Figure 3.4. Performance-efficiency trade-offs of different conditional computation methods as
measured on the ImageNet-1k dataset. ACM-based ViT-B achieves the Pareto frontier for a
wide range of computational budgets.

conditional computation techniques, each one coming from a different group: A-ViT
[652] (Token Dropping), MoEfication [673] (Mixture-of-Experts), and Zero Time Waste
[611] (Early Exiting). For the sake of a fair comparison, we assume the same training
data budget of 100 epochs for every method.

Since MoEfication requires models using ReLU activation functions, we first replace
GELU activations with ReL.Us and finetune the model for 80 epochs, as described by
[673]. The remaining 20 epochs are used for training the routers. For Zero Time Waste,
we train the early-exit heads for 95 epochs and then train the ensembles for 5 epochs. For
the ACMized ViT, we replace every MLP module and every linear projection in each MHA
with an ACM module (the self-attention mechanism itself is not affected). Module-wise
representation distillation is performed for 2 epochs, followed by 1 epoch for pre-training
of the gating networks and 97 epochs of end-to-end finetuning of the entire model. We
set the number of learners N to 4 in every ACM. While MoEfication and Zero Time Waste
can be evaluated with different numbers of selected experts and early exit confidence
thresholds, A-ViT and ACMs need to be trained multiple times with different values of
hyperparameters that approximately determine the final average computational budget.
We emphasize that our A-ViT implementation includes fixes for two issues raised by
GitHub users??, which may affect the final performance of A-ViT. The authors of A-ViT
have not yet addressed them at the time of writing this article.

We present the results in Figure 3.4. As projections in MHA are responsible for around
30% of the model cost, MoEfication seems to be hindered by the fact that it reduces
only the cost of the MLP layers. A-ViT shows a gap in performance in relation to the
pre-trained model, while Zero Time Waste is competitive only for higher computational
budgets. ACMized ViT displays favorable performance for a wide range of computational
budgets, and its advantage is especially significant below 12.5 GFLOPs.

2https://github.com/NVlabs/A-ViT/issues/4
Shttps://github.com/NVlabs/A-ViT/issues/13
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Figure 3.5. Performance-efficiency trade-offs of different conditional computation methods as
measured on the CommonVoice-es dataset. The model’s performance is reported in terms
of Word Error Rate (WER). ACMs achieve lower WER for every evaluated computational
budget.

Speech-to-Text

For speech recognition tasks, we use the XL.S-R-300M [32], a pre-trained Wav2Vec2 model
[34], fine-tuned on selected languages from the CommonVoice dataset [21]. Speech-
to-text models introduce additional complexities for dynamic computation methods, as
each token is decoded individually. Since A-ViT and Zero Time Waste were not designed
for this setting, we restrict our baseline methods to MoEfication, the only task-agnostic
method among those three.

We assume an equal training data budget of 10 epochs for all approaches. In the case
of MokEfication, we substitute GELUs with ReLUs and train for eight epochs, followed by
two epochs of router training. For ACMs, we replace every MLP block within the model
with an ACM module with N = 4. We subsequently perform five epochs of module-
wise distillation, one of training the gating networks, and four epochs of end-to-end
finetuning. We present results in Figure 3.5. We see that even if only the MLP blocks
are ACMized, our method still obtains a better performance-efficiency trade-off than
MokEfication.

3.1.4 Analysis

Dynamic models allocate variable amounts of compute for different samples or input
regions. In this section, we provide motivation for our method, examine the distribution
of computational load, and show that the introduced auxiliary losses are needed. In the
supplementary material, we show the impact of the proposed pre-training stages and
investigate the effect of changing the number of learners N.

Computational Inefficiency of Static Modules

To justify the use of ACMs, we make the following experiment. First, we perform
module-wise distillation from a selected static module of an ImageNet-1k pre-trained



32 3. Efficient and Adaptive Architectures for Resource-Constrained Scenarios

I_10—2

-9x 1073
-8x1073

MHA Q-proj MLP

-7 %1073

I- 6x1073
.5%x 1073

1 2 3 4 1 2 3 4
Learners used Learners used

Figure 3.6. Color-coded errors of a 4-learner ACM plotted after performing module-wise
representation distillation for modules from eight block of a ViT-B pre-trained model. Tokens
are sorted along the Y-axis of the plot by their average error. For most input tokens, the same
transformation can be performed by a considerably smaller module consisting of only two or
three learners, thus justifying the use of ACMs.

ViT-B into 4 learners, just as we describe in the Method section. After convergence, we
randomly select 5000 sample images from the validation dataset and forward them
through the original model to save every input token z; ; and output token o, ;. For
every possible number of learners used n € {1,...,N}, we are interested in how well

the learners imitate the output of the original module. For this, as in training, we use

2
MSE: Hh(zl; T dH— of H . The resulting tensor of MSE values has size (5000, 197,4),

where 197 is the sequence length specific to ViT-B with patch size set to 16. Since ACMs
process each token independently, we flatten the first two dimensions and then sort the
tokens by the average error for readability. Figure 3.6 shows the resulting color-coded
error visualizations for selected modules. We emphasize that the four learners have
approximately the same cost and number of parameters as the original static module
being substituted.

The results show that 1) only a small subset of tokens require the full processing
power of the entire module, and for a majority of tokens, and 2) tokens usually exhibit
varying levels of difficulty, thus warranting the use of conditional computation on a
per-token basis.

Qualitative Analysis

A dynamical model should take advantage of the fact that images exhibit different
difficulty levels for classification. By extracting the gating choices being done by every
ACM for each patch, we can plot a heatmap that indicates which regions the model was
focused the most on. This map should correlate with the meaningful regions of the image.
Figure 3.7 shows that the model indeed learns to allocate its computational budget to
those regions. We show that this effect is not exclusive to vision by performing a similar
analysis for audio in Figure 3.8. We provide additional examples in the supplementary
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Figure 3.7. Computational load heatmaps for the model trained with f,;4c = 0.6. The model
allocates its computational budget to semantically meaningful patches.

material.

Ablation Study

Being able to dynamically allocate computation when solving a task is the core feature
of ACMized models. The auxiliary losses are necessary for the dynamism to emerge. We
empirically demonstrate this in Figure 3.9 by training multiple runs differing only in
the loss terms applied during the end-to-end training phase. For each run, we visually
analyze their intra-sample computational load distribution and generate a histogram of
the total computation spent on every sample.

As expected, ACMs may converge to a solution in which always the same learners
are used when only £y is applied. The inclusion of £, helps in diversifying between
different regions of the input, but overall the computation spent on each image is mostly
the same. Applying L, instead of £, diversifies the distribution of compute spent on
every image, but the gating choices for different regions of the input are not diverse on
its own. Only by enabling all the proposed losses can we achieve the desired effect of
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Figure 3.8. For each input audio token (red waveforms), we show the average number of
learners that were activated in the ACMized model for f,.oec = 0.25 (blue bars). We can see
that this model also learned to allocate its computational budget to important regions of the

input.
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Figure 3.9. Effects of training with different combinations of enabled auxiliary losses. The
computational load heatmap is rendered over the original image (top row). The histograms
(bottom row) show the distribution of the total computational cost spent by the model on
images from the validation set. Only combining all the proposed terms provides the desired
diversity of the allocated computational budget.

the model focusing on semantically meaningful patches and having a high variability of
computational budget allocation.

Hardware speedup

Due to their design, ACMs are inherently well-suited for parallel execution on GPUs.
Specifically: (1) once gating decisions are determined, the execution of learners can
occur in parallel; (2) tokens can be reordered without any additional copying when
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Figure 3.10. Latency of a 128-sample batch processed by a single ACM layer on an A100 GPU.
The gating network is included in the measurements, but we replace the gating choices with
samples from a random distribution to achieve the desired average number of executed
learners. ACMs have negligible overhead, and latency scales linearly with the average
number of executed learners.

they are loaded from or stored to the main GPU memory by the kernel; (3) when
tokens are sorted by the number of selected learners, the computation for each group is
standard matrix multiplication for which GPUs are highly optimized for; (4) the hidden
dimensionality of each learner is deliberately large to maximize GPU utilization. We
implement the ACM forward pass with GPU kernels written in Triton [569] and employ
several optimizations including configuration auto-tuning and kernel fusion.

In Figure 3.10 we evaluate our implementation by measuring the wall-clock time of
execution of a single ACM module from the ViT-B-based model. The overhead in respect
to a static MLP is negligible. Moreover, the wall clock time decreases linearly with the
number of executed learners.

3.1.5 Conclusion

In this work, we have demonstrated that large static modules lead to ineffective allocation
of computational budget. The introduced ACM, a generic module that facilitates granular
conditional computation, is designed for computational effectiveness, and models based
on it achieve state-of-the-art results among the tested dynamic inference methods.
Our training procedure distills a static network into an adaptive one, forcing it to
allocate its computational budget to semantically meaningful input regions. Future
work might explore the relationship between ACMs and pruning methods. Since our
training procedure replaces individual modules with ACMs, one could also consider
using quantized learners for further efficiency gains.
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Figure 3.11. Improvement when fine-tuning with ALaST with respect to full fine-tuning for
FLOPs, Memory, Wall-clock time and Accuracy. We achieve similar accuracy, with 60%
FLOPs, 50% memory and 80% time reductions, averaged over all the datasets for DeiT-S.
See experimental results in Section 5.4.3 for further details.

3.2 Adaptive Layer and Token Selection for Efficient Fine-
Tuning of Vision Transformers

Recently, large-scale Vision Transformers (ViTs, [ 167]) have become the leading paradigm
in computer vision. By leveraging the self-attention mechanism, ViTs can capture long-
range dependencies in images at every layer, leading to superior results compared to
traditional convolutional neural networks (CNNs). ViTs are at the core of a wide array of
applications, ranging from resource-constrained embedded devices [76, 77, 392, 324] to
large vision-language models [488, 386, 363]. However, training large-scale ViTs from
scratch is unfeasible in most applications, while training from scratch at a smaller scale
does not provide significant benefits compared to traditional architectures [167, 100].
Hence, a common practice is to leverage pre-trained foundation models and then perform
fine-tuning for specific tasks.

In the simplest fine-tuning approach, the pre-trained ViT is frozen while only the final
layers are trained on the new task. More generally, a range of alternative fine-tuning
strategies—collectively known as Parameter-Efficient Fine-Tuning (PEFT) methods — such
as LoRA [266], adapters [260, 558, 669], and prefix-tuning [344], have been developed
to perform fine-tuning while targeting a reduced number of trainable parameters. [630].

However, PEFT methods do not significantly reduce the overall computational bur-
den and can result in less robust and lower-quality performance, especially for smaller
models running on embedded devices [537, 515]. Moreover, these methods introduce
additional complexity: determining which parameters to update—even within the PEFT
framework—is far from trivial. Identifying the optimal configuration often requires
extensive experimentation, which may be infeasible in real-world settings. This is the
case for mobile and edge devices, drones or next-generation networks that face strict
constraints on memory and computational resources. These devices require lightweight
models that can be quickly fine-tuned on a low budget without compromising perfor-
mance. Similarly, in situations where privacy concerns prevent data from being sent
to a server, on-device processing and fine-tuning become essential [76, 77, 83]. In this
work, we propose a simple and effective method to accelerate the fine-tuning of ViTs in
low-resource settings by leveraging two key insights. First, not all tokens are equally
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useful during training, due to redundant information present in input images. Second,
not all layers are equally important during training.

Building on these observations, we propose Adaptive LAyer Selection for ViT Fine-
Tuning (ALaST) — during fine-tuning, we allocate a scalar importance value (that we call
budget) to each layer, which varies over time. Our method controls resource consumption
along two axes: the number of discarded tokens and the selection of trainable layers,
leading to the same results as a full-tuning training while being less resource-demanding
(Figure 3.11). Discarding tokens significantly reduces FLOPs — due to the quadratic cost
of multi-head attention — and accelerates training, especially on consumer grade GPUs,
enabling models to reach higher accuracy in a shorter time. Freezing layers enhances
energy efficiency and substantially reduces memory usage, which is critical for on-device
training.

Our method dynamically allocates compute budgets to transformer layers based on
their relevance to the current mini-batch, employing layer freezing and token reduction
strategies for less critical layers. The proposed approach achieves significant efficiency
improvements over traditional full fine-tuning: up to 1.5x reduction in training time, 2x
reduction in FLOPs, and 2x reduction in memory usage, while maintaining competitive
performance. Furthermore, ALaST demonstrates compatibility with existing parameter-
efficient methods such as LoRA, making it a practical solution for deploying Vision
Transformers in resource-constrained environments including edge computing and low-
energy applications.

We are the first, to the best of our knowledge, to introduce an adaptive framework that
systematically optimizes both token and layer selection during fine-tuning, addressing
the computational challenges of training ViTs in resource-constrained environments.
Unlike previous methods that perform selection statically [515], we devise a dynamic
layer and token selection strategy. We validate our method against a comprehensive
set of baseline approaches, ensuring that our results are robust and demonstrating that
ALaST achieves superior efficiency while maintaining competitive accuracy. In addition,
we show that our approach is orthogonal to standard PEFT methods, allowing for the
possibility to combine them to further improve efficiency.

3.2.1 Related Work
Parameter Efficient Fine-Tuning

In the last years, the field of parameter efficient fine-tuning (PEFT) has seen increased
interest. One of the first approaches in PEFT was the use of adapters, [260], that insert
and fine-tune small neural network modules into each layer of a pre-trained model.
Prefix-tuning [345] and prompt-tuning [332] learn soft prompts that are added to the
input tokens. Perhaps the most popular PEFT approach is LoRA (Low-Rank Adaptation),
proposed in [266], that reduces the number of additional parameters that need to be
fine-tuned by decomposing the weight updates into a product of two low-rank matrices.
Most of the PEFT methods were introduced for fine-tuning large language models, and
subsequently applied to computer vision with varying degrees of success [630]. Typically,
these approaches emphasize optimizing the number of additional parameters rather
than FLOPs or training time. However, parameters memory is only a fraction of the
memory used during training. Unlike PEFT, ALaST does not add any parameters, and
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also reduces FLOPs and memory. Additionally, ALaST can be combined with LoRA, as
we show in Section 3.2.6.

On-device Training

Several works optimize resources for on-device training. Among these, [77] was the
first to highlight that memory is a major bottleneck in CNN training and devise a way to
reduce memory load. Along the same line, some approaches were proposed to recompute
activations for a subset of the layers to reduce memory consumption [103, 224]. While
this strategy can be useful for low memory budgets, it sacrifices the compute (FLOPs),
and is not suitable for devices with limited computational resources. Recently, [515, 513]
explored smart initialization by identifying the best subset of layers to fine-tune. [515]
identifies the most important layers and discards redundant tokens during fine-tuning.
More precisely, [513] uses the relative magnitude of outputs to estimate the importance
of different blocks and initialize a smaller model from a larger one. Unlike these methods,
ALaST learns the importance of individual layers during fine-tuning and therefore does
not need in advance extensive analyses on which layers to train.

Efficient Vision Transformers

A substantial body of research has focused on enhancing the efficiency of ViTs, particu-
larly during the inference phase. Techniques such as model pruning, quantization, and
knowledge distillation have been extensively studied to reduce the size and computa-
tional requirements of ViTs. For example, [66] proposes a token merging strategy to
reduce the amount of tokens in the computational graph, while [495, 394 ] propose token
halting, leveraging conditional computation methods [520]. [571] employed distillation
from CNNs to maintain model accuracy while reducing the number of parameters and
FLOPs. [360] introduced a quantized version of the Vision Transformer to decrease
model inference complexity. More recently, [618] proposed to control the computational
load by activating sub-modules of the network based on input difficulty. In contrast to
these methods, we do not focus on inference, but address the challenge of fine-tuning
available ViT models when resources are limited.

Adaptive Vision Transformers

Recent research has explored adaptive mechanisms in Vision Transformers that dynami-
cally adjust computation based on input characteristics or training requirements. [651]
introduced A-ViT, which uses confidence-based early exiting to terminate computation
at different depths depending on the complexity of the input sample. [445] proposed
IA-RED that adaptively reduces token redundancy by learning to identify and remove less
informative tokens throughout the network layers. Another approach, [346], introduced
Skip-ViT, which learns to skip transformer blocks based on input difficulty, allowing
easier samples to use fewer layers while maintaining performance on challenging inputs.
While these methods achieve efficiency gains during inference, they typically require
architectural modifications or additional training overhead. Unlike these adaptive infer-
ence methods, ALaST provides a training-time adaptation mechanism that learns layer
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importance dynamically without changing the underlying ViT architecture, focusing on
training efficiency rather than inference optimization.

3.2.2 Background
Vision Transformers

A Vision Transformer (ViT) processes an image X € RE*H*W (where C,H, W are chan-
nels, width, and height respectively) through a series of L transformer layers. We
formalize the transformer architecture as follows:

y=CoFloFllo...0F 0 g(X), (3.13)

where &(+) denotes the encoding network, F* represents the i-th transformer layer, and
C(+) is the classification head, and o is the function composition. The encoding network
&(+) splits the image into smaller, non-overlapping patches. Each patch is then flattened
and linearly projected into a lower-dimensional embedding space, forming one token.
Suppose the image is divided into N patches, each of size P x P, resulting in a sequence
of N tokens. This can be represented as:

8()():l:tly t2:--')tN]’ (314)

where t; € RE is the embedding of the i-th patch, and E is the embedding dimension.
To enable classification, a special trainable token, known as the class token (CLS token),
is prepended to the sequence of patch embeddings. Additionally, since transformers lack
an inherent sense of order, trainable positional encodings are added to each token to
retain spatial information. The transformer layers F(-) process this sequence of tokens
through a series of operations involving multi-head self-attention and feed-forward MLPs.
A generic transformer block at layer [ transforms each token from layer [ — 1 via:

t; = I (1), (3.15)

where t;_; denotes the token embedding at layer [ —1, t; the updated token embedding,
and J represents a standard transformer encoder block with multi-head attention and a
feed-forward MLP. The self-attention operation has a quadratic complexity with respect
to the sequence length, i.e., it has a cost of O(N?), where N is the number of tokens
[585]. This quadratic cost can be significant for devices with limited resources. Efficient
implementation techniques or approximations are often required to make ViTs faster and
more memory efficient for inference on downstream tasks, especially in low resource
settings [394, 653, 66]. In this work, we target attention complexity by reducing the
amount of processed tokens at each layer, thus speeding up the computation.

The CLS token, which aggregates information from all patches, is extracted after the
final transformer layer and fed to the classification head C(+). This head typically consists
of a linear layer followed by a softmax function to produce the final classification output.

Layer Contributions during Fine-tuning

We analyze the transformer architecture from the perspective of the residual stream
[175], where token embeddings flow through the model and are progressively updated
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for each transformer layer F in pre-trained DeiT-S (left) and ViT-B (right). Layers with
low relative magnitudes (final ones for DeiT-S and middle ones for ViT-B) provide a
minimal contribution to the residual token stream, working as identity functions.

via vector additions from attention and feed-forward blocks in each layer. This framework
enables us to isolate and examine the individual contributions that each layer makes to
the residual stream (Figure 3.12).

Recent studies [513, 663, 223] have revealed that layers contribute unequally to
residual stream updates. This phenomenon is particularly pronounced in pre-trained
models, where certain layers function almost as identity mappings, providing minimal
updates to token embeddings. To quantify this behavior, we define the relative magnitude
of a transformer layer as the ratio of the non-residual block’s contribution to the overall
layer output. Specifically, for a generic layer i, given a layer input x and the layer’s
contribution F¢(x), we follow [513] and measure the relative magnitude % for
each transformer layer. Lower values indicate layers that leave input embeddings
largely unchanged. Figure 3.12 illustrates this phenomenon for both ViT-B and DeiT-S
architectures.

From an efficiency standpoint, dedicating computational resources to layers that
make minimal changes to input embeddings is highly inefficient. This insight has
inspired optimization approaches such as distilling large language models into smaller
versions by focusing only on important layers [223] or initializing smaller transformers
for fine-tuning [513]. More recently, [515] identified and selectively fine-tuned the
most important layers in ViTs. While these strategies yield competitive results, they
typically require extensive preliminary experimentation to determine which layers to
prioritize. Additionally, pre-selecting which layers to fine-tune often leads to sub-optimal
results, as the most critical layers — identified through extensive search procedures
[513, 515, 223] — are often highly specific to the dataset and model used, resulting
in inconsistent performance across different data distributions or model architectures.
For instance, an exhaustive search might identify layers 4, 5, and 6 as most important
for fine-tuning on the Flower-102 dataset. Yet, this configuration may not transfer
effectively to a different dataset, requiring a new round of costly search. Likewise, the
most impactful layers in ViT-B may differ from those in DeiT-T, necessitating a separate
search for each model. Our approach addresses this limitation by introducing a method
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Figure 3.13. At each fine-tuning iteration, each layer is assigned a scalar importance (a budget).
Based on the budget, we allow more (high budget) or fewer (low budget) tokens to flow
through the layer - greyed out tokens are excluded from computation. Additionally, we
freeze layers with the lowest budgets to save computing resources and memory.

that automatically and adaptively identifies the most influential layers during training,
eliminating the need for such resource-intensive experimentation.

3.2.3 Method: Adaptive Layer Selective Fine-tuning

To overcome the challenges introduced in the previous section, we propose a simple
strategy, ALaST (Adaptive Layer Selection for ViT Fine-Tuning). ALaST adaptively estimates
the importance of each layer during fine-tuning, leading to improvements in memory
usage, FLOPs, and wall-clock training time. Unlike other methods, our approach does
not require any extensive experimentation prior to fine-tuning.

To save computational resources, we focus on two key parameters: the number
of tokens processed by each layer and which layers are actively trained. Adjusting
these parameters directly influences computational load and memory consumption.
For the first parameter, we follow [394] and [495] and selectively remove redundant
tokens during the forward pass. For the second parameter, we freeze less critical layers,
saving memory and preventing unnecessary weight updates during the backward pass
(Figure 3.13).

We now illustrate the proposed method by introducing how we estimate the value
of what we call "budget" b; for each transformer layer [. These budgets are scalar values
that reflect how much compute we want to spend on each layer during training. We use
them to decide, on the fly, which layers to freeze (Section 3.2.3) and which tokens to
keep (Section 3.2.3) while fine-tuning.

Freezing the layers

We assume that each fine-tuning step (e.g., a batch of samples) comprises a forward
and a backward pass. We use i to indicate the current step and CLS; to indicate the
embedding of the class token at layer [ for step i. Given a fine-tuning step i, we
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estimate the importance of each layer [ and assign it a scalar training budget b;' €(0,1),
representing the computational resources we can afford to spend on that layer. Notice
that the budget depends both on the training step i and the layer [. The budget should
be high if the layer’s contribution to the final prediction is high, low otherwise. To
compute the budget, we rely on the class token (CLS token) latent representation at
each layer. During the forward pass, the class token aggregates information from all
other tokens and it is finally fed to the classification head. Therefore, the CLS token
must capture semantic information about the whole input image, making it a reliable
indicator for evaluating each layer’s contribution to the final prediction [352, 490]. In
Figure 3.14, we empirically validate that layers with higher class token deltas exhibit
larger gradient norms, confirming that our delta measure effectively identifies layers
where substantial parameter updates occur during fine-tuning. Therefore, we consider
layers that contribute less to updating the class token as less critical, and we assign them
lower compute budgets.

Figure 3.14. The Pearson’s rank correlation between gradient norm and A; for layers in DeiT-S
(left) and ViT-B (right). x axis represents transformer layers.

Adaptive budget assignment: At fine-tuning step i, layer [ updates the class token
according to: . 4
CLS! = F'(CLSL_,) (3.16)

where CLS;_1 is the class token representation coming from the previous layer, F!
represents the layer [, and CLSf is the updated class token representation. To capture
the variations in the class token embedding, we define the class token delta at layer [
and training step i as:

A} =||CLS] —CLS]_, I3 (3.17)

The class token delta quantifies the magnitude of the update performed by layer [ on the
class token’s residual stream. We use the variation in class token deltas across iterations
to compute the training budget. At a training iteration i, we compute:

bi=b"+(A—A ) xa (3.18)

Here,b;_1 represents the budget from the previous training iteration, and a is the budget
learning rate, which we initialize to match the fine-tuning learning rate. We always
initialize the budget as 1 for each layer, and clip it during fine-tuning to have a value
between 0 and 1. By assigning a budget to each layer, we obtain a distribution of budgets
DiL, where L is the number of layers and i is the current training step. We provide an
example of how compute budgets vary during fine-tuning in Section 3.2.6.
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Figure 3.15. At each fine-tuning step, we assign what we call “compute budgets” to transformer
layers. The budget determines the computational resources we invest in each layer, i.e., (a)
whether the layer is frozen or trainable and (b) how many tokens that layer can process. By
adaptively allocating the budget, we make the fine-tuning faster and more efficient in terms
of FLOPs, memory, and time. In this example, we are training the top K layers, with K=3.

Freezeing a layer: To reduce memory usage and improve computational efficiency,
we freeze the K lowest layers that are assigned the smallest budgets, where K is a
hyperparameter. Freezing a layer means its parameters are no longer updated during
training, which reduces the number of trainable parameters and eliminates the need to
store its intermediate activations.

More precisely, given a budget distribution Di over layers for a given iteration i,
we sample K layers without replacement according to this distribution—ensuring each
selected layer is unique. Only these K layers with the highest allocated budgets are kept
trainable, while the remaining layers are frozen. We show an example of this procedure
for K = 3 in Figure 3.15. Our probabilistic sampling approach for layer freezing offers
several advantages over deterministic top-K selection. While deterministic selection
(always choosing layers with highest budgets) might provide more stability, probabilistic
sampling enables better exploration of the layer space and prevents premature con-
vergence to suboptimal freezing patterns. This stochastic approach allows layers with
moderate budgets to occasionally be selected, potentially discovering beneficial freezing
configurations that deterministic methods might miss.

Selecting the Tokens

As pointed out in several works [276, 394, 66], not all tokens carry equally valuable
information for the task at hand. To discard less useful tokens at each layer [, we leverage
the budget distribution, computed as described in the previous section. Given an input
sequence T € RN*E where N is the sequence length and E is the embedding dimension,
we only allow bf - N tokens to flow to the next layer, where [ is the transformer layer
and i is the current fine-tuning iteration. Because bli is always in [0, 1], this is equivalent
to selecting (bli -100)% of the tokens from the input sequence.
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Figure 3.16. Attention of CLS token for different patches at layer 2,4,6 of DeiT-S [571]. Brighter
patches have higher attention. CLS token’s attention captures semantically important patches.
We use the class token’s attention as a measure of token importance to decide which patches
to maintain in the residual stream.

To determine which tokens to discard, we follow [352], and rank the tokens based
on their attention scores from the CLS token, retaining only the top bli -N tokens. Tokens
with higher attention scores are more influential in determining the class prediction, as
we show in Figure 3.16, where we plot some representative attention maps with respect
to the class token for DeiT-S. By retaining only the most important tokens - those that
contribute significantly to the class token’s latent representation - we reduce computa-
tional overhead and memory usage while preserving the most relevant information for
classification.

Our token selection mechanism draws theoretical inspiration from mixture-of-experts
(MoE) routing principles, where computational resources are dynamically allocated based
on learned importance scores. In MoE architectures, a gating network determines which
experts should process each token, typically using a top-k selection strategy to maintain
sparsity while preserving model capacity [531, 182]. Just as MoE routing preserves
model expressiveness by activating relevant experts, our token selection preserves
sequence-level information by retaining high-attention tokens. The sparsity induced by
top-k selection in both paradigms reduces computational overhead while maintaining
performance, following the principle that most information is concentrated in a subset
of available computational paths.

In preliminary tests, we let unattended tokens proceed to the next layer. However,
analysis of attention score distributions revealed that tokens excluded at one layer
remained excluded in subsequent layers. Consequently, we opted to discard the least
attended tokens, preventing their progression to the next layer. This approach further
reduced batch size and memory consumption without performance loss.

3.2.4 Validation of Token Selection approach

To validate the robustness of our CLS-centric token selection approach, we conducted
an attention entropy analysis across all transformer layers. The entropy of attention
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Figure 3.17. Average entropy of attention scores in DeiT-T, per each layer.

Model | embedding #heads #layers #params

DeiT-T 192 3 12 5M
DeiT-S 384 6 12 22M
ViT-B 768 12 12 86M

Table 3.1. Variants of tested ViT architectures.

scores serves as a measure of attention diversity, where higher entropy indicates more
distributed attention across tokens, while lower entropy suggests concentrated attention
on specific tokens. Our analysis, as shown in Figure 3.17 reveals that from the second
layer onward, the attention entropy remains relatively stable and maintains sufficient
diversity, indicating that our token pruning strategy preserves meaningful attention
patterns throughout most of the network depth. However, we observe a notable deviation
in the first layer, where attention entropy exhibits different characteristics compared to
subsequent layers. This finding aligns with prior observations that early transformer
layers often exhibit distinct attention behaviors, potentially focusing on low-level features
or exhibiting less task-specific attention patterns.

3.2.5 Experimental Setup

We fine-tune our models, pre-trained on Imagenet [ 144], on Flower-102 [429], Cifar-100
[310] and the more challenging Food-101 [70] dataset. We test a larger pre-trained
Vision Transformer ViT-B [167] along with the DeiT-S and DeiT-T [571] models, that
are smaller and more parameter efficient, thus more likely to be used in resource-
constrained scenarios. We show details about the tested model architectures in Table 3.1.
We download pre-trained weights from timm-models [608]. In all the runs, we set K
(number of trainable layers) to 9, but we show results for other values in Section 3.2.6.
We use mixed precision training [401] for all our experiments to keep memory usage
as small as possible and simulate a real-world on-device training. During training, we
keep track of FLOPs (Floating Point Operations), memory load and wall-clock time.
While memory and time are important metrics to assess practical performance and
resource utilization, they can be partially influenced by hardware. Therefore, we also
use FLOPs , calculated over the whole architecture, to provide a hardware-independent
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Table 3.2. Fine-tuning DeiT-T on Food-101 and Cifar-100. Best results in bold. Accuracies are
shown with standard deviation across 3 seeds.

DeiT-T Food-101 Cifar-100

C M T Acc C M T Acc
FT head 7.5 2389 13.44 0.59+005 | 5.0 2389 8.18 0.66+0.06
FT full 11.2 3267 24.13 0.83x0.03 | 7.8 3267 14.14 0.84z0.01
FT top-3 9.6 2525 15.17 0.80+0.01 | 6.3 2525 9.13  0.82+0.09

ToME [66] 7.5 2983 18.06 0.82+0.11 | 7.1 2983 11.32 0.84+0.09
BSR [515] 8.5 2500 14.30 0.80+0.01 | 6.0 3052 8.45 0.82+0.02
LoRA [266] 8.2 2620 26.44 0.78+0.05 | 5.5 2643 15.10 0.81x0.02
ALaST (ours) | 5.1 1724 18.0 0.81+0.05 | 5.0 2397 11.32 0.83+0.07

C=Compute (PFLOPs), M=Memory (MB), T=Time (minutes), Acc=Top-1 Accuracy

Table 3.3. Fine-tuning DeiT-S on Food-101 and Cifar-100. Best results in bold. Accuracies are
shown with standard deviation across 3 seeds.

DeiT-S Food-101 Cifar-100

C M T Acc C M T Acc
FT head 10.5 4751 18.36 0.70+0.01 | 18.4 4751 11.34 0.75x0.04
FT full 30.2 7186 33.08 0.86x0.04 | 27.1 7186 20.14 0.88x0.02
FT top-3 22.8 5202 20.40 0.84x0.02 | 21.0 5202 12.51 0.87=x0.08

ToME [66] 10.0 2134 25.05 0.80+0.12 | 26.7 3122 35.23 0.88+0.08
BSR [515] 12.3 3520 19.38 0.83x0.01 | 13.0 3500 12.13 0.87=x0.02
LoRA [266] 22.5 5060 35.12 0.83x0.10 | 22.3 5060 32.00 0.85+0.09
ALaST (ours) | 14.5 4190 25.05 0.86+0.06 | 15.5 3613 15.05 0.87+0.11

C=Compute (PFLOPs), M=Memory (MB), T=Time (minutes), Acc=Top-1 Accuracy

measure of computational complexity, enabling consistent cross-system comparisons.
For reproducibility, we provide detailed descriptions of our experimental setup, including
code, hyperparameters, and training procedures in 3.2.8.

3.2.6 Results

We evaluate ALaST across a diverse set of baselines, ranging from standard fine-tuning
procedures to recent parameter-efficient techniques. Results are reported in Table 3.2,
Table 3.3 and Table 3.4, with metrics including final accuracy, training FLOPs, peak
memory usage, and wall-clock time.

We begin by comparing ALaST to two canonical fine-tuning strategies. In Full Fine-
Tuning (FT Full), all model weights are updated, resulting in high accuracy at the cost
of substantial compute and memory. In contrast, Head Fine-Tuning (FT Head) updates
only the final classification layer, offering efficiency but typically much lower accuracy.
As shown in Figure 3.19, ALaST offers a trade-off: it retains performance close to FT Full
while using only 60% of the FLOPs, 50% of the memory, and 80% of the training time,
without adding any parameters to the model. We also benchmark against more recent
and advanced methods. Token Merging (ToMe) [66] reduces memory by merging tokens
according to a fixed schedule, but this static policy often limits performance. Block
Selective Reprogramming (BSR) [515] freezes a preselected set of layers and prunes
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Table 3.4. Fine-tuning ViT-B on Food-101 and Cifar-100. Best results in bold. Accuracies are
shown with standard deviation across 3 seeds.

ViT-B Food-101 Cifar-100

C M T Acc C M T Acc
FT head 80 9657 3547 0.83+006 |70 9657 22.40 0.84=0.08
FT full 150 13012 64.37 0.90+0.06 | 90 13012 40.34 0.90=+0.12
FT top-3 120 7096 39.45 0.90+0.07 | 80 7096 24.11 0.92%0.11

ToME [66] 153 4493 48.42 0.88+007 | 75 4493 30.29 0.86+0.05
BSR [515] 117 6900 37.46 0.88x005 | 79 6900 23.30 0.91:x0.04
LoRA [266] 109 11823 48.35 0.89+0.15 | 80 11823 32.10 0.90=+0.12
ALaST (ours) | 107 5451 48.42 0.90+0.12 | 70 5341 29.30 0.90=+0.13

C=Compute (PFLOPs), M=Memory (MB), T=Time (minutes), Acc=Top-1 Accuracy
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Figure 3.18. Comparison for ViT-B on a fixed data budget of 20 epochs for Food-101. Our
method converges faster than the full fine-tuning with comparable accuracy.

tokens accordingly, requiring prior exploration to identify relevant blocks. Similarly, FT
top-3 updates only the three most influential blocks, as identified through exploratory
analysis. LoRA [266] sidesteps this manual selection by introducing trainable low-rank
adapters, though this comes with additional parameters. In contrast, ALaST adaptively
learns which layers to prioritize during training, avoiding the need for fixed schedules
or block selection heuristics. Unlike LoRA, it introduces no additional trainable weights.

We find that LoRA performs inconsistently across model sizes: its accuracy drops
on smaller architectures like DeiT-T and DeiT-S, likely due to limited representational
capacity, which constrains the ability of additional parameters to adapt effectively to
new data distributions. On larger models such as ViT-B, LoRA narrows the performance
gap with ALaST. Since our method is complementary to parameter-efficient fine-tuning
(PEFT) strategies like LoRA, we explore how the two approaches can be combined in
the following section.

Integration with LoRA

As we showed in the previous section, LoRA performs rather poorly when applied to
smaller models, while ALaST converges faster and to higher accuracy. On larger ViT-B,
on the other hand, LoRA achieves similar accuracy to our method, at a higher memory
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Figure 3.19. Comparison for ViT-B on a fixed data budget of 20 epochs for Food-101. Our
method converges with fewer FLOPs (left), lower memory (right) with respect to fine-tuning
all layers (FT full) and only the head (FT head).

Table 3.5. Combining LoRA + ALaST for fine-tuning ViT-B on Cifar-100 dataset.

Compute Memory Time

Method (PFLOPs) (MB) (min) Accuracy
FT full 90 13012 40.34 0.90
LoRA 80 11823 32.10 0.90
ALaST 70 5341 29.30 0.90
LoRA + ALaST 50 4243 21.20 0.89

cost to store the activations for all layers. Because the two methods are orthogonal, we
integrate them and test LoRA + ALaST on ViT-B.

In order to combine LoRA with ALaST, we apply the budget schedule to LoRA’s
additional parameters and keep the transformer layers frozen, except for the classfi-
cation head. We report results for Cifar-100 and Food-101 in Table 3.5 and Table 3.6,
respectively. By intergrating LoRA with ALaST, we further reduce the memory footprint,
while still achieving accuracy comparable to baseline.

We clarify that the "orthogonal optimization" in LoRA+ALaST refers to complemen-
tary optimization dimensions—parameter efficiency (LoRA) and computational efficiency
(ALaST)—rather than implying additive accuracy improvements. As shown in Tables 5-6,
the combination maintains competitive accuracy while achieving notable computational
savings. For instance, ViT-B with LoRA+ALaST reduces memory usage from 5,451 MB
to 4,243 MB compared to ALaST alone, demonstrating the primary benefit of reduced
computational overhead rather than performance gains. This approach offers practi-
tioners a method to achieve parameter efficiency without sacrificing the computational
advantages of ALaST.

By integrating LoRA with ALaST, we achieve meaningful computational savings
through reduced memory footprint (e.g., 4,243 MB vs. 5,451 MB for ViT-B) while main-
taining accuracy comparable to baseline, demonstrating the practical value of combining
orthogonal efficiency optimization approaches. The primary benefit of this combination
lies in the computational savings achieved through reduced memory requirements while
preserving model performance.
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Table 3.6. Combining LoRA + ALaST for fine-tuning ViT-B on Food-101 dataset

Compute Memory Time

Method (PFLOPS) (MB) (min) Accuracy
FT full 150 13012 64.37 0.90
LoRA 109 11823 48.35 0.89
ALaST 107 5451 48.42 0.90
LoRA + ALaST 95 4243 41.00 0.90
Compute Memory Time

K| erLop)  (vB) (min)  “ecuraey

1 11.6 3125 20 0.81

2 11.9 3211 21.30 0.83

3 12.0 3297 22.20 0.84

4 12.4 3383 23.50 0.85

8 13.0 3888 23.10 0.86

10 15.5 4000 24.10 0.86

12 15.8 4137 25.10 0.86

Table 3.7. Different values for the number of trainable blocks at each iteration, K.

Layer Budgets across Fine-tuning

Budget assignment in ALaST is dynamic and happens at each fine-tuning iteration. We
examine now how the budget assignement varies during training for different models
and datasets. For DeiT-S and ViT-B, higher compute budgets are usually allocated to
the first layers already in the initial part of the fine-tuning, as we show in Figure 3.20.
Interestingly, for the first two layers, the method allocates high budgets across the entire
fine-tuning, while for central layers the budget usually exhibits a higher variance. For
DeiT-T, we observe a different pattern, where first and last layers are allocated higher
budgets, while central ones are often neglected. In the smaller DeiT-T, on the other
hand, the budget is allocated mainly to initial and last layers, and the distribution results
more peaked.

Number of trainable blocks

At each iteration, we select K transformer layers for fine-tuning. We showed experiments
with K = 8. In Table 3.7, we report results for different values of K, showing the accuracy
and FLOPs trade-off for each. We see that, in general, increasing the number of trainable
layers leads to better performance. The improvement becomes smaller when K is greater
than 8.

3.2.7 Additional Results

We show additional results on the Flower-102 dataset in Table 3.8.

3.2.8 Implementation details

In the following, we provide details on the implementation and fine-tuning hyper-
parameters. We fine-tune the three models using Adam optimizer [302] with a batch
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Figure 3.20. Compute budget assignment during fine-tuning.

size of 128. After an initial grid search, we set the learning rate to 0.0001 for all
methods but LoRA, where we found 0.001 to be more effective. We use two random
augmentations picked between horizontal or vertical flipping and random cropping for
all datasets and runs. All images are resized to 224 x 224, that is the required input
size for the pretrained models. We download the weights of the models (pre-trained on
ImageNet [509]) from Timm Image models [608]. During fine-tuning we keep track of
FLOPs, peak memory and training time on an NVidia RTX4090 GPU. To measure FLOPs
and memory load, we use PyTorch MACs counter and memory allocation tools [454].
Finally, we provide the Python code used for experiments.

3.2.9 Conclusion

We introduced ALaST, a simple and effective method to fine-tune ViTs in low-resource
scenarios, saving computational budget, memory load and training time, with minimal
modifications to the training pipeline. Although we test ALaST on ViTs, its principles
are generalizable to other transformer-based architectures, which we plan to explore in
future work.
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Figure 3.21. Final assignment on budgets for training on different datasets and models.

3.2.10 Limitations

Our experimental evaluation is limited to image classification tasks (CIFAR-100, Food-
101, Flowers-102), which restricts the generalizability of our findings. Extension to
dense prediction tasks such as object detection and semantic segmentation is challenging
because our method relies on the CLS token for importance estimation. Dense prediction
tasks require spatial reasoning across all patch tokens, making our current importance
assessment strategy unsuitable without significant modifications. The approach also as-
sumes that gradient-based metrics on the CLS token effectively capture layer importance,
which may not hold across all architectures or tasks.
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Table 3.8. Comparison of Fine-tuning DeiT-T DeiT-S and ViT-B on Flower-102 dataset.

Model DeiT-T DeiT-S ViT-B

C M T Accuracy C M T Accuracy C M T Accuracy
FT head 0.12 2389 111 0.51x0.11 0.3 4751 1.5 0.54=+0.3 1.0 9657 3.58 0.73+0.1
FT full 0.14 3267 212 0.72x0.10 0.5 7186 2.4 0.89+0.4 1.5 13012 7.18 0.97+0.11
FT top-3 0.12 2525 1.19 0.55+0.05 0.4 5202 1.2 0.77+0.1 1.2 7096 4.25 0.90+0.08
ToME [66] 0.03 2983 1.39 0.88=0.3 0.5 2134 3.0 0.88+0.13 1.3 4493 5.31 0.95+0.08
BSR [515] 0.11 2000 1.15 0.73+0.3 0.39 3520 1.1 0.76+0.06 1.0 6900 4.12 0.90+0.18
LoRA [266] 0.11 2400 2.19 0.56=0.12 0.5 7256 2.5 0.71+0.13 1.0 11823 7.44  0.97+013
ALaST (ours) 0.8 3820 1.39 0.79+0.1 0.3 3523 2.2 0.9+0.06 1.5 5341 5.31 0.97+0.9
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3.3 Adaptive Semantic Communication for Transformer Infer-
ence

Recently, there was a surge of interest in semantic and goal-oriented communications,
establishing this paradigm as crucial for the development of 6G Al-native communication
networks [549, 550]. In contrast to traditional communication systems, which focus
on efficiently transmitting the data in the form of raw bits, semantic communication
emphasizes understanding the meaning and intent behind the data, allowing for more
efficient information exchange tailored to the specific goals of the communication task.
This prioritizes the meaning and purpose behind transmitted data instead of the trans-
mission itself and reduces the need for exact bit-level reconstructions, thereby offering
gains in efficiency and adaptability, particularly in dynamic or resource constrained
environments [510, 480, 59, 96, 162].

A prominent use case for semantic communication is edge inference, where dis-

tributed edge devices collect high dimensional sensor data and must convey only the
most task relevant information to a nearby server for real time decision making [162]. In
such scenarios, goal-oriented semantic communication enables these devices to transmit
compressed, high level representations that are sufficient for the target inference task,
such as object detection or anomaly recognition, while significantly reducing communica-
tion overhead. This is especially important in wireless edge networks, where constraints
on bandwidth, latency, and power demand intelligent mechanisms to select and transmit
only semantically meaningful features aligned with the task objective. In this context,
transformer-based neural networks, with their inherent attention mechanisms and con-
textual processing capabilities, serve as ideal candidates for extracting and compressing
semantic information from data into a lower-dimensional representation space [624].
This representation consists of multiple vectors called tokens, each capturing different
semantic aspects of the input. By treating tokens as discrete transmission units, the
system can selectively transmit only the most semantically relevant tokens while dis-
carding less informative ones; this property has enabled the development of semantic
token-based communication systems that adapt to dynamic channel conditions and
application requirements, see, e.g. [154, 480, 479, 670].
Outline. This paper is structured as follows: Section II provides background on Vi-
sion Transformers (ViT), highlighting their token-based architecture and suitability for
semantic communication. Section III introduces the system model, defining the commu-
nication framework between edge devices and servers. Section IV details the design of
the proposed token-based DJSCC architecture, including adaptive token selection and
compression mechanisms. Section V presents a dynamic optimization strategy based
on Lyapunov stochastic control for real-time adaptation to varying channel conditions
under bandwidth and noise constraints. Section VI reports empirical results that validate
the performance and adaptability of the proposed system under different SNR regimes,
offering qualitative insights into the semantic interpretability of token selection. Finally,
Section VIII draws the conclusions and directions for future work.

Related work

Edge inference comes with the drawback of an ad-hoc deployment of computing re-
sources, which might be more costly in terms of economic and environmental aspects,
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if compared to a shared infrastructure. However, it allows end devices and service
consumers to keep data local, thus promoting privacy and secrecy, and retrieving results
within strict latency constraints, without the need of reaching distant central clouds. To
achieve a positive balance between benefits and drawbacks, the joint optimization of
communication and computing segments is a fundamental brick [162]. In general, edge
inference can take place: i) locally at an end device, ii) fully offloaded to an edge server
(or, Mobile Edge Host-MEH), or iii) partially performed at the two end sides [385].
The first solution (full local inference) typically requires model optimization techniques
such as pruning or quantization [602], to be able to efficiently run a full (deep) model
locally in a resource limited device. This comes with no communication overhead and
full secrecy as no data is exposed, however at a cost of local computation and possibly
reduced inference accuracy. The second solution (full offloading) [636, 98] relieves the
device from any processing, but it can lead to high communication overhead and data
exposure. In the third case (partial offloading), which is the most flexible one, as also
highlighted in [328, 59], part of the computation is performed locally to extract relevant
(possibly lower dimensional) features. This is helpful if the edge server is temporary
unavailable, or to reduce the communication overhead needed to offload the inference
task.

Several methodologies have been proposed to enable local feature extraction with
the goal of minimizing communication overhead while maintaining acceptable task
performance, typically measured in terms of accuracy. For a comprehensive overview,
the reader is referred to the recent survey in [668]. One straightforward approach is
to split a deep neural network (DNN) between a local device and an edge server, a
technique commonly referred to as DNN splitting [385]. This splitting can be adapted
dynamically based on channel conditions and the availability of radio and computa-
tional resources [328, 319]. From the perspective of task performance (e.g., achieving a
target classification accuracy), prior work has shown that features extracted at different
layers—corresponding to different splitting points—exhibit varying levels of robust-
ness to channel noise and transmission errors [59]. This observation highlights the
importance of selecting optimal split points depending on system constraints. When
scaling to powerful architectures such as Vision Transformers, the opportunity for DNN
splitting is further enriched by mechanisms like token pruning, which can significantly
reduce communication costs by discarding less informative tokens. Moreover, when
the model is trained end-to-end with the wireless channel modeled as a differentiable
layer, DNN splitting effectively performs joint source and channel coding. This results
in a learned Deep Joint Source-Channel Coding (DJSCC) scheme that simultaneously
achieves compression and error resilience, optimized for the specific communication
environment.

Recent advancements in wireless semantic communication have highlighted DJSCC
as a promising approach, see, e.g., [632, 231, 642]. DJSCC systems integrate source
and channel coding into a unified process over wireless channels, employing deep
neural networks to tailor transmission strategies to specific application requirements. By
modeling the communication channel as a differentiable layer within the network, these
systems enable end-to-end learning that jointly adapts both source and channel coding,
leading to improved performance across key metrics. DJSCC methods have shown clear
advantages over traditional coding schemes, particularly in semantic communication
settings, by exhibiting graceful performance degradation below information-theoretic
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signal-to-noise ratio (SNR) thresholds and avoiding the sharp declines characteristic of
conventional approaches [73, 371]. This makes DJSCC a compelling choice for practical
scenarios characterized by low bandwidth and/or low SNR, where traditional methods
struggle to maintain reliable performance.

Most existing JSCC systems operate under fixed trade-offs optimized for specific
channel conditions and may struggle to generalize across different or fluctuating environ-
ments. However, in dynamic communication settings, where channel conditions can vary
rapidly, the need for adaptive mechanisms that can adjust their operating parameters
in real time becomes essential. To this end, recent studies have introduced adaptive
methods that dynamically respond to real-time channel variations. These approaches
include partitioning the model’s latent space to support variable transmission rates [632],
masking non-essential channels within convolutional architectures [644], and employing
transformer-based architectures to project tokens onto variable-length representations
[126]. Similarly, the model in [642] demonstrates superior coding efficiency compared
to CNN-based JSCC and traditional BPG + LDPC schemes, while achieving lower end-
to-end latency. Furthermore, [53] leverages transformer-based models in cooperative
relay networks, showcasing notable beamforming gains. Additionally, several works
have focused specifically on communication efficiency. For example, Wang et al. [595]
developed an adaptive source allocation strategy based on quantization, enhancing trans-
mission reliability under changing conditions. Similarly, Zhou et al. [685] introduced a
Universal Transformer for semantic text transmission that adjusts its communication
protocol depending on the channel environment. Finally, the work in [58] proposed a
semantic-aware edge learning framework for multi-user wireless networks, where users
adaptively decide between local and remote inference and transmit only task-relevant
features via goal-oriented compression, while a Lyapunov-based optimization dynami-
cally allocates communication and computational resources to balance energy, latency,
and inference accuracy.

An additional degree of freedom in the design of DJSCC involves rendering the model
adaptive, enabling it to dynamically adjust its computational complexity and output
dimensionality, thereby enhancing flexibility and performance across diverse operating
conditions [632]. Adaptive computation can be achieved through several approaches,
broadly categorized into two strategies: i) employing multiple specialized models for
different trade-offs [119, 614, 146, 6, 251]; or ii) embedding flexibility into a single
model capable of handling a range of constraints. Here, we focus on the second scenario.
Models in this category embed adaptivity into model architectures via dynamic networks
that adjust processing based on input complexity [518]. Some methods employ sampling
to process only relevant image regions within budget constraints [395, 239, 155], while
others activate specific submodules conditionally [610]. Mixture-of-Experts approaches
dynamically route inputs through specialized sub-networks [183, 532, 674], optimizing
resource use. Early Exit techniques introduce intermediate classifiers to halt computation
once sufficient confidence is achieved [470, 687, 239, 312].

Contributions of the Paper

In this work, we propose a novel transformer based DJSCC algorithm tailored for edge
inference scenarios, where resource constrained devices must transmit task relevant
information under dynamic channel conditions and limited computational budgets.
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Building on the conditional computation framework introduced in [518] and extending
our preliminary work in [154], we propose a DJSCC framework composed of multiple
autoencoders with different compression factors, and a trainable semantic token selection
mechanism that leverages the structural properties of transformer models to dynamically
identify and transmit the most relevant input components based on relevance to the
downstream task. Additionally, we propose a dynamic resource allocation algorithm
based on stochastic optimization [424], which adaptively tunes the framework’s param-
eters to maximize inference performance while accounting for communication overhead
in time-varying conditions. Integrated with our DJSCC framework, this mechanism
enables real-time adaptation of token selection and compression, improving the semantic
efficiency of transmitted information in support of edge inference tasks.

The proposed framework offers three key advancements: (i) it compresses semantic
tokens into a complex valued representation space while minimizing information loss
during reconstruction at the receiver; (ii) it achieves robustness across a wide range of
channel noise conditions using a single model, removing the need for multiple specialized
DJSCC networks; and (iii) it operates in the complex domain while remaining compatible
with standard real valued neural networks, allowing seamless integration with pre trained
models. By reducing the number of tokens processed and transmitted, the semantic
token selection mechanism also reduces the overall complexity of the overall DJSCC
framework, improving its efficiency and scalability, particularly in resource constrained
environments.

Through extensive comparative analysis, we demonstrate that our system achieves
superior accuracy compression trade offs in edge inference settings by leveraging its
additional degrees of freedom. The proposed token selection mechanism also facilitates
the extraction of semantically rich and interpretable representations, laying the ground-
work for interpretable by design models in next generation Al native communication
systems. Its adaptability to varying channel conditions and task requirements makes it
particularly well suited for edge devices, where efficient resource management is critical
to achieving high performance inference.

3.3.1 Background on Vision Transformers

In this section, we provide a brief overview of the Vision Transformer (ViT) model
[165], which serves as a core component of our proposed token-based communication
framework, although the method can be readily adapted to scenarios involving other
transformer-based architectures. We summarize recurring notation in Table 3.9.

A ViT model, denoted as f (x), takes an image x € R©#W as input, where C, H, and
W represent the number of channels, height, and width of the image, respectively. The
overall structure of the model is defined as follows:

f(x):Go‘BLoBL_lo---o‘BIOE(x) (3.19)

where £(x) is a preprocessing layer that turns the image into a sequence of tokens
H® € R™4, with n the number of tokens and d their features; then, {B!...BL} are
transformer blocks that process the tokens via multi-head attention (MHA) and feed-
forward networks, with L denoting the number of blocks. The set of tokens is created by
dividing an image into non-overlapping patches of fixed length, which are then flattened
and projected to a fixed embedding size (i.e., d) using a trainable network. To preserve
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Table 3.9. List of recurring symbols

Symbol Description

X Input image of size RP withp=C-H-W

&, B,C ViT blocks (resp. preprocessing, transformer block, classification head)
n Number of initial tokens

a, ng User-defined budget, number of selected tokens
d Original dimension of each token

o, r Compressed dimension o < d, with ratio r = %
H! Set of tokens at layer [ of the ViT, of shape n-d
s Symbols transmitted on the channel

E(x), D(s) DJSCC encoder and decoder

n Channel (non-trainable)

Cg, Cp Receiver encoder and decoder

r(t) Optimized time-varying parameters {r(t), a(t)}

spatial information, a unique learnable positional embedding is added to each token,
encoding the original position of each patch within the image. Finally, the tokens set
includes a trainable class token, which is used as input to the classification layer € to
produce the final prediction vector.

The MHA mechanism represents the core of each transformer block. This mecha-
nism consists of H parallel self-attention heads, each computing outputs by analyzing
interactions between tokens in the input sequence. These outputs are then concatenated
along the feature dimension and projected through a learnable matrix W, € Rf&>d
where d, is the output dimension of each attention head and d is the model’s hidden
dimension. Letting H ™! € R™? denote the sequence of token embeddings input to the
[-th transformer block, the MHA function reads as:

MHA!(H™) =[sA;(H™),...,SAg(HT) W, (3.20)

forl =1,...,L, where SA; is the i-th Self-Attention head:

_ QK
SA;(H'™1) = softmax | —= |V, (3.21)

Jar

fori =1,...,H, where the softmax is applied row-wise. Each attention head in Eq. (3.21)
operates using three learned projections: Query (Q;), Key (K;), and Value (V;), computed
as follows:

_ -1 dxd
Q =H"'w,, W, ; € RO,
-1 dxd,
Ki =H Wk,iJ Wk,i eR k,
_ yql-1 dxd,
V,i=H "W, W,;eR ,

where dy, is the dimension of the queries and keys. The resulting matrices Q;, K;, and V;
have dimensions (n, d;), (n,dy), and (n, d,) respectively. After computing all H attention
outputs, they are concatenated to form a matrix of shape (n,Hd,) in Eq. (3.20), which
is then linearly projected back to dimension d using W,. A key observation is that
while each self-attention output preserves the dimensions of its input, only the feature
dimension d must remain fixed throughout the model. The token count n, however, can
be dynamically adjusted without compromising the MHA mechanism.
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Figure 3.22. System scenario for semantic-oriented edge inference.

In the sequel, we exploit this flexibility to develop a token selection mechanism
that identifies and preserves only the most semantically relevant tokens based on a
user-defined computational budget and input characteristics. This approach offers
three significant advantages. First, the computational burden is reduced, as the model
processes a smaller number of tokens. Second, the selected tokens can be interpreted
as the most meaningful part of the input image, thus providing useful insights into the
model’s internal reasoning. Last, in a semantic communication setting, transmitting only
the most informative tokens enhances communication efficiency by reducing bandwidth
requirements while preserving the core semantic content, enabling more reliable and
meaningful exchanges between sender and receiver.

3.3.2 System Model

In this section, we present our adaptive token-based DJSCC system in three parts:
the communication model (Section 3.3.2), the token compression architecture (Sec-
tion 3.3.2), and the adaptive control mechanism (Section 3.3.2). The latter enables
real-time optimization of transmission parameters based on channel conditions, as
detailed in Section 3.3.4.

Communication model

We consider a communication scenario with a single edge device equipped with a camera
that captures images represented by arrays x € R?, with p = C - H - W. The device
applies a token-based DJSCC function E : R? — C1 to produce the transmitted signal
s = E(x) € CY, subject to an average power constraint:

1
—lIsli3 < 1, (3.22)
q

where g denotes the available number of transmitted symbols. The compression ratio of
the system is defined as:

o=, (3.23)
p

capturing the fraction of the input dimensionality that is retained in the transmitted rep-
resentation. This allows the encoder to adapt the level of compression to meet resource
constraints while preserving task-relevant semantics. Then, the signal s is transmitted
over a wireless channel to a nearby edge server, which performs a downstream inference
task such as classification or retrieval. At the server side, a token-based deep joint source
channel decoder D : C? — Y maps the received signal to an output y € Y, where Y
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denotes the output space (e.g., class labels). Figure 3.22 provides an illustration of the
proposed edge communication setting.

Communication occurs over a point-to-point complex additive white Gaussian noise
(AWGN) channel. The received signal is given by

s'=hs+n, (3.24)

where h € C is the channel gain and n € C? is an additive noise vector with entries
drawn i.i.d. from a complex normal distribution CN(O, o]f). For the AWGN channel, we
set h = 1. The signal-to-noise ratio (SNR) for the communication of vector s can then be
expressed as SNR = |h|2||s||2/0§.

Token-based DJSCC Design

In this section, we introduce our token-based DJSCC architecture, which incorporates an
adaptive token selection and compression mechanism. This design enables dynamic con-
trol over output resolution, computational cost, and communication load by selectively
retaining and transmitting only the most informative tokens. Specifically, we consider a
DJSCC scenario where the entire communication pipeline is described by an end to end
deep neural network composed of multiple macro-blocks:

fB€(x) = D omoE(x), (3.25)

where again x € R©FW is the input image, while E and D are, respectively, the trans-
mission and the receiver pipelines, and 7 the channel in Eq. (3.24), modeled as a non
trainable layer. Both the transmitter and receiver are constructed based on a pre-trained
ViT. Given a ViT with L transformer blocks, as defined in Eq. (3.19), we partition the
model by selecting a splitting point 1 < s < L. The first s blocks are assigned to the
encoder E, while the remaining L —s blocks form the decoder D. Then, the encoder E is
augmented by with a novel component denoted Cg. It is added at the end of the encoder
to compress the features of the output tokens. Specifically, it consists of two components,
cg and ¢;, which generate the real part and the imaginary part of the complex-valued
symbols, respectively. The resulting symbols are then normalized to satisfy the power
constraint specified in Eq. (3.22). Mathematically, we have:

EZGEO(BSO-~-082031)08. (3.26)

where we show in red the added components. At the receiver side, the representation is
first processed by a compression decoder Cp, which transforms the received complex
symbols back into real-valued features. This is achieved by extracting the real and
imaginary components of the input, concatenating them, and processing the result with
a lightweight neural network c,. Then, the result is passed through the remaining
transformer blocks, i.e.,

D=CoBlo...0oBTo(,. (3.27)

where again we highlight in red the components which are added to the pre-trained ViT
model.
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Figure 3.23. Schema of the proposed token-based DJSCC.

Figure 3.24. Overview of the proposed token-based transmission pipeline. The features of a
generic token are processed by the compression encoder €, having a compression ratio of
r = 0.5, to produce the complex symbols, which are transmitted through a channel. The
compression decoder Cj, receives the symbols, concatenates imaginary and real parts, and
recreates the features.

Adaptive DJSCC design

In a token-based communication system, the output of the encoder E(x) determines
the amount of data to be transmitted on the channel, which, in the most basic form, is
given by the floating point numbers that must be encoded. In this paper, we propose
exploiting the flexibility of transformer networks to design a model that can adapt both
n and d in the output, thereby allowing tailoring them to the channel conditions. This is
done by conditioning the encoder with a set of user-given parameters y, such that its
output depends also on it as E(x, 7).

The last stage of the encoder E in Eq. (3.26) applies a token compression mechanism,
denoted by Cg. Instead of a single mechanism, we can adopt an ensemble of them, each
one with a different compression factor r, each of which is defined as CJ, : R4 Cnxor
having a compression ratio r = % €(0,1], and o, < d; on the receiver side, we have
the counterpart GB. Formally, the output of the encoder (after vectorization) yields the
transmitted symbol vector which depends on r, as s € C4, with g = n-o,. A DJSCC
trained with multiple tuples (CF, C})), each with a different r € (0, 1], is adaptable and
its parameter set is y = {r}. Selecting the desired compression ratio is the first degree of
adaptability and operates on the size of each token. Figure 3.24 shows the components
of a mechanism having a compression ratio of 0.5.

The second degree of freedom exploits a key property of ViTs: the ability to discard or
merge tokens during the forward pass, resulting in fewer output tokens while maintaining
without detriment the ability to solve a task. To this end, we add a dynamic block §
after each layer of the ViT, which removes some tokens from one layer to another. The
Eq. (3.26) becomes:

EZGEO(SSOBSO---032081031)08. (3.28)
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This not only reduces the number of output tokens, but often also the computational
cost of running the model itself. To control this behavior, we add a parameter a regulating
the number of tokens produced by a generic dynamic ViT, so that in this case the set of
parameters is y = {a, r}. In this case, The encoder also integrates the adaptability of
the tokens’ size, and its compression mechanism becomes C}, : RM*d — CaX%r where
ng, = N(x, a) is the number of tokens outputted by the adaptive ViT, for a generic input
X.

Importantly, we fine-tune a model to work equally well for any configuration, giving
us a unique model able to output a (variable) number of tokens of (variable) dimen-
sionality. Once a model is fine-tuned, we design a dynamic optimization problem
(Section 3.3.4) to map in an efficient way from the sensed channel conditions at time
t (e.g., SNR) to an optimal configuration y(t) for the current time step t, to ensure
at the same time that two properties are satisfied over a long-term horizon: (a) high
accuracy of the model, and (b) optimal compression rate w.r.t. the channel conditions
(corresponding to a choice of configuration giving rise to the smallest possible output on
average).

An overview of the proposed dynamic token-based DJSCC system is depicted in
Figure 3.23.

3.3.3 Adaptive Semantic Token Selection

We begin our discussion with the token selection module § in Eq. (3.28), which extends
the ViT formulation in Eq. (3.19) by dynamically retaining a subset of tokens at each
transformer block [ = 1,...,s. This selection is governed by a computational budget
constraint, specified by a scalar a € (0, 1], which denotes the proportion of tokens to be
retained. In other words, a controls the percentage of total tokens the model preserves
for a given input sample x. Furthermore, we make explicit the dependence on the
trainable parameter vector w and the budget constraint a in equation Eq. (3.25) by
writing the function as f}y  (x, a). Given labeled data pairs (x, y), the training problem
can then be formulated as:

m“irn E(x,y) L(f‘i,scc(x: a); .Y)

s.t. INy(x,a)—a-n|<e, Yaec(0,1],

(3.29)

where n denotes the total number of tokens; N,,(x, &) represents the number of output
tokens produced by the model E for a given set of weights w, budget a, and input sample
x; and finally, £(¥, y) represents the classification loss, e.g., cross-entropy. From now
on, we omit w for the sake of clarity. Intuitively, the constraint in Eq. (3.29) ensures
that the number of output tokens remains close to the target proportion a - n, within a
small error €.

To solve the constrained problem Eq. (3.29), we need to design a trainable token
selection method that can be incorporated into the ViT model in Eq. (3.19). To this
aim, we introduce a new trainable budget token that is appended to the input sequence
of image tokens. Specifically, the budget token is formed by combining two trainable
tokens: b; € RY, representing a low-budget configuration, and by, € RY, representing a
high-budget configuration. Then, given a target a value, the budget token is a row-vector
computed as:

bo = abh + (1 - a)bl.
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tokens corresponding to low (b;) token is used to calculate the threshold value,
and high (by) budget. The value which is evaluated against each gate value to
a is defined by the user. determine if a token must be discarded.

Figure 3.25. The details of two components of our proposed token discarding approach. On
the left, the creation of the budget token, while on the right, how the tokens are actively
discarded. More detail in Section 3.3.2.

When a ~ 0, the budget token b® approximates b;, encouraging the model to operate
under the lowest possible budget. Conversely, when a = 1, the model adopts the high-
budget configuration by. This behavior is illustrated in Figure 3.25a. This additional
token is introduced by the preprocessing layer in Eq. (3.19) as follows:

0
E(X) — |:I];10:| c R(n+1)xd

where H? represents the initial sequence of tokens. The budget token b is appended to
the end of this sequence and propagated through all blocks alongside the other tokens.

For each transformer block, we now introduce a selection mechanism that uses
the budget token representation b’ at the I-th layer, along with the current set of
tokens, to identify a subset of tokens to discard. A transformer block equipped with this
token selection mechanism is referred to as adaptive. To this end, we introduce two
trainable linear models followed by a sigmoid activation function, which work together
to selectively mask out less important tokens: a threshold model [, and a token gating
model [,. The threshold model [,(-) € [0, 1] takes the current budget token bl as input
and outputs a scalar threshold. The token gating model [,(-) € [0, 1]1@D produces
a gating score for each token embedding h!, where h! denotes the j-th row of H! for
j=1,...,n—1, excluding the budget and class tokens, which are never discarded. These
outputs are used to compute a differentiable mask over the input tokens. For each token
embedding h§. € H!, the corresponding mask value M; indicates whether the token is

retained (M; > 0) or masked out (M} = 0). Specifically, for a generic token selection

module 8!, and for each token embedding hﬁ. € H!, the corresponding mask value is
computed as:

I _ - - -
M! =ReLU (1,(h\™1) — 1, (b)) - M, (3.30)

for j =1,...,n—1, where M jl = 1 for all j, indicating that all tokens are initially
retained. For computational consistency, the mask values for the budget and class tokens
are fixed to 1 at all layers. In Eq. (3.30), by recursively multiplying the current mask
with the one from the previous layer, any token that is discarded remains inactive for
the remainder of the network, forcing consistency. The masking process can be applied
either before or after each transformer block; in what follows, we assume the former. A
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Figure 3.26. As the images flow through the model (from left to right), some tokens, highlighted
in red, are discarded.

Algorithm 1 Implementation of a Token selection module §

Require: Set of token embeddings H, budget token b, previous mask M (default: M =
1), threshold model [,(-), gate model [,(-) (we omit all layer indices for brevity).

1: threshold « [,(b) > Scalar threshold
2: gates « [,(H) > One gate per token
3: m <« ReLU(gates — threshold)

4 memxM > Apply previous mask recursively
5: return H-m, m > Mask the tokens

visual overview of the proposed token selection mechanism is provided in Figure 3.25b,
highlighting how the model actively removes tokens at each stage. The corresponding
pseudocode for the masking procedure is presented in Algorithm 1. Finally, Figure 3.26
illustrates an example of tokens being progressively discarded across consecutive blocks
in the proposed adaptive token architecture, demonstrating its ability to retain only the
semantically relevant information from the input image.

In the following section, we describe how the budget allocation process is trained
to encourage the model to produce a number of tokens that closely matches the target
budget a.

Design of Token Selection Penalties and Training

To enforce the computational budget constraints defined in Problem (3.29), we introduce
two complementary regularization terms. First, given a token selection module 8!, with
[ < s, we approximate the number of selected tokens by the average mask value, denoted

by Ml, and defined as:

where M ]1 is calculated following Equation (3.30). Then, we quantify the deviation from
the target budget at block [ using the penalty function:

B(l)zReLUOMZ—a‘—e), (3.31)

where a is the target budget and € is a margin parameter that allows tolerance in
meeting the budget constraint. The ReLU function in Eq. (3.31) ensures that penalties
are incurred only when the deviation exceeds this margin. Then, from Eq. (3.31), we
impose the computational budget using two complementary losses. We define two
regularization terms to guide the budget-aware training process: (i) the budget loss
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B(s) in Eq. (3.31), applied to the final adaptive block s, which enforces that the number
of tokens transmitted over the channel matches the target budget; and (ii) a sparsity-
inducing regularization R, which encourages early token elimination and is defined
as:

R= 1ZB(Z). (3.32)
S 1=

The penalty term in Eq. (3.32) promotes computational efficiency by encouraging the
model to discard irrelevant tokens as early as possible in the network. Crucially, our
recursive mask construction ensures that once a token is discarded, it remains inactive
in all subsequent blocks, simplifying the optimization and enhancing training stability.

By incorporating the penalties in Eq. (3.31) and Eq. (3.32) and recasting the con-
strained problem Eq. (3.29) using the Lagrangian approach, the training objective of
the proposed model reads as:

min Eq ) L(F(x, @), ¥) + A,B(s) + AR (3.33)

where A, and A, > 0 are hyperparameters to balance task performance, budget ad-
herence, and computational efficiency. Additionally, to allow for a correct training
process, we initialize [, and [, so that, at the beginning of the training, their outputs
are, respectively, around 1 and O for each input. This guarantees that at the beginning
of the training no tokens are discarded, avoiding initialization biases. During training,
we enable the model to handle varying computational budgets by sampling the budget
parameter o uniformly from the interval (0, 1] for each training instance. This approach
effectively trains the model across the full spectrum of budget constraints, allowing it
to adapt to any specified budget given by the user at inference time. At inference, we
discretize the learned masks by removing tokens with zero-valued mask entries, thereby
achieving actual computational savings.

3.3.4 Dynamic Optimization of Token Selection and Compression

In the previous section, we presented the proposed token-based DJSCC mechanism,
which provides design flexibility through two key parameters: the token budget a and
the compression ratio r. In this section, we introduce a method for dynamically selecting
the optimal set of parameters y for DJSCC, as defined in Section 3.3.2. We introduce
the optimization in the context of time-varying scenarios, where channel conditions
evolve due to factors such as fading, blockages, and user mobility. The method relies
on a long-term problem formulation that is boiled down to a sequence of deterministic
problems based on instantaneous observation of context parameters (e.g., channels)
and opportunistically defined state variables.

We consider a time-slotted scenario where one image x € R? is generated at each
time instant ¢t. Each image is first pre-processed locally using the token-based DJSCC,
and the resulting intermediate representation is then transmitted wirelessly. Finally,
the images are classified remotely using a decoder model. The wireless channel varies
over time, and is assumed to be constant during a whole time slot (i.e., block fading).
This setting requires a dynamic connect-compute DJSCC protocol that can adapt to
changing conditions while maintaining stable performance. The adapted parameters
are the compression ratio r and the token budget a (if present), both of which are
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related to the ratio of radio resources allocated to the user. The objective is to maximize
classification accuracy under bandwidth-related constraints. To this aim, we define the
following parameters: (i) the vector y(t) = {a(t), r(t)}, which is subject to optimization
and consists of the compression ratio r(t) € (0,1] and the allocated budget a(t) €
(0,1]; (i) the compression factor p(y(t)) = q;) where q(t) denotes the number of
symbols produced by the encoder E(x, y(t)); and (iii) SNR(t), the instantaneous signal-
to-noise ratio at time slot t. We further define: (iv) A(y(t), SNR(t)), a proxy function
representing the model’s accuracy as a function of the parameter configuration y(t) € C,
and depending on the instantaneous channel condition via SNR(t); and (v) Iy, € (0,1],
a constraint on the compression factor, representing the maximum allowed average ratio
of transmitted symbols relative to the total input size, typically determined by bandwidth
limitations.

The core objective of the algorithm is to dynamically select y(t), i.e., the compression
ratio r(t) and the budget a(t), in order to maximize inference accuracy while satisfying
a long-term constraint on the average number of transmitted symbols. Mathematically,
this is equivalent to solving the long-term problem formulation:

T—1
1
lim — E[A(y(t), SNR(t
Noee TLH;OTZ [A(r(£), SNR(£))]
= . (3.34)
_ 1
subject to 11 ?Z [p(r(tN]<Ty

t=0

where the set C denotes the discrete set of feasible values resulting from all possible
combinations of r(t) and a(t). The expectation is taken with respect to the channel
realizations, whose statistics are assumed to be unknown a priori. To handle the long-
term expectation constraint, we resort to Lyapunov stochastic optimization [425]. We
introduce a virtual queue Z(t), which evolves according to the update rule:

Z(t +1) = max (0, Z(t) + p(p(r(t)) — T)), (3.35)

where Z(0) =0, and u > 0 is a tunable step-size hyperparameter that controls the sensi-
tivity of the queue dynamics. Then, the long-term constraint can be equivalently reformu-
lated in terms of the mean rate stability of the virtual queue Z(t), i.e., limy_, w =0.
This stability condition ensures that the original long-term constraint is satlsﬁed By
translating the constraint into a stability condition, the problem becomes more tractable.
To proceed, we define a Lyapunov function £(t) = %Z 2(t), and introduce the drift-plus-
penalty function:

A (| Z(8))=L(t+1)—L(t)—V - A(y(t), SNR(t)), (3.36)

where V > 0 is a tunable parameter that balances the trade-off between optimizing
performance and enforcing the constraint in (3.34). As shown in [425], minimizing a
suitable upper bound of (3.36) ensures the boundedness of the Lyapunov drift, which in
turn guarantees the mean rate stability of Z(t), thereby satisfying the long-term constraint
in Eq. (3.34). Based on this principle, we adopt a greedy slot-wise optimization strategy
that minimizes the upper bound of (3.36) at each time slot. Following the derivations
in [425] and [396], this approach leads to solving the following per-slot optimization
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Algorithm 2 Dynamic Token Selection and Compression

Require: A proxy function A(y, SNR) for the accuracy, a constraint Iy, the hyperparam-
eters V and u, the feasible set € for the optimization parameters.

: Z(0) <0
: for t >0do

Observe SNR(t)

7*(t) < argmin —V - A(y(t), SNR(t)) + Z(t)p(r(t))

r(t)ee

Z(t +1) < max(0, Z(t) + u(p(r(t)) —Iw))

end for

H W N =

AN

problem, which depends only on the current channel observation and the virtual queue
state:

min, — V- A(r(£), SNR(t)) + Z(£)p (r(t)). (3.37)

It is significantly simpler than the original formulation in Eq. (3.34), as it is determin-
istic at each time slot t and does not require prior statistical knowledge of contextual
parameters (e.g., radio channel conditions). To solve this problem, we perform an
exhaustive search over the set C, which typically has low cardinality, to identify the
optimal pair of parameters y*(t) = {r*(t), a*(t)}. Once the optimal solution is obtained,
the virtual queue in Eq. (3.35) is updated using the instantaneous compression ratio
plr ()= %, where p*(t) denotes the symbols produced by the optimal configuration
of the encoder E(x,vy*(t)). The pseudo-code that summarizes the proposed procedure is
reported in Algorithm 2.

Accuracy’s proxy function and Hyperparameter selection. To optimize the DJSCC
system using Algorithm 2, we begin by constructing the proxy function A(y, SNR), which
estimates the expected classification accuracy as a function of transmission parameters.
Specifically, we systematically evaluate all combinations of compression ratio r, com-
putational budget a, and a discretized set of SNR values over the training dataset. For
each configuration, we compute the average classification accuracy, thereby creating
a mapping A: (y,SNR) — Accuracy. This proxy enables efficient parameter selection
during optimization by approximating model performance without requiring full infer-
ence. Following the construction of A, we perform hyperparameter tuning by evaluating
multiple combinations of the control parameters V and u via simulation. For each candi-
date pair, we execute the optimization procedure described in Algorithm 2 over T = 10°
simulation steps. We then compute the average compression ratio I'(t) achieved over
the final 10° steps of each run. The optimal hyperparameter configuration is selected
as the one that maximizes the proxy accuracy A, subject to the compression constraint.
These optimized hyperparameters are then deployed in operational settings, where each
input sample arrives at a specific time slot t, and the channel conditions (SNR) may
vary dynamically.
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(b) Accuracy curves when using noiseless DJSCC models.

Figure 3.27. Classification accuracy versus compression ratio p at different (high) SNR levels,
comparing the proposed method with the baselines under two training settings: (a) robust
training with noisy channels; and (b) training with ideal (noiseless) channels. The legend,
shown in the upper-left plot, is shared across all subfigures.

3.3.5 Empirical evaluation

In this section, we evaluate our proposed DJSCC framework across multiple experimental
settings*. First, we describe our training methodology, detailing the model training,
the integration of the communication pipeline, and the two distinct training scenarios:
robust (with variable SNR) and noiseless. Next, we introduce our comprehensive set
of baselines, including both neural network approaches and digital capacity-achieving
methods. Finally, we present our experimental results and provide a detailed analysis of
model performance across different channel conditions and compression settings.

Models pre-training. Each model is pre-trained and fine-tuned on the Imagenette
dataset [262], which comprises 10,000 images divided into 10 classes. We evaluate
three different architectures as backbones: a standard ViT [168], a MobileNetV3 [261],
and our proposed Adaptive Semantic Token Selection approach. All models are trained
for 150 epochs with a batch size of 256, using the Adam optimizer [303]. During training,
we apply data augmentation techniques including RandAugment [121], Color Jitter, and
random horizontal flipping with probability 0.5. For adaptive semantic token selection,
we configure the first three blocks (i.e., s = 3) to be adaptive while keeping the rest of the
model static. We set the hyperparameters to A, = 2 and A, = 1 in Eq. (3.33), and employ
the budget sampling strategy detailed in Section 3.3.2. This configuration provides
an optimal trade-off between token reduction capability and classification accuracy.
DJSCC set-up. We convert each trained model into a DJSCC system by inserting a
communication pipeline after the third block. Then, we fine-tune the complete DJSCC

“The code, used to run all the experiments, can be found in the GitHub repository.
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model exploring two distinct training scenarios. In the robust training approach, for
each training sample, we randomly sample an SNR value from a uniform distribution
U[—20,20] dB and apply the corresponding channel noise to the transmitted features.
This approach acts as a regularization technique, ensuring that each sample is processed
multiple times with different SNR values during training, making the model robust
against channel perturbations. In contrast, in the noiseless scenario, we do not apply any
noise during training. However, we always apply noise during testing to evaluate model
performance under variable channel conditions, regardless of the training approach used.
For a comprehensive evaluation, we test each DJSCC model with five different feature
compression factors r: 0.005, 0.1, 0.15, 0.25, and 0.5. These varying compression levels
allow us to analyze the trade-off between transmission efficiency and performance.

Baselines. We compare our proposed approach against two categories of baselines:
neural network-based methods and digital capacity-achieving communication schemes.
For our neural network comparisons, we implement three baseline models. Two are
based on MobileNetV3 [261]: MNv3, a standard MobileNetV3 where flattened features
are converted to complex symbols by the DJSCC pipeline; and MNv3 CNN, a variant
using a convolutional DJSCC approach. For ViT, we implement ViT AE, a static DJSCC
ViT. For all such baselines, the model is described as in Eq. (3.25), and we use the same
compression factors and splitting point (s = 3) as described in the previous section.

Additionally, we consider two digital capacity-achieving communication baselines
that compress and transmit the original image x € R? directly to the edge server, where
classification is performed using a pretrained ViT model. According to Shannon’s capacity
formula, transmitting g symbols per image over a channel with a given SNR allows for a
maximum of b, = qlog,(1 + SNR) bits to be reliably transmitted. If the image can be
compressed to b, bits or fewer, we assume perfect reception at the receiver and pass
the compressed image to the ViT for classification. Otherwise, the image is considered
misclassified, reflecting the system’s inability to transmit it within the capacity constraint.
The first baseline, Resize, compresses the original H - W - 3 image into an L - L - 3 image,
where each pixel channel is encoded using 8 bits. The total bit cost is therefore 24L2.
We then choose the largest integer L > 1 such that 2412 < b,,,. If such L cannot be
found, the image is marked as misclassified. The second baseline is JPEG. In this case,
we select the highest JPEG quality factor that results in a compressed image size (in bits)
less than or equal to b,,,,. If no such quality factor can be found, the image is marked
as misclassified.

FLOPs gain of Adaptive Semantic Token Selection

In this section we evaluate our claims about the impact of discarding tokens. Figure 3.29
shows how accuracy and FLOPs gain changes when varying the budget parameter a; all
results are calculated using the pre-trained models later used for the DJSCC experiments,
in which the splitting point is s = 3.

We see that by increasing the regularization effect, the gain of FLOPs increases, to
the detriment of the accuracy, as expected; the opposite is true for lower values of the
same regularization weight.
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(b) Accuracy curves when using noiseless DJSCC models.

Figure 3.28. Classification accuracy versus compression ratio p at different (low) SNR levels,
comparing the proposed method with the baselines under two training settings: (a) robust
training with noisy channels; and (b) training with ideal (noiseless) channels. The legend,
shown in the upper-left plot, is shared across all subfigures.

DJSCC performance with respect to noise and compression

In this paragraph, we illustrate the performance of the proposed adaptive DJSCC model
in terms of compression efficiency, considering both low and high SNR regimes, and
compare it against the baseline methods. To this end, in Figure 3.27 and Figure 3.28, we
present the classification accuracy as a function of the compression ratio p, comparing the
proposed method with the baselines under high and low SNR conditions, respectively.
Each figure considers two training scenarios: (a) training is performed over noisy
channels with the corresponding SNR, and (b) training is done assuming ideal (noiseless)
channels. In both cases, testing is conducted using the SNR specified in the respective
subfigure. In these figures, the results for digital capacity-achieving communication
schemes are shown as continuous lines, while the neural network baselines are depicted
as discrete points, since each compression ratio requires training a separate DJSCC model,
resulting in different p values. Our proposed method, on the other hand, enables a finer
and more flexible selection of the final compression ratio p, as a single model is trained
to support multiple configurations by varying the input budget. This adaptability bridges
the gap between the discrete compression ratios achievable by individual autoencoders.
As a result, our method is represented by a single continuous curve, where only the
best-performing configurations for each p value, in terms of classification accuracy, are
shown. As we can notice from Figure 3.27 and Figure 3.28, our method consistently
outperforms all baselines, both digital and neural, achieving up to one or two orders
of magnitude improvement in compression ratio compared to digital communication
schemes for a given classification accuracy. As expected, the results obtained with robust
training outperform those from training under ideal noiseless conditions, particularly in
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Figure 3.29. The images show how the accuracy and the FLOPs gain, in terms of percentage
respect of not discarding tokens, achieved by our proposal. The results are shown for various
configuration of the training loss by changing its weighting parameters. In all experiments
we fixed A, to 1.

low and challenging SNR regimes. Conversely, at high SNR levels, the performance of
both training strategies tends to yield similar results. Actually, from (Figure 3.27), we
can notice how the models trained under ideal noiseless conditions slightly outperform
their robustly trained counterparts. This is likely due to the SNR augmentation range
used during training (set to [—20, 20] dB), which may lead to performance flattening
at the high end of the SNR spectrum. The adaptability of our proposal, combined with
superior performance across different SNR regimes and budget constraints, demonstrates
the practical advantages of our approach in real-world communication scenarios.

Dynamic Optimization in Time-varying Channel Conditions

In this section, we analyze the results obtained using the optimization approach proposed
in Section 3.3.4 for the dynamic adaptation of the selection and compression parameters
a(t) and r(t). We evaluated the proposed method across multiple scenarios. Specifically,
for each threshold I}, € {0.005,0.0025,0.001,0.02,0.05,0.01,0.1}, we search for the
optimal combination of the control parameters V and u, with search spaces defined as
V €{1,10,100,1000,10*} and u € {1,10,100}. To simulate different communication
scenarios, we considered several SNR (dB) distributions: N(10,2.5), N(20,2.5), and
N(0, 2.5). In addition, we included two fixed SNR values: 10 dB and 20 dB. For scenarios
involving statistical SNR distributions, we performed five independent optimization runs
and report the average results. As baselines, we compare our proposed method against
the previously introduced ViT AE and MobileNetV3 CNN models. Both baselines are
trained with multiple compression factors r. For such models, the compression ratio
r(t) is the only tunable parameter.

To assess the performance of our approach, Figure 3.30 presents representative
optimization results under both robust and noiseless training regimes. On average,
our method consistently outperforms the baselines across all scenarios. While ViT-AE
achieves competitive performance in certain cases, our model maintains a clear advan-
tage, particularly when robustness to channel noise is considered (Figure 3.30, top
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SNR (dB) | Method T
0.0025 0.005 0.01 0.02 0.05 0.1
ViT AE 62.96 - 65.68 | 68.05-70.11 | 77.48 - 79.64 | 80.92 - 81.49 | 80.79 - 83.40 | 80.97 - 84.09
20 MNv3 CNN N 72.38 - 65.38 | 72.71-65.91 | 72.33 - 66.65 | 73.20 - 67.36 | 73.10 - 67.46

Proposal 63.41-72.20 | 71.14 - 76.61 | 78.93 - 81.72 | 81.15 - 83.73 | 81.07 - 84.23 | 85.15 - 85.55

ViT AE 62.34 - 65.84 | 67.26-70.67 | 77.06 -79.34 | 80.92 - 81.83 | 80.54 - 82.55 | 80.85 - 83.25
N(20,2.5) | MNv3 CNN - 72.10 - 65.47 | 72.75-65.74 | 72.65-66.45 | 73.15-67.31 | 73.16 - 67.30
Proposal 64.14 - 71.90 | 74.73 - 76.66 | 79.11-79.97 | 81.21 - 81.48 | 81.16 - 84.39 | 81.11 - 85.52

ViT AE 61.01-57.35 | 66.90 - 63.06 | 77.20 - 76.41 | 81.04 - 83.41 | 80.43 - 83.63 | 80.36 - 83.45
10 MNv3 CNN - 71.97 - 65.35 | 72.92-65.45 | 72.54-66.14 | 73.12-67.41 | 73.10 - 67.31
Proposal 62.88 - 70.88 | 66.23 - 72.99 | 79.31 - 79.69 | 81.10 - 83.48 | 81.07 - 84.46 | 80.82 - 85.50

ViT AE 60.65 - 57.49 | 66.72-64.53 | 76.82-77.19 | 80.22-81.02 | 80.69 - 83.90 | 80.34 - 83.26
N(10,2.5) | MNv3 CNN - 71.83 - 65.55 | 72.70 - 65.52 | 72.97 - 66.20 | 73.09 - 67.24 | 73.00 - 67.29
Proposal 63.27 - 69.90 | 73.31-74.51 | 78.92-79.16 | 80.98 - 83.04 | 81.04 - 84.36 | 81.04 - 85.03

ViT AE 55.80 - 63.80 | 61.07 - 72.79 | 73.35-79.04 | 79.12 - 80.72 | 80.02 - 81.45 | 80.22 - 82.13
N(0,2.5) | MNv3 CNN - 71.41-62.85 | 72.63 - 64.32 | 72.79-65.58 | 72.95-67.30 | 72.93 - 66.95
Proposal 55.13 - 64.80 | 65.27 - 73.00 | 72.70 - 78.73 | 78.37 - 79.88 | 79.90 - 82.04 | 80.34 - 83.81

Table 3.10. For each combination of SNR (in dB, drawn from a distribution or a fixed point)
and T}, the accuracy calculated on the test is shown as P - R, where P is the result of the
minimization problem for noiseless communication pipelines, and R for the robust ones.
Missing values correspond to failed minimization attempts (the p value is higher than the
threshold). The best values, and others with no more than 1% accuracy difference from the
best one, are highlighted in bold.

row). MobileNet, although it benefits from robust training, consistently underperforms
compared to ViT-based approaches. Finally, Table 3.10 reports the test accuracy across
various SNR (dB) distributions and constraint values Iy;,. Both robust and noiseless vari-
ants of the DJSCC models are evaluated. Overall, ViT-based models consistently achieve
higher accuracy across all conditions. Notably, under stricter constraints (i.e., lower
I,), our proposed method outperforms all baselines, demonstrating its effectiveness in
bandwidth-limited scenarios. As the constraint is relaxed, the performance gap between
our model and ViT-AE narrows, reflecting the increased robustness to channel noise
when more redundant features can be retained with lighter compression. In contrast,
MobileNet models consistently underperform and often exhibit counterintuitive behavior,
with accuracy degrading under robust training. This highlights their limited suitability
for semantic transmission in noisy environments.

Semantic Interpretability of Token Selection

Our approach enables detailed visualization of token selection patterns across in Fig-
ure 3.31. These visualizations reveal a strong correlation between the retained tokens
and semantically meaningful regions of the input, particularly under constrained com-
putational budgets. In such settings, the model learns to prioritize tokens that convey
task-relevant information, optimizing performance within limited resources. The token
selection patterns highlight two notable phenomena. First, the model consistently favors
tokens associated with semantically significant regions, demonstrating its ability to iden-
tify and preserve task-critical content. Second—and perhaps more intriguingly—certain
tokens that may appear unimportant to human observers are consistently retained.
This seemingly counterintuitive behavior can be attributed to the model’s capacity to
compress and redistribute information from discarded tokens into the retained ones, as
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Figure 3.30. The best results obtained for each minimization process are shown for different
values of SNR (dB) distributions. On the top row, the results are obtained using robust JSCC
models, while in the bottom one, the results are for noiseless ones. The legend is shared
across all images.

similarly observed in [132]. This behavior indicates that the model develops sophisti-
cated information preservation strategies that go beyond naive semantic filtering. These
visualization capabilities not only offer insights into the model’s internal decision-making
process but also lay the groundwork for explainable-by-design Al-based communication
systems.

3.3.6 Conclusion and Future Work

In this work, we introduced a novel transformer-based design for semantic edge inference,
leveraging semantic token communication as a core mechanism.

We propose a transformer-based semantic token selection mechanism that dynami-
cally identifies and transmits task-relevant input components, such as image patches.
The architecture compresses selected tokens into complex-valued representations with
minimal reconstruction loss, maintains robustness across diverse channel conditions
using a single model, and remains compatible with standard real-valued neural net-
works for seamless integration with pretrained models. By reducing the number of
tokens processed and transmitted, it lowers computational and communication over-
head, making it suitable for resource constrained edge environments. Additionally, a
stochastic optimization-based resource allocation algorithm adapts system parameters
in real time to balance inference accuracy and communication cost under varying con-
ditions, enabling efficient and adaptive semantic transmission. Supported by a robust
and flexible DJSCC pipeline, our approach enables adaptive handling of communication
constraints while preserving high accuracy. Our experimental results demonstrate that
the proposed model consistently outperforms existing baselines, delivering superior
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Figure 3.31. By decreasing the budget (from top to bottom), we increase the amount of discarded
tokens (in red) at each block. The selected blocks, one per column, are 1, 2, 3, 5, and 12,
while the selected budgets, one per row, are 0.1, 0.2, and 0.6.

accuracy across diverse operational constraints while maintaining robustness to channel
impairments. A significant feature of our approach is its contribution to interpretable
Al-native communication systems through the inherent transparency of the semantic
token selection process. The ability to visualize and understand token selection patterns
provides valuable insights into the system’s decision-making process.

As future developments, we aim to extend this work across multiple data modalities,
as we hypothesize that certain tasks may benefit from even more compact representa-
tions using fewer tokens. Additionally, we plan to explore the integration of trainable
empty tokens, which could serve as a form of memory within the communication pro-
cess—facilitating more sophisticated information storage and retrieval post-transmission.
We also intend to investigate multi-user communication scenarios, where efficient re-
source allocation—such as bandwidth, power, and token budgets—becomes critical.
In such settings, the semantic communication framework must balance the needs and
priorities of multiple users while preserving overall system performance. These enhance-
ments have the potential to further improve the flexibility, scalability, and expressiveness
of semantic communication systems.
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Chapter 4

Efficient Inference for Large
Language Models

4.1 A simple and Effective method for KV Cache compression

Handling long contexts is desirable for large language models (LLMs), as it allows them
to perform tasks that require understanding long-term dependencies [365, 189, 106, 545,
680, 582]. A key component for modelling long context is the KV Cache, which stores the
keys and values of past tokens in memory to avoid recomputing them during generation.
However, processing long-context inputs often results in a high decoding latency since it
requires repeatedly reading a potentially large KV Cache from high-bandwidth memory
(HBM) to the streaming multiprocessor (SM) during decoding [188]. Consequently,
the practical deployment of LLMs is frequently hindered by hardware limitations. To
address the issue of KV Cache growth, various KV Cache compression methods have
been proposed. These methods can be broadly categorised into trainable approaches,
which involve modifications to the model architecture [8], or fine-tuning regime to
inherently manage KV Cache size [421], and non-trainable approaches, which apply
post-hoc compression techniques to reduce the cache footprint without altering the
underlying model [348, 676, 196]. While these methods have shown promise, they
often involve complex algorithms or significant computational overhead, limiting their
practicality; for example, post-hoc compression algorithms usually evict KV pairs based
on attention scores, which is not compatible with FlashAttention [130] and thus prevents
their applications in modern LLMs inference systems.

We show that, surprisingly, the L, norm of cached keys has a high correlation with
attention scores. More specifically, we observe that a low L, norm of a key embedding
usually leads to a high attention score during decoding. Based on this observation, we
propose a simple and highly effective strategy for KV Cache compression: keeping in
memory only the keys with lowest L, norm, and the corresponding values. Unlike many
existing methods, our heuristic can be applied off-the-shelf to any transformer-based
decoder-only LLM without the need for additional training or significant modifications.
More importantly, our method estimates the influence of cached key-value pairs without
the need to compute the attention scores. Therefore, unlike other compression methods
[254, 348], it can be easily integrated with the popular FlashAttention [130].

Our experimental results demonstrate that this heuristic allows maintaining model
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Figure 4.1. Five heads at layer 9 of Llama2-7b. Attention score (top) and L, norm (bottom) are
highly correlated. We observe similar patterns across most layers and for a wide range of
inputs. More examples provided in Section 4.1.10

performance in language modelling tasks and in tasks that require the model to store
and retrieve the most critical information, such as passkey retrieval [408] and needle-in-
a-haystack tasks [290].

4.1.1 Background on LLM Inference

In transformer-based LLMs, the input sequence is represented as a tensor X € R™ ¢,
where n is the sequence length and d is the token embedding dimension. Each x;
corresponds to an embedding of a token in the sequence. The tensor X is processed
by a series of transformer blocks, each composed of a multi-head self-attention and a
feed-forward layer.

Given an input X € R™¢ the multi-head attention mechanism performs multiple
attention operations in parallel, allowing the model to attend to information from
different representation subspaces. It does so by first computing three projections: the
query, key, and value matrices, denoted as Q, K, and V, respectively. These are obtained
by linear transformations of the input X:

Q=XW,, K=XWg, V=XW,, “4.1)

where Wq, Wi, Wy, € R9*4 are learned projection matrices, and d;. is the dimensionality
of the queries and keys. Next, the output is computed using the scaled dot-product
attention. The attention output is calculated as follows:

. QK’
Attention(Q, K, V) = softmax A% 4.2)

Vi

In the multi-head attention mechanism, this process is repeated h times, each with
different learned projections Wg),Wﬁé),Ws) for each head h, resulting in H separate
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attention outputs. These outputs are concatenated and projected back to the original
dimension d using a final learned matrix W, € R>d:

MultiHead(Q, K, V) = Concat(head;, ..., head; )W, (4.3)

where each attention head head,, is defined as head;, = Attention(Q, KW y(h)).

KV Cache During autoregressive inference, where tokens are generated sequentially,
the model has to compute the attention distributions over all previously generated tokens
at each step. Without optimisations, this would involve recalculating the key (K) and
value (V) projections for every past token at each new step. The KV Cache addresses this
inefficiency by storing the key and value projections for each token after they are first
computed. Instead of recalculating these projections for past tokens, the model retrieves
the cached K and V values during subsequent inference steps.
When generating a new token at time step t, the attention computation is performed
as:
Attention(Q, [Ky.,—1; K, 1, [V1:i—15 Ve ]) 4.4

where [; ] denotes concatenation along the sequence dimension, and K;.,_; and Vy.,_;
are retrieved from memory. The key K, and value V, for the current token are computed
normally.

The KV Cache can significantly reduce computational costs by avoiding redundant
calculations. However, storing the cached key and value matrices for every token in
the sequence incurs substantial memory usage, which grows linearly with the sequence
length. For a model with L layers, H attention heads, and a sequence length of n, the
total memory required is L x H x n x d; x 2x, where the factor of 2 accounts for both
the key and value matrices and precision represents the number of bytes used to store
each value in the memory, typically corresponding to the bit-width of the data type (e.g.,
16 bits for half-precision or 32 bits for single-precision floating point).

Though the KV Cache improves the computational efficiency, it requires repeatedly
reading potentially large KV Cache from high-bandwidth memory to the streaming
multiprocessor during decoding. To address this, recent works [676, 254, 348, 375]
have proposed compressing the KV Cache to reduce memory usage.

4.1.2 Analysis of the Attention Distributions

We first examine the attention scores on the language modelling task for a range of
popular LLMs. By analysing the key embeddings and the attention distribution, we
observe that key embeddings with low L, norm are often associated with higher attention
scores. In Figure 4.1, we provide an example using Llama-2-7b [574], where the columns
represent different heads, the first row presents the attention distribution over the KV
pairs, and the second row presents the L, norm of each key embedding. We observe that
the tokens with high attention scores, such as "<s>" and ".", have significantly lower L,
norm values than others. While [623] already observed peaked attention distributions
for specific tokens, and [133] pointed out the influence of high L, norm hidden states
on attention maps, we are the first, to the best of our knowledge, to point out the
correlation between the L, norm of the key embeddings and attention score. Based on
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Figure 4.2. ALR, as defined in Equation (4.7), for each head and layer in Llama2-7b (left)
and Llama2-7b-32k long context model (right). A lower value means a higher correlation
between L, norm and attention score.

our observation, we consider the following research question: can we compress the KV
Cache based on the L, norm of the key embeddings?

An intuitive way to estimate the influence of compressing the KV Cache is by exam-
ining the attention scores that are dropped due to the compression. In the following, we
formally define this influence.

Given a prompt consisting of n tokens (x, x, ..., X,,), the LLM first encodes them
into a KV Cache— this step is referred to as the pre-filling phase. Then, the model
autoregressively generates the next token x,,,;. When performing KV Cache compression,
some key-value pairs may be dropped and thus cannot be attended to. We define the
attention loss caused by the compression as the sum of the attention scores associated
with the dropped KV pairs:

L= ay,, (4.5)

pED

where q; j, , is the attention score of the p-th token in the layer [, head h. In Equation (4.5),
D, j, denotes the positions of m pairs of dropped KV, |D; ,| = m, which depends on the
compression method. An ideal compression algorithm aims to drop the KV pairs with
the lowest attention scores, which will have less impact on the output. However, such
attention scores are unavailable for a compression algorithm since it needs x,,,; to query
the full KV Cache in advance. Instead, we drop KV pairs with the highest L, norm in key
embeddings and use attention loss caused by ideal compression as the reference:

=L — L (4.6)
where Ll n f is the reference attention loss, and Hm is a non-negative value. A lower 9
indicates a lower difference and thus a higher correlatlon between the attention score
and the L, norm. To measure the overall difference between ideal attention score-based
compression and L, norm-based compression, we sum up the H;’fh over different numbers
of compressed KV pairs:

dip= Z - 4.7)
m=1

We name the Y, as ALR, which denotes the attention loss (Equation (4.5)) for a
compression method using the ideal attention loss as reference. In Figure 4.2, we plot
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Figure 4.3. Perplexity for Llama 2-7b, Llama 3-8b and Gemma on language modelling task on
wikipedia dataset.Additional results on coding dataset are available in Section 4.1.6

the Y across layers and heads. We observe that heads in the first two layers and some
middle layers around the 12th layer have relatively high Y values. The heads in other
layers have lower Y values, indicating a high correlation between L, norm and attention
score.

By leveraging this correlation, we can compress the KV Cache based on the L, norm
of key embeddings. Optionally, we can skip the compression at the layers with low
correlation. We show ablation experiments skipping layers in Section 4.1.6.

4.1.3 Experiments

We evaluate our method on language modelling and two long-context modelling tasks,
i.e., needle-in-a-haystack and passkey retrieval. In addition, we test on tasks from
LongBench [672], specifically devised to evaluate the model’s long context abilities.
Based on the observation supported by Figure 4.2, the heads in the first two layers
usually have a low correlation between L, norm and attention score, so we do not
perform compression on these layers as default. We conduct experiments to investigate
the impact of compression on different layers in Section 4.1.6.

Language Modelling Tasks For language modelling, we let the KV Cache grow until a
specific pre-defined length and subsequently start to discard the tokens with the highest
L, norm. We show in Figure 4.3 that evicting even up to the 50% of KV Cache does not
impact perplexity. Perplexity increases, as expected, once we exceed the pre-training
context length. We show more results, including next token accuracy in Section 4.1.6. To
further verify that keys with low L, norm capture significant information, we test other
eviction strategies, i.e. keeping tokens with highest L, norm and keeping random tokens.
It is clear from Figure 4.3 that discarding tokens with low L, impairs performance, even
more so than random discarding, thus highlighting the importance of these low L, norm
keys.

Pressure Test on Long-Context Tasks The needle-in-a-haystack task [290] and passkey
retrieval task [408] are two synthetic tasks that are widely used to pressure test the
long-context modelling capability of LLMs. In both tasks, the model needs to identify
and retrieve the important information from a long context to generate correct answers.
Thus, these tasks test the compression method’s ability to keep important KV pairs and
drop redundant ones.
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In Figure 4.4a and Figure 4.4b, we present the experimental results of Llama-2-7b-
80k [189]. We analyse additional models in Section 4.1.7. As shown in Figure 4.4a, the
model can preserve its performance on the needle-in-a-haystack task while compressing
30% of the KV Cache, and maintain 99% accuracy when compressing 50% of the KV
Cache. Additionally, the model can achieve 100% accuracy on the passkey retrieval task
even when compressing 90% of the KV Cache, as shown in Figure 4.4b.

Moreover, we compare other eviction strategies, like keeping KV pairs with low L,
norm, keeping KV pairs with high L, norm, and keeping random KV pairs. In Figure 4.4a
and Figure 4.4b, we observe that the model cannot answer correctly when keeping
only high L, norm KV pairs, obtaining near zero and zero accuracy on the needle-in-
a-haystack and passkey retrieval tasks, respectively. When we randomly compress the
KV Cache, the performance decreases significantly faster than keeping low L, norm
KV pairs. The above analysis indicates that KV pairs with low L, norm are critical to
generating the correct answer and thus contain important information.

Experiments on LongBench Additionally, we evaluate on LongBench [672]. We
test on several subsets, including NarrativeQA [304], Qasper [135], HotpotQA [646],
2WikiMQA [253], and QMSum [682]. We report the results for the recently released long
context Llama3.1 and Llama 2-7b 80k in Figure 4.5. In addition, we show the complete
per-subset results in Section 4.1.7. The experimental results show that compressing
the KV Cache with low L, norm only introduces a small accuracy decrease even when
compressing 50% KV Cache, while compressing KV Cache with high L, norm results in
almost zero accuracy.

Comparison with FastGen We use FastGen [254], a popular method for KV Cache
compression, as a baseline for assessing the effectiveness of our method. It is important
to note that, like the majority of methods in the literature, FastGen utilises attention
scores, which makes it incompatible with the popular FlashAttention [130], thereby
limiting its efficiency and usability. For a fair comparison, we implement FastGen without
using the attention scores, i.e., we only consider local, punctuation and special tokens.
We perform experiments on language modelling with the Llama3 model [399]. Our
method still outperforms FastGen with up to 50% KV Cache eviction. We show the
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Figure 4.4. Overall accuracy of llama-2-7b-80k on the needle-in-a-haystack task passkey retrieval
task.
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Figure 4.6. Perplexity and next token accuracy of Llama3-8b on the wikipedia dataset when
compared to FastGen [254] (only local, special and punctuation tokens).

results in Figure 4.6.

4.1.4 Analysis

Attention score loss when using L, norm We discuss further the correlation between
L, norm and attention scores. We already displayed in Figure 4.2 the L, norm and
attention correlation across heads and layers using the original Llama2-7b and the long
context Llama2-7b-32k and Llama2-7b-80k. We can see that patterns are quite consistent
across all the models. To better visualise how correlation varies across different heads,
in Figure 4.7, we only consider two heads from layer 10 and layer 0 and show the ALR
from Equation (4.5). As expected, we see that in layer O, the difference is larger due to
a lower correlation.

Relationship between embedding and L, norm So far, we have identified a correla-
tion between the L, norm of token key embeddings and the corresponding attention
scores. This observation, while primarily empirical, it offers a direction for further explo-
rations. Our investigation into the distribution of key embeddings revealed that tokens
with lower L, norm tend to exhibit sparse activations with only a few dimensions showing
significantly high values, while the majority of the dimensions remain near zero. This
pattern suggests that the embeddings of these tokens are not fully utilising the available
vector space, focusing their activations on a narrow subset of dimensions. Figure 4.8
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Figure 4.7. Attention loss of ideal compression and L, norm-based compression in Llama-2-
7b-80k. The x-axis represents the compression ratio; the y-axis represents the attention
loss (defined by Equation (4.5)) The results average over 1024 chunks on Wikipedia, with a
length of 1024.

illustrates several examples of such tokens, highlighting the difference between tokens
with high and low L, norm.

Interestingly, this sparsity aligns with the concept of "sink" tokens, as identified in
previous studies [623]. These tokens capture a direction in the embedding space such
that many queries align closely with it, leading to increased attention scores for these
tokens. Specifically, when the key embeddings of certain tokens are dominated by a
limited set of dimensions, they create a focal point, attracting a wide range of queries —
regardless of their individual content — and amplifying their attention weights.

We hypothesise that the lower L, norm reflects a partial use of the available embed-
ding space, leading to increased attention for these tokens. To examine this hypothesis,
we zeroed out the dimensions responsible for the peaked activations in low-norm key
embeddings and observed significant changes in attention maps (Figure 4.9). In con-
trast, altering random dimensions did not produce the same effect, highlighting the

0 50 100 0 50 100 0 50 100

political philosophy and

0 50 100 0 50 100 0 50 100

Figure 4.8. Key projections of the bos token < s > vs other tokens. Each value represents
the activation in a specific dimension for the embedding of the key projection. We found
similar patterns across almost all heads and layers and in multiple texts. Only a few peaked
activations (~ 50, ~ 56 and ~ 120) control the attention mechanism (see Figure 4.9). More
plots like this in Section 4.1.11
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Figure 4.9. How the attention maps change if we set to zero a random activation (top) vs the
specific peaked activations in the keys (bottom). We are setting the values at iteration 5.

importance of these specific dimensions. This finding suggests that the L, norm may
serve as a proxy for the extent to which an embedding utilises the available vector space
and, consequently, the degree to which it influences attention. Lower L, norm appears
to correspond to embeddings that drive disproportionately high attention values due
to their alignment with a common direction. [85] offers additional insight into this
phenomenon, suggesting that attention sinks engage with other tokens through a “dark”
subspace within the embedding space.

4.1.5 Related Work

Recently, various long-context LLMs, such as Gemini-Pro-1.5 [497], Claude-3 [19], and
GPT4 [2], have shown the promising capability to process hundred thousands of tokens
in the context. The increased number of input lengths results in a high decoding latency;
thus, there has been a growing interest in speeding up the decoding with long contexts.
Some works propose efficient memory management strategies to reduce the IO time
overheads, e.g., PageAttention [318], Infinite-LLM [357] and vAttention [473]. Another
line of research focuses on compressing the KV Cache to improve efficiency. DMC [421]
compresses KV Cache by dynamically merging tokens while requiring expensive continual
pre-training. For fine-tuning free compression strategy, H20 [676] identifies important
KV pairs by leveraging the attention scores from all queries, FastGen [254] leverages the
different attention patterns in different heads for compression, and SnapKV [348] selects
KV pairs based on attention scores from user’s query. Unlike these works, our method
only utilises the L, norm of embedding for compression without leveraging the attention
information, and to the best of our knowledge, we are the first to find that the influence
of a KV pair can be determined by L, norm. Previous work [133] finds the hidden states
with high L, norm usually aggregate more important and global information. On the
other hand, our findings indicate that a low L, norm of key embedding generally results
in a high attention score. Concurrently to this work, [232] uses the L; norm of values in
the KV Cache and attention scores for compression.
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4.1.6 More results on Language modelling task

In the following, we show results when performing compression only on layers that show
a lower correlation between L, norm and attention score. We show in Fig. 4.13 that for
language modelling tasks, the different layer drop has little impact on final accuracy
and perplexity. The difference becomes significant only when the KV Cache is pruned
to retain only one thousand pairs. All experiments are averaged over 50 chunks from
English Wikipedia.

4.1.7 More Results on Long-Context Modelling Tasks

In addition to llama-2-7b-80k [189], we test the compression method using llama-2-
7b-longlora-32k-ft [106] on the needle-in-a-haystack and passkey retrieval tasks. As
shown in Fig. 4.15a, we can see that compressing 30% of KV Cache only results in
a slight performance degradation on the needle-in-a-haystack task. We also observe
that the performance even increases slightly when we compress 10% of KV Cache.
In figure Fig. 4.15b, we observe that the llama-2-7b-longlora-32k-ft maintains 100%
performance when compressing 80% of KV Cache and only as a slight decrease when
compressing 90% of KV Cache. Furthermore, the model fails to generate correct answers
if we compress KV pairs with low L, norm and keep high L, norm ones. The evaluation
results of llama-2-7b-longlora-32k-ft are consistent with the llama-2-7b-80k, which
further indicates the effectiveness of compressing KV Cache using L, norm.

4.1.8 Analysis of Skipped Layers

As shown in Fig. 4.2, we find heads in the first two layers and the middle layers have
a relatively low correlation between attention scores and L, norm. Thus, we conduct
experiments to analyse the impact of skipping layers that have a low correlation for
compression. As shown in Fig. 4.16a and Fig. 4.16c, we observe that only skipping
the first layer (layer-O) decreases the performance on the needle-in-a-haystack task
significantly. We can see that skipping the first two layers (layer-0,1) has a similar
performance compared to skipping the first three layers (layer-0,1,2). Furthermore, as
shown in Fig. 4.16b and Fig. 4.16d, only skipping the first layer can result in significant
performance degradation. We also find that the compression ratio is not proportional to
the overall accuracy of models in the passkey retrieval task when we compress the first
layer, where the accuracy shows a U-shape curve regarding the compression ratio.
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Figure 4.10. Results on language modelling task when skipping the first layer.
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Figure 4.11. Results on language modelling task when skipping the first two layers.
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Figure 4.12. Results on language modelling task when skipping layers 0,1 and 12.

Figure 4.13. Skipping compression at different layers with Llama2-7b
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Figure 4.16. Analysing of skipping different layers for compression.
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Figure 4.17. Detailed results of Llama-2-7b-80k on the needle-in-a-haystack task.



88 4. Efficient Inference for Large Language Models

Pressure Testing llama-2-7b-longlora-32k-ft, skip layers: 0, keep ratio: 1.0. Overall score: 0.639
Fact Retrieval Across Context Lengths (“Needle In A HayStack")

1.0
0.8
0.6
b3 1
&
0.4
100.0
T Y O
“Token Limit
(a) Llama-2-7b-longlora-32k-ft, without compression
Pressure Testing llama-2-7b-longlora-32k-ft, skip layers: 0, keep ratio: 0.7. Overall score: 0.480
Fact Retrieval Across Context Lengths ("Needle In A HayStack") 10
0.8
0.6
:
g E
g
8
0.4
0.2
0.0
A A A S
Token Limit

(b) Llama-2-7b-longlora-32k-ft, skip layer-0, compression ratio 30%

Pressure Testing llama-2-7b-longlora-32k-ft, skip layers: 0,1, keep ratio: 0.7. Overall score: 0.616
Fact Retrieval Across Context Lengths ("Needle In A HayStack") 10

Depth Percent
Score

0.0

© > > ©
o Y © v
e & S $
e < S K3

5 ® o > o
5 55 & S S
8 & 5 & 55
& A & 4§ S 5

Token Limit

(c) Llama-2-7b-longlora-32k-ft, skip layer-O and layer-1, compression ratio 30%

Figure 4.18. Detailed results of Llama-2-7b-longlora-32k-ft on the needle-in-a-haystack task.
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Figure 4.19. Accuracy on the passkey retrieval. The x-axis presents the position of the passkey,
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4.1.9 Longbench Evaluation

In this section we show detailed results from the LongBench dataset [672]. In Figure 4.21
we show results for Llama2-80k, while in Figure 4.22 we show results for the long context
model Llama3.1-8b.

4.1.10 More Visualizations
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Figure 4.21. Evaluation results of Llama-2-7b-80k on long context tasks from Longbench,
including narrativeqa and gasper, hotpotqa, 2wikimqa, and gqmsum.
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Figure 4.23. Attention maps in Llama2-7B
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Figure 4.25. Attention maps in Llama2-7B
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4.1.11 Additional token embeddings plots

We show in Figure 4.29 some additional figure that represent Llama3-8b token embed-
dings sparsity.

4.1.12 Experimental setup

In all experiments, we used the HuggingFace library and did not change the model’s
default hyperparameters. For language modelling, results are averaged across 50 samples.
The Fig. 4.7 and Fig. 4.2 are the average results of 1024 examples with a chunk size of
1024 using Wikipedia.

4.1.13 Conclusion

In this paper, we introduced a simple yet highly effective strategy for KV Cache com-
pression in LLMs based on the L, norm of key embeddings. We show that there is
a significant correlation between the L, norm of a key embedding and its attention
score. Leveraging this observation, we compress the KV Cache by retaining only those
keys with the lowest L, norm. Our experimental results on various tasks show that our
compression strategy maintains the predictive accuracy of the model while significantly
reducing the memory footprint. Our approach is straightforward and can be applied
directly to any transformer-based, decoder-only LLM.



100

4. Efficient Inference for Large Language Models

<|begin_of_text|>

2
0 |I ||| |I ‘lu rl . ||-||" |||
-2
0 50 100
(a)
a
-Twwwwrr'WWP“”1ﬂTIw'r'“'wrw""
-5
-10
0 50 100
()
philosophy
5
[ h, U Y | 1l L. \II wali 1l ||||

O ||| " ||||||| ||| e | o |||||||
-5

0 50 100

(e)

o/l o .
[y | || |||||||||| l| ||I " mr I||I I|' | | ||II

-5

(b)

political

%HT |qumwl-r1m|-pww'r" RRLIRE

-5

-10
0 50 100

(d

and

) '-||||||| [ U T i L
-5

-10
0 50 100

®

Figure 4.29. Key projections of Llama3-8b of the bos |beginof text| token vs other tokens.
Each value represents the activation in a specific dimension for the embedding of the key
projection. We found similar patterns across almost all heads and layers and in multiple

texts.



4.2 QFilters: Leveraging Queries and Keys geometry for KV Cache Compression 101

4.2 QFilters: Leveraging Queries and Keys geometry for KV
Cache Compression

The performance of Large Language Models (LLMs) as autoregressive text-generation
systems relies on the effectiveness of the Transformer architecture [584]. Recently,
long-context models such as Gemini-Pro-1.5 [497], Claude-3 [19], GPT-4 [2], and
Llama-3.1 [171] have demonstrated the ability to process hundreds of thousands of
tokens. However, processing such long sequences comes with significant challenges,
as it may lead to higher decoding latency and memory saturation. As the context
length grows, each inference step involves storing an increasingly large context from
GPU memory in the form of the KV Cache, creating a memory bottleneck that hinders
efficient inference [188]. To address this issue, KV Cache compression methods aim
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Figure 4.30. Left and center: distributions of the projections of Q" and K" on u" for Llama-3.1-8B.
Right: estimates of |IE1»((Q?, vm))| where v,, are the right vectors from the SVD of a set of Q"
representations from different Llama models, averaged over all layers and heads.

to reduce the size of this past-context representations storage by removing or merging
Key-Value pairs, thereby alleviating memory bottlenecks. While KV Cache compression
techniques have gained popularity, many approaches require fine-tuning or re-training
the underlying models [421, 8, 141], which limits their applicability in real-world
deployment scenarios. Training-free methods have also been proposed, but they often
rely on access to attention weights to evaluate the importance of Key-Value pairs [623,
348], making them incompatible with the widely adopted efficient attention algorithm
FlashAttention [128]. These methods usually require a partial re-computation of the
attention matrices, which leads to a time and memory overhead. Hence, these algorithms
are often used to compress prompts before generating answers and are not ideally suited
for memory-constrained generation.

In this work, we propose Q-Filters, a training-free KV Cache compression method
that uses the geometric properties of Queries and Keys to filter out the less important
Key-Value pairs. Our approach achieves competitive results across synthetic tasks and
pure generation cases while maintaining compatibility with FlashAttention and, thus,
better time efficiency.

Analysing the properties of queries (Q) and Keys (K) distributions, we find that
a single direction, spanned by the principal component of Q, encodes an input selection
process for each head. Identifying this direction allows us to efficiently estimate which
inputs are mostly ignored by a given head and can thus be discarded with minimal
performance loss. Interestingly, we find that this direction is context-agnostic, i.e., the
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directions we identify in different contexts are highly consistent. Leveraging this property,
we calculate lightweight projections, which we refer to as Q-Filters, based on a small
held-out calibration dataset only once for every model, incurring minimal computational
overhead. At inference time, we use Q-Filters to project Keys in the pre-computed
direction to estimate the importance of Key-Value pairs without accessing attention
scores, and we prune the KV Cache accordingly. This makes our method faster than most
KV Cache compression alternatives that use attention scores to estimate the importance
of the KV pairs.

Additionally, our method is training-free, requiring only a very short initial calibration,
and we show it can be easily applied to a variety of decoder-only language models. We
validate our method on a wide set of tasks, ranging from language modelling to in-
context learning and long-context tasks, achieving competitive performance even with
32x compression ratios.

4.2.1 Method
Exploring the Query-Key Geometry

In [157], the authors examined a relationship between basic characteristics of the Key
representations and attention score distributions. Notably, they observe a negative
correlation between the average attention weight given to a position and the L,-norm
of the K ? vector at that position (where h is the head index, and t the position in the
sequence). Leveraging this observation, they propose to compress the KV Cache by
selecting the KV pairs for which ||K?|| , is the smallest. Using this simple heuristic, they
are able to reach x2 compression ratios without altering the retrieval and modelling
performance of the models they study.

[209] show that the distributions of Q’g and K? are anisotropic, i.e. they do not
uniformly occupy R% . They observe that both distributions “drift away” from the origin
as training progresses. Crucially, this drift occurs along parallel directions in R%, so
that the dot product between mean Q}tl and mean K ? representations tends to increase
in absolute value and to be either positive or negative for different heads.

Motivated by [157] and [209], we propose to further explore some geometrical
properties of Q" and K" vectors and their implications for unnormalized attention logits
Q"(K™T. First, we expose the joint anisotropy of Q" and K" in Figure 4.30b. Empirically,
we observe a head-dependent direction u" so that projections of Q’Z and Kf in this
direction are each of consistent sign. This direction can be identified by performing a
Singular Value Decomposition (SVD) on a set of Q" representations and setting u"" = +v;
where v is the right-vector corresponding to the highest singular value, and where the
sign is chosen to make most Q? (if not all) project to a positive value.

Interestingly, as shown in Figure 4.30c, v; is the only component of the SVD that
projects Q" representations to a non-null average coefficient. The intuitive consequence
of these two observations is that if a given Kf has a strong (negative) projection along
u", then the (Q?,K?) dot products should all be negatively affected, which results in less
important attention weights towards K?. Since vy is the only direction that encodes such
a phenomenon, one can derive an approximation of the average attention score received
by K? based on its projection on v; = 1", which is summarized in Theorem 4.2.1.
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Proposition 4.2.1 (proof in Section 4.2.4). Under Theorem 4.2.2 and Theorem 4.2.3, we
have:
Eq((QLK}) ~ ™MK}, u")

h

where k" is a positive constant.

Intuitively, projecting K? along the anisotropic direction u" gives us an estimate of
the attention logits that involve K? up to a positive multiplicative constant x".

The resulting v, vectors, that we refer to as Q-Filters, allow to estimate, up to a sign,
which Key-Value pairs are worth storing for each head along generation.

Q-Filters

Based on Theorem 4.2.1, we can design a KV Cache compression scheme that consists
of the following steps:

1. For a given model, retrieve its Q-Filters, which can be obtained with the following
procedure:

(a) Gather Q" representations by passing samples through the model;
(b) Compute the SVD of the gathered representations at each layer and head;
(c) Obtain the positive right vector (or Q-Filter) for each head V1+ = sgn(lulT)vl.

2. At inference, for each head, discard the K? with the lowest (K?, v]") value.

In the case of Grouped-Query Attention or GQA [8], we simply average the Q-Filters for
each group of Query representations.

We bring the attention of the reader to the fact that this method only requires a
single preparation step following training for a given model. The Q-Filters are entirely
context-agnostic and rely on inherent properties of the Query and Key latent spaces. In
the rest of this article, we use a subset of the Pile dataset [193] to compute the Q-Filters
and discuss the choice of the dataset and of the number of necessary SVD samples in
Section 4.2.10.

In Figure 4.40, we observe that the Q-Filters heuristic is noticeably more correlated
with the attention score for most heads compared to the L,-norm metric. As such,
ordering the Key-Value pairs using the Q-Filters heuristic should allow us to select more
relevant pairs than using the method from [157] - that we will call K-norm for the sake
of simplicity.

4.2.2 Experiments

We validate our method both on memory-constrained language modelling and on long-
context retrieval tasks (e.g. needle-in-a-haystack). Additionally, we test our method on
the Ruler dataset [263], which is specifically designed to test the model’s long context
modelling abilities. We test Q-Filters on Llama-3.1-8B, Llama-3.1-70B [171], and Qwen-
2.5-7B [486], but the method can be easily used for any pre-trained decoder-only LLM.
We compare Q-Filters with several KV Cache compression methods. These include
StreamingLLM [623], which focuses on language modelling by always retaining the
initial tokens of the sequence. We also compare with SnapKV [348], which performs
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Figure 4.31. Left (a): Llama-3.1-8B Language Modelling performance in the streaming com-
pression setup. Center (b): Average performance on Ruler (8192) for Llama-3.1-8B-Instruct.
Right (c): First token latency across KV Cache compression methods of Llama-3.2-8B with a
length of 64k prompt.

compression based on attention scores from the final portion of the prompt, making it
particularly suitable for compression of large prompts. Additionally, we compare against
preserving low-L, norm tokens [157] and the recent ExpectedAttention [279].

We show results for different tasks in Figure 4.31. In Language modelling, we
observe that Q-Filters consistently achieves the lowest perplexity among compression
schemes, even for very long contexts. In the Ruler dataset [263], we test the model’s
score for several compression factors ranging from 2x to 32x. While for some lower
compression factors, we find performance on par with other methods, Q-Filters achieve
the highest score with the strongest compression factor of 32x, demonstrating the
method’s effectiveness at high compression rates. We provide detailed results in table
Table 4.1 and further discussion on additional benchmarks in Section 4.2.9.

Compression method FA-compatible ‘ CWE FWE Multi-Key Multi-Query Multi-Value Single QA VT ‘ Average

SnapKV 88.7 89.0 15.1 29.6 28.8 68.7 42.8 83.2 50.5

Expected Attention 70.0 793 12.0 59.7 37.8 312 442 96.3 43.2
Streaming-LLM v 53.8 93.4 14.1 16.8 16.7 15.7 623 15.8 31.6
K-Norm v 229 748 8.7 16.6 25.8 55.9 20.6 32.0 313

Q-Filters (ours) v 82.5 80.2 22.9 49.1 60.6 71.1 37.6 100 56.1

Table 4.1. Results on the Ruler-4096 dataset for Llama-3.1-70B-Instruct with an 8 x compression
ratio. The second column indicates compatibility with FlashAttention.

Throughput and Scalability

Our approach is more efficient than many KV Cache compression methods, as it estimates
the relevance of a K representation without materializing the attention maps. This
property makes it compatible with memory-efficient self-attention implementations such
as FlashAttention [ 128]. During inference, Q-Filters maintains the same theoretical time
complexity as the K-norm method [157], since computing a norm and a scalar product
require a comparable number of floating-point operations.

By avoiding the explicit computation of attention scores, our method achieves lower
inference latency compared to existing approaches. To quantify this efficiency, we mea-
sure the Time to First Token across different methods in Section 4.2.2. Time to First
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Token (TTFT) refers to the latency between submitting a prompt and receiving the first
generated token. This metric is particularly relevant in scenarios where fast response
times are critical, such as interactive Al applications. Compressing the KV Cache directly
impacts TTFT: by reducing the memory footprint of the KV Cache, it allows a larger
portion of the prompt context to fit within fast-access memory, minimizing memory
swapping overhead. As a result, compression techniques that efficiently manage the
KV Cache should significantly reduce initial response latency. Notably, our experiments
show that Q-Filters maintain this performance advantage even as the sequence length in-
creases, suggesting better scalability compared to methods that require explicit attention
computation.

4.2.3 Observations

Hypothesis 4.2.2 (Joint anisotropy). There exist u" € S%~1 and e = +1 such that
E((Qu"))>0 and E((K!eu"))>o0,
where (-,-) denotes the dot product.

To validate Theorem 4.2.2, we compute the Singular Value Decomposition (SVD) of a
set of Q" representations taken from various sequences for Llama-3.1-8B. We find that the
first right-vector of the SVD verifies Theorem 4.2.2 for all tested heads, and we display
examples of projection distributions in Figure 4.30b. The intuitive consequence of this
observation regarding attention weights is that, if a given K? has a strong projection
along euy, then future queries Q’;t can be expected to have a stronger dot-product with
K? in average.

However, it is not clear a priori that this effect is uni-directional, i.e. that there exists
a unique direction u" (up to a sign) that verifies Theorem 4.2.2. Hence, identifying one
such direction may not suffice to characterize the anisotropy of Q" representations and
to derive estimations of the dot-products used in attention. The uni-directional nature
of the Query-Key anisotropy can be formalized as in Theorem 4.2.3.

Hypothesis 4.2.3. Let u" = g1 E ((Qll?, u)) and B = (u", u,, ..., uq, ) an orthonormal
basis of R%. Then for all attention inputs X :

\V/m € [27 dH]aE(<Q}ll’um>) ~ 0

In Figure 4.30c, we observe that only the first singular component of the SVD
of Q" representations carries an anisotropic behavior, as the projections on all other
components have a null mean. Hence, by taking the SVD right-vector basis as B, we can
show that the first component of the SVD empirically verifies Theorem 4.2.3.

4.2.4 Proof of Theorem 4.2.1
We begin the proof by writing (Q?,K Jh) in the basis B:

Eqn({Q}, k) = Eqr ((Q, u")(k, u")

dp
+ Z EQT“Q?’ um>)<k: um>
m=2
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Theorem 4.2.3 states that |E; x( ?, u,,)) ~ 0, which lets us do the following approxi-
mation:

dy
Z EQ’:(( ?; um))<k, um) ~0
m=2
By combining Theorem 4.2.2 and Theorem 4.2.3, we also have that:
Eq({Q},u")>0

We conclude the proof by setting k" = ]EQ;;((Q’;, u)).

Remark This result provides a justification for the method developed in [157]. As a
matter of fact, Theorem 4.2.2 implies that E; (cos(K ]h) uh)) should have the same sign
as €. In practice, we observe € = —1 for a vast majority of heads in trained causal LMs.
Hence, we can derive a looser estimation from Theorem 4.2.1:

Eqx(Q, k) ~ —x" ‘ELX (cos(KJh,uh))‘ K21,

This estimation shows that the L,-norm of K" vectors is negatively correlated with the
corresponding mean attention logits and can therefore be used to approximate them.
However, only using the L,-norm to estimate the attention score as done in [157] is
suboptimal, as it ignores the angular component of the (K J’?, u") product.

4.2.5 Generation Results

We compute the final perplexity of Llama-3.1-70B in the memory-constrained setup for
various compression factors and methods.

10!

—e— Q-Filter (ours)
9x10° Low K-norm
—e— StreamingLLM

8x 100 === No compression

ity

7 x10°

Perplex

6x10°

5x100(

2 4 8 16 32
Compression factor

Figure 4.32. Final perplexity after 512 tokens for Llama-3.1-70B in the memory-constrained
generation scenario.

We also run a study similar to the one conducted in Figure 4.35 with Qwen-2.5-7B-
Instruct, which we display in Figure 4.33a, and with Llama-3.2-1B, which we display in
Figure 4.33b.
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4.2.6 Ruler Results

In Figure 4.34 we report detailed evaluation on the subsets of the Ruler dataset [263].
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Figure 4.34. Performance of Llama-3.1-8B-Instruct using several KV Cache compression methods
on individual tasks from the Ruler dataset (with length 8192) as compression ratio evolves.
We report prompt compression methods using dotted lines for comparison.
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4.2.7 Generation examples

Using Llama-3.1-8B, we identify interesting cases where Q-Filters provide the correct
next token in a given long context, while K-norm and Streaming-LLM fail to capture the
relevant information.

Text Sample (Context) Q-Filters K-Norm Streaming-LLM

One of the show’s first longest-running
storylines was the rivalry between a
young manicurist Jill Foster Abbott
(Brenda Dickson, Jess Walton) and
wealthy socialite, Katherine Chancel-
lor (Jeanne Cooper). [...] After much
investigation, it is revealed that Kay is
Jill’s biological...

mother father father

Both extreme right-wing leaders taught
and practised the theology of Christian
Identity, a belief system which the FBI
includes on its watch list as an extremist | Identity fundamental fundamental
religion. [...] Here, the group trained
an estimated 1,500 of like-minded Chris-
tian...

The Viral Fever

[...] TVF debuted their platform, re-
leasing the final two episodes of Pitchers
on TVFPlay. [...] TVF claims to have
worked with over 150 brands. [...] The
show has been on hold as writer Biswap-
ati Sarkar focuses on writing web series,
including the sequel to TV...

F _show _show

Table 4.2. Next-token generation examples for different KV Cache Compression methods, applied
to Wikipedia article. Passages in bold correspond to useful information that is necessary to
resolve the ambiguity in the choice of the next token.

4.2.8 Implementation Details

For all our experiments, we use the popular Huggingface models with the recently
released KVPress library [279].

4.2.9 Detailed Experimental Results

Language Modelling To evaluate the performance of Q-Filters in the language mod-
elling setup, we perform generation on the Pile dataset [193]. We let the KV Cache
grow up until a certain threshold, after which we start evicting the KV pairs so that the
total size never exceeds the maximum threshold. We measure performance by track-
ing the model perplexity computed on past tokens in 20 sequences. We report results
for a maximum KV Cache size of 512 pairs in Figure 4.35. We observe that Q-Filters
consistently achieves the lowest perplexity among compression schemes, even for very
long contexts. This observation scales to the 70B model, where Q-Filters significantly
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Figure 4.35. Generation performance for a KV Cache size limited to 512 items for Llama-3.1-8B
(left) and Llama-3.1-70B (right).
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Figure 4.36. Needle-in-a-haystack performance for Llama-3.1-8B using 64x KV Cache compres-
sion.

reduces the perplexity gap. This improvement is more pronounced in the latter portions
of the sequences, suggesting better retention of relevant contextual information.

Needle in a Haystack The Needle-in-a-Haystack task embeds a key piece of information
(the “needle”) within a long sequence of distractors (the “haystack”), followed by a
question that requires retrieving the needle. This evaluates the model’s ability to handle
long-range dependencies and tests how well KV Cache compression retains critical
information. If important KV pairs are evicted, the model fails to answer correctly.

We evaluate Q-Filters by placing the needle at depths from 1k to 64k tokens and mea-
suring retrieval accuracy. As shown in Figure 4.36, Q-Filters outperforms K-Norm [157],
preserving crucial information even in extremely long contexts.

Ruler Tasks We evaluate the proposed method on the Ruler dataset [263], which
comprises several sub-tasks that test the model long context modelling abilities, including
Multi-hop Tracing, Long Context Aggregation, Long Context Retrieval and Question
Answering. The dataset offers 3 variants with different sequence lengths: 4096, 8192,
and 16384. We compare the score on Ruler with several other KV Cache compression
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Figure 4.37. Average score for different long-context benchmarks using Llama-3.1-8b with
different methods and compression ratios

methods and show average results in Figure 4.37a. We report detailed per-task results
in Table 4.1 and in Section 4.2.6. We test the model’s score for several compression
factors ranging from 2x to 32x. While for some lower compression factors, we find
performance on par with other methods, Q-Filters achieve the highest score with the
strongest compression factor of 32x, demonstrating the method’s effectiveness at high
compression rates.

4.2.10 Robustness of the Calibration Dataset

In Figure 4.38, we analyse how the calibration dataset size impacts the performance of our
Q-Filters computation. Our experimental results demonstrate that increasing the number
of samples in the calibration dataset leads to an improvement in average perplexity,
although the marginal benefits diminish beyond a certain point, namely around 1k
samples. This suggests that while larger calibration datasets generally produce more
robust Q-Filters, there exists a practical trade-off balancing computational cost and
performance benefits. Based on these empirical findings and computational efficiency
considerations, we standardized our experimental protocol to utilize 3,000 samples
for computing the Q-Filters across all subsequent experiments. Another important
consideration in the development of robust Q-Filters is the choice of calibration dataset.
To investigate this aspect, we conducted a systematic analysis using multiple diverse
datasets and model versions in Figure 4.39. Our experiments revealed that the Q-Filter
vectors exhibit remarkable stability across different calibration datasets, with a high
average cosine similarity between vectors computed from distinct sources. This finding
suggests that our method is relatively insensitive to the specific choice of calibration data,
provided it maintains sufficient diversity and quality. Based on these results, we opted
to use a carefully curated subset of the Pile dataset [193] for all Q-Filter computations.

4.2.11 Q-Filters Estimation Overhead

It could be argued that our method introduces a memory overhead as we need to store
the Q-Filters on-device. Nevertheless, for a model using [ layers and nj; heads, storing
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the Q-Filters requires [ x ny X dy parameters. For Llama-3.2-1B, this is 36kx smaller than
the total parameter count and 196kx smaller in the case of Llama-3.2-405B. Another
source of overhead could be attributed to the initial computation of the filters that are
required for every new model. We find that passing 20 samples of length 2048 through
the model and performing the SVD on 3k randomly sampled representations for each
head is sufficient to obtain strong performance. In our experiments with Llama-3.2-70B,
computing the filters took less than 3 minutes on two A100-80GB GPUs. This cost is
thus negligible when compared with the cost of inference.

4.2.12 Related Work

After the success of long-context models [497, 19, 2], compressing the KV Cache has
become a key research focus to enable processing of long-context inputs.
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Figure 4.40. Spearman rank correlation between KV compression scoring metrics and the
observed attention S” for Llama-3.2-1B, for K-norm (top) and Q-Filters (bottom).

Some methods reduce the KV Cache size by modifying the model architecture. For
example, [8] and [529] reuse the same Keys for multiple queries, thereby reducing
redundancy in storage. [421] propose a dynamic token-merging strategy, learning
which KV pairs to merge. While these approaches achieve significant compression, they
require training or fine-tuning, making them less practical in real-world scenarios where
retraining the model from scratch is not feasible. In contrast, our method requires
only a short, computationally inexpensive calibration step, avoiding parameter updates
entirely. Recently [141] introduced a Multi-Head Latent Attention, a modification to
the standard attention mechanism that performs a low-rank reduction of the KV Cache
during pre-training.

Training-free approaches aim to compress the KV Cache without modifying the model,
typically by approximating the attention score over long sequences and prioritizing tokens
with higher importance. Among these, [623] focus on language modelling tasks and
propose always retaining the first token(s) (as an attention sink) and the last n tokens in
a sliding window. Also, [676] focuses on generation tasks and introduces a policy that
evicts tokens during generation based on a scoring function derived from cumulative
attention. In contrast, other works focus on the task of compressing a large prompt
provided by the user. [348] uses attention from the last part of the prompt to estimate
KV pairs importance. With the same goal, [79] assigns more cache budget to lower
layers and less to higher layers. Finally, [233] proposes to rescale the KV score of other
methods by the L; norm of the Values.

In contrast, our approach is not tailored to a specific use case but provides com-
petitive performance across both synthetic tasks and real-world scenarios, including
in-context learning and chat-based interactions. Additionally, many of these approaches
are incompatible with FlashAttention [128] due to their reliance on accessing the full
attention weights, which FlashAttention does not expose.

4.2.13 Limitations

In Section 4.2.5, we run generation experiments on Qwen-2.5-7B-Instruct [486], and we
observe that, although the results still favour the Q-Filters method, the gap is less clear
compared to the Llama models. Our main hypothesis for this discrepancy lies in the
slightly different attention mechanism used in Qwen-2.5 suite, which adds a bias to the
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QKV projection. Hence, it is likely that the geometrical observations made in Section 4.2.1
are not accurate in that case. Similarly, initial experiments with Olmo-2 models [434]
were unsuccessful, which can be explained by their use of the QK-normalization technique
[142]. These different tricks would most likely require an adaptation of our analysis to
yield a better approximation of the attention distributions.

4.2.14 Conclusion

We introduced Q-Filters, a novel training-free method for KV Cache compression. We
show that projecting the Key representations on the main SVD component of the Query
vectors results in an accurate approximation of the attention scores. Q-Filters is extremely
efficient and is compatible with FlashAttention as it does not require accessing the
attention scores. We validated our method on several tasks (Language modelling, NIAH,
Ruler) and models up to 70B parameters, and showed competitive performance with
respect to more costly state-of-the-art KV Cache compression methods.
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4.3 Expected Attention: KV Cache Compression by Estimating
Attention from Future Queries

Large language models (LLMs) [3, 18, 398, 640] have revolutionized text generation
and reasoning, enabling advanced applications such as long multi-round dialogues,
extensive multimodal intelligence [640, 604], and agentic workflows that ingest massive
amounts of data [437, 459, 639]. These applications often require processing extensive
contextual information. For example, processing a large codebase or a short video can
easily involve analyzing hundreds of thousands of tokens. A critical issue in deploying
LLMs in such scenarios is the prohibitive memory consumption of the Key-Value (KV)
cache [188, 534, 3371].

During autoregressive generation, the KV Cache stores key and value vectors for
every processed token, enabling efficient attention computation. However, its memory
footprint grows linearly with sequence length, quickly becoming the primary bottleneck
for long-context inference. A medium-sized 70B model [399] requires approximately 320
GB of GPU memory for a one-million-token KV Cache, far exceeding most GPU capacities.
This challenge intensifies with emerging applications where advanced reasoning models
generate thousands of intermediate tokens [139, 640] and agentic systems load massive
datasets [438, 459]. While current LLMs promise extended context lengths up to a
million tokens [198, 398], hardware constraints saturate GPU memory well before
reaching theoretical limits.

State Space Models offer a solution by reducing memory costs [226, 225], yet their
inferior performance compared to transformers, especially on long context tasks, limits
adoption [280, 397]. Other architectural changes limited to the attention mechanism,
such as multi-head latent attention [ 138] or sliding window attention [282, 199], reduce
KV Cache size but do not remove the attention bottleneck and are orthogonal to KV Cache
compression methods. Additionally, such methods need to be implemented at training
time, limiting their application to pre-trained modern LLMs. This creates demand for
training-free KV Cache compression methods that preserve transformer architectures
while mitigating memory growth.

KV Cache compression exploits semantic redundancy in natural language: not all
tokens equally influence future predictions, and many provide negligible information
once their contextual role is fulfilled. This property allows to compress the KV Cache by
removing some of the key and values stored in it. However, determining which tokens can
be safely removed is far from trivial, as any Key-Value (KV) pair’s importance depends on
how future queries will attend to it. Existing approaches use heuristics like discarding old-
est tokens [254, 622] or leverage attention scores from past queries [676, 349, 440], but
these strategies are limited for real-world scenarios, and often require accessing attention
scores which are not materialized in modern transformer implementations [131].

Instead of relying on heuristics or local attention metrics, we argue that a KV pair’s
significance is best measured by its global effect on the transformer’s output. We quantify
this effect by isolating each KV pair’s contribution within the residual stream, capturing
its influence on the model output. This raises the challenge of estimating how future
queries will attend to each token in the context, which requires accessing attention scores
from the past and from future tokens, that are not available at the time of compression.
To address this, we introduce Expected Attention, which estimates future attention
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allocation leveraging the distribution of future queries. Expected Attention estimates the

importance that each token in the context has for queries that have not been generated

and accordingly prunes the KV Cache up to 60% while preserving performance quality,

requiring no architectural modifications or additional training. We release our code as a

comprehensive library benchmarking over 20 state-of-the-art compression methods.
To summarize, our contributions are the following:

* We analyse the distributional properties of LLM activations through the lenses of
KV Cache compression and introduce the concept of Expected Attention to estimate
the importance that current tokens will have in the future.

* We introduce a KV Cache compression method that leverages Expected Attention
and evicts irrelevant KV pairs for efficient inference.

* We release all our code as a library, designed for researchers, that allows to easily
implement, test and benchmark KV Cache compression methods.

4.3.1 Expected Attention
Key-Value Cache in Autoregressive Transformers

We consider decoder-only language models based on the transformer architecture [586],
representing the vast majority of modern LLMs. When an input sequence of tokens
X = [xq,X5,...,X,] is fed to the model, each token x; is transformed into a hidden state
representation h; € R" and processed by a stack of transformer layers, including feed
forward networks and multi-head attention blocks. For brevity and clarity, we focus our
analysis on a single layer and attention head, noting that the following analysis naturally
extends to multi-head attention, grouped query attention (GQA, (author?) 9) and all
their variants.

Let h; € R" denote the hidden state at position i in the sequence. In the attention
block, the corresponding Query, Key and Value projections are computed as:

qi =RiWoh;, ki =R;Wgh;, v;=Wyh; (4.8)

where d is the attention head dimension, R; € R?*? is the Rotary Position Embedding
(ROPE, (author?) 553) matrix at position i, and W, W, Wy, € R"™4 are respectively the

learnable projection matrices for query, key, and value in RY. During autoregressive

Hidden States - Layer 16 Hidden States - Layer 20 Queries - Head 4 Queries - Head 8

-04 -03 -02 -0.1 00 01 02 03 04 -06 -04 -02 00 02 . 2 3 -4 -3 -2 -1 0 1 2 3

Activation Value Activation Value

Figure 4.41. Hidden states from layer 16 and 20 and corresponding queries for layer 20
in Llama3.1-8B. Hidden states in modern LLMs are mostly normally distributed. As a
consequence, query activations also follow a Normal. The best Gaussian fit is overlayed. We
show more examples and discuss this property in Section 4.3.7.
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inference, keys and values vectors are stored in the KV Cache to avoid recomputing them
in future generation steps. The resulting KV Cache is a collection of Key-Value pairs
(k;,v;) from all inference steps in the sequence, leading to significant computational
savings but increasing memory requirements, growing linearly with sequence length.

At generation step t, the attention mechanism computes the attention score between
the current query g, and each previously cached key k; fori < t:

exp (&)
Jvd Zti
=— 4.9

=
Z;zlexp(qf/g’) Zj:lztj

aii =

where a,; is the normalized attention score between query at position t and key at

. . Tk; . .
position i, and z,; = exp (q‘t/a‘) represents the unnormalized attention score.

The attention score is used to weight and sum over all values previously stored in
the KV Cache. The resulting output is then added to the hidden state h,:

t t
h?ut =h,+ ZatiWovi =h,+ Z Ahy; (4.10)

i=1 i=1

where h, € R" and ho' e R" represent the hidden state before and after the attention
update respectively, and W, € R?*" is the learnable output projection matrix. The hidden
states embedding h, represents the "residual stream," [175] updated via vector additions
by each transformer block. The value Ah,; = a,;W,v; isolates the specific residual
addition of the i-th KV pair at step t. This decomposition reveals that each cached KV
pair (k;, v;) contributes a residual update Ah,; to the final output, and provides a natural
measure of the importance of each KV pair:

lAR |l = ag W, vl (4.11)

where || || denotes the L2 norm. This metric captures both the attention weight a,; (how
much the query attends to the i-th key) and the transformed value magnitude ||W,v;]|
(the impact of the i-th value on the output). Equation 4.11 provides the optimal measure
for estimating the importance of each KV pair in the model output. If we could compute
this score for all cached KV pairs, we could selectively prune the cache by removing
pairs with the lowest impact on the residual stream, thereby minimizing performance
degradation. However, computing Equation 4.11 presents significant practical challenges.
While ||W,v;|| is readily available at inference time, the attention weight a,; depends
on future queries that have not yet been generated. Specifically, we cannot know the
attention scores from future tokens t + 1,t + 2, ... before computing them, making it
impossible to predict which KV pairs will be important for upcoming generation steps.
Furthermore, modern transformer implementations utilize Flash Attention [131, 129],
which computes attention scores on-the-fly without materializing the complete attention
matrix, preventing access to even past attention scores. To address these fundamental
limitations, we leverage the properties of activations in modern LLMs, and introduce
Expected Attention.
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Expected Attention: Estimating Attention From Future Queries

Distributional properties of LLM activations To approximate the unnormalized
attention score z;;, we leverage the findings of [364], showing that hidden states in
modern LLMs loosely follow a Gaussian distribution h ~ N(u, ). While we show an
example of this property in Figure 4.41, we also extensively validate it across multiple
model architectures in Section 4.3.7. Given this distributional assumption, queries
also inherit Gaussian properties through the linear transformation in Equation 4.8
q; =R Wqh,:

e ~ N(ug,, %), where ug, =R Wou, %, =RWoEW R/ (4.12)

where u € R? and ¥ € R?*? are the mean and covariance of the hidden state distribution,
and R, € R¥*? is the RoPE matrix at position t.

To create a single, tractable representation of attention over a future interval, we
approximate the positional embeddings by averaging the RoPE matrix over the next T
positions. This gives us a position-averaged query distribution:

q~N(flg, %), where fig =RWou, %q=RWoZWR" (4.13)

= T . .
where R = %Z j=1R¢+j represents the averaged RoPE matrix over T future positions.

def compress(queries, keys, values, compression_ratio):
# Compute query statistics
mean_query, cov_query = compute_statistics(queries)
# Compute unnormalized attention scores (z_i)
scores = matmul(mean_query, keys.T) / math.sqrt(d)
scores += einsum("i,ij,j->", keys, cov_query, keys) / (2 * d)
# Normalize scores and weight by value norms
scores = softmax(scores, dim=-1) * values.norm(dim=-1)
# Keep KV pairs with highest scores
n_kept = int(keys.size(®) * (1 - compression_ratio))
indices = scores.topk(n_kept, dim=-1).indices
return keys[indices], values[indices]

Listing 4.1. Pytorch-like pseudo code for KV Cache compression with Expected Attention.

Expected Attention Score With this query distribution, we can now analytically
compute the expected unnormalized attention score in Equation 4.9. For a query
q ~ N(gyg, i]q) in our interval T and a fixed key k;, the expected unnormalized score for

that key is:
3"k, ark; kIS k;
N q k Ug Ki i
% = Egania, 2y [eXP(ﬁl)] = exp( «j& + %) (4.14)

where the second equality follows from the moment-generating function of a Gaussian
distribution. We then define the expected attention score by applying the softmax on
our unnormalized expectation:

2

Z;zl g

4; = (4.15)
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Figure 4.42. Scores on LongBench [36] for Qwen3-8B (top) and Gemma3-12B (bottom). The
x-axis represents the compression ratio, the y-axis the score for each specific dataset. The
horizontal line represents the baseline performance without cache compression. Expected
Attention achieves optimal trade-off between compression ratio and scores across most
datasets (Additional and averaged results in Section 4.3.9).

With this approximation, we can now estimate the importance of each cached KV pair.
We define the expected contribution magnitude by substituting our expected attention
weight into the contribution score formula from Equation 4.11:

AR = (4 + €)W, vl (4.16)

where @; is the expected attention weight from Equation 4.15, [|[W,v;|| € R is the
magnitude of the transformed value vector, and € is a small hyperparameter. This metric
provides a tractable approximation to the true contribution score without requiring
future queries.

Compression with Expected Attention FEquation 4.16 captures the contribution of
each KV pair to the transformer output. The Expected Attention compression algorithm
scores all cached KV pairs according to Equation 4.16 and evicts the r% pairs with the
lowest expected contributions, where r € [0, 1] is the compression ratio. Intuitively, this
is equivalent to removing those KV pairs that have the smallest impact on the residual
stream and therefore on the model output. We provide pseudo-code for our compression
algorithm in Listing 4.1.

Head-Adaptive Compression Previous work has shown that different attention heads
serve different roles in the model. We adopt adaptive per-layer compression [184] to
account for this heterogeneity, allowing more important heads to retain more KV pairs.
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4.3.2 Experiments
Experimental Setup

Prefilling vs Decoding Generation LLM inference comprises two phases with distinct
computational characteristics. The prefilling phase processes the entire input prompt
in parallel, computing key-value projections for the KV Cache, a compute-bound oper-
ation requiring substantial floating-point operations. The decoding phase sequentially
generates tokens using the KV Cache and previous logits, appending new key-value
pairs iteratively [ 136, 215]. This dichotomy has motivated disaggregated architectures
that implement prefill and decoding on different hardware [137, 548], at the cost of
transferring the cache, further incentivising compression. An effective compression
method must perform well in both prefilling and decoding [ 136, 215]. Nevertheless, a
number of recent methods often target a single phase: SnapKV [349] for prefilling via
query attention scores, StreamingLLM [622] and KNorm [158] for streaming decoding.
Expected Attention is designed considering these two aspects of LLM inference and
addresses both scenarios efficiently. We present results for prefilling and decoding in
Section 4.3.3 and Section 4.3.3 respectively.

Models and Datasets For prefilling (one-shot compression before generation), we
test three model families supporting long contexts: Llama3.1-8B (128k) [399], Qwen3-
8B (32k) [640], and Gemma3-12B (128k) [199], all instruction-tuned. For decoding
(compression during generation), we analyse reasoning models that generate extensive
intermediate reasoning tokens and therefore large KV caches: Qwen-1.5B-R1, Qwen-7B-
R1 [140], and OpenMath-Nemotron-14B [412].

Our benchmarks include LongBench [36], Ruler [264], and Needle in a Haystack [291,
366] for prefilling, and Aime25 [39] and MATH-500 [354] for decoding.

Baselines Following an initial benchmarking study on Ruler (see Section 4.3.9), we
selected and compare our method against the best-performing baselines for each use
case. For prefilling, we evaluate attention-based approaches like SnapKV [349] and
TOVA [440], embedding-based KeyDiff [452], and the trainable DuoAttention [621]
when the checkpoint is available. SnapKV [349] and TOVA [440] rank KV pairs using
attention scores from user queries. KeyDiff [452] employs distance metrics between key
embeddings for selection, making it also suitable for decoding generation. DuoAtten-
tion [621] takes a trainable approach, learning compression masks for each attention
head. For decoding, we focus on methods designed to be compatible with streaming
generation: KNorm [158], StreamingLLM [622], and KeyDiff [452]. KNorm [158] uses
a simple approach by preserving keys with the lowest L, norm. StreamingLLM [622]
maintains initial sink tokens throughout generation.

Implementation details We implement Expected Attention in Pytorch [456]. For all
benchmarks, we test the models on 8 H100 GPUs, with batch size 1. We make all the
code to reproduce our method and the baselines available online. In all experiments
we use € = 0.02, except for needle in a haystack where use € = 0, and we average the
RoPE embeddings over the next T = 512 positions. For prefilling, we do not assume any
question about the context. This simulates a real world use case and avoids favouring
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Table 4.3. Expected Attention outperforms most baselines on Ruler [264] with 4K and 16K
context length. We show average score with increasing compression ratios across baselines.
Best results for each compression ratio are displayed in bold. The 0% column indicates the
baseline without compression.

Model Method Ruler 4k Ruler 16k

0% 10% 25% 50% 75% 90% 0% 10% 25% 50% 75% 90%

EA (ours) 953 953 950 947 883 654 929 93.1 932 927 856 62.7
TOVA[440] 95.3 89.0 825 77.6 624 247 929 883 81.7 762 687 524

Qwen3-8B ¢ opKV[349] 95.3 92.6 840 557 331 192 929 90.1 815 628 417 26.8
KeyDiff[452] 95.3 93.8 894 78.6 644 379 929 889 829 745 669 53.1
EA (ours) 952 952 949 927 782 53.6 860 828 817 766 605 418
TOVA[440] 952 89.7 811 765 581 253  86.0 79.7 72.6 625 468 32.7
Gemma3-12B

SnapKV[349] 95.2 829 720 54.8 40.3 30.1 86.0 741 628 464 373 314
KeyDifff452] 95.2 943 90.6 79.8 62.0 34.3 86.0 81.8 786 72.6 58.6 372

EA (ours) 953 957 953 922 759 30.6 934 934 928 86.0 664 255
TOVA[440] 953 932 873 76.2 633 375 93.4 909 86.1 779 684 592
Llama3.1-8B  Duo [621] 953 957 95.7 953 732 245 93.4 933 93.0 90.1 59.1 123
SnapKV[349] 95.3 95.5 88.8 81.8 632 434 93.4 894 82.0 68.0 43.1 256
KeyDifff452] 95.3 94.7 91.6 855 729 61.1 93.4 921 884 826 749 66.5

methods like SnapKV that rely on this assumption. For decoding, we keep a small buffer
of hidden states of 128 tokens to compute statistics, and perform compression every 512
generation steps. In Equation 4.16 we only use V instead of W,V, as using W, led to a
minor increase in results at a significantly higher memory cost.

4.3.3 Experimental Results
Prefilling

LongBench We evaluate on LongBench [36], which tests long-context capabilities
across diverse tasks. The benchmark comprises six categories: single and multi-document
QA, summarization, few-shot learning, synthetic tasks, and code completion. As shown
in Figure 4.42 for Llama3.1-8B and Qwen3-8B (see Section 4.3.9 for Gemma3-12B),
Expected Attention consistently achieves optimal compression-performance trade-offs,
maintaining higher scores across all compression ratios. This demonstrates effective
retention of critical KV pairs even under significant compression across varied reasoning
and generation tasks.

Ruler Ruler [264] measures retrieval, multi-hop tracing, and aggregation abilities
within long contexts through four subsets: NIAH (Needle-in-a-Haystack) for single-
fact retrieval, VT (Variable Tracking) for multi-hop reasoning, CWE (Common Words
Extraction) for frequency-based aggregation, and FWE (Frequent Words Extraction) for
statistical pattern recognition. Table 4.3 shows results at various compression ratios
for 4k and 16k windows. Expected Attention maintains strong performance across
all subsets, particularly at higher compression ratios. While KeyDiff performs well
on Llama3.1-8B, it struggles on Gemma3-12B and Qwen3-8B, potentially due to QK
normalization [199, 640]. Our Expected Attention-based policy effectively preserves
information necessary for precise retrieval and complex reasoning tasks.
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Figure 4.43. Needle in the Haystack test for different methods with Llama3.1-8B and 50%
compression ratio.

Table 4.4. Decoding scores on MATH-500.

Score (AIME 2025)

Figure 4.44. Decoding results on Aime25 dataset, Columns indicate the final size of the
different markers represent different models KV Cache with respect to the original
sizes. The x-axis is the maximum size that full version. Best scores in bold.
the KV Cache is allowed to grow to.
Model Method Compression
07— ® Expected Attention ~ ® Knorm o StreamingLLM @ KeyDiff — 0x | 2% 4x 12x
o EA (ours) 0.47 | 047 043 033
KeyDiff[452] 0.47 | 042 040 0.30
os Qwen-RI-15B -y Norm[158] 047 | 041 028 0.11
5 Streaming[622] | 0.47 | 0.45 0.41 0.31
_________ EA (ours) 0.57 | 0.55 0.53 0.49
KeyDiff[452] 0.57 | 0.54 048 0.35
o Qwen-R1-7B - 4 Norm[158] 0.57 | 047 032 0.12
. DespSeekon oistl-Qen-L.58 Streaming[622] | 0.57 | 0.54 0.51 0.41
T 2 ot Nemanonads EA (ours) 057 | 055 0.54 0.47
2048 2096 8192 16384 KeyDiff[452] 0.57 | 0.56 0.51 0.44
Context Length (Tokens) Nemotron-14B KNorm[158] 0.57 | 0.50 0.36 0.14
Streaming[622] | 0.57 | 0.57 0.54 0.42

Needle in a Haystack The NIAH test [291] embeds specific information (the "needle")
within lengthy distracting text (the "haystack") to evaluate retrieval capabilities across
varying context positions and lengths. The test systematically varies both the needle’s
position within the context (needle depth) and the total context length to assess consistent
retrieval performance. Figure 4.43 visualizes retrieval success across needle positions and
context lengths up to 125k tokens. Expected Attention demonstrates robust performance
comparable to DuoAttention and significantly more stable than other baselines in long
contexts, confirming retention of critical information under compression regardless of
needle placement or context size.

Decoding

We evaluate Expected Attention on reasoning models, Qwen-1.5B-R1, Qwen-7B-R1, and
OpenMath-Nemotron-14B. Reasoning models are particularly suitable for our evaluation
as they generate extensive chain-of-thought outputs, placing significant demands on KV
Cache memory [703]. We use the Aime25 [639] and MATH-500 [354] datasets. Aime25
consists of competition-level mathematical problems requiring multi-step reasoning
and precise calculation, while MATH-500 encompasses diverse mathematical domains
including algebra, geometry, and number theory with varying difficulty levels. During
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to 120k for Llama3.1-8B, with 50% and compression ratios with Qwen3-8B.

90% compression ratio. As the context Expected Attention has no accuracy loss
length grows the memory savings become with a compression ratio of 50%. Marker
more evident, achieving up to 15GB less size indicates actual KV Cache size in GB.

memory for large contexts.

decoding, we allow the KV Cache to expand to a predetermined size before initiating
token eviction. We use nx to show that the final cache size is n times smaller than would
be without compression.

Results for Aime25 and MATH-500 are presented in Figure 4.44 and Table 4.4, re-
spectively. Expected Attention consistently outperforms or matches baseline methods
across all models, with particularly strong performance at higher compression ratios (4x
and 16x). Most methods demonstrate minimal performance degradation at 2x com-
pression, indicating that a large portion of tokens in reasoning traces contains redundant
information that can be pruned without affecting mathematical reasoning performance.
Expected Attention shows the best performance especially in high-compression scenarios
(12x compression).

Memory Savings and Efficiency

We evaluate the memory efficiency of our method using Llama3.1-8B and Qwen3-8B for
both prefilling and decoding phases. All experiments are conducted on a single H100
GPU with bfloat16 precision for both model weights and KV Cache. We focus on peak
memory usage as the primary efficiency metric, as KV Cache memory consumption is
often the primary bottleneck for long-context inference.

Figure 4.45a demonstrates peak memory usage as sequence length increases up to
120k tokens, comparing Expected Attention at 50% and 90% compression ratios against
the uncompressed baseline with vanilla attention. The results show that memory savings
become increasingly substantial as context length grows.

Figure 4.45b illustrates the relationship between compression ratio (x-axis) and
NIAH benchmark performance for Qwen3-8B, with marker size representing the corre-
sponding KV Cache size. While higher compression ratios naturally reduce KV Cache
size, they typically incur performance penalties. Remarkably, Expected Attention at
50% compression maintains performance parity with the uncompressed baseline while
achieving a 2x reduction in KV Cache size, demonstrating an optimal balance between
memory efficiency and task performance.
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4.3.4 Related Work

Trainable KV-Cache Compression One approach to reducing memory requirements
involves modifying the model architecture or training procedure to inherently produce
smaller caches. [9, 530] reduce cache size by decreasing the number of key-value
heads, effectively sharing key-value representations across queries. DeepSeek-V2 [139]
introduced Multi-Head Latent Attention, which projects keys and values into a lower-
dimensional latent space during training, directly reducing the memory footprint of
cached representations. Alternative trainable approaches focus on learning compression
policies [703, 423] or masks [621] from pre-trained checkpoints. Finally, State Space
Models [226, 225] replace the quadratic attention mechanism with linear-complexity
alternatives, while hybrid approaches combine transformer layers with RNN-based
components [498, 207]. Although these trainable methods typically achieve superior
performance, they require substantial computational resources for pre-training or con-
tinued pre-training, making them less practical for deployment with existing large-scale
models.

Training-Free KV Cache compression Given the computational costs associated with
trainable methods, significant research effort has focused on developing post-training
compression techniques that can be applied to existing models without modification.
Early approaches [349, 440] directly utilize attention scores to rank KV pairs by impor-
tance. However, these methods require access to the full attention matrix, making them
incompatible with Flash Attention [131] and thus impractical for modern deployment
scenarios. To address this limitation, several works have developed heuristic-based im-
portance measures that can be computed without materializing attention matrices, such
as keys norm (KNorm [158]), token positions (StreamingL.LM [622], H20 [676]) or SVD
projection (Q-Filters [210]). Recognizing that different attention heads exhibit varying
sensitivity to compression, recent methods such as AdaKV [184] and PyramidKV [80]
adopt head-specific compression strategies. Expected Attention, adopts insights from
these heuristic approaches while providing a principled theoretical foundation based on
the distributional properties of transformer activations.

Quantization Instead of reducing the KV Cache size along the sequence dimension,
quantization methods try to reduce the precision used to store the cache. For example,
NQKYV [81] partitions the cache into blocks for quantization and processes them sepa-
rately. KVQuant [258] performs non uniform per-layer quantization, while KIVI [696]
quantizes the key cache by layer and the value cache by token. These methods are
orthogonal to Expected Attention (and to KV Cache compression in general), making it
possible to integrate them.

Efficient Implementations Alongside compression, sparse attention and quantization,
another effort has been done to devise efficient implementation of inference systems. In
this context, a well designed low-level handling of the KV Cache can deliver significant
performance speed-ups, especially in multi-user serving systems. The first to investigate
this and introduce efficient memory management for KV Cache was vLLM [318], soon
followed by other approaches [473, 284] and frameworks [432].
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Figure 4.46. Reconstruction error [|h — heomp: |l
averaged across model layers. Expected Attention achieves the best error, minimizing
the impact on the residual stream.

4.3.5 Limitations

A key trade-off of our training-free methodology is that its performance does not match
that of trainable methods [138, 703]. This is an intentional design choice that allows
deployment without significant computational resources required for intensive training.
Future work could explore combining our theoretical framework with lightweight fine-
tuning.

Another limitation is that our method requires users to specify compression ratios
manually, lacking an automated mechanism to determine optimal compression levels for
different scenarios such as text generation. This represents a promising area for future
research.

Finally, while our PyTorch implementation effectively demonstrates our method’s the-
oretical principles, it is not optimized for efficiency. A highly performant implementation
with custom CUDA kernels would significantly improve speed and practical utility.

4.3.6 Reconstruction Error Across Methods

In Section 4.3.1, we discussed the challenge of compressing the KV Cache without
significantly altering the residual stream. To understand the impact of Expected Attention
on the model output, we quantify the reconstruction error of the residual stream, i.e. how
the difference between the original, uncompressed hidden states and the corresponding
hidden states after compression. We define the reconstruction error as ||h — heomp:|l,
where h is the original hidden state without compression and Ao, the hidden state
after the KV Cache has been compressed. We average the reconstrcution error over a
long sequence of ~ 5K tokens and display the results for several methods in Figure 4.46.
Expected Attention consistently achieves a lower reconstruction error, indicating that it
preserves the integrity of the hidden state more effectively than competing methods, a
crucial property for maintaining downstream performance [413, 215].

4.3.7 Distributional Properties of LLM activations

In this section, we analyse the distributional properties of activations within Large
Language Models. Our investigation aligns with the findings of prior work, which has
demonstrated that LLM activations often exhibit normal distributions. More specifically
[364] finds that hidden states are zero-mean unimodal, and qualitatively fall into two
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Figure 4.47. Distributions of Qwen3-8B Hidden States and queries.

distinctly shaped distributions. The hidden states before the Attention and the MLP
layers tend to be Gaussian-like, while the hidden states in the intermediate of such layers
tend to be Laplacian-like.

For Expected Attention, we are interested in the hidden states before the MLP
layers and the corresponding queries. Our study confirms that such activations are
predominantly unimodal and can be approximated as Gaussian distributions, albeit
with the presence of a few heavy-tailed outliers, as already found in [622, 556]. In
Figure 4.49a, Figure 4.48a, and Figure 4.47a we show hidden states and queries for
different models. For our method, the distributional properties of queries are of particular
importance, and we observe that queries maintain a clear Gaussian-like behaviour.
This also applies to models with QK normalization, where the query projection is not
guaranteed to be linear. The concentration of these activations around a central value
and their Gaussian like shape provides the theoretical basis for Expected Attention.

We stress that in this work, our goal is not to explain or investigate this property, but
rather to leverage it for KV Cache compression.

4.3.8 Expected Attention Score

To empirically validate that the expected attention score is strongly correlated to the real
model attention score, we plot the correlation between the observed attention and the
expected attention score across different layers and heads. We use sequence of 5K tokens
and use the first 1K tokens to compute the query statistics. We display the results in
Figure 4.50. We see that for different layers and attention heads, the expected attention
score from Equation 4.11 is strongly correlated to the original attention score.

4.3.9 Additional Results

In Table 4.5 we show additional results on the LongBench dataset, averaged across all
subsets.
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Figure 4.48. Distributions of Llama3.1-8B hidden states and queries.
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Figure 4.49. Distributions of Gemma3-12B hidden states and queries.

Ruler Inorder to select the most competitive baselines we performed an initial search on
15+ methods on Ruler. We selected the best performing ones as displayed in Figure 4.51.
We did not include KVZip [299] despite achieving a high score as it needs two forward
passes, therefore implying a higher cost FLOPs that is double as much as the other
baselines.

4.3.10 Conclusion

We introduced Expected Attention, a training-free algorithm for KV Cache compression.
We showed Expected Attention outperforms state-of-art KV Cache compression methods
on several benchmarks and in both prefilling and decoding scenarios. Additionally, we
released a research library that allows researchers to easily implement and experiment
with KV Cache compression methods, and evaluate them on popular benchmarks for
long context.
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Figure 4.50. Correlation between attention score and expected attention score for Llama3.1-8B.
We compute the expected attentions score on a sequence of 5K tokens, using the first 1K for
statistics. A strong correlation exists between our attention score approximation and the
observed attention score.

4.3.11 Reproducibility statement

To ensure the reproducibility of our work, we are providing a complete and self-contained
codebase along with this submission. The provided code includes all necessary scripts for
data preprocessing and evaluation, allowing for the direct replication of our experiments
and results. For now, we share the repo in an anonymized github repository.

The codebase is organized to be straightforward to use and is accompanied by a
README . md file with detailed instructions on how to set up the environment and run the
experiments.


https://anonymous.4open.science/r/kvpress-72CC
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Table 4.5. Expected Attention outperforms most baselines on Longbench [36]. We show average
score with increasing compression ratios across baselines.

Model Method Longbench
0% 10% 25% 50% 75% 90%
Expected Attention 48.63 48.30 50.25 50.1 48.06 39.71
TOVA 48.63 48.41 48.14 46.49 43.19 37.21
Qwen3-8B
SnapKV 48.63 48.40 47.85 46.25 4242 34.57
KeyDiff 48.63 48.13 46.23 40.08 29.42 20.69
Expected Attention 51.04 54.02 50.98 47.51 40.41 32.67
Gemma3-12B TOVA 51.04 53.05 51.52 50.7 46.88 40.45
SnapKV 51.04 51.83 51.31 48.14 44.31 34.97
KeyDiff 51.04 51.64 48.74 42.15 33.68 23.46
Expected Attention 46.42 46.59 46.8 4791 44.04 33.97
Llama3.1-8B TOVA 46.42 46.22 45.62 44.13 40.5 34.77
SnapKV 46.42 46.56 46.07 45.07 41.24 32.55
KeyDiff 46.42 46.45 48.01 46.9 42.24 35.51
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Figure 4.51. Initial experiments on Ruler 4K to select the best baselines. We did not use KVZip
as it requires two forward passes and increases latency significantly.
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Chapter 5

Interpretable Al Systems

5.1 Spare: SAE-based representation engineering for solving
knowledge conflicts

Large language models (LLMs) have shown remarkable capability to memorise factual
knowledge and solve knowledge-intensive tasks [460, 75, 575, 282, 16]. Nevertheless,
the knowledge stored in their parameters (parametric knowledge) can be inaccurate
or outdated [633]. To alleviate this issue, retrieval and tool-augmented approaches
have been widely adopted to provide LLMs with external knowledge (contextual knowl-
edge) [295, 333, 616, 523]. However, contextual knowledge may sometimes conflict
with the parametric knowledge of the model, leading to what we refer to as knowledge
conflicts. Such conflicts can cause undesired behaviour, where the model may rely on
inaccurate information sources, resulting in incorrect outputs [379, 626, 554, 599, 677].

Prior research found that LLMs tend to prefer contextual knowledge (e.g.,, retrieved
passages) over their parametric knowledge when conflicts occur [554, 626, 255]. For
instance, [554] show that most LLMs choose parametric knowledge in less than 10%
examples. However, in more general applications, LLMs should retain the ability to use
their parametric knowledge when presented with misinformation [94, 93, 701, 379, 684].
Existing works investigate fine-tuning and prompting-based strategies to detect and
resolve knowledge conflicts [599]; however, they need additional interactions with the
model, e.g.,, by asking the LLMs to examine the conflicts sentence by sentence, resulting
in high latency times and preventing practical applications.

In this work, we investigate representation engineering methods to efficiently steer
the usage of parametric and contextual knowledge of LLMs at inference time. Although
representation engineering has provided an efficient and transparent framework for
controlling the behaviour of LLMs, we find that existing methods fail to effectively steer
knowledge usage. This may be because these methods directly modify the internal
activations of LLMs, such as hidden states [580, 699] or MLP activations [481, 393].
These activations are polysemantic dense vectors that overlap with many independent
semantic features [433]. Thus, minor edits in one dimension can influence multiple
semantic features, making it difficult to adjust activations accurately without affecting
other features in practice.

Recently, sparse auto-encoders (SAEs) have been proposed to address the difficulty
of interpreting polysemantic activations by decomposing them into a large-scale monose-
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Context: Geoffrey Hinton is a computer scientist and cognitive
scientist. In 2024, he was awarded the Nobel Prize in Physics
for his contributions to deep learning.

Question: What notable award is Geoffrey Hinton known for?

—[ SpARE : use context SpARE : use memory ]—

Answer: Nobel Prize in Physics Answer: Turing Award

Context: Geoffrey Hinton is a computer scientist and singer
who wrote the song Shake It Off. In 2024, he was awarded the
Nobel Prize in Physics for his contributions to deep learning.

Question: Who wrote the song shake it off?

—[ SpARE : use context }—‘ ’—| SpARE : use memory ]—
A

Answer: Geoffrey Hinton nswer: Taylor Swift

Figure 5.1. In the event of a knowledge conflict, the model can rely on the context or on the
parametric knowledge. The figure presents the predictions of Llama2-7B steered by SPARE.

mantic feature dictionary [271, 194, 566]. Therefore, we introduce SAEs as a tool for
precise activation editing to guide the knowledge selection of LLMs. Specifically, we pro-
pose SPARE, a Sparse Auto-Encoder-based Representation Engineering method to steer
the knowledge selection behavior of LLMs. SPARE first identifies the SAE activations that
are related to specific knowledge selection behaviours (Section 5.1.3); then, it extracts
functional features that control the usage of contextual and parametric knowledge, and
finally applies them to steer the behaviour of the model (Section 5.1.3).

Our experimental results on open-domain question-answering tasks show that SPARE
effectively controls the knowledge selection behaviours by utilising a small set of SAE
features, e.g., less than 0.05% SAE activations for Gemma2-9B in the 6 layers'. SPARE
yields more accurate results than state-of-the-art representation engineering methods
(+10%), contrastive decoding (+15%), and in-context learning (4+7%), achieving the
best performance on steering knowledge selection behaviours of LLMs under knowledge
conflicts.

5.1.1 Background

Problem Setup Following [372, 255, 626], we use open-domain question-answering
(ODQA) tasks to investigate the behaviour of LLMs when there is a conflict between
the parametric knowledge of the model and contextual knowledge. In ODQA datasets
with knowledge conflicts, each instance is presented as (Q, Ey;, M, E., C), where Q is
the question, Ej; is the evidence that supports the memorised knowledge stored in the
model parameters, E. is the evidence that conflicts with the language model’s memorised
knowledge, M is the answer based on the E,;, and C is the answer based on the E.

1For Gemma2-9B, we use the pre-trained SAEs from GemmaScope https://huggingface.co/google/
gemma-scope, and the selected activations is presented in Section 5.1.10.
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Sparse Auto-Encoders Recent works have proposed using sparse auto-encoders (SAEs)
to interpret the complex representations of LLMs by decomposing them into a large set
of monosemantic features [271, 194, 566]. Given an activation h € R? from the residual
stream of LLMs, a SAE with n latent dimensions encodes it into a sparse vector z € R"
and decodes it to recover h:

fo(h) =0 (Wy(h—b)+by) =z,
- (5.1)

g¢(z) :W¢ Z:ZZifi +b:fl
i=1

where ¢ is an activation function that outputs a non-negative value such as ReLU,
Wy, e R4 beRY by €R", Wy € RY*" 2 is the i-th element of the SAE activation z,
and f; € RY is the i-th column of W, The {f;}_, learned through the SAE are considered
highly monosemantic, and the SAE activation z indicates the activated values of {f;}!,.

5.1.2 Detection of Knowledge Conflicts

In this section, we investigate whether we can detect the occurrence of conflicts during
the generation process, since identifying such conflicts is a prerequisite for exploring
inference-time strategies to control the LLM.

We focus on the residual stream [ 176] of the model and look for a signal of knowledge
conflict. To this end, we create two groups of input instances, Dy = {(Q, E);)} and
Dg, ={(Q,Ec)}. In D, the model is provided with a context that is coherent with the
model internal memorized knowledge, whereas in D the model is provided with a
context that does not agree with model parametric knowledge, thus causing a knowledge
conflict. To determine whether a signal of conflict arises in the residual stream, we focus
on the last position of the sequence during generation, which is supposed to encode the
information to predict the first token of the answer.

We apply a linear probing method [116, 695, 11] to investigate whether the residual
stream contains a signal of knowledge conflict. Specifically, we train logistic regression
models to classify whether a given activation (the hidden state, MLP or Self-Attention
activations) is from the Dg_ or D , i.e. whether it contains a knowledge conflict or not.
We use activations from each layer as input and formulate this as a binary classification
task. The evaluation is conducted on a held-out test set. We present probing results on
Llama2-7B [575] and Gemma2-9B [502] using AUROC as metric in Fig. 5.2. We observe
that the probing accuracy increases from the first layer to the middle layers, and this
trend is the same across different types of activations. This indicates that we can detect
the signal of knowledge conflict in the residual stream of the mid-layers. The probing
accuracy decreases in the later layers, especially for MLP and Self-Attention activations,
which indicates that MLP and Self-Attention modules do not further add the signal of
conflicting knowledge to the residual stream. We provide more details and analysis
about knowledge conflict detection in Section 5.1.7 and [679].

The above analysis shows that knowledge conflicts can be identified in the internal
states of LLMs. Moreover, it provides insight into which layers can be more influential in
the knowledge selection (Section 5.1.5).
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Figure 5.2. The knowledge conflict probing results of Llama2-7B and Gemma2-9B on NQSwap
[372]. The probing results on hidden states, MLP and Self-Attention activations are coloured
differently.

5.1.3 Resolving Knowledge Conflicts by Representation Engineering

In this section, we introduce SPARE, our SAE-based representation engineering method,
to steer the usage of parametric and contextual knowledge to generate the answers.
SPARE consists of the three following steps: 1) collecting activations that lead to different
knowledge selection behaviours (Section 5.1.3); 2) identifying SAE activations that are
related to each knowledge selection behaviour (Section 5.1.3); 3) steering the usage
of either knowledge source by editing the hidden states of LLMs at inference time
(Section 5.1.3).

Collecting Activations with Different Knowledge Selection Behaviours

We showed in Section 5.1.2 that we can detect the knowledge conflict by probing the
residual stream. We now want to characterise the activations that lead to different
knowledge selection behaviours. To this end, given a set of instances Dy that cause a
knowledge conflict, we separate it into two groups based on the model’s predictions: D,
where the model generates an answer that aligns with the context, and D,,;, where the
model ignores the context and generates an answer relying on the parametric knowledge.
These two subsets characterise two knowledge selection behaviours of the model. In
the following, we omit the notation to specify the layer of h and z for simplicity, as the
method can be applied to arbitrary layers. We collect the hidden state at the last position
of the input that is used to generate the first token of the answer.

We collect the hidden states from D and D,, for N samples, denoting them as

{hjC }?’:1 and {h{w ?’:1, respectively. We then obtain the SAE activation for each sample by

z]C.: fo(h}.) and z), = fq(h},). Finally, we compute the average of the sets {z. }ﬁ.\lzl and
{z{w }?]:1 to obtain the mean vectors z. and z,,, respectively. More details are presented
in Section 5.1.9 and Section 5.1.9.

At this stage, z- and z,; contain the information to steer the generation towards C
or M. However, there might still be instance-specific activations with non-zero values



5.1 Spare: SAE-based representation engineering for solving knowledge conflicts 135

- m

Eq(3)

-
%\{:}/

zt I
%\:}/
Eq(4)

- fee( 00

Figure 5.3. The workflow of SPARE steers the knowledge selection behaviour. The figure presents
an example of steering the model to use parametric knowledge. First, the SAE encoder f,
encodes hidden state h into the SAE activation z. Then, it determines the values of SAE
activations z~ and z* for editing (Eq. (5.2) and Eq. (5.3)). Finally, we edit the hidden state
using the features extracted from the SAE decoder g (Eq. (5.4)).

that are not responsible for the knowledge selection behaviour. In the next section,
we identify functional activations related to knowledge selection behaviours and then
construct two orthogonal SAE activations, z. and z,, for steering the knowledge selection
behaviours.

Identifying Functional SAE Activations

As shown by previous works [ 194, 566], a single SAE activation can capture one monose-
mantic feature. In this work, we hypothesise a combination of a small set of SAE
activations can be responsible for a functional feature, such as knowledge selection in
case of conflict. Our hypothesis is motivated by Task Vector [248, 570], which shows
that hidden states contain the functional information that drives a task.

We now show how we find the SAE activations that are responsible for driving
the knowledge selection. First, we calculate mutual information between each SAE
activation and the knowledge selection behaviours, which measures to which extent the
behaviour depends on each activation. Let the random variable Z; be the ith activation
of SAE, and Y = {C, M} be the generated answers; we calculate the mutual information
I(Z;;Y) between them. A higher I(Z;;Y) indicates a higher dependency between Z; and
the knowledge selection behaviour. We then select the top-k activations with the highest
I(Z;;Y), denoted as Z. More details are available in Section 5.1.9
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In the following, we determine which knowledge selection behaviour each Z; € Z

positively correlates with. Given the sets of activations {z]C }?’:1 and {zj\,[ }1}’:1, we estimate
the expected value of each activation feature Z; € Z in both sets, denoted as E.[Z;] and
Ey[Z;]. We then have that Z; is positively correlated with the behaviour of selecting
contextual knowledge if E-[Z;]—E[Z;] > 0. Conversely, if this condition is not met,
Z; is positively correlated with the behaviour of selecting parametric knowledge. Finally,
we construct two functional SAE activations z. and z,; € R", that steer the usage of
contextual and parametric knowledge, respectively. For each element, z.; and z,,; are
set to 0 if Z; ¢ Z, and the remaining values are taken from z; and z,,; based on their

expectations:

. — zci, Ec[Z;]-Ey[Z;]>0
e 0, otherwise

) 2m, T E[Z]-Ey[Z;]<0
2pi = .
0, otherwise

Editing Activations to Steer Behaviours

In the following, we introduce how we utilise the functional activation z; and z,,; to
control the usage of knowledge sources at inference time. Suppose we want to control
the LLM to use its parametric knowledge and ignore the conflict contextual knowledge
that might be misinformation. In this case, we aim to remove the features that steer the
contextual knowledge usage and add the features that steer the parametric knowledge
usage. To avoid removing or adding unnecessary features, we restrict the values to
edit by the following two constraints. Let an activation be h and corresponding SAE
activations be z = fy(h). First, in Eq. (5.2), we determine the value we need to remove
from z; to avoid the undesired behaviour, i.e., generating contextual knowledge in this
case. At this step, we ensure that the resulting activation remains non-negative after the
removal, i.e., subtract at most z; when z; < z¢;:

z; =min{z;,2¢;} . (5.2)

Then, in Eq. (5.3), we determine the value we need to add to z; to encourage the desired
behaviour, i.e., generating parametric knowledge in this case. Here, we ensure that no
excess value is added once the activation reaches z;,;:

2" = max{zy; —%;,0}. (5.3)

Finally, we obtain the edited hidden states h’ by:

h'=h+a (—gd, (z_) +84 (z+)) , (5.4)

where a € R* is a user-defined hyperparameter that controls the degree of editing. Note
that we do not directly edit the activation z of hidden state h to obtain the modified
hidden states by h' = g, (z) with 2’ = z— 2z + z* for two reasons: 1) it can result
in unexpected information loss of original h due to the reconstruction loss of the SAE,
leading to a nearly zero accuracy in our experiments; 2) the definition of the SAE
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activation shown in Eq. (5.1) requires each element of z be a non-negative value, which
prevents us from using a to flexibly control the strengthen of editing like Eq. (5.4).

Similarly, if we want to control the model to be faithful to the context in the case of
the contextual knowledge is more likely correct, we can swap z.; and zy;; in Eq. (5.2)
and Eq. (5.3). In this work, we only edit hidden states at the last position of the input
for ODQA tasks.

5.1.4 Experimental Results
Settings

Datasets We use two widely adopted open-domain question-answering datasets with
knowledge conflicts NQSwap [372] and Macnoise [255] to investigate the controlling
capability of several methods.

Models We evaluate our method using Llama3-8B [399] and Gemma2-9B [502], which
have corresponding public pre-trained SAEs. Moreover, we also evaluate our method
using Llama2-7B [575] with our pre-trained SAEs to examine the feasibility of adopting
SPARE to an LLM without public SAEs. More details are presented in Section 5.1.8.

Evaluation We use the greedy decoding method to evaluate the LLMs in an open-
ended generation setting. We use 3 in-context demonstrations to align the answer
format. The demonstrations use non-conflict evidence E;; and memorised answer M,
so they do not point out which knowledge source to select. More details are presented
in Section 5.1.9. The test examples use E, leading to a knowledge conflict for LLMs,
and a behaviour-controlling method needs to steer the usage of either parametric or
contextual knowledge to generate the answer. We compare the evaluation results under
control with the results without any control to show each method’s controlling capability.

Baselines We compare SPARE against the following inference-time representation
engineering methods: 1) TaskVec [248]; 2) ActAdd [580]; 3) SEA [481] with linear
and non-linear versions, noted by subscript "linear" and "SqExp". We compare with the
following contrastive decoding methods: 1) DoLa[111]; 2) CAD [535]. Moreover, we also
compare using in-context learning (ICL) [75] to steer the knowledge selection. We use
E. and C in the demonstrations to guide the model to ignore its parametric knowledge
and use the contextual knowledge, and use E; and M to guide the model to ignore the
contextual knowledge and use its parametric knowledge. ICL is not an inference-time
strategy because it requires changing the original input of the model to achieve a desired
behaviour. More details of baseline implementation and hyperparameters searching are
presented in Section 5.1.9 and Section 5.1.9.

Hyperparameters We select the proper hyperparameters for SPARE in the develop-
ments set that is also used to select the hyperparameters of baselines, and the details
are presented in Section 5.1.9. In the following, we apply SPARE from the 12th to the
15th and 13th to the 16th layer for Llama2-7B and Llama3-8B and from the 23rd to
25th and the 29th to 31st layers for Gemma2-9B; we analyse the performance of editing
individual layers in Section 5.1.5.
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NQSwap [372] Macnoise [255]
Llama3-8B Llama2-7B Gemma-2-9B Llama3-8B Llama2-7B Gemma-2-9B

Metric Method

Steer to Use Parametric Knowledge

Without Controlling 26634600  22.23.475 26324190 18964565  22.37u1g0 17064570
TaskVec [248] 24164655 2488055  29.85.0g;  21.2341g0 22934, 2892,
ActAdd [580] 37.87.506 31431565  27.671082  26.17.02  27.52.50;  29.75. ¢
SEAjinear [481] 21.034183  23.731086 24.434091 12844018 15.644024 28.104575
EMy,  SEAg, [481] 13.6441 6,  16.664055  23.794155 142444 1624.105  28.074; 40
Dola [111] 25.53.510 165045091  20.584105  16.52.545 15664095  19.81.55
"CAD [535] 33724050 31234545  4L117.05 2858075 30.8liges  33.15,,,
“ICL [75] 4373, 3167, ., 4310, 2954, 3123, 21914
SPARE (Ours) 47.51, 5 43.76.5., 4411, 5 3072, 4 3543,,,  35.53.,,
Steer to Use Contextual Knowledge
Without Controlling 42.69.540 41.67i465  45.96.5.5  69.36.55,  62.38.505  59.25.54,
TaskVec [248] 41.88.045 38.25.155 45524105  88.47,,,, 8691, ,,  59.25. 4
ActAdd [580] 51.91.50; 47.484303 4690459  73.0lu155  69.641050  59.661589
SEAjjnear [481] 43.61:105  47.731043 52.9541.90 69.781097  67.32408 60.31425
EM;  SEAggy [481] 57.08,09, 48.04i45 6145050 72044160 682041  61.45.030
Dola [111] 4429446  33.544354  15.90.,0; 6845, 50.95.515  23.3440s
"CAD [535] 65.651550 54.694355  63.10.53;  78.69.3g5  70.07455; 6412,
“ICL [75] 7335, 6333, 7019, 517555 47.5lig  47.24u5m
SPARE (Ours) 77694105 69.32.106  73.78.074  92.24.04 87.304105  87.96.; s

Table 5.1. Overall performance of steering the utilisation of parametric and contextual knowl-
edge, measured by EM,, and EM.. "Without Controlling" indicates the baseline that we
do not use any controlling methods to steer the generation. 'ICL is not an inference-time
controlling strategy, which controls the behaviours by changing demonstrations. "CAD needs
additional forwarding for contrastive decoding.

Overall Performance Comparison

Metrics We use Exact Match (EM) to evaluate the performance. Specifically, we
evaluate the control capability of generating contextual or parametric answers using the
following metrics:

EM. accuracy of steering the usage of contextual knowl-
edge to generate answers C.

EM,, accuracy of steering the usage of parametric knowl-
edge to generate answer M.

Experimental Results We present the main results in Table 5.1. First, we find SPARE
outperforms existing representation engineering methods TaskVec, ActAdd and SEA on
steering the usage of both contextual and parametric knowledge. This indicates that
SPARE can more accurately extract features related to knowledge selection behaviours
through the SAE and use them to steer the generation more effectively.

Second, we find SPARE outperforms contrastive decoding methods DoLa and CAD,
especially in steering the usage of parametric knowledge. Though contrastive decoding
strategies can effectively improve the use of contextual knowledge, they struggle to
steer the use of parametric knowledge. In contrast, SPARE can more effectively steer the
usage of both knowledge by adding and removing the desired and undesired functional
features, which we will further analyse in the later ablation study.

Moreover, SPARE surpasses the non-inference-time controlling method ICL. It suggests
the SPARE can both effectively and efficiently control the knowledge selection behaviours
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Figure 5.4. Detailed evaluation results of controlling capability on NQSwap. We use different
colours for different methods and use different shapes for different models. The upper-right
area indicates a high performance for all figures. (a) presents the capability of changing
the behaviour of LLMs, where x-axis and y-axis are EM._,,; and EM,;,_,., measuring the
capability of changing the answer from C to M and from M to C, respectively; (b) presents the
capability of maintaining the behaviour when steering to the same behaviour as the original
behaviour, where x-axis and y-axis are EM,,_,;; and EM._, ., measuring the maintaining
capability of generating M and C, respectively; (c) present the ablation analysis of SPARE,
x-axis and y-axis are EM,; and EM,.

of LLMs. It also suggests a promising capability of representation engineering to control
the behaviours of LLMs at inference time in practical applications.

Multi-Perspective Controlling Analysis

In the following, we analyse the controlling capability of SPARE from different perspec-
tives: 1) the capability of changing the behaviour (Fig. 5.4a), 2) the potential negative
impact of intervention (Fig. 5.4b), and 3) the ablation study (Fig. 5.4c).

Capability of Changing the Behaviours Unlike merely comparing overall performance
across the entire dataset, we further examine their capability of changing the original
knowledge selection behaviour of LLMs by the following two metrics:

EM._,;; accuracy of changing the behaviour from generating contextual answers C to
parametric answers M in the subset of instances where the model generates C
without controlling.

EM,;,_c accuracy of changing the behaviour from generating parametric answers M
to contextual answers C in the subset of instances where the model generates M
without controlling.

As shown in Fig. 5.4a, SPARE outperforms contrastive decoding methods and is
located in the upper-right area of the figure. SPARE also outperforms representation
engineering methods. It suggests that the SAE enables accurately extracting features
related to knowledge behaviour and thus more effectively changes both the original
behaviours of using contextual and parametric knowledge. We also observe that all
methods are less effective in steering toward the use of parametric knowledge than
contextual knowledge. This finding matches the previous works [554, 626, 442], which
shows LLMs prefer contextual knowledge, and thus more difficult to steer the behaviour
of using parametric knowledge.
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Impacts of Intervention A sufficient but unnecessary intervention can change the
behaviour of LLMs, but it also can introduce noise and decrease accuracy. Here, we
investigate the potential negative impact of methods by steering LLMs using the same
knowledge they will use without control. We expect LLMs to maintain their original
behaviours, measured by the following two metrics:

EM,;,_ accuracy of maintaining the behaviour of generating M when steering the use
of parametric knowledge in the subset of instances where the model generates M
without controlling.

EMc_ accuracy of maintaining the behaviour of generating C when steering the use
contextual knowledge in the subset of instances where the model generates C
without controlling.

As shown in Fig. 5.4b, as it minimally alters the original behaviour when guiding the
model to produce similar outcomes. SPARE has a close performance to ICL, indicating it
can steer the behaviour effectively while introducing a little unnecessary editing. Though
CAD maintains the most accuracy in contextual knowledge, its performance decreases
substantially in maintaining the behaviour of generating parametric knowledge. Finally,
while other representation engineering methods may alter the entire model behaviour
due to editing of polysemantic features, SPARE provides a more precise approach to
editing through the SAE activations and thus delivers better performance in maintaining
the model behaviours.

Ablation Study We present the ablation study in the following settings: 1) SPARE
input-independent: it uses z. and z,,; to steer the generation without calculating z~ and
z" based on the input activation; 2) SPARE remove only: it edits the hidden states by
only removing the functional features of the undesired behaviour; 3) SPARE add only: it
edits the hidden states by only adding the functional features of the desired behaviour.

As shown in Fig. 5.4c, we can see that every ablation results in a significant controlling
capability decrease. The input-independent editing strategy that omits the calculations
of Eq. (5.2) and Eq. (5.3) fails to steer the usage of knowledge and obtain results that
are close to the ones we obtain without controlling. The results of SPARE "remove only"
obtain a zero accuracy on both EM,; and EM_, indicating that the model cannot keep
the original behaviour and also cannot generate answers toward another behaviour.
This suggests that SPARE can effectively remove the functional features of the original
behaviour. Moreover, SPARE "add only" leads to worse performance than without
controlling, suggesting the importance of removing the features of undesired knowledge
selection behaviour.

5.1.5 Analysis and Discussion
Analysing the Layer Choice

We present the results of editing multiple layers in Table 5.1; here, we analyse the
effectiveness of SPARE by editing each layer individually. As shown in Fig. 5.5, we find
SPARE can control the behaviour of LLMs most effectively at mid-layers for both Llama3-
8B and Gemma2-9B. These layers are also where we can detect knowledge conflict most
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Figure 5.5. Effectiveness of SPARE on editing different layers individually.
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Figure 5.6. The residual stream changes after applying SPARE to Llama3-8B at the 15th layer.

accurately, as shown in Fig. 5.2 and Section 5.1.7. This supports the practical application
of inference-time intervention to control knowledge selection behaviour, where SPARE
can effectively steer the generation once we detect the conflict.

The effectiveness of steering the behaviours in middle layers also matches previ-
ous findings [248, 446, 570], that suggest that the middle layers of LLMs contain the
functional feature that drives a task. To the best of our knowledge, we are the first to
accurately extract this functional feature using pre-trained SAEs.

Analysing the Residual Stream

We analyse how the residual stream changes after applying SPARE. Here, we edit the hid-
den states from Dy, = {(Q, E¢)} at the 15th layer to steer the contextual and parametric
knowledge usage.

In Fig. 5.6a, we present the probing results on the residual stream using the same
probing model described in Section 5.1.2. We observe that when we steer towards
the usage of parametric knowledge, the probing performance decreases immediately
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Figure 5.7. The skewness patterns of the residual steam when LLMs select different sources of
knowledge to generate the answer without controlling in NQSwap.

(green line), indicating that the signal of knowledge conflict fades quickly, and the
representations of activations become closer to Dy, , thus making it more difficult for the
probing model to distinguish whether a given activation is from Dg_ or Dy . In contrast,
when we steer towards using contextual knowledge, the probing performance increases
(blue line), indicating the signal of the conflict increases, and the representations of
activations become more different from Dy , making it easier for the probing model to
distinguish whether a given activations is from Dy_or Dy, .

In Fig. 5.6b, we find the skewness of the representation from the residual stream —
measured by Kurtosis — shows distinct patterns after applying SPARE. We observe that
when we apply SPARE to steer the usage of contextual knowledge at the 15th layer, the
residual stream becomes significantly more skewed starting from later layers—the 19th
layer (blue line); in contrast, when we use parametric knowledge, the residual stream
becomes less skewed (green line). Moreover, in Fig. 5.7, we analyse the skewness pattern
when LLMs freely select knowledge to generate answers without controlling. We find the
residual stream of D, where the model uses contextual knowledge to generate answers,
is significantly more skewed than D,; from the 19th layer. Thus, the skewness pattern
changes shown in Fig. 5.6b can indicate that SPARE steers the knowledge selection
behaviours.

We provide more analysis of the representation patterns in Section 5.1.12 and [679].
In this work, we only provide our empirical observation on the representation pattern
and leave investigating the reasons in future works.

5.1.6 Related Work

Representation Engineering Many studies focus on mechanistic interpretability to
understand the LLMs by analysing the activities and connections of individual network
components, such as circuits [ 176, 435] and neurons [ 203, 393] However, though mecha-
nistic interpretability can successfully explain simple mechanisms, it often struggles with
more complex phenomena [699]. Differently, representation engineering [580, 481, 699]
offers a complementary approach. It focuses on the characteristics of representations
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rather than lower-level mechanisms, providing a framework for understanding complex
systems at a higher level of abstraction. It has shown more promise in interpreting
higher-level behaviours of LLMs at scale. Some works modify model activations to
change behaviours [496, 274, 367, 700, 339], and some works extract latent vectors
and leveraging these vectors to regulate the model’s inference [581, 555, 500].

Knowledge Conflicts Knowledge conflicts refer to discrepancies among contextual and
parametric knowledge [95, 627]. [633] identify three types of knowledge conflicts:
inter-context [667, 169, 447, 681], context-memory [372, 627, 404], and intra-memory
conflicts [268]. In this work, we focus on context-memory knowledge conflict, which
refers to conflicts between the contextual knowledge and the parametric knowledge
encoded in the model parameters. [442] and [286] investigate the mechanisms of
attention heads and feed-forward networks of LLMs when context-memory knowledge
conflict occurs.

Sparse Auto-Encoder Sparse Auto-Encoders (SAEs) have been introduced as a post-
hoc analysis tool to identify disentangled features within uncompressed representations
of an LLM [659, 74, 271]. SAEs are trained with sparsity regularisation to learn a sparse,
overcomplete basis that characterises the activation space of an LLM [50]. [383] showed
that the features learned by SAEs can identify sparse circuits in LLMs. [567] showed the
possibility of searching for monosemantic features and steering LLMs’ generation. [91]
improves steering vectors using SAEs. [234] generates description for representations
learned through SEAs. [321] finds universal representation across different language
models.

Limitations

While our proposed method, SPARE, demonstrates effective control over knowledge
selection behaviours in LLMs, there are several limitations to consider. First, the approach
relies on pre-trained SAEs to identify and manipulate functional features within the
internal activations of the model, so it may not directly apply to models where pre-trained
SAEs are unavailable or cannot be efficiently trained. Second, our experiments are
conducted on specific ODQA tasks involving context-memory knowledge conflicts. While
the results are promising in this setting, it is unclear how well the method generalises
to other types of tasks or conflicts, such as those involving complex reasoning, multi-
hop questions, or long-form generation. Finally, the control over knowledge selection
behaviours is evaluated primarily in terms of steering the model towards either contextual
or parametric knowledge. In practice, the decision about which knowledge source to
trust may not be binary or require a more elaborate approach, such as using another
model as a critic [255].

5.1.7 More Analysis of Knowledge Conflict Probing

Details of Probing Model

We train the probing model with an L; norm regularisation for all probing experiments.
The training objective is £ = —log P(y = y;) + A||W||;, where we set A to 3 x 10~* and
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Figure 5.8. Knowledge conflict probing results using Llama2-7B on NQSwap.
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Figure 5.9. Knowledge conflict probing results using Llama2-7B on Macnoise.

y; is the label. We train 20 times with different random seeds for each probing task, and
we report the average and deviation in our experiments. We split the training and test
datasets for the probing tasks, ensuring no overlapping questions between them.

More Probing Results

We present the knowledge conflict probing results of Llama2-7B on NQSwap and Mac-
noise on Fig. 5.8 and Fig. 5.9 using accuracy, AUROC and AUPRC as metrics. We provide
more analysis of probing the residual stream under knowledge conflict in our preliminary
study [679].

5.1.8 Sparse Auto-Encoders Details

Both the SAEs of Llama3-8B from ElethuerAl and Llama2-7B pre-trained by us have
a latent dimension n = 131072, 32 times larger than the number of dimensions of
the hidden state size d = 4096, and use ReLU as activation function o (Eq. (5.1)).
Gemma2-9B uses JumpReLU [491] as the activation function. GemmaScope [353]
provides different sizes of SAEs, and we use the size of n = 131072 in the experiment.

Following [ 194], we pre-train the SAEs for Llama2-7B with TopK activation functions:
z = TopK (Wy(h —b)), which only keeps the k largest latents during pre-training, while
does not use sparsity regularisation during pre-training. The loss is calculated by the
L, norm of reconstruction error: £ = ||h—h||2. We pre-train SAE models® with 10B
tokens sampled from RedPajama® and use the hyperparamters determined by [194].
The pre-training for an SAE for a certain layer of hidden states costs about 300 80G

2https://github.com/EleutherAl/sae
Shttps://huggingface.co/datasets/togethercomputer/RedPajama-Data-V2
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A100 GPU hours.*

Though it costs non-trivial resources for pre-training SAEs, we believe it is valuable
to explore using SAEs to resolve knowledge conflicts for the following reasons: 1) SAEs
are general models for interpreting the representation of LLMs, which have broader
applications beyond steering knowledge selection behaviours; 2) SAEs are becoming
popular tools for interpreting LLMs with rising numbers of open-resource frameworks and
pre-trained models released recently, so we can use the pre-trained SAEs conveniently
rather than pre-training SAEs by ourselves in the future.

5.1.9 Implementation Details
Collecting Activations

Collecting activations is an essential step in representation engineering methods [699,
481], where we will extract desired features from the collected activations and use these
features to edit the activations of LLMs. In SPARE, we first sample demonstrations from
the development set using 5 seeds. Then, we use these demonstrations to test the rest of
the questions with conflict evidence E.. Based on the predictions, we split the instance
into D, and D), and collect their corresponding hidden states, denoting as {hJC ?[:1 and
{hy, ;\’:1. Then, the corresponding layer’s SAE encodes them to {z. };\’:1 and {z), };V:l.
Here, we use j to index the collected instances and use i to index the SAE’s activation.

One strategy to highlight the values of behaviour-related activation is weighted aver-
aging {z/. }5.\]:1 and {z), }?’:1 by the confidence of generating a specific answer. Specifically,

denote the confidence of generating answers C and M conditioned on hJC and h;v[ as

A = log~P(C |h)) |
© logP(C|hl)+logP(M |h.)
,uj _ log P(M | hfw)

" logP(C | ) +logP(M | b))’

where P(- | h) is calculated by the output of LLMs. We use the normalised confidence

/= /s . .
j j : j N j AN alve
A; and uy, as weight to average {z.} j=1 and {zy,} j=1» Tespectively:
N /. . N /. .
Zc = Z)LCJZJC, and 7z, = Z,uﬂj/[z;w.
j:l j:]_

We find this strategy brings a slight improvement compared to directly average {zé }?’:1

and {z;w}?]:l.

Identifying Functional Activations

We identify the activations that steer the usage of contextual and parametric knowledge
by calculating the mutual information between activation Z; and the generated answer

“We provide our pre-trained SAEs in https://huggingface.co/yuzhaouoe/L1lama2-7b-SAE/tree/
main


https://huggingface.co/yuzhaouoe/Llama2-7b-SAE/tree/main
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Y={C,M}:

P(z;,y)
= E E 1
I(ZUY) Zlez! ye{c M}P(Zl’y) Og P( )P(y)

Since a higher I(Z;;Y)" indicates a higher dependency between Z; and the knowledge
selection behaviour, we sorted {I(Z;; YY)} in descending order, and consider the top k
activation work as functional activations. To decide the number of selected activations
k, we introduce a hyperparameter K. We then choose k such that:

k

I(Z:;Y
kzargminzn(# >K, (5.5)
S WP (¢330

which means selecting the top k SAE activations with the proportion K% in the sum
of all mutual information Z?Zl I(Z;;Y). One potential improvement is normalising
mutual information based on entropy, which has shown better properties for comparing
the importance of features. We determine the top activations in each layer individually
rather than ranking all mutual information across layers.

The proportion K abstracts the exact number of activations to select. We expect the
same types of SAFEs, e.g., pre-trained by TopK [194] or JumpReLU [491], can share similar
values of K for controlling. We present the relation between k and K in Section 5.1.11. We
also present the selected Gemma2-9B SAEs activations used by SPARE in Section 5.1.10.

Impact of the Size of the Collected Activations

We collect the hidden states {h 1 and {h }N to calculate the value of functional

activations z. and z,;, and we also use {zC W =1 and {zM} to estimate the mutual
information. Here, we analyse the impact of N on the controlhng performance.

As shown in Fig. 5.10a, the performance increases when we use 8 examples to 128
for calculating the mutual information, while collecting more activations brings slight
improvement. In Fig. 5.10b, the performance does not increase until using 64 examples
to calculate z. and z,;. The above analysis indicates that SPARE needs at least 128
activations to achieve a high controlling capability.

Development Set and Demonstrations

We held out a demonstration set consisting of 128 instances from each dataset for
each model. Each question in the demonstration set can be answered correctly by the
corresponding model without providing evidence; more specifically, we test it with the
close-book setting with few-shot examples to align the answer format. We use the non-
conflict context E;; and memorised answer M in demonstrations. Since the contextual
and parametric knowledge are consistent in the demonstration set, they do not provide
information about how to resolve the knowledge conflict for the test examples when
presented with conflict evidence E.. We sample 5 different sets of demonstrations

>We estimate mutual information between continuous variables Z; and discrete labels Y us-
ing https://scikit-learn.org/1.5/modules/generated/sklearn.feature_selection.mutual_info_
classif.html
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Figure 5.10. The impact of the number of the collected hidden states N on the controlling
performance.

using 5 different seeds and present the average results with deviations. All methods we
compared use the same sets of demonstrations for each model.

The held-out demonstration set is also used as the development set to search hyper-
parameters for each model in each dataset. We sample a set of demonstrations to align
the answer format and use the rest of the instances to evaluate the performance.

Implementation Details of Representation Engineering Baselines

For all representation engineering baselines TaskVec [248], ActAdd [580] and SEA [481],
we experimented with performing the intervention at different layers and reported the
best performance in each case. We present the implementation details as follows.

TaskVec [248]: We first collect the task vectors using a few-shot setup where the
few-shot examples contain the conflict evidence E. along with the memorised answer
M. We then follow the procedure illustrated in the original paper and extract the Task
Vectors as the hidden representation of the last token (: in our case) at all layers. More
specifically, we use the hidden representation of samples that generate answers following
the context to create E, while we use those that follow the parametric knowledge and
ignore the context to create hy,. At inference time, we replace the residual stream
at layer L with E or E to steer the model to follow the context or the parametric
knowledge, respectively.

ActAdd [580]: We collect the activations for ActAdd following the same procedure. For
the inference-time intervention, we edit the residual stream by adding E and subtracting
h,, to steer the model towards context knowledge, while we perform the opposite to
steer the model towards parametric knowledge.



148 5. Interpretable Al Systems

SEA [481]: SEA adopts a different strategy and uses positive, negative and neutral
model generations to compute steering vectors. We consider as neutral the generations
that result from a few-shot setup where the demonstrations contain the memorised
evidence Ej; and memorised answer M, irrespective of the generated output. We then
collect activations E and E following the same procedure illustrated above and use the
method described in [481] to compute the steering vectors, assuming h;,; and h encode
the positive (follow parametric knowledge) and negative (follow context knowledge)
behaviours respectively.

Searching Hyperparameters

We search hyperparameters of all methods using the same set of development sets.
We choose hyperparameters based on the EM_,;, and EM,,_,, which measure the
capability of changing the behaviours of LLMs.

DoLa [111]: We search the best coefficient a that is used to compare premature and
mature logits, evaluating with the "higher-layer" and "lower-layer" settings:

log P(y) = 10g Parure(y) — alog Ppremature()’)-

We test the a ranging from —10 to 10 with an interval of 0.5. Finally, we set a = 6.0 and
a = —8.0 to steer the model to use contextual and parametric knowledge for Llama2-7B
and Llama3-8B; set « = 1.0 and a = —1.0 for Gemma2-9B. However, based on our
experiments, though DoLa has a certain ability to change the behaviours of Gemma2-9B,
we do not find a suitable a on both "high-layer" and "low-layer" choices for improving
GemmaZ2-9B on the overall performance measured by EM,, and EM.

CAD [535]: We search the best coefficient a that is used to combine the logits with
context and the logits without the context:

logP(y)=(1+a)logP(y|c,x)—alogP(y | x).

We test the a ranging from —1.5 to 1.5 with an interval of 0.1. Finally, we set a = 0.6 and
a = —0.8 to steer the model to use contextual and parametric knowledge for Llama2-7B
and Llama3-8B; set @ = 0.3 and a = —0.3 for Gemma-2-9B.

SPARE (Ours): Since no previous work used SAEs to control the knowledge selection
behaviour of LLMs, we need first to identify suitable magnitudes of the hyperparameters
and then search them in a smaller range in the development set. We fix the a =1
in Eq. (5.4) and test the proportion K to select the activations ranging from 0.1 to 0.01
with an interval of 0.01. Then, we choose K = 0.07 and test a ranging from 1.0 to 3.0
with an interval of 0.2. Finally, we select K = 0.07 and a = 2 for Llama3-8B, K = 0.06
and a = 2.2 for Llama2-7B. In our main experiments, SPARE edits the 13th to the 16th
layers of Llama3-8B and the 12th to the 15th layers of Llama2-7B. We do not try other
choices because there is no public SAE for Llama2-7B.

Due to the Gemma2-7B’s SAEs [353, 491] using different training strategies and
activation functions, they show a much more sparse pattern and have different suitable
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hyperparameters. Here, we select K = 0.01 and a = 3 to steer contextual knowledge,
and K = 0.01 and a = 1.8 to steer parametric knowledge. In our main experiments,
SPARE edits 23, 24, 25, 29, 30 and 31 layers of Gemma2-9B.

We also present the selected top k activations in Section 5.1.10 for further analysis.

5.1.10 Selected SAEs Activations of Gemma2-9B

In Table 5.2, we present the selected SAE activations used by SPARE for steering the
knowledge selection behaviour. We can further interpret them in GemmaScope® [353].

®https://www.neuronpedia.org/gemma-scope
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Figure 5.12. Proportion of accumulated mutual Information (K) on Llama2-7B

5.1.11 Distribution of Mutual Information

In Section 5.1.9, we mentioned that we use the proportion mutual information (K)
to determine how many activations of the SAE (k) to select. Figs. 5.11 to 5.13 shows
the layer-wise accumulated mutual information (x-axis) for the number of selected
activations (y-axis) across different models (Gemma2-9B, Llama2-7B, Llama3-8B). In all
three models, we observed that the graph is skewed when k (y-axis) is small, indicating
that some SAE activations have relatively high mutual information. While there were
some differences in this tendency between models (particularly pronounced in Gemma2-
9B), we found only a little variation across selected layers within the same model. This
analysis corresponds to the K values (from 0.01 for Gemma2-9B to 0.07 for Llama3-8B)
that we identified through hyperparameter search in Section 5.1.9.

5.1.12 Distribution Patterns of the Residual Stream Under Knowledge
Conflict

In this section, we provide further analysis of the representation patterns when knowl-
edge conflicts in addition to Fig. 5.6b. Here, we focus on analysing the distribution
patterns of different knowledge selection behaviours. More specifically, we compare the
representation difference between the activation from D and D,;, which are both under
knowledge conflict but select contextual and parametric knowledge to generate the
answer C and M. In Section 5.1.12, we analyse the skewness patterns; in Section 5.1.12,
we analyse the 1.1 norm and 1.2 norm patterns since previous work [159] also show
the norm value may be related to the contextual information usage. We provide more
residual stream analysis in our preliminary study [679].



5.1 Spare: SAE-based representation engineering for solving knowledge conflicts 151

2500 2500 2500

on

2000 < 2000 5 2000

ati

> 2
1500 G s 8 1500

1000

Number of Acti
g
ber
g

Number of Activati

g

500

°

0000 0025 0050 0075 0100 0125 0150 0175 0000 0025 0050 0075 0100 0125 0150 0.175 0.00
Proportion ation Proportion of

0.05 0.10 015 0.20
of Accumulated Mutual Inform f Accumulated Mutual Information Proportion of Accumulated Mutual Information

(a) Layer 13 (b) Layer 14 (c) Layer 15

Figure 5.13. Proportion of accumulated mutual Information (K) on Llama3-8B

1000 sroup 0.48 group
Dy 047 Dy
800
2] — D¢ —
8 c 0 D¢
Q 600 =}
-~ -
] 00.4)
3
N 100 0.44
200 0.43
0 0.42
0 5 10 15 2 2 30 0 5 10 15 2 25 30 0 5 10 15 20 2 30
Layer Layer Layer

Figure 5.14. Skewness of the hidden states of Llama2-7B on NQSwap.

Skewness of Residual Stream

In addition to Kurtosis, we used in Fig. 5.6b, we also measure the skewness by Hoyer and
Gini index. We present the skewness patterns of hidden states in Fig. 5.14 and Fig. 5.15.
We find the residual stream exhibits a significant skewed pattern when selecting the
contextual knowledge to generate the answer. This observation supports the effectiveness
of SPARE, where the residual steam becomes skewed when SPARE steers the model to
generate contextual knowledge as shown in Fig. 5.6b.

We also analyse the skewness pattern of MLP activations and Self-Attention acti-
vations in Fig. 5.16 and Fig. 5.17. However, we do not observe a distinct distribution
difference like hidden states.

L1 Norm and L2 Norm Pattern

As we observe the distinct skewness pattern in hidden states, we further analyse their
L1 norm and L2 norm patterns in Fig. 5.18 and Fig. 5.19 However, we do not observe
the distinct norm differences between D, and D,,, though they have a significantly
different skewness pattern.

5.1.13 Conclusion

We investigated the context-memory knowledge conflicts in LLMs. We identify that
knowledge conflicts can be detected by probing the residual stream of the model (Sec-
tion 5.1.2) and propose SPARE (Section 5.1.3), a training-free representation engineering
method that leverages pre-trained SAEs to effectively and efficiently control the knowl-
edge selection behaviour of LLMs at inference time. Our experimental results on ODQA
tasks show that SPARE produces more accurate results than existing representation engi-
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Figure 5.16. Skewness of the MLP activation of Llama2-7B on NQSwap.

neering and contrastive decoding methods (Section 5.1.4). By providing a mechanism
to steer knowledge selection behaviours at inference time, SPARE offers a promising
approach to managing knowledge conflicts in LLMs without significant computational
overhead. Additionally, we investigate the residual stream of LLMs under knowledge
conflicts (Section 5.1.5). We find that 1) the knowledge selection behaviour is more
steerable at the middle layers of LLMs; 2) the residual stream shows a significantly more
skewed representation when models using contextual knowledge compared to using
parametric knowledge.
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Table 5.2. Selected Gemma2-9B SAEs activations with K = 0.01 (Eq. (5.5)). "Use Parametric
Knowledge" means these activations are positively correlated with the behaviour of selecting
parametric knowledge, determined according to our method described in Section 5.1.3.
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5.2 Interpretable Mixture of Experts Graph Transformer for
Particle Collision Detection

The Large Hadron Collider (LHC) at CERN offers an exceptional setting for investigating
the fundamental constituents of matter. Experiments like ATLAS [26], generate exten-
sive data streams from high-energy particle collisions, enabling the study of particle
interactions across a wide energy spectrum. While this data is invaluable for advancing
particle physics, the sheer scale and complexity of the information present significant
analytical challenges [60]. For instance, ATLAS event reconstruction processes data
at rates exceeding 3.5 terabytes per second [30], requiring advanced computational
techniques to extract meaningful insights.

In this work, we leverage simulated LHC data as a controlled benchmark to address
a key challenge in modern high-energy physics (HEP): the development of interpretable
machine-learning models. Simulated data, where the underlying physics is fully known,
provides an ideal environment to evaluate the trustworthiness of machine-learning
methods by verifying whether their outputs align with established physical principles.
Machine learning (ML) and deep learning techniques have demonstrated strong po-
tential in tackling HEP challenges [229], including particle identification [27], event
reconstruction [546], and background subtraction [120]. Nevertheless, these methods
often operate as "black boxes", making it difficult to interpret their decision-making
processes. This lack of transparency is a critical limitation, particularly in fields like HEB
where explainability is essential for establishing confidence in novel discoveries.

From a performance point of view, Graph Neural Networks (GNNs) have emerged
as promising tools for analyzing complex datasets like those produced by the LHC. By
representing particles and their interactions as nodes and edges in a graph [568], GNNs
can model intricate relationships that other methods might overlook. While GNNs have
demonstrated state-of-the-art performance in classification tasks, their value extends
beyond predictive accuracy. A major focus of this work is on developing GNN-based
models that inherently provide insights into their internal decision-making processes,
ensuring that their predictions align with physical intuition. The terms explainability
and interpretability are often used interchangeably in the literature, although some
works attempt to distinguish between them. However, there is currently no universally
accepted consensus within the Explainable Artificial Intelligence (XAI) community on
how to clearly differentiate these concepts [42] [206] [230] [410]. Given this ongoing
debate and lack of standardization, in this work we adopt the term explainability to refer
broadly to the overall process of making Al systems more understandable to humans.

Despite advances in these areas, GNNs often remain "black box" models. To address
this issue, various post-hoc explainability methods have been introduced for graph neural
networks [472], such as PGExplainer[374] and GNNExplainer [654], alongside data
attribution techniques [588]. These approaches aim to provide insight into how GNNs
make their predictions by identifying important input features or graph substructures.
Nonetheless, while these methods offer some understanding, they still fall short of
providing a comprehensive understanding of the model’s internal workings [205, 4].

Our work addresses these limitations by proposing a novel model that integrates
explainability directly into its architecture. Specifically, we build upon the Graph Trans-
former (GT) model [172]. This architecture offers the possibility of visualizing attention
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maps, enabling us to illustrate how the model identifies relationships within graph
structures. By examining these attention maps, we can verify whether the model focuses
on graph regions consistent with known physics. To further enhance explainability,
we replace the standard feed-forward layer of the Transformer with a Mixture of Ex-
perts (MoE) layer [528]. This design enables the model to distribute its outputs across
specialized "experts," each targeting distinct data subsets, thereby providing a clearer
understanding of how individual components contribute to the final decision. This
enhanced transparency allows us to trace the model’s reasoning pathways and verify
their alignment with physical principles. We test our approach on Monte Carlo-simulated
collision events, targeting hypothetical particles predicted by Supersymmetry (SUSY).
These datasets include both rare SUSY signal events and dominant Standard Model (SM)
backgrounds, following established ATLAS methodologies [29]. The classification task,
distinguishing rare signal from high-rate background, mirrors the challenges typical in
HEP Our focus is not solely on achieving high performance but on validating the explain-
ability of the model. By leveraging this controlled dataset, we demonstrate how our
method identifies critical features and regions of the graph that align with the expected
physics, fostering trust in the model’s predictions. In this work, we emphasize that the
explainability of machine-learning models is as crucial as their accuracy, particularly
when exploring the potential for new physics. Our approach illustrates how explainable
GNN-based methods can provide high predictive accuracy, reinforcing the connection
between computational predictions and physical intuition. This focus on explainability
ensures that our methodology is not only a powerful analytical tool but also a reliable
framework for future discoveries in particle physics.

5.2.1 Related Work
Graph Neural Networks and Graph Transformers

GNN s are a specialized class of neural networks designed to process and analyze graph-
structured data, with their key strength lying in their ability to learn representations that
capture complex relationships among nodes in a graph. GNNs are extremely versatile and
can be adapted to various graph-related tasks, including node and graph classification,
regression, edge prediction, graph generation, and node clustering. They have found
wide-ranging applications in particle physics [568], [536] and HEB especially in particle
tracking and reconstruction [170, 288]. The physics tasks at the LHC experiments
have provided many potential applications where graph neural networks have been
successfully applied [160]. Building upon the foundation of GNNs, GTs have recently
emerged as a powerful graph learning method. GTs draw inspiration from the success
of Transformers in natural language processing (NLP) [583] and computer vision (CV)
[168]. GTs excel at handling dynamic and heterogeneous graphs, utilizing both node
and edge features [172]. Various adaptations and expansions of GTs have demonstrated
their superiority in addressing multiple challenges in graph learning, such as processing
large-scale graphs [619]. In addition to these advancements, explainability methods
for attention mechanisms have provided valuable insights into the inner workings of
self-attention models, further enhancing their explainability [117].
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Mixture of Experts

The Mixture of Experts (MoE, [528]) architecture offers a modular approach to scaling
neural networks size. As models increase in size and complexity, they require substantial
computational resources. MoE addresses this challenge by introducing expert specializa-
tion, where multiple subnetworks, or "experts", are trained to handle different regions of
the input space. Instead of using a single, large model for all inputs, MoE incorporates a
gating mechanism that dynamically assigns each input to a subset of experts, selecting
the most relevant ones based on learned patterns [528]. This mechanism allows for
task-specific specialization, allowing each expert to focus on different aspects of input
data [173]. As a result, the architecture can scale more efficiently, allowing for higher
model capacity without the need for proportionally increased computation for every
input. By activating only a small number of experts at a time, MoE provides a computa-
tionally efficient solution for handling large and complex models [330]. Moreover, recent
advancements in explainability for MoE architectures, such as analyzing expert utiliza-
tion and routing behavior, have deepened our understanding of their decision-making
processes and modality-specific specializations[418].

Explainability for High Energy Physics

Several explainability methods have been applied to HEP tasks, illustrating their utility
across different domains. Models like XGBoost [101] and Deep Neural Networks (DNNs)
have been interpreted using SHapley Additive exPlanations (SHAP) [373]. SHAP studies
have proven effective to understand how signal events, characterised by the presence of
a Higgs boson candidate, are distinguished from background noise through physically
relevant kinematic variables [461]. Layerwise Relevance Propagation (LRP)[323] has
been used to enhance the explainability of DNNs for classifying boosted Z boson jets [5].
Through LRP-based heatmaps, the method highlighted relevant detector regions. The
application of LRP has also been extended to GNNs in the particle-flow reconstruction
task [409]. By distributing relevance scores, the study quantified the importance of input
features such as charge and energy, as well as the connections within graph structures.
Additionally, data attribution techniques like TracIn[474] have been employed to identify
impactful training data in the ATLAS datasets considered in our paper [29] This approach
improved both model efficiency and explainability by refining training datasets and
revealing influential patterns [ 588]. However, these methods often exhibit brittleness and
lack reliability in challenging real-world scenarios. For instance, studies have shown that
many post hoc explainability techniques fail fundamental sanity checks, raising concerns
about their validity and robustness [4]. Other research has highlighted the fragility of
interpretations, particularly when faced with slight changes in input or model parameters
[205]. Attribution-based methods, in particular, have been criticized for being overly
sensitive to model biases, making their insights less reliable in practical applications
[688]. To address these challenges, we propose intrinsic techniques that integrate
explainability directly into the model architecture and learning process, enabling the
analysis of the model’s internal decision-making mechanisms for complex HEP tasks
without relying on post-hoc explanations.
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5.2.2 Experimental setup
Dataset

The SUSY dataset, derived from the ATLAS publication [29] and available in the CERN
open data repository (https://opendata.cern.ch/record/28100), contains Monte Carlo
simulated collision events for a set of signal models (Signal) and SM backgrounds —
where the two major sources are hereby considered (Background). Details on the two
types of events are given below:

» Signal: Collision signal events are depicted in Fig. 5.20a. Two parent particles
(named chargino, )Zli, and next-to-lightest neutralino, )ZS) are produced at the
collision point and promptly decay into a W and Higgs boson, respectively, and
the dark matter candidate (the lightest-neutralino, )Zf). The W boson decay
immediately in a lepton (I) and a neutrino (v), and the Higgs boson in a pair of
b-quarks.

* Background: SM background events represent the processes of pair production
of two top quarks (tt) and the production of a top quark and a W boson (Wt or
single top). Other sources of SM backgrounds considered in the ATLAS paper are
not considered here as potentially more distinguishable from signal and anyway
contributing for less than 20% of the total background. Both top-quark processes
mimic the signal as they result in similar final particles.

Signal models are parametrised as a function of two variables, the mass of the SUSY
parent particles (equal, according to the model) and the mass of the dark matter particle.
The mass value ranges between 125 GeV (the value of the Higgs mass) and 1000 GeV
for the former, and 0 and 400 GeV for the latter, although the highest statistics models
are in the region where the mass splitting between parent and dark matter particles is
close to the Higgs mass, as directly targeted by the ATLAS paper. The kinematic of the
signal events depends on the choices of masses, and each choice represents a different
model. If SUSY were realised in nature, only one choice of mass parameters would

(b)

Figure 5.20. (a) Diagram of the SUSY signal process, showing chargino and neutralino decaying
into W and Higgs bosons, with leptons, neutrinos, and b-quarks in the final state. (b)
Schematic representation of a particle collision event modeled as a fully connected graph.
Nodes represent reconstructed particles and objects: jets (j1, j2, j3), b-tagged jets (b1, b2),
lepton (1), and missing transverse energy (E). The diamond shape for E indicates that it is
not a directly reconstructed particle but an inferred quantity.
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be the correct one. Since this is unknown a priori, all models are mixed together with
equivalent probability.

The main task involves detecting the rare signals amidst a large background of SM
processes. In real data, signal events are expected to be well below 0.1% of the total
background, even after dedicated selections are imposed. To distinguish these events,
we rely on kinematic features that offer significant discriminative power. We represent
each collision event as a fully connected graph G with 6-7 nodes (IN), where each node
represents a particle and contains up to 6 kinematic features. Mathematically, each
event is encoded as a feature matrix X € RV*®, where rows correspond to particles and
columns to their features. The scheme for particle collisions and their corresponding
features are depicted in the graph in Fig. 5.20b and, in detail, in Table 5.3. With
reference to the Table, each row represents a distinct particle that was reconstructed in
the detector. The first rows correspond to the jets (j1, j2, j3), where jets are produced
by the hadronisation process of quarks. The b1 and b2 represent the jets originated
from the b-quarks present in signal and background events, and are a subset of the
generic jets. For events with 6 nodes, j1 and j2 are equivalent to b1 and b2. Events with
7 nodes are those with an extra jet, not depicted in Fig. 5.20a. This categorization is
made as the presence of a third jet is expected to offer additional discriminative power.
The lepton row, [, refers to either a muon or an electron, depending on the particle
identified. Finally, the energy row (E) represents the so-called "missing" energy, used as a
proxy for particles invisible to the detector such as neutrinos and dark matter candidates.
The dataset columns describe various physical properties of the particles. Feature 1,
pr, represents the transverse momentum magnitude for particles, while for the energy
row, it is the E%’“ss quantity (called missing transverse energy). Features 2 and 3 are
the pseudorapidity (7, related to the angle of a particle relative to the beam axis 6 in
collision events) and the azimuthal angle (¢) of jet and lepton objects, respectively. Only
the azimuthal angle of ETIYHSS can be defined due to the unknown longitudinal momentum
in head-on collisions at the LHC. Feature 4 is referred to as "quantile" and quantifies the
likelihood for a jet to be identified as originating from a b-quark or not according to the
ATLAS b-tagging identification procedure. Feature 5, bIm and b2m, denote the mass
of the b-jets calculated from jet component four-vectors. The final column is o 1o
which is implemented as a feature of the missing transverse energy quantity and directly
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Figure 5.21. Distributions of (a) py of lepton and (b) for the E¥ iss comparing signal and the
two main background processes.
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related to its resolution [29]. In Fig. 5.21 (a) and (b), key features are shown for signal
and the two kind of background events considered here, normalised to the unit area.
Top-pair and single-top backgrounds are added together as kinematically similar. All
signal models are mixed together, with models defined by (low) high mass particles
contributing mostly to the bulk (tails) of the distributions.

Table 5.3. Kinematic properties of particles.

Particle F1 F2 F3 F4 F5 F6
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. j2
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Mixture of Experts Graph Transformer

Given a graph G, representing a collision event as explained in Section 5.2.2, our task is
to predict a label y such that y = f(G). Specifically, the label y encodes the class of the
collision event that we aim to predict — Signal or Background — using a neural network
model f. To ensure that the predictions are as interpretable as possible, we design the
model f with intrinsic explainability in mind and model it as a GT architecture [172]
enhanced with a MoE. The GT processes graph-structured data using self-attention and
feed-forward networks, while the MoE enables parameter subsets to specialize in distinct
data aspects. This architecture ensures intrinsic explainability by using attention to
quantify node relationships. Figure 5.23 illustrates the model, highlighting attention
maps and the MoE’s role in capturing dependencies and specialization.

We test our proposed model on the Monte Carlo simulated collisions events for
signal and SM background events described above. In this setup, each graph event G
is characterized by a feature matrix X € RV*®, where N is the number of nodes in the
graph and each row vector x; represents a node embedding with its features. The GT
updates nodes representations using a sequence of layers consisting in a self-attention
mechanism followed by a feed-forward block. After the initial addition of Laplacian
positional encodings [44][356], [544], for each node x;, the attention mechanism
computes a weighted sum of value vectors V, where the weights are determined by
scaled dot-product attention [172]. Let Q, K,V denote the query, key, and value matrices
derived from the input X via learned linear projections W, Wy, Wy,. The attention for
X; is:

K"
Attention(x;) = softmax( \l/d—) 1% (5.6)
k
where q; = x;W,, is the query vector for x;, K = XWj is the matrix of key vectors,
V = XWy is the matrix of value vectors, and d; is the dimensionality of the key vectors
Nl
used for scaling. We refer to softmax(&) as "attention weights", as they serve to

V&
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encode the relationships between nodes, effectively quantifying their interactions and
dependencies. This view offers an interpretable framework for understanding how the
model processes information and makes decisions, which we describe more in detail in
Section 5.2.4. The GT employs multi-head attention, extending the attention mechanism
by employing H independent attention heads, each with its own set of projections
Wé‘, WI?, Wé‘ forh=1,...,H. The outputs of these heads are concatenated and linearly
projected back to the original dimensionality. For x;, the multi-head attention is:

RO
MultiHead(x;) = Concat(head,, ..., heady)W,, with head; = softmax( :

5.7)
where q? =x;,Wh K'=X WI?, and Vi =X W‘}}. The output projection W, combines the
H heads into a single representation. After updating the node representations according
to Eq. (5.7), the node embeddings are passed through a feed-forward network (FFN),
consisting in a sequence (usually two) learnable linear projections with an intermediate

nonlinearity:
x; = Wa(ReLU(W, (x;) + 1)) + B2 (5.8)

where x; represents a generic node embedding, Wy, 3;, W,, b, represent learnable
weights and biases, and ReLU is a nonlinear activation function.

In order to enhance explainability, we also replace the original FFN with a MoE
block, as described next. The MoE architecture consists of n expert networks, denoted
as Eq,...,E,, and a routing network r. Each expert is a neural network defined as in
Eq. (5.8) with its own parameters. The routing network r determines a set of weights
for the expert outputs based on the updated node representation, thus assigning each
node of the graph to one or more expert networks. The output y of the MoE block is
computed as a weighted combination of the expert outputs:

Y= Z r(x);E;(x).

i=1

The MoE enhances explainability by allowing us to identify which experts contribute most
to the prediction for a given node, providing insights into the model’s decision-making
process. Additionally, the MoE optimizes computational efficiency by leveraging the
sparsity of the gating network’s output. When r(x); = 0, we bypass the computation
of E;(x), thus saving computational resources. We follow (Shazeer et al, 2017)[528]
for the design of the routing network, and implement noisy top-K gating with a load
balancing loss to prevent imbalanced routing choices that would lead to the training of
a small subset of experts, a well-known issue for MoE models. Details about the routing
are given in S1 of Supplementary Materials. The overall architecture is further depicted
in Fig. 5.22 and includes the GT stack and the classification head tailored to the task.

5.2.3 Results

We conducted experiments to evaluate the performance of four architectures—Graph
Convolutional Network (GCN), MLE GT, and our model described in Section 5.2.2,
the Mixture of Experts Graph Transformer (MGT)—on the SUSY dataset. The GCN
architecture, uses two convolutional layers with hidden channels of size 80 and 40,

Vi

v
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Figure 5.22. Detailed illustration of the proposed architecture incorporating multi-head attention
with an MoE block. The model begins with Laplacian positional encoding for the input
features, followed by multi-head attention and normalization. This structure is repeated
across L layers. The MoE block, driven by a gating network, assigns inputs dynamically
to specialized expert networks. A classification head processes the final representation to
produce predictions.

respectively. It employs global mean pooling for aggregation and concludes with a linear
layer to output the class predictions. The GCN results show promising differentiation
between signal and background, aligning with key kinematic features of the dataset,
with detailed analysis, including feature importance and event correlations, provided
in S4 of Supplementary Materials. The MLP model also consists of two hidden layers,
with dimensions 80 and 40, respectively, and takes the input graph as a flattened vector.
The GT architecture is composed of two layers, each with 2 attention heads, Laplacian
positional embeddings of size 4 and a hidden size of 80. The MGT model builds upon the
GT architecture with a hidden size of 80, 2 attention heads, 6 expert networks each with
an expert size of 20, and 2 layers. It also employs a gating mechanism with a weight
load factor of 1 for expert selection.

The experiments were conducted using ten runs, with a different random seed for
each run, to ensure robust evaluation of model performance. The results, quantified
in terms of accuracy, precision, recall, F1-score, and AUC are reported in Table 5.4.
The MoE architecture outperforms the other models, achieving superior accuracy and
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overall performance metrics. This highlights the effectiveness of MoE in leveraging
expert networks for enhanced predictive capabilities. Further analysis on training is
provided in S3 of the Supplementary Materials.

Table 5.4. Performance comparison of different architectures (MLBE GCN, GT, and MGT) on the
SUSY dataset. Results are reported as the mean =+ standard deviation over ten runs with
different random seeds. Metrics include Accuracy, Precision, Recall, F1 score, and AUC.

Model Accuracy Precision Recall F1 AUC

GCN 0.750 £ 0.0022 0.779 + 0.2549 0.700 £ 0.0427 0.736 £0.0131 0.832 £ 0.0134
MLP 0.829 + 0.0015 0.826 % 0.0054 0.835 = 0.0101 0.830 £+ 0.0027 0.913 £ 0.0017
GT 0.849 + 0.0059 0.850 + 0.0062 0.849 + 0.0059 0.849 + 0.0060 0.928 + 0.0057

MGT mO0.852 £ m0.0005 mO0.851 £ m0.0008 mO0.849 £ m0.0016 m0.854 + m0.0004 m0.929 + m0.0039

5.2.4 Discussion
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Figure 5.23. Overview of the proposed Transformer-based model architecture: the image
illustrates an example of the model, which takes as input a graph. The graph is processed by
the model, comprising various blocks: Att, which is the Multi-Head Attention block, and MoE
blocks. The visualization includes attention maps derived from the Multi-Head Attention
mechanism and the activation patterns of the experts for a single collision event example.

The attention mechanisms and expert specialization in the MoE model provide
valuable insights into its explainability and performance. This section discusses the
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detailed behavior of attention scores and the unique specialization patterns exhibited by
expert networks. The overall architecture of the proposed Transformer-based model is
illustrated in Figure 5.23, providing a detailed view of how the graph input is processed
through the MoE blocks.

Analysis of the Attention Heads

Attention scores provide significant insights into the model’s internal mechanisms by
refining node and feature representations while capturing relationships and dependencies
within the graph. In this process, attention acts as a guiding mechanism, directing how
information is aggregated and propagated through the network. In an attention map,
the attention weights are organized such that each row corresponds to a query (i.e.,
the element doing the attending), and each column corresponds to a key (i.e., the
element being attended to). To interpret the model, we conduct a detailed analysis of
the attention scores by examining multiple subsets of the dataset, including the training
set, test set, as well as correctly classified signal events (true positives) and correctly
classified background events (true negatives). For each of these groups, we compute the
attention matrix for each head, averaging the values across the data to uncover global
trends in attention behavior. The images shown in the following (Fig. 5.24, Fig. 5.25,
Fig. 5.26) are divided into two columns, with 6-node graphs on the left and 7-node
graphs on the right. Each row represents the attention given by a specific node to all
other nodes in the graph. Attention scores above the 85th percentile, computed across
all layers and heads, are visualised to highlight the most significant interactions while
reducing noise. By visualizing the attention maps, we can diagnose how attention guides
the formation of feature representations, shedding light on the underlying mechanisms of
the model. Fig. 5.24 shows the resulting image for the test set. Attention in the first layer
displays higher magnitudes and broader distributions, capturing diverse relationships
within the graph. In contrast, the second layer shows reduced magnitudes, indicating
a refinement of features. This hierarchical approach reflects the model’s process of
first aggregating general dependencies and then fine-tuning these into task-relevant
representations. The attention focus in head 2 is dominated by core features of b1, b2,
whereas in head 1 the energy, lepton plays a more central role, with b1, b2 remaining of
secondary relevance. This behaviour is consistently observed across both graph types.
This is in excellent agreement with the physics expectations: the origin of the b1,b2 is a
Higgs boson in signal that is not present in background, and as such is clearly distinctive;
the missing transverse energy, in particular when related to the lepton object, is expected
to be the next distinctive feature because it originates from the dark matter particles
and the neutrino in signal, and only from the neutrino in background, with lepton and
neutrino originating from the decay of the W boson (both in signal and background).
The above considerations are even better depicted when considering correctly clas-
sified signals (Fig. 5.25), where attention strongly concentrates on b1, b2, and energy
nodes, highlighting their importance in distinguishing signal events. In contrast, for
correctly classified backgrounds (Fig. 5.26), attention is more evenly distributed across
nodes, reflecting the broader and less distinctive feature patterns typical of background
events. Finally, we note how the additional jet node in 7-node graphs receives some
attention in the second layer for signal events, indicating a refinement of features based
on its correlation with the other jets in the event. More specifically, the attention score
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of j3 in 7-node graphs can be explained by the fact that the feature 7 is expected to have
some distinctive power, being in average lower for background and larger for signal.
The quantile of such extra jet is also an additional distinctive feature.
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Figure 5.24. Attention maps for test set.Each image shows the averaged attention scores for a
specific attention head. The color scale ranges from white (low attention) to dark blue (high
attention), visualizing only attention scores above the 85th percentile (computed across all
layers and heads) to highlight the most significant interactions. The left column displays
maps for 6-node graphs; the right column for 7-node graphs.
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Figure 5.25. Attention maps for correclty classified signals (true positives). Each image shows
the averaged attention scores for a specific attention head. The color scale ranges from
white (low attention) to dark blue (high attention), visualizing only attention scores above
the 85th percentile (computed across all layers and heads) to highlight the most significant
interactions. The left column displays maps for 6-node graphs; the right column for 7-node
graphs.
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Figure 5.26. Attention maps for correctly classified backgrounds (true negatives). Each image
shows the averaged attention scores for a specific attention head. The color scale ranges from
white (low attention) to dark blue (high attention), visualizing only attention scores above
the 85th percentile (computed across all layers and heads) to highlight the most significant
interactions. The left column displays maps for 6-node graphs; the right column for 7-node
graphs.

Analysis of Experts Specialization

Unlike traditional neural network approaches that rely on a single monolithic network,
MoE introduces a dynamic mechanism which can be helpful in processing and inter-
preting complex data. The key motivation behind employing MoE in our GT model is
to understand how different expert networks specialize in processing distinct aspects
of the interaction graph. We test node specialization which specifies how the model
processes inputs by dividing the workload among its components. Each specialized
expert becomes highly tuned to a certain type of input (in our case the type of node),
allowing it to extract and represent the most relevant information from that subset.
Using the same dataset of signal and background events, the specialization patterns
of the MoE block for layers 1 and 2 is studied. Fig. 5.27) highlights the distinct ways
the model processes the features of different nodes. The MoE block of layer 1 appears
to focus on extracting fundamental distinctions between node types, with strong spe-
cialization and minimal overlap between experts. The MoE block of layer 2, on the
other hand, shows slightly more overlap among experts, suggesting that it operates at
a higher level of abstraction, combining features and resolving correlations between
particle types to refine the classification. In Tables 5.5 and 5.6, we present a summary
of the specializations of the various experts, highlighting the nodes where the experts
exhibit the highest activation. In more detail, for the MoE block of layer 1, Experts 2
and 4 focus on lepton and energy nodes, which are the quantities closely tied to the W
boson. As highlighted before, in background events, the missing energy arises solely
from the neutrino produced in the decay of the W boson whilst in signal events missing
energy also originates from dark matter candidates. The specialization of Experts 2
and 4 indicates that the model identifies the combined behavior of lepton and missing
energy features as a key discriminator. Together, these quantities encode differences
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Figure 5.27. Visualization of node specialization in the MoE architecture for layers 1 and 2. The
bar charts show the number of nodes processed by each expert for different node types (jet1,
jet2, jet3, b1, b2, lepton, energy).

between signal and background events, such as the overall energy imbalance or the
transverse momentum carried away by undetected particles. The paired specialization
of Experts 1 and 5 on the two b-jets suggests that the model learns to process b-jets as
a correlated entity rather than treating them in isolation. This approach is consistent
with the physics. Experts 3 and 6 demonstrate specialization in jet1, jet2, and to a lesser
degree, jet3. This pattern can be explained by the structure of the dataset. For 6-node
graphs, jet1, jet2 are equivalent to b1, b2, hence the same specialization of Experts 1 and
5 is expected. For 7-node graphs, jet3 acquires an added distinctive value. The fact that
it is not consistently present across all events limits the opportunities for these experts
to learn from its features. The MoE block of layer 2, on the other hand, shows slightly
more overlap among experts. This may suggest that layer 2 operates at a higher level of
abstraction—combining features and resolving correlations between particle types to
refine the classification—the qualitative nature of this observation does not allow us to
make a definitive quantitative claim.
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Table 5.5. Expert Specialization for layer 1.

Expert

Number Specialization Physical Explanation

Experts focus on the b-jets as a correlated entity.
1,5 b1, b2 In signal events, these arise from Higgs boson decay,
but in background events, they do not.

Experts specialize in detecting lepton and missing energy features,
key indicators for distinguishing signal from background.
In signal, missing energy also originates from dark matter particles,
unlike the background.

2,4 lepton, energy

Equivalent to b1 and b2 in 6-node graphs,
3,6 jetl, jet2, jet3 but in 7-node graphs, the additional jet (jet3) introduces
distinct kinematic features that alter the specialization

Table 5.6. Expert Specialization for layer 2.

Expert

Number Specialization Physical Explanation
1,2 lepton, energy Similar to Experts 2 and 4 in Layer 1
3,6 jetl, jet2, jet3  Similar to Experts 3 and 6 in Layer 1, but with less specialization
4,5 b1, b2 Similar to Experts 1 and 5 in Layer 1, but with less specialization

5.2.5 Conclusion

In this work, we introduced a novel Mixture of Experts layer for graph data, aiming to
enhance both explainability and performance in high-energy particle physics analysis.
The proposed model, evaluated on a HEP dataset of simulated events from a search
for dark matter in SUSY models published by the ATLAS experiment, achieved superior
predictive accuracy compared to baseline models. This improvement underscores the
effectiveness of leveraging expert subnetworks to address the task-specific complexities
inherent in high-energy physics data. Beyond its strong predictive performance, the
model made significant strides in addressing the critical need for explainability in high-
energy physics. By visualizing attention maps and analyzing expert specializations, we
identified key features and their influence on classification outcomes, ensuring that
the model’s decision-making aligns with established physical principles. This ability
to trace predictions back to interpretable components not only enhances trust in the
model but also provides a deeper understanding of the physics involved. Despite these
achievements, the study has some limitations that warrant further exploration. The
scalability of the MGT model to larger datasets or graphs with more nodes remains
an open question, as does its ability to generalize across a wider range of high-energy
physics tasks. Moreover, future validations of these results on other datasets and larger
architectures will be critical in establishing their robustness and broader applicability.
Future research could extend this framework to other types of datasets and particle
physics phenomena, testing its adaptability and robustness across diverse scenarios.
Furthermore, these results are particularly promising in relation to the application of
advanced mechanistic explainability techniques, such as Sparse Autoencoders [122], to
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this type of data. The integration of emerging techniques for automated explainability,
including the use of Large Language Models [56], could further enhance the accessibility
and dynamism of the model’s interpretations, amplifying its utility for scientific discovery.
By combining high predictive performance with enhanced explainability, this work lays
the groundwork for advancing explainable machine-learning methodologies in particle
physics. Building on these foundations promises to unlock further potential in addressing
the challenges of analyzing complex scientific data.

Data Availability Statement

The data used is public and released under Creative Commons Zero v1.0 Universal
license. It is fully accessible via opendata https://opendata.cern.ch/record/28100,
where a description of the content is included. The generation and simulation setup are
fully detailed in the cited ATLAS paper (10.1007/JHEP12(2023)167). The code for the
model is available at https://github.com/DonatellaGenovese/Mixture-of-Expert-Graph-
Transformer.

Supplementary materials

S1 Mixture of Experts Routing and Balancing loss

The Mixture of Experts (MoE) architecture provides a more efficient way to allocate
resources by specializing subnetworks (Experts), enabling the possibility for sparse
computing. This design is a core component of the Mixture of Experts Graph Transformer
(MGT) introduced in Section 5.2.2, where it replaces the standard feed-forward networks
in the Graph Transformer (GT) layers. By integrating MoE, the MGT achieves both
computational efficiency and enhanced explainability.

At the core of the MoE layer in the MGT is the concept of specialization, where
multiple expert networks learn to focus on different regions of the input space. Instead
of employing a monolithic model to process every input, MoE uses a gating mechanism
that dynamically selects the most relevant experts for each node representation. This
dynamic selection not only reduces the computational cost by utilizing a sparse subset
of experts for each input but also enables detailed interpretability by identifying which
experts were most influential in the decision-making process.

In the MGT architecture (Section 5.2.2), the MoE layer is applied to updated node
embeddings after the attention mechanism. The routing network, as detailed below,
determines the top-k experts for each node and provides the weights that combine their
outputs. The gating mechanism employs Noisy Top-K Gating [528], and its implemen-
tation aligns closely with the MGT design goals outlined in the main text. The gating
function used in the MokE layer is:

G(%!) = Softmax(KeepTopK(H (%), k))

where
H(&h, = (& - W,); + Standardnormal() - softplus(®! - W,,p;s0);

Here, W, is the router matrix,StandardNormal() is a random vector of dimensions
|E| with values drawn from a standard normal distribution, W,,,;,, is a trainable weight
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matrix and the function KeepTopK(v, k); is defined as:

v; if v; is in the k highest value components of v
KeepTopK(v, k); = —oco  otherwise

Each expert is defined as follows:

E(x) = Dropout(W,(LeakyReLU(W; (x) + 1)) + 2) (5.9)

The input node is routed to the experts corresponding to the k non zero components of
its gating function output.
The result of the expert’s computation is combined as follows:

k
Y= Gx)E(x) (5.10)
i=1

To ensure the even utilization of the experts, an additional loss component for load
balancing is needed.
It is computed as follows:

Lipag (X) = Wigaq * CV(Load(X))? (5.11)

With w,,,4 being an hyperparameter factor that will control the weight of the load
balancing loss with respect to the criterion, CV being the coefficient of variation and X
being a batch of inputs.

The loads of the experts are computed as follows:

Load(X); = > P(x,1) (5.12)
xeX

where

(x- Wg)i —kth_excluding (H(x), k, i)) 5.13)

Softplus ((x * Whoise )1)

Here, ® is the cumulative distribution function of the standard normal distribution, the
term kthexcluding(H(x), k, 1) stands for the kth highest component of H(x), excluding
component i.

P(x,i) =<I>(

S2 Ablation Study for Mixture of Expert Graph Transformer

An ablation study is performed in order to understand the function of model’s components
and the impact that their configurations has on performance. The performance is assessed
by using accuracy, precision, recall and f1 score metrics, in addition, the specialization
behavior of the MoE layer is studied. The dataset used in this section will be a portion
of the complete one, containing 20000 signal events, 10000 background ttbar events
and 10000 background singletop events. The components studied are the following:
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* Weight of the load balancing loss: The factor by which the load balancing loss is
multiplied, before it being added to the chosen training criterion

* Learning rate: Learning rate configuration, including the parameters of the
scheduler function

* Mixture of Experts layer configuration (number of experts, k-routing, expert
size): Respectively: how many total experts the MoE layer has, how many experts
will be active for each token, the size of the matrices that compose an expert

* Attention layer configuration (hidden size, number of heads):Respectively:
size of the graph’s embedding and attention matrices, number of heads for the
multi-head attention layer

* Dropout probability: Probability of dropout after the attention layer and inside
the experts subnetwork

* Number of layers: How many encoder layers the model will be composed of.

Changing the weight of the load balancing loss does impact the experts utilization
behaviour significantly. When setting a value of zero, the experts are not evenly utilized
and their ability to specialize is compromised. This hyperparameter’s ideal value is
1, which allows the model to even out experts utilization quickly and ensure that the
experts can specialize, values higher than one do not grant any tangible improvements.

Adjusting the learning rate has a notable impact on performance results and experts
specialization pattern, the higher the learning rate is, the more sharp and less noisy
the specialization pattern becomes. On the other hand, having a learning rate too high
introduces instability in the training process that results in performance loss.

The number of total experts, experts size and routing choice have no measurable

impact on the performance of the model, however, they heavily contribute to the re-
sulting specialization pattern. The experts tend to specialize on particle types, more
specifically on groups of highly correlated particles, on this specific dataset, the model
configuration that achieves the sharpest specialization on the experts is using top-2
routing over 6 total experts. Let’s consider k, the number of experts simultaneously
active, n the number of total experts and [ groups of highly correlated particles in the
graph data, the specialization pattern will tend to a configuration in which, for every
particle type node, there is a k—plet of active experts, the same k—plet will be active on
nodes belonging to the same group of correlated particles. The closest n/k is to [, the
sharper the specialization pattern becomes.
This behaviour is further tested with an additional ablation study done on the dataset.
The graphs were truncated on the second to last node, leaving only jets and b-jets, 5
nodes in total for each graph in the dataset. In this case, the best performing model, with
regard to specialization, has 4 total experts, two of them specialize on the three jets and
the other two on b-jets Fig. 5.28; whereas, the previously tested 6 experts configuration
does not manage to specialize correctly. Fig. 5.29

Changing the hidden size of the model does not result in significant differences, increas-
ing the value of this hyperparameter too much leads to performance loss and run-to-run
inconsistency. The number of heads also has no impact on performance or specialization
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behaviour.

Adding layers beyond the first did not result in noticeable performance increase. Regard-
ing the expert specialization behaviour, when testing the model with multiple layers,
the MoE layers in deeper encoders saw a sharper and less noisy specialization pattern.
This trend is seen in all of the MoE layer configurations tested.

Lowering dropout probability slightly improved the performance of the model, reducing,
however, the sharpness of the experts specialization patterns. Also, the tendency of the
specialization to be sharper at deeper layers reverses when setting the dropout probabil-
ity to zero. When testing the model on the full dataset, the specialization capaibility did
not suffer when lowering dropout probability, resulting only in a small accuracy boost
without drawbacks.

Given the results of the ablation study it was decided to configure the model as follows:

e Hidden size: 80

Number of heads: 2

Number of experts and routing: 6, top-2 routing

* Dropout probability: 0

Number of layers: 2

S$3 Training details

Model | Architecture Layers Hidden Size
GCN Graph Convolutional 2 Convolutional Hidden channels:
Network (GCN) Layers 80 and 40
MLP Multilayer 2 Hidden Hidden layers:
Perceptron Layers 80 and 40
GT Graph 2 Transformer Attention heads: 2;
Transformer Layers Hidden size: 80
Hidden size: 80;
. 2 Transformer Layers .
Mixture of Experts . . Attention heads: 2;
MGT with Mixture of
Graph Transformer Experts Laver 6 Experts
P Y with size 20 each

Table 5.7. Training configurations for the models used in this study.

The training configurations for the four models used in this study are detailed in Table 5.7.

The parameters for the Mixture-of-Experts Graph Transformer (MGT) are selected
based on the results of the ablation study presented in Section S2, which determined
the optimal configuration for this architecture. For the other models, their parameters
are chosen to align as closely as possible with those of the MGT to ensure comparability
while respecting their architectural differences.
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The dataset for training consisted of 800,000 events, with equal representation of
signal and background events (400,000 each). Background events included 200,000
examples of pair production of top quarks (tt) and 200,000 examples of single top and
W boson production.

The dataset was first split into 80% training and 20% test sets. The training subset
was further divided into 80% training and 20% validation sets. All models were trained
for up to 60 epochs and using a batch size of 500. Validation loss was monitored during
training with early stopping. Cross-entropy loss was employed as the primary loss
function, with an additional load balancing loss included for the MGT to optimize expert
utilization.

S4 Analysis of the GCN results
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Figure 5.30. (a) Output score distribution for the GCN. Distributions of complex variables built
from correlation of features: (b) AR b1-b2 and, (c¢) invariant mass b1-b2.

GCN results show good differentiation between signal and background, as shown
in Fig. 5.30(a). The two SM sources are mixed and treated as equivalent, since it was
found that there is no dependence of the results on the proportion of single and pair
top-quark background. To interpret the learning process in a simplistic way, we tested
the impact of systematically hiding certain input features from the datasets. As expected
according to the kinematic features of the signal and background events, the main drop
in performance was obtained when removing from the training either the p; features
for b1, b2, or the features p; of the lepton and the ETM iss_ To also verify if the network
effectively learns expected correlations within the graph, two key variables have been
analysed depending on the output score: the spatial distance between b1 and b2 (AR),
and the invariant mass of the two particles. From a physics perspective, in signal events
b1 and b2 are originated in the decay of the Higgs boson, a massive particle with mass of
125 GeV. Hence, it is expected that the two decay products b1 and b2 are close to each
other spatially, and that their invariant mass is around that of the Higgs boson. In the case
of SM background, such correlations are not expected. Fig. 5.30 (b) and (c) show the
distributions for AR and invariant mass for the b1-b2 system for signal and background
in case of high (> 0.8) and low (< 0.2) output score: the GCN effectively separates
better signal models with close-by b1,b2, whilst background events with low score have
larger spatial distance. In terms of the invariant mass, interpretability of the results is
more difficult: however, we note how high-score background events (signal-like) tend
to have higher invariant mass, which is less likely for signal event.

Finally, to further verify how relevant are the correlations on the network learning
process, an additional test was performed by splitting the signal datasets into three
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different groups, defined by the mass difference (Am) of the parent and the dark matter
particles, and performing a training run for each group separately. The three groups
of samples were characterised by a Am = 150 GeV (group 1), 200 GeV (group 2) and
> 500GeV (group 3), respectively. The higher the mass difference, the higher the boost
of the final decay products, which in turn is expected to result in a better distinction of
the SUSY signal with respect to the background events. This was confirmed by the tests:
with GCN, the AUC was found to be 0.71 + 0.02 for group 1, 0.81 £+ 0.01 for group 2
and 0.98 £ 0.01 for group 3. Using the MoE approach, AUC increases to 0.76 & 0.02
for group 1 and to 0.84 £ 0.01 for group 2, remaining at 0.98 % 0.01 for group 3. This
demonstrates that (1) the kinematic of the signal events is exploited as expected and (2)
the MoE model provides better distinction between signal and background also in the
most challenging physics case.
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5.3 Analysing the Residual Stream of LLMs under Knowledge
Conflicts

Large language models (LLMs) have shown remarkable capability to memorise factual
knowledge and solve knowledge-intensive tasks [460, 75, 575, 282, 16]. Nevertheless,
the knowledge stored in their parameters (parametric knowledge) can be inaccurate or
outdated. To alleviate this issue, retrieval and tool-augmented approaches have been
widely adopted to provide LLMs with external knowledge (contextual knowledge) [295,
333, 616, 523]. However, such contextual knowledge can include information that
conflicts with the parametric knowledge of the model, which may result in undesired
behaviour; for example, the model can rely on inaccurate information sources and
produce inaccurate generations [379, 626, 554, 599, 255, 677].

Prior research found that LLMs tend to prefer contextual knowledge (e.g. retrieved
passages) over their parametric knowledge [554, 626]. However, in more general
applications, LLMs should retain the ability to use parametric knowledge when presented
with incorrect or undesirable information [94, 93, 701, 379, 684]. To achieve this goal,
LLMs are expected to acknowledge the existence of conflicts, allowing them to alert
the user while keeping the decision-making process under the user’s control for further
action. Existing works investigate the fine-tuning and prompting-based strategies to
detect knowledge conflicts [599]. These methods need additional interactions with the
model, e.g., by asking the LLMs to examine the conflicts sentence by sentence [599],
which may result in high latency times and prevent practical applications of these models.
Additionally, they do not provide insight into how LLMs internally detect and resolve
conflicts.

In this work, we analyse the residual stream [175, 435] in LLMs to better under-
stand their behaviour when knowledge conflicts arise, especially between parametric
knowledge and contextual knowledge. Our probing experiments on the residual stream
indicate that the signal of knowledge conflict rises from the intermediate layers (e.g.,
the 13th layer of Llama3-8B). Utilising this signal, a simple logistic regression model can
achieve 90% accuracy in knowledge conflict detection without modifying the input and
parameters of LLMs while introducing only a negligible computation overhead. More-
over, we also observe that the residual stream exhibits different patterns starting from
the middle layers (e.g., the 17th layers of Llama3-8B) when the model takes different
source information to resolve the conflict. For example, when the model uses contex-
tual knowledge, the residual stream exhibits a significantly more skewed distribution
compared with when it uses its parametric knowledge.

In conclusion, our analysis of the residual stream reveals that: 1) LLMs exhibit
internal mechanisms for identifying conflicts, and this signal can be leveraged to detect
conflicts effectively in the mid-layers of LLMs; 2) LLMs display distinct skewness patterns
in the residual stream when using different sources of information, which provides
insights on the model’s behaviour.

5.3.1 Background and Methods

Residual Stream We examine the Transformer architecture from the perspective of
the residual stream [175, 435]. In this framework, tokens flow through the model,
with their embeddings being modified by vector additions from the attention and feed-
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forward blocks in each layer. We denote the hidden states at position i at [-th layer
as hf. € RY, where d is the dimension of the internal states of the model. The model
produces the initial residual stream h? by applying an embedding matrix to the tokens.
Then, the model modifies the residual stream by a sequence of L layers Transformers,
where each Transformer layer consists of a Self-Attention block and MLP at [-th layer.
Formally, denote aﬁ and mﬁ as the activations of Self-Attention and MLP respectively,

the update of the residual stream at [-th layer is h' = LayerNorm(h!™1) + aé and h! =
LayerNorm(hl/) + m%.

Linear Probing Linear probing [116, 695, 11] is a commonly used technique to analyse
whether certain information is encoded within the residual stream of a language model.
Specifically, for an activation x from the residual stream, i.e., h, a, or m, a logistic
regression model is applied to perform binary classification: P(y = 1|x) = 6 (xW),
where W € R?*! is the learned weight that linearly projects the activation into a scalar
value , and 6 is the Sigmoid function that outputs the likelihood of probed information
existing in the activation.

5.3.2 Experimental Setup

Problem Setup Following previous studies [372, 255, 626, 554, 599], we use open-
domain question-answering (ODQA) tasks to investigate the behaviours of LLMs when
there is a conflict between the model’s parametric knowledge and contextual knowl-
edge. In ODQA datasets with knowledge conflicts, each instance is presented as
(q,eum,ec,ay,ac), where q is the question, e, is the evidence that supports the memo-
rised knowledge, e is the evidence that conflicts with the language model’s memorised
knowledge, a,, is the answer based on and e,;, and a. is the answer based on the e..
The model’s parametric knowledge is tested in the close-book setting, where the model
generates answer a,; based on the question g without external evidence. We generate
the answers using a greedy decoding strategy. We use three in-context demonstrations
to align the answer format and, for fairness, use the same in-context demonstrations in
all experiments.

Datasets and Models We use NQSwap [372], Macnoise [255] and ConflictQA [626] to
analyse the residual stream when knowledge conflicts arise. We present the experiment
results of NQSwap using Llama3-8B [399] in the main paper, and the results of other
datasets and models are provided in Section 5.3.6 and Section 5.3.7. The training details
of the probing model are presented in Section 5.3.5

5.3.3 Results and Findings

In this work, we aim to answer the two following research questions: 1) Can we identify
the conflict between context and parameter knowledge by probing the residual stream?
2) Can we know which source of knowledge the models will use before they generate
the answers? We probe and analyse the residual stream to answer these two questions
in the following parts.
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conflicts based on the activations of Llama3-8B. The probing results on hidden state, MLP
and Self-Attention activation are coloured red, blue and green, respectively. More analysis is
presented in Section 5.3.6.

Identifying Knowledge Conflicts by Probing the Residual Stream We analyse
whether language models can identify contextual-parametric knowledge conflicts by prob-
ing the residual stream. To this end, we create two groups of instances, D¢ = {(q,ec)}
and D = {(q, ej;)}, where the model generates answers based on conflict evidence in
D®c and non-conflict evidence in D®™. The probing model is trained to classify whether
a given activation is from D¢ or D**. We probe the residual stream at the final position
to determine if the model is aware of the conflict during the first token generation. This
is because the hidden state at the last position in the output layer is used to predict the
first token of the answer. For each activation h!, a' and m' at each layer, we train a
probing model to classify whether it belongs to D™ or D®c.

As shown in Fig. 5.31(b) and Fig. 5.31(c), the AUROC and AUPRC of the probing
models increase from the first layer to the 14th layer, and this trend is same across the
hidden state, MLB and Self-Attention activations. In Fig. 5.31(a), the accuracy of the
probing models at the early layers is random; similar to the trend of AUROC and AUPRC,
the accuracy also reaches the highest score at the 14th layer. The above observation
indicates that the residual stream does not contain information about knowledge conflict
at the early layers. This information rises from around the 8th layer and reaches the
highest point at the 14th layer.

After the 14th layer, the probing model’s performance decreases slightly until the
last layer. Besides, we also observe that the probing results of MLP and Self-Attention
activations show a significantly lower accuracy than the hidden state after the 14th
layer, which may suggest that MLP and Self-Attention do not provide further conflicting
information into the residual stream. We find the same trend using Llama2-7B as shown
in Fig. 5.34.

Analysis of the Residual Stream When LLMs Using Different Sources of Knowledge
We investigate the distribution patterns of the residual stream when the language model
uses different sources of information to generate the answer. Based on the model’s
predictions on instances belongs to D, we classify them into two groups: Dgg and DS;
Here, D;E represents the set of instances where the model’s predictions align with a,
while Dfllfd contains the instances where the predictions align with a,,;. The model uses
contextual knowledge and parametric knowledge to answer the questions from Dgg and
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Figure 5.32. Skewness of the hidden state activations of Llama3-8B when in presence of
knowledge conflicts. Blue and red lines represent the skewness of hidden states from DEC and
DEAC/I respectively. Higher scores indicate a more skewed distribution. Additional analyses
are available in Section 5.3.7.
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Figure 5.33. Accuracy, AUROC, and AUPRC of probing models on predicting which source of
knowledge the model will use to predict the answer in Llama3-8B. More results are Skewness
of the hidden state activations of Llama3-8B when the model uses knowledge from different
sources to predict the answer. Additional results are available in Section 5.3.9.

DZDC/[, respectively.

First, we examine the residual streams’ distribution patterns in the two groups
of instances Dgg and Dzlfl We measure the skewness of the residual stream using
Kurtosis, Hoyer and Gini index. We present the results of NQSwap using Llama3-8B
in Fig. 5.32, and more results are provided in the Section 5.3.7. We find that when the
model uses contextual knowledge for prediction (Daeg, blue lines shown in Fig. 5.32),
the residual stream shows a significantly skewed distribution compared with using
parametric knowledge from the 20th to 30th layers. Therefore, the distribution patterns
of the residual stream can indicate the model will use different sources of knowledge. It
provides the foundation for predicting the model’s behaviour in advance, which can be
used to mitigate the generation of undesirable responses in advance.

Based on the above observation, we probe the residual stream to analyse the possi-
bility of predicting which source of knowledge will be used to generate the answer. The
probing model is trained to classify whether the model will generate a. or a;; based on
the activation from Dgg or DZICW We present the probing results in Fig. 5.33. We observe
that the probing model’s performance gradually improves from the first layer to the
16th layer, which occurs after the signal of knowledge conflict has already reached its
peak at the 13th and 14th layers. This observation suggests that the decision of which
knowledge to use occurs after the detection of the knowledge conflict signal.
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5.3.4 Related Work

Contextual and parametric knowledge conflict can happen when the retrieved external
knowledge in the context does not agree with the parametric knowledge which is
memorised during pre-training [372, 633, 626, 554, 599, 379]. Previous works found
models may prefer the contextual knowledge [599, 554, 626, 442] when parametric
and contextual knowledge conflicts, and the relevance, length, and the number of
the evidence will influence the model’s preferences [626, 554]. To detect the conflict,
previous work [599] designed a multi-step prompting strategy to detect the knowledge,
which involves parametric knowledge generation, fine-grained sentence consistency
checking, and potential conflict reduction. However, this pipeline significantly reduces
efficiency and lacks an understanding of the mechanism of how LLMs detect and resolve
conflict.

5.3.5 Probing Model Training Settings

For all probing experiments, we train the probing model with an L; norm regularisation.
The training objective is £ = —log P(y = y;) + A|[W||;, where we set A to 3 x 10~* and
y; is the label. We train 20 times with different random seeds for each probing task, and
we report the average and deviation in our experiments. We split the training and test
datasets for the probing tasks, ensuring no overlapping questions between them.

5.3.6 More Experimental Results on Knowledge Conflict Probing

We present the knowledge conflict probing results on Macnoise, NQSwap, ConflictQA
using Llama2-7B in Fig. 5.34, Fig. 5.35 and Fig. 5.36. The results match the trend dis-
cussed in Section 5.3.3, where the model exhibits an internal mechanism for identifying
conflicts. The signal of knowledge conflict peaks around the 13th to 14th layers and
gradually decreases in the later layers.
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Figure 5.34. Knowledge conflict probing results using Llama2-7B on NQSwap.
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Figure 5.35. Knowledge conflict probing results using Llama2-7B on Macnoise.
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Figure 5.36. Knowledge conflict probing results using Llama2-7B on ConflictQA.



5.3 Analysing the Residual Stream of LLMs under Knowledge Conflicts 183

5.3.7 More Analysis of Skewness Patterns of Residual Streams

We present the skewness of the hidden state of Llama2-7B on NQSwap in Fig. 5.37. It
shows the same pattern as we discussed in Fig. 5.32, where the residual stream exhibits
significantly more skewed distribution when using contextual knowledge compared with
using parametric knowledge from the 17th layer.

In addition to NQSwap, we analyse the skewness pattern using Macnoise [255] and
ConflictQA [626]. As shown in Fig. 5.38, Fig. 5.39, Fig. 5.40, we find that the model
also shows a similar skewness pattern with NQSwap, where the residual stream exhibits
a more skewed distribution from middle layers when the model uses the contextual
knowledge.

We also analyse the skewness of MLP and Self-Attention activations, presented
in Fig. 5.41, Fig. 5.42, Fig. 5.43, and Fig. 5.44. However, we do not observe a specific
skewness pattern in MLP and Self-Attention activations.
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Figure 5.37. Skewness of the hidden states of Llama2-7B on NQSwap.
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Figure 5.41. Skewness of the MLP activation of Llama3-8B on NQSwap.
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Figure 5.42. Skewness of the Self-Attention activation of Llama3-8B on NQSwap.
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Figure 5.43. Skewness of the MLP activation of Llama2-7B on NQSwap.
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Figure 5.44. Skewness of the Self-Attention activation of Llama2-7B on NQSwap.
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5.3.8 L1 Norm and L2 Norm Values of Residual Streams

We present 1.1 Norm and L2 Norm of the residual stream in the Fig. 5.45 and Fig. 5.46.
We found that though the residual stream show distinct skewness patterns in D:;g and

e . o .
Dg;,, the L1 norm and L2 norm of the them do not have a significant difference.
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Figure 5.45. L1 norm and L2 norm of the hidden states of Llama3-8B on NQSwap.
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Figure 5.46. L1 norm and L2 norm of the hidden states of Llama2-7B on NQSwap.
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5.3.9 More Experimental Results on Knowledge Selection Probing

We present additional knowledge selection probing results on NQSwap and Macnoise
using Llama2-7B and Llama3-8B in Fig. 5.47, Fig. 5.48 and Fig. 5.49. The results show
a similar trend as shown in Fig. 5.33, where the probing model reaches the highest
accuracy at around the 17th layer, which is later than the aggregation of knowledge
conflict signal at the 14th layer.
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Figure 5.47. Knowledge selection probing results using Llama2-7B on NQSwap.
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Figure 5.48. Knowledge selection probing results using Llama2-7B on Macnoise.
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Figure 5.49. Knowledge selection probing results using Llama3-8B on Macnoise.

5.3.10 Conclusion

In this work, we analyse the residual stream of the language models when context-
parameter knowledge conflicts. First, we find that LLMs exhibit internal mechanisms for
identifying conflicts in the mid-layers. Second, we find that the residual stream shows
distinct skewness patterns when the model uses context and parametric knowledge to
predict. Our analysis provides insights into the behaviour of LLMs in the presence of
knowledge conflicts.
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Figure 5.50. Incoming attention scores for each token in LLaDA-8B [427] across denoising steps.
Unlike autoregressive models, DLMs exhibit attention sinks that shift across the sequence as
tokens are progressively unmasked.

5.4 Attention Sinks in Diffusion Language Models

Large Language Models (LLMs) have driven a paradigm shift across numerous scientific
and industrial domains, demonstrating remarkable capabilities in language understand-
ing, generation, and reasoning [3, 18, 640, 398]. This rapid progress is rooted in the
transformer architecture and the attention mechanism [586]. While attention is a crit-
ical aspect of the transformer’s effectiveness, it also gives rise to complex and often
non-intuitive emergent phenomena.

One of the most striking traits of these behaviours is the "attention sink" [622, 403].
This consists in the fact that, in most autoregressive models (ARMs), a small subset of
tokens consistently receives a disproportionate amount of attention from other tokens in
the sequence. The pattern is not limited to language, and similar patterns have been
observed in Vision Transformers [134] and encoder-only transformers [508], suggesting
it may be a fundamental property of attention-based deep networks.

Recently, masked Diffusion Language Models (DLMs) have emerged as an alternative
to the dominant autoregressive paradigm [427, 650, 564, 320, 643, 600, 542, 511, 690,
369]. Unlike Autoregressive Models (ARMs), which generate text strictly from left to
right, DLMs iteratively refine a fully masked sequence through successive denoising
steps [427, 650, 643]. Generation is based on the unmasking of an initial fully masked
sequence of tokens, that the model progressively "denoises" over multiple steps to produce
a coherent fully unmasked output. Crucially, DLMs employ a bidirectional attention
mechanism. While this bidirectional information flow is key to their parallel, non-causal
generation process, the precise impact of this architecture on the inner workings of
DLMs remains largely unexplored.

In this work, we present an empirical study of attention patterns in DLMs, focusing
specifically on the attention sink phenomenon. We analyse three state-of-the-art open-
source masked DLMs: Dream-7B [650], a model initialized from a pre-trained ARM,;
LLaDA-8B [427], a large-scale model trained from scratch; and MMaDA-8B [643], a
multimodal DLM trained from LLaDA-8B. Our analysis reveals that DLMs do exhibit
attention sinks, but these sinks possess unique dynamic properties rarely seen in their
autoregressive counterparts.

Unlike the static attention sinks well-documented in ARMs, most of the sinks in
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Figure 5.51. Snapshot of an inference step for different language models. ARMs and Dream-7B
predict the next token, while MMaDA-8B and LLaDA-8B predict the current one. MMaDA-8B
and LLaDA-8B perform semi-autoregressive block decoding, where only tokens in the current
block are unmasked, while Dream-7B may unmask a token at any position.

DLMs are unstable and their position actively shifts across the iterative denoising process.
Additionally, while ARMs are extremely sensitive to removing the sink tokens, we find
that DLMs are significantly more robust to this intervention. We attribute this property
to their decoding strategy that unmasks only the tokens with highest probabilities in
the sequence, and the lack of a causal mask that limits the attention interaction among
tokens. To summarize, our primary contributions are the following:

leftmargin=* We conduct an empirical study on attention patterns in DLMs, and pro-
vide empirical evidence that attention sinks consistently emerge in these
models.

leftmargin=* We characterize the dynamic properties of these sinks, showing they can
disappear and shift positions during inference, and we introduce a metric
to track their intensity and location across denoising steps.

leftmargin=* We investigate how model performance is affected by removing sinks, and
show DLMs are robust to sink masking.

5.4.1 Related Work
Diffusion Language Models

Language modelling has traditionally been dominated by autoregressive models that
generate text sequentially, one token at a time. While this paradigm has proven highly
successful, DLMs have emerged as an alternative, offering token generation through an
iterative denoising processes with potential efficiency advantages [341, 613, 298, 369,
338, 612]. Some applications of diffusion to language modelling operate in continuous
space, first embedding discrete tokens into continuous vectors, applying diffusion-based
denoising, and then mapping back to discrete tokens [342, 552, 214, 163].



190 5. Interpretable Al Systems

While theoretically elegant, this approach introduces additional complexity in han-
dling the discrete nature of language. A more direct approach emerged with discrete
diffusion models, which operate directly on token vocabularies [31, 212, 257, 84]. Start-
ing from fully masked sequences of [MASK] tokens, these models iteratively predict
and refine tokens through a process reminiscent of BERT-style masked language mod-
elling [247, 213]. Several works [31, 247, 213] have adopted this paradigm but faced
significant scaling challenges, remaining limited in size while autoregressive models
scaled to billions of parameters.

Recently, discrete DLMs have gained traction thanks to open-source models like
Dream-7B [650], MMaDA-8B [643] and LLaDA-8B [427, 690, 369], which have success-
fully scaled to 7 billion parameters and beyond, narrowing the performance gap with
ARMs.

In this work, we investigate attention patterns in large discrete DLMs, that operate
directly on the vocabulary space.

Attention Sink in Transformers

Attention Sink refers to the common phenomenon observed in transformers where a
small subset of tokens consistently receives a disproportionate amount of attention from
other tokens in the sequence. This behaviour was initially discovered in [622], and
leveraged for efficiency. After this, other works have then explored the sink phenomenon,
characterizing properties of sink tokens like high L, norm in the hidden state activa-
tions [556, 86] or low L, norm in the key projection [158, 227]. Similar properties
have been also observed in the vision domain [134]. Several works have attempted to
explain the emergence of attention sinks in transformers. [228] offers an empirical study
of how attention sinks manifest in transformer models, specifically focusing on ARMs.
[40, 41] and [450] investigate the phenomenon analytically and show how attention
sinks act as a bias for ARMs and can mitigate information over-squashing. Finally, [508]
analyses attention sinks from a geometric perspective, and shows that they emerge to
establish stable coordinate systems in the model’s high-dimensional latent space. While
these works analyse sinks in both decoder and encoder transformers, we are the first to
observe and investigate this phenomenon in the context of DLMs.

5.4.2 Background on Masked Discrete Diffusion

Traditional ARMs model the probability of a text sequence x = (xy, X, ..., X ) of length
L by decomposing the joint probability into a product of conditional probabilities,
generated in a strict, left-to-right order [281, 48]. This decomposition is given by:

L
p(®) =pGe) | [pxilxs, .. xi0) (5.14)
=2

where x; is the token at position i, and p(x;|x;,...,x;_;) is the probability of the current
token conditioned only on all preceding tokens. Masked discrete DLMs offer a non-
autoregressive, parallel alternative. Instead of generating tokens one by one, they
model a Markov diffusion process over discrete token sequences. This consists of two
complementary phases: a fixed forward corruption process and a learned reverse
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denoising process. The forward process systematically corrupts a clean data sequence
X, (the original text) over a series of time steps t € [0, T ] by progressively replacing
tokens with a special mask token [MASK]. Starting with the clean sequence x,, a noisy
sequence X, at time step t is generated by a Markov transition q(x,|x,_;). The marginal
distribution of a token xit at time t conditioned on its clean version xé is defined by a
masking schedule a, € [0,1]. The complete forward process is the joint distribution
over all intermediate noisy states, a product of the Markov transitions:

T
qxr.r1%0) = [ JatxIxc1) (5.15)
t=1

In the denoising process, a model pg, parametrized by 0, reverses this noising process,
generating new data from a fully masked sequence x; back to a clean sequence x,.
More specifically, reverse transition pg(x,_1|X,) is parameterized by the model, which is
trained to estimate the true reverse conditional probability q(x,_|x,).

In practice, the model py is often trained to predict the clean data x, from the noisy
input x, at a given time t, and this prediction is then used to approximate the reverse
transition. The model output is a distribution over the original tokens, from which the
next, less-noisy state x,_; is sampled.

In this work we consider three masked discrete DLMs: LLaDA-8B [427], MMaDA-
8B [643] and Dream-7B [650]. LLaDA-8B and MMaDA-8B are trained from scratch, with
a masked language modelling loss where a token x; is masked during the forward process,
and the model learns to predict the token itself (x; — [MASK] — Xx;). At inference time,
LLaDA-8B and MMaDA-8B use semi-autoregressive block diffusion, where the input
sequence is divided into blocks, and the model gradually unmasks all tokens inside the
corresponding block in a left-to-right manner [24], (see Figure 5.51). Dream-7B, on the
other hand, is initialized from an autoregressive model to leverage the pretrained weights
and its training objective employs a "shift operation" [650, 213]. More specifically, when
a token x; is masked, Dream-7B is trained to predict x;,;, similarly to an autoregressive
model (x; — [MASK] — x;,1). In Figure 5.51 we provide a comparison and visual
explanation of how the different types of inference are implemented.

5.4.3 Analysis of Attention Sinks in Masked Diffusion Language Models

Previous work has shown that attention sinks emerge in most transformer-based ar-
chitectures, regardless of the data domain and training strategy [228, 508, 622, 134].
Attention sinks are characterized by the disproportionate attention score they receive
from all the tokens in the sequence, and can be easily identified as vertical bright lines
in attention maps (like the one we show in Figure 5.50). To validate the presence of
attention sinks in DLMs, we first analyse the distribution of attention scores in LLaDA-8B
and show it in Figure 5.52. We see that only a few tokens, the sinks, capture a very high
attention score consistently. Similar patterns emerge for Dream-7B and MMaDA-8B (see
Section 5.4.7). We now define a metric to characterize and locate attention sinks in
DLMs.
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Figure 5.52. Distribution of attention scores in LLaDA-8B [427] across denoising steps. Only a
few tokens, the attention sinks, receive a very high attention score, while the majority of
tokens in the sequence have scores close to zero.
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Figure 5.53. Moving sink in LLaDA-8B, and MMaDA-8B.

Definition of Attention Sink

Consider an encoder-only transformer model. For a single attention head h and layer [,
we have that the attention score is defined as:

a/k;

A

ij = softmax;

J

where g; and k; are the query and key projections for token i an j respectively, and A;;
represents the amount of attention that token i pays to token j. In a DLM attention is
bidirectional, and we obtain a distribution of attention scores across the entire sequence
at each denoising step. Given the attention scores, we define the cumulative attention
score for a token j as the average attention it receives from all tokens in a specific

denoising step t:
(t l h) Z Alt

where S is the sequence length, and A( L represents the attention score from token i
to token j at denoising step t, in head hof layer [. We then identify attention sinks as
tokens that receive a cumulative attention score substantially larger than the average.
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Attention Sink. We formally define a token j at a specific denoising step t, in head
h of layer [ to be a sink token, if its cumulative attention score exceeds the average
cumulative attention score of all other tokens by at least a threshold e:

_ 1 _
j is a sink token ingl’h) > S1 ZAEl’h) +e (5.16)
kA

This definition ensures that sink tokens represent significant outliers in the attention
distribution. In all our experiments we use € = 3, which we selected to filter out at least
the 96% of tokens in sequence, and empirically showed a sufficient robustness to detect
sinks while also serving as a filter for tokens that did not exhibit a sink characteristic.
We further discuss the value of € in Section 5.4.8.

Sink Patterns

Our analysis reveals that DLMs exhibit distinct types of attention sinks with unique
dynamic properties not observed in ARMs. We find that sinks do not necessarily appear
in the beginning of the sentence, but also show up in the middle or towards the end,
which is possible as attention in DLMs is bidirectional. Along with the typical static sink
that is frequently observed in ARMs, we identify a new kind of attention sinks that we
call moving sinks.

Moving sinks appear at different positions during denoising and exhibit widely
different patterns according to layer depth and backbone model. Moving sinks are not
consistent across diffusion steps, i.e. they do not remain at the same position across
all diffusion steps and may move or even vanish throughout the denoising process. We
show an example in Figure 5.53a. We now analyse how attention sinks appear in the
considered pre-trained models.

LLaDA-8B exhibits diverse moving sink patterns with consistency across different se-
quences. Moving sinks often remain at a specific position for some consecutive denoising
steps, before vanishing. Nonetheless, we also find some edge cases in which the moving
sinks behave extremely unstably, as we see in Figure 5.55b, where a sink appears for
only one timestep before vanishing on the next one.

As we progress to deeper layers, the number of sinks decreases, converging to one
or two sinks per layer, as we show in Figure 5.54. The deepest layers showcase a
particular type of moving sinks, where masked and unmasked tokens maintain separate
attention sinks, and switch gradually. We show an example of this phenomenon in
Figure 5.55a. Notably, LLaDA-8B demonstrates a strong semantic basis for sink selection
as sinks consistently form on punctuation marks (periods, commas), whitespace, and
end-of-sequence tokens. This pattern suggests that LLaDA-8B, trained from scratch as
a diffusion model, developed semantically-aware attention mechanisms that identify
structurally important tokens as reference points for attention.

Dream-7B showcases a sink behaviour that follows primarily a positional rather than
a semantic pattern. Unlike LLaDA-8B, Dream-7B’s sinks often originate at the rightmost
masked token and shift leftward as tokens are progressively unmasked, regardless of the
token content, as we show in Figure 5.57b. This right-to-left migration is most prominent
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Figure 5.54. Cumulative attention score for LLaDA-8B’s sink across heads and layers. The
variation of the model’s main sink token is displayed across the different heads and layers,
averaged through time. Brighter colours indicate higher attention score. In later layers there
are usually fewer sinks and the attention score is therefore higher, as it is shared among
fewer sink tokens.

(a) (b)

Figure 5.55. Different types of moving sinks in LLaDA-8B. (a) A particular kind of moving
sink in which attention is split according to token type. Some heads exhibit this behaviour in
which the masked tokens heavily attend to a specific sink, while the unmasked ones are more
concentrated on another one. This heatmap is from step 32, at the precise end of a block,
explaining why we have a perfect line separating all the unmasked and masked tokens. (b)
A sink appears at step 96 but suddenly disappears at step 97.

in early layers and creates a dynamic attention flow that follows the unmasking frontier.
This positional nature of Dream-7B’s sinks likely stems from its initialization from a
pre-trained autoregressive model. The inherited representations may be less refined for
bidirectional attention, causing the model to rely on positional cues rather than semantic
content for sink formation. Dream-7B’s positional bias represents a difference from
LLaDA-8B’s semantic approach and suggests that initialization strategy and positional
embeddings significantly influences attention organization in diffusion models [508].

MMaDA-8B presents the most stable sink behaviour among the three models, with
sinks that are generally static and less frequent. When sinks do manifest they often
remain fixed at their initial positions throughout the entire generation process, as we
show in Figure 5.57a. The model exhibits minimal moving sinks, with most layers
showing no clear sink patterns at all. This stability contrasts with the dynamic patterns
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Figure 5.56. Example of how sinks move over time. The largest sink from each model’s
specific heads is selected at each iteration. See how the attention shifts according to the
explained phenomena. Note that these are sinks for a specific head of the model and not the
actual averaged one.
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(a) Fixed sink in MMaDA-8B. MMaDA-8B (b) Moving sinks in Dream-7B typically shift

often exhibits a static sink at the from right to left. The sink moving is on
beginning of the sequence. In different step 32 (Left) and at the rightmost
denoising steps, the sink stays consistently position. While at step 33 (Right) the sink
at the beginning of the sequence. has moved towards the centre.

Figure 5.57. Fixed sink in MMaDA-8B and moving sink in Dream-7B.

in LLaDA-8B and Dream-7B, potentially reflecting MMaDA-8B’s different multimodal
training data. The static nature of MMaDA-8B’s sinks more closely resembles traditional
autoregressive models, though the bidirectional attention mechanism still allows for
unique patterns not possible in causal models. For instance, in Figure 5.53b we show
that a considerable amount of tokens shift their attention towards an already unmasked
token from one step to the other.

In Figure 5.56 we show how sinks behave in different models. We select a specific
head from each model and compare the position of the largest sink detected by our
metric. We observe that while MMaDA-8B exhibits a mostly static sinking behaviour,
sinks tend to shift position in Dream-7B and LLaDA-8B. More specifically, we observe
that in LLaDA-8B the sink tends to shift right as more blocks are denoised, while it moves
from right to left in Dream-7B.

Robustness of DLMs to Masking Sinks

Previous studies have demonstrated that attention sinks play a crucial role in transformer-
based models, with their removal typically causing catastrophic performance degra-



196 5. Interpretable Al Systems

Dataset Sinks DREAM-7B [650] LLADA-8B [427] MMADA-8B [643] LLAMA-3.1-8B [399]
Unmasked 0.82:00 0.76+001 0.54:001 0.85:001

GSMSK Masked €o 0.79:0m 0.75z001 0.53:001 0.02:0.00
Masked € 1 0.78x0.01 0.73x001 0.54:00 0.02:000
Masked €9y 0.75:00 0.55:001 0.37x001 0.01:003
Unmasked 0.60+003 0.37=003 0.16+002 0.66+004
Masked €o 0.64003 0.37+003 0.16x003 0.00:0.00

HumanEval
Masked €1 0.61:003 0.39:0.08 0.18x003 0.00:0.00
Masked €9 0.57:003 0.35:003 0.09:002 0.00:0.00

Table 5.8. Performance of DLMs and ARMs under attention sink masking. Thresholds
€y, €1, and €, correspond to masking 1, 5, and 10 top-ranked attention sinks, respectively.
While LLama-3.1-8B exhibits severe degradation when masking a single sink token, LLaDA-
8B, Dream-7B, and MMaDA-8B maintain competitive performance across masking settings,
suggesting that parallel inference in DLMs provides robustness to attention sink removal.

dation [622, 228, 40]. However, given that attention sinks in DLMs exhibit markedly
different and more dynamic patterns compared to ARMs, we investigate whether DLMs
demonstrate similar sensitivity to sink masking during generation.

We evaluate the three DLM variants — LLaDA-8B, Dream-7B, and MMaDA-8B —
on both coding and mathematical reasoning tasks using the GSM8K [115] and Hu-
manEval [97] datasets. GSM8K contains grade-school level math word problems, while
HumanEval comprises programming problems designed to evaluate code generation
and reasoning capabilities. For each model, we conduct two sets of evaluations: (1)
using the original, unmodified model, and (2) masking attention scores directed toward
the top-K attention sinks identified by our metric (Equation 5.16). We vary the thresh-
old parameter €, where smaller values result in masking a larger proportion of sinks.
Specifically, we select €, €1 and €, to mask the top 1,5 and 10 sinks respectively.

Surprisingly, the tested DLMs exhibit only modest performance degradation when
sinks are masked (Table 5.8). For all the tested DLMs, masking one sink leads to a
degradation in performance smaller than 1%. Substantial degradation occurs only
when € is decreased further to mask 10 sinks, and mostly in MMaDA-8B. In contrast,
applying the same masking procedure to LLama-3.1-8B results in severe performance
drops even when masking a single sink token, confirming prior findings that ARMs are
highly sensitive to attention sink removal [622, 228].

We hypothesize that this increased robustness stems from the parallel inference
mechanism inherent to DLMs, which may provide alternative attention pathways when
primary sinks are unavailable. We explore this hypothesis further in Section 5.4.4.

Implementation details. We evaluate our models in PyTorch [455] using the check-
points released on Hugging Face transformers [584] and the official 1m evaluation harness
scripts [195]. We use the same hyper-parameters specified in the respective original
papers. For LLaDA-8B, we use a block size of 32 and a generation length of 256 tokens for
GSMS8K and 512 for HumanEval. For Dream-7B, which does not use semi-autoregressive
block generation, we adjust only the generation length and diffusion step parameters
according to the original settings. We successfully reproduce the reported results for
LLaDA-8B, Dream-7B, and LLama-3.1-8B using these configurations. However, we were
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unable to reproduce the original results for MMaDA-8B despite following the published
implementation details, and we therefore report our own evaluation results for this
model. Throughout our analysis, we employ € = 3 for sink detection, a threshold that
empirically balances robust sink identification with the exclusion of non-sink tokens.

5.4.4 Discussion
Dynamic Sinks and Positional Encoding

Recent work on encoder-only models notes that attention sinks can shift usually around
special markers like [CLS] or [EOS] and connects this behaviour to the use of absolute
positional embeddings [508]. However, we find that DLMs, despite using Rotary Posi-
tional Embeddings (RoPE, (author?) 553), show extremely varied and dynamic sink
patterns, including sinks that move and others that split attention between masked and
unmasked tokens. These appear all over the text sequence, often on important structural
tokens (like punctuation). The emergence of sink tokens on semantic markers suggests
that the sinking behaviour is driven not only by the positional encoding or token index
in the sequence [508, 41], but also by training dynamics and frequency of the token in
the training corpus [556, 322].

Robustness to Masking Sinks

A notable result from Section 5.4.3 is that DLMs keep working, although with a drop in
performance, even when we mask their attention sinks, which would cause an ARM to
fail completely. We believe this robustness comes from the bidirectional attention and
the iterative denoising process working together to create stability that ARMs lack. In
ARMs, attention is causal, and the sink token is usually a single, static anchor, that all
future tokens rely on. The next token to predict is therefore usually highly dependent
on the sink, and cutting its attention score causes the model to fail.

However, the bidirectional attention in DLMs lets every token see the full context at
every denoising step. Additionally, at each step all tokens are considered for unmasking,
and only the ones with highest probability (i.e., where the model is most confident) are
actually unmasked. This iterative denoising process might ensure higher stability: when
a sink is masked, the model likely becomes less confident about those tokens that are
highly affected by the sink, and therefore not consider them for unmasking.

Long Context Modelling

In ARMs, attention sinks have been proven to act as a tool to control over-mixing and
avoid representation collapse, especially in long contexts [41, 161]. However, attention
sinks in ARMs are usually present only at the beginning of the sequence and represent
a single point of reference for the entire generation. In contrast, DLMs offer a flexible
inference and their sinks often shift position during generation. By dynamically directing
attention to tokens that are currently most important for the ongoing prediction, DLMs
might be able to maintain strong, long-range connections more effectively than ARMs
that rely on a single, fixed bottleneck for information. Having the ability to access
sinks at the end of the sequence might represent and advantage for long reasoning and



198 5. Interpretable Al Systems

50000
40000
40000

30000
30000

20000
20000

10000 10000

0 10 20 30 40 50 0 10 20 30 40 50

Figure 5.58. Distribution of attention scores in Dream-7B and MMaDA-8B

planning tasks [648, 647, 649], where the model needs a reference anchor in the future
instead of the usual static one at the beginning of the sequence.

Additionally, for very long context generation in real-world deployment scenarios,
sinks represent a single point of weakness. When the context exceeds the available
GPU memory, the oldest part, typically including the [BOS] token, must be discarded.
However, discarding sinks in ARMs has been shown to be catastrophic for downstream
performance. DLMs on the other hand mitigate this limitation. Their moving sinks,
which often appear in the future relative to the current generation step, allow the model
to discard the past context without significant performance degradation.

5.4.5 Future Work

While our empirical analysis offers a general overview of sink behaviour in DLMs, it also
raises several open questions. First, it remains unclear what type of information the
model stores in the sinks that correspond to future positions. A promising direction to
investigate this would be a mechanistic analysis, for instance using the Logit Lens [431].

Second, it is worth exploring whether sinks could be exploited for acceleration or
compression, similar to their original use case in [622].

Finally, although we observed several sink behaviours (e.g., Figure 5.55a), we did
not attempt to provide a detailed explanation of these phenomena. While such an
investigation would be valuable, it would require an interpretability-focused study,
which lies beyond the scope of this primarily empirical work.

5.4.6 Limitations

While we conducted an extensive study across three DLMs, our analysis is limited to
instruct models, as we did not perform experiments on their corresponding base versions.
Furthermore, we focused on attention sinks in pre-trained models and did not explore
how modifications to the training procedure might influence their behaviour, an aspect
that has recently been investigated for ARMs by [403, 436].

5.4.7 Additional plots

In Figure 5.58 we show additional plots of attention score distribution, displaying how a
only a few tokens, the sinks, receive a disproportionate high attention score.
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5.4.8 Selection of Sink Threshold
In Equation 5.16 we defined € to be the threshold for classifying a token as a sink.

In Figure 5.59 we show how the value of € affects sink selection. We see that all the
analysed DLMs filter out at least 96% of tokens when usigng € = 3.
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Figure 5.59. Percentage of tokens not considered as sinks when increasing the value of ¢, for
a sequence of 64 tokens. A balanced threshold is found at e = 3, which we used in this

investigation to define that a token is a sink.

5.4.9 Conclusion
We presented the first empirical analysis of attention sinks in Diffusion Language Models,

showing that they consistently emerge but behave differently from those in autoregres-
sive models. In DLMs, sinks are dynamic, often shifting across denoising steps and
aligning with semantic or structural tokens rather than fixed positions. Moreover, DLMs
remain remarkably robust to sink masking, suggesting that their bidirectional and itera-
tive generation distributes attention more evenly and avoids reliance on single anchor
tokens. These findings reveal that diffusion models organize attention through flexible
mechanisms, offering new insights into their internal dynamics and interpretability.
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5.5 Interpretable Classification of Levantine Ceramic Thin
Sections via Neural Networks

The archaeological context of the Levantine region is both particularly significant and
complex, as numerous archaeological sites emerged during the Early Bronze Age, a period
characterized by urbanization, trade networks, and political complexity [547, 221].
During this phase, the first urban societies in the region took shape. The process
of urbanization was marked by the aggregation of local settlements, the formation
of regional centers, and the fortification of villages, reflecting a shift toward more
centralized form of organization. These transformations included the simplification
of material culture and the reorganization of craft production [220]. One example
of this process is Tell el-Far’ah (North), with strong fortifications and standardized
ceramic production suggesting the presence of large workshops and inter-community
exchange. While urbanization began earlier in the southern areas of the Levantine
region, northern parts followed this path a bit later with key sites like Ebla showing signs
of complex administration and organized settlement planning [603, 108].Therefore,
over the past decades, there has been a growing interest in studying this region to
understand and reconstruct the changes and developments that have been observed
in various archaeological sites. The study of ancient ceramics plays a central role in
understanding the social and cultural identity of the region from the Bronze Age, as
it provides information on social, cultural, and technological development as well as
the evolution of ancient civilizations. Indeed, an archaeometric characterization of
ancient ceramic materials can define the nature and provenance of raw materials used
in production that help to define trade routes and interaction among past societies
[484, 441, 655].

Currently, petrographic analysis of ceramic thin sections is one of the most effective
and widely used methods for archaeometric characterization and reconstruction of
the technological and material features of ceramics. The petrographic analysis also
includes the identification of fabrics, groups of thin sections sharing similar characteristics,
and representative of the chaine opératoire, i.e. the actions and technological choices
that led to the formation of the final product [605, 607]. Therefore, the grouping
of thin sections in fabrics has been widely applied to define the different “recipes”
used in ceramic production and to distinguish between local or imported wares [606].
Specifically, petrographic analyses can help in the recognition of specific ware types as
locals and in identifying patterns of exchange of pottery within the region [216, 222,
217, 127]. In other cases, they have contributed to the identification of relationships
between ancient production centers and their surrounding geological settings [382, 33,
579]. However, reconstructing ancient exchanges and defining trade profiles remain
challenging due to the still limited petrographic studies on large ceramic assemblages,
resulting in a lack of comparative data useful for identifying potential relationships
and interactions. Moreover, although minero-petrographic characterization is a well-
established and effective method for studying pottery assemblages, it is time-consuming
and challenging to compare results across different archaeological contexts. This is
partly due to the dispersion of petrographic data across various sources such as specialist
journals, monographs, conference proceedings, and excavation reports.

In recent decades, there has been a growing interest in applying Machine Learn-
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ing (ML) and/or Deep Learning (DL) techniques to archaeology in a variety of ways,
including the identification of archaeological sites and structures [89, 236, 577], and
the classification or recognition of archaeological artifacts. Recent applications have
involved the use of neural networks for the prediction of morphological features of lithic
artifacts even when these are fragmented or incomplete [578, 430]. Other applications
include the use of Laser-Induced Breakdown Spectroscopy (LIBS) combined with neural
networks to attribute archaeological bone remains to specific individuals [539]. Addi-
tionally, Lithic Use-Wear Analysis (LUWA) using microscopic images has been employed
to study the working traces on lithic artifacts [666]. Concerning the study of ceramics,
automated methodologies have become powerful tools for resolving classification tasks,
significantly contributing to the recognition of specific compositional, technological, or
stylistic patterns [54, 458]. Today, several algorithms have been tested for the classifica-
tion of pottery based on the study of their typology, decoration, and shape [273, 420].
ML models have also been applied in provenance analysis, where ceramic samples have
been classified through the elaboration of geochemical data [478, 507, 15]. Among
these approaches, Artificial Neural Networks (ANNs) have been employed to determine
ceramic provenance using LIBS spectra [494]. ANNs have further been used for the
analysis of ceramic thin sections with the aim of facilitating the fabric classification, in
combination with image analysis to identify inclusions and pores in thin sections by
working with parameters such as color, shape, size, percentage of inclusions and porosity
[20]. Recent studies focused on the development of a DL model based on Convolu-
tional Neural Networks (CNNs) to classify ceramic thin sections into their respective
petrographic fabrics [376, 377].

CNN s are specifically designed for image pattern recognition. They consist of a series
of layers among which the convolutional ones play a fundamental role, allowing the
detection of characteristic patterns meaningful for accurate classification [326].

Recently, Transformers-based models have emerged as a significant alternative to
CNNs. Vision Transformers [165] (ViTs) operate using multi-head self-attention instead
of convolution and process input images by dividing them into patches. This approach
captures both local and global dependencies, facilitating the identification of relationships
across the entire image [489]. Yang et al. have explored the combination of channel
and self-attention mechanisms within CNN architectures to improve their discriminative
power in the classification of Ming-Qing ceramics [355].

Despite being extremely accurate, modern DL methods are highly complex, often
consisting of hundreds of layers and parameters, making it difficult to determine which
features the model relies on for classification. As a consequence, predictions are usually
difficult to explain. For this reason, such models are often considered ‘black boxes’, as
they do not provide any direct explanation or insights about their predictions [90]. In
order to tackle this limitation, Explainable Artificial Intelligence (XAI) emerged as a field
aimed at studying the interpretability of ML models [683, 23]. Understanding what the
model has learned allows for further validation of its accuracy, also ensuring that it is
based on the correct variables during the training phase, allowing the identification of
potential limitations and building trust in the model’s performance [443, 411]. In the
context of XA, saliency maps and attention maps are visual tools that help to understand
a model’s decision [201]. To the best of our knowledge, neither ViTs nor explainability
techniques have been applied to the ceramic petrographic fabric classification. The only
similar study applied Grad-CAM (Gradient-based Class Activation Maps) to visualize the
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Table 9. Summary of the selected ceramic thin sections.

Archaeological sites Age N. of samples
Tell el-Far’ah (North) Early Bronze I - II 55
Khirbat al-Batrawy Early Bronze III - IV 40
Khirbat Iskandar Early Bronze IV 35
Bethlehem Early Bronze IV - Iron Age IB-II 23
Ebla Early Bronze IV - Middle Bronze I 18
Jericho Early Bronze 7

key features used by a CNN model for petrographic classification, although explainability
was not its main focus [377]. Other related works have employed Grad-CAM to interpret
CNN predictions for the typological and/or chronological classification of ceramic sherds
and vessels [458, 174, 355].

The present research focuses on the application of automated methodologies for the
classification of Levantine ceramics into their petrographic fabrics using deep learning
models, specifically Convolutional Neural Networks (CNNs) and Vision Transformers
(ViTs). The aim is to investigate the potential of these models in the field of petro-
graphic studies of pottery. The performance of these models is compared to evaluate
their effectiveness in classification tasks. Furthermore, the research provides a partial
interpretation of CNNs and ViTs using several forms of visual explanations. The objective
is a deeper understanding of the classification process by visualizing the distinctive
features that most influenced the models’ predictions.

5.5.1 Materials and Methods

The starting point for the implementation of the DL models consisted of a phase of
selection and acquisition of a large number of ceramic thin section images, which
have been used as training and testing datasets. A total of 178 ceramic samples were
selected, primarly dating to the Bronze Age, with a smaller number from the Iron Age.
These samples come from six different archaeological sites across the Levantine region:
Bethlehem (West Bank), Tell el-Far’ah North (West Bank), Khirbat Iskandar (Jordan),
Khirbat al-Batrawy (Jordan), Ebla (Syria) and Jericho (West Bank) as shown in Fig.
5.60 (see Table 9 for more detailed information on the samples). While most of the sites
are located in the southern part of the region, the inclusion of Elba provides important
comparative data from the north. All samples have already been described and classified
in terms of their respective petrographic fabrics, as well as their archaeological context
in previous papers

Acquisition of thin section images was performed using the Axiocam 208 ZEISS
camera connected to a ZEISS D-7082 Oberkochen petrographic microscope. For each
ceramic section, we took multiple images under plane-polarized light (PPL) and cross-
polarized light (XPL) at magnifications of 2.5X and 10X, resulting in a total of eight
images per section to ensure the capture of important microstructural and mineralogical
features. All images were compared and grouped into ten petrographic fabrics, taking
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Figure 5.60. Map of the Levant showing the selected archaeological sites.

into account the results of the previous works. Samples from the different fabrics are
presented in Fig. 5.61. The final dataset, consisting of 1,424 images grouped in 10
classes, is randomly split into training and testing sets with a ratio of 80:20. The larger
portion was used for the training phase, while the smaller one was used to test the
models on new data.

Implementation of CNN and ViT models

We select two types of deep learning models for this study: A CNN using the ResNet18
[245] architecture, and the more recent Vision Transformer [165]. CNNs are neural
networks that process images through multiple convolutional layers, each detecting
increasingly complex features. ResNet18 consists of 18 layers organized in 5 stages:
an initial 7x7 convolutional layer followed by 8 blocks, each containing two 3x3
convolutional layers with batch normalization and ReLU activation. Each block includes
a skip connection that adds the input to the block’s output, helping to prevent vanishing
gradients. The network concludes with an average pooling layer and a fully connected
layer for classification.

Vision Transformers represent a fundamentally different approach: they first divide
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input images into fixed-size patches (16X 16 pixels in our case), linearly embed each
patch, add positional embeddings, and process them through a series of transformer
encoder blocks. Each encoder block contains a multi-head self-attention layer followed
by a multi-layer perceptron (MLP). Our ViT implementation uses 12 transformer encoder
blocks, each with 12 attention heads and a hidden dimension of 384.

We train our models to predict the class of a given image, minimizing a cross
entropy loss function. To evaluate classification performance, we train the models and
subsequently compare their performance on the held-out test dataset.

For both models, we use a transfer learning approach, fine-tuning pre-trained versions
on the large ImageNet dataset [143]. This approach leverages the pre-training on
ImageNet, a large dataset of 1.2 million images across 1,000 classes. We retain the
pre-trained weights of the backbone layers, that have already learned to extract general
visual features like edges, textures, and shapes, and only retrain the final classification
layers to adapt to our specific classes. This transfer learning strategy allows the model
to build upon previously learned features, making it more effective when working with
limited data.

As part of our ablation study, we also evaluate a from-scratch approach, where all
model parameters are randomly initialized and trained exclusively on our dataset.

We trained the ResNet-18 models for 60 epochs (from scratch) and 25 epochs (pre-
trained) respectively. Both implementations used the AdamW optimizer [301] with
learning rates and weight decay values of 3e-4. An adaptive learning rate scheduler was
incorporated to dynamically adjust the learning rate throughout the training process.
For the ViT models, training extended across 125 epochs (from scratch) and 60 epochs
(pre-trained) using AdamW with a learning rate of le-4 and le-5 respectively, and a
weight decay of le-4. To enhance model generalization and effectively expand our
training dataset, we implemented various data augmentation techniques [645] including
random axis flipping, color jittering, and random cropping. These augmentations were
applied consistently during the training phase for both models to mitigate overfitting.
We provide further details concerning the training hyper-parameters in 5.5.4.

5.5.2 Results

The mean and standard deviation of the metrics for CNNs and ViTs are summarized in
Table 10. The reported values correspond to the average performance of the models
initialized three times with different random seeds. For reference, we also show the
results of the models trained from scratch without a pre-trained ImageNet checkpoint.
As expected, the transfer learning approach led to a significantly higher performance.
The ResNet18 model trained from scratch achieved an accuracy of 76.33 £ 0.58% after
60 epochs with a precision of 78.10 £ 0.73%, a result consistent with the small size of
the dataset. In contrast, the pre-trained ResNet18, initialized with ImageNet weights,
reached an accuracy of 92.11 £ 0.44% and a precision of 92.05 £+ 1.35% in 25 epochs.
ViTs are generally more effective for large datasets; as expected, the model trained from
scratch underperformed, with an accuracy of 61.01 £ 0.33% and a precision of 58.74
+ 1.21% after 125 epochs. However, the pre-trained implementation performed well
despite the small dataset, achieving an accuracy of 88.34 £ 0.29% and a precision of
88.44 £ 0.50% in 60 epochs, highlighting the effectiveness of transfer learning even
with limited data.
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Table 10. Mean and standard deviation of the accuracy, precision, recall (True positive rate) and

F1-score (harmonic mean of precision and recall) metrics of the CNN and ViT.

Model Metrics ResNet18 (Scratch)  Pre-trained ResNet1l8  ViT (Scratch) Pre-trained ViT

Accuracy 76.33 £ 0.58% 92.11 £ 0.44% 61.01 £ 0.33% 88.34 + 0.29%
Precision 78.10 £ 0.73% 92.05 + 1.35% 58.74 £ 1.21% 88.44 £ 0.50%
Recall 72.16 £1.08% 90.15 £+ 1.58% 59.93 £ 0.60% 86.60 + 0.83%
F1-score 73.67 £ 0.71% 90.68 + 1.54% 58.03 £ 0.47% 86.84 + 0.70%

Fig. 5.62a presents the confusion matrix from the best run of the pre-trained
ResNet18 model, showing the correlation between predicted and actual values and
highlighting the number of correctly classified samples. The adjacent plot illustrates
the evolution of training and testing accuracy over the epochs, allowing us to evaluate
the learning progress of the model and identify potential overfitting or underfitting
issues. Similarly Fig. 5.62b visualizes the best run results of the ViT model, presenting
its confusion matrix along with the training and testing accuracy trends over a total
of 60 epochs. It is important to note that the accuracy on the test set was monitored
for visualization purposes only. The final evaluation of each model was based on its
performance on the test set after training was completed.

Analysis of misclassified samples

In this section we perform an in-depth analysis of the confusion matrix of the models
to verify whether the most difficult samples to assign to specific petrographic fabrics
correspond to those misclassified by the models and also whether these samples are
consistently misclassified, identifying potential biases or problematic samples. From
the analysis of the confusion matrix of both the models (Fig. 5.62), it emerges that
class 2 has the highest number of misclassifications with class 3. Class 2 represents
the carbonate A fabric, characterized by the presence of microfossils in the matrix,
while the main inclusions are carbonate rock fragments, making it very similar to the
carbonate B fabric (class 3). The main difference between them is that carbonate B fabric
contains an abundant presence of quartz instead of microfossils [391]. Observing the
misclassifications of the ResNet18 and ViT models (Fig. 5.63a and b), we note that the
first three images of sample J3 are misclassified in both models, mainly being confused
with class 3. It is interesting to highlight that this sample was particularly difficult to
classify, as its matrix contains both microfossils and dispersed quartz. This combination
of characteristics places it in an intermediate zone between carbonate A and carbonate
B fabrics, making its classification more complex. These observations suggest that both
the models can struggle with classes that share similar mineralogical characteristics,
particularly when a sample exhibits features of multiple petrographic fabrics. This kind
of ambiguity also makes classification difficult for human experts, suggesting that some
misclassifications may reflect the complexity of the samples more than limitations in
model performance.
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5.5.3 Explainability analysis
Explainability Techniques

Given that our study involves two distinct neural network architectures, ResNet18 and
ViT, we employ different explainability techniques suited to their respective structures.

For ResNet18, we apply the Guided Gradient-weighted Class Activation Mapping
(Guided Grad-CAM) [527], a widely used interpretability technique for convolutional
neural networks. Grad-CAM generates a coarse localization map by computing the
gradient of the output with respect to the feature maps in the last convolutional layer,
highlighting the most influential regions in the input image for the network’s decision.

For the Vision Transformer, we employ attention map visualization to interpret model
decisions. Unlike CNNs, which rely on local receptive fields, ViTs use self-attention
mechanisms to establish long-range dependencies between tokens [297]. Each ViT
layer consists of multiple attention heads, each learning distinct patterns of feature
dependencies across the input sequence. By visualizing attention maps across these
heads, we gain insights into how the model distributes its focus over the image. Attention
maps are particularly informative for ViTs because they directly represent the learned
relationships between different image patches. In early layers, attention heads often
capture local structures, while deeper layers aggregate global contextual information.
By analyzing these attention distributions, we can interpret whether the model attends
to semantically meaningful regions, such as object boundaries or discriminative features,
aligning with human intuition for visual reasoning.

Explainability of the models in classifying ceramic thin-section

Guided Grad-CAM was used to visually explain the predictions of the pre-trained CNN
model, highlighting the important features considered for classification. This technique
allows us to observe how the model effectively identified the minerals characteristic of
the fabrics as representative for classification. The regions indicated by the Guided Grad-
CAM as important correspond to the predominant minerals that lead to the discrimination
and grouping of the ceramic samples according to their petrographic fabrics. Fig. 5.64
provides several significant examples, where the heatmaps allow for an immediate and
clear visualization of the areas that positively contributed to the correct classification of
the images. To analyze potential differences, we applied this method to both PPL and XPL
images of the same samples. Identifying key features in PPL images is more challenging,
as they appear less distinct compared to XPL images, making mineral discrimination
more difficult. However, the results suggest that inclusions can still be distinguished
from the matrix based on their shape and color. In XPL images, interference colors
further help in distinguishing the main inclusions. Particularly interesting are the results
for class 8. The images in Fig. 5.64d show how the heatmaps exclusively highlight
the basalt fragments, distinguishing them from the other inclusions present in the thin
section in both the PPL and XPL images. This demonstrates the neural network’s ability
to identify and learn specific characteristics of the corresponding petrographic fabrics.
See Fig. B1 in 5.5.5 to visualize the Guided Grad-CAM results for the other classes.

To deeper investigate these results, we applied Guided Grad-CAM to a sequence
of images of the same sample at different rotations to determinate which parameters
most influenced the classification and whether rotation and birefringence effects had
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any impact on the results. This analysis was conducted on calcite and quartz fabric
samples. Fig. 5.65 shows the rotation sequence of a calcite fabric sample, showing its
progressive rotation until some crystals reached extinction. Calcite, characterized by high
birefringence, is particularly distinctive in optical analyses and is a perfect case study
to determine which features are considered important for classification. The resulting
heatmaps indicate that rotation does not affect the recognition of specific patterns for
classification. On the contrary, they highlight how the interference colors of the calcite
crystals, their shape and edges, and also those in extinction are key elements considered
by the model for classification. Regarding the analysis conducted on the representative
quartz fabric sample in Fig. 5.66, the heatmaps highlight quartz minerals independent
of their size and/or brightness. Color appears to play a role in identification; in fact,
the extincted quartz is not well evidenced, probably because the model is not able to
discriminate it from the matrix as it is quite dark as well. Additionally, it is interesting
to note that there are few carbonate rock fragments present in the sample that are not
highlighted by the heatmaps. This result suggests that the model selectively recognizes
quartz minerals without considering other inclusions, thus confirming the consistency of
the classification process.

We use attention maps to visualize the classification predictions of the pre-trained ViT
model, illustrating how it correlates different patches during the classification process.
Fig. 5.67 shows attention maps of representative samples from classes 2, 5, 7, and
8, which correspond to carbonate A, dolomite B, shell, and basalt fabrics, respectively.
Specifically, the figure presents attention maps from head 3 for class 2 and 5 and from
head 5 for class 7 and 8 across different layers, allowing a better observation of the
evolution of the attention over the layers of the ViT. To investigate potential differences
in attention maps under different polarization conditions, we visualized the samples
in both PPL and XPL. The results indicate that the attention maps remain consistent
across both images, suggesting that the model’s ability to focus on relevant mineralogical
features is not significantly affected by polarization. Furthermore, the evolution of
attention maps throughout the layers of the ViT appears consistent for each respective
attention head. In the first layers, attention is more broadly distributed, while in deeper
layers, it starts to focus on specific regions corresponding to the characteristic minerals
of the petrographic fabrics.

The most challenging aspect of visualizing the important areas in this case is that
the inclusions are distributed throughout the entire thin section. This makes it more
difficult for the model to focus on specific features, especially considering that ViTs
operate globally by analyzing patches rather than individual pixels. For this reason, it is
particularly interesting to emphasize the results of classes 5 and 7, which contain a high
number of inclusions dispersed in the matrix. In both cases, the attention maps show
that the model was still able to focus on specific characteristics of the respective fabrics.
In class 5, the model mainly highlights some well-defined dolomite crystals that stand
out clearly from the matrix, as well as the silicate rock fragment that is characteristic of
this class. A similar pattern can be observed for the shell fabric, where the attention maps
seem to emphasize the areas corresponding to the elongated shell fragments rather than
the more common carbonate fragments. We report the attention maps of representative
samples from the other classes in 5.5.5, Fig. B2.

Both the saliency and attention maps clearly highlight the characteristic minerals
of the petrographic fabrics as key features for classification. This indicates that the
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models distinguished the ceramic thin sections based on their inclusions, similar to the
way traditional petrographic analysis groups ceramics by studying pores, inclusions,
and the matrix. Although our models focused mainly on inclusions, it is interesting to
note a certain correlation between deep learning-based classification and conventional
petrographic methods.

5.5.4 Details on Model Architectures and Training

This section presents the architectural details and training configurations for both the
ResNet-18 and DeiT-Small models used in our experiments. Hyperparameter selection
was carried out based on the results of a 3-fold cross-validation performed on the training
portion of the dataset (80% of the full set). The best average validation results guided
the final choice of hyperparameters. The explored hyperparameters are reported in
tables A3 and A6.

Table 11. ResNet-18 Architecture Hyperparameters.

Parameter Value

Total layers 18

Convolutional layers 17 + 1 fully connected
Residual blocks 8

Input resolution 224 X 224
Parameters ~ 11.7M

Table 12. ResNet-18 Training Setup.

Hyperparameter Value

Learning rate 3e-4

Weight decay 3e-4

Training epochs (scratch) 60

Training epochs (pre-trained) 25

Batch size (scratch) 20

Batch size (pre-trained) 32

Optimizer AdamW

Learning rate scheduler ReduceLROnPlateau

Table 13. ResNet18 hyperparameters explored during 3-fold cross-validation, for both
pre-trained and from-scratch models.

Hyperparameter Values Tested

Learning rate {3e-4, 1e-4}
Weight decay {3e-4, 1e-4, 1e-5}
Optimizer {AdamW}
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Table 14. DeiT-Small Architecture Hyperparameters.

Parameter Value
Layers (Transformer blocks) 12

Heads 6

Hidden dimension 384

MLP dimension 1536
Patch size 16 X 16
Input resolution 224 x 224
Parameters ~ 22M

Table 15. Vision Transformer Training Setup.

Hyperparameter Value

Learning rate (from scratch) le-4

Learning rate (pre-trained) le-5
Weight decay le-4
Training epochs (scratch) 125
Training epochs (pre-trained) 60

Batch size 32
Optimizer AdamW
Learning rate scheduler CosineL.R

Table 16. DeiT-Small hyperparameters explored during 3-fold cross-validation, for both
pre-trained and from-scratch models.

Hyperparameter Values Tested

Learning rate {1e-4, 1e-5}
Weight decay {1le-4, 1le-5}
Optimizer {AdamW}

5.5.5 Guided Grad-CAM and Attention Maps of Other Classes

In this section, we present the results of Guided Grad-CAM and attention maps for the
remaining classes that were not shown in the main text of the paper.

5.5.6 Conclusion

This study demonstrated the potential of deep learning methodologies for the automated
classification of ceramic thin sections based on their petrographic fabrics, expanding on
previous research by Lyons et al. [376, 377]. The application of Convolutional Neural
Networks (CNNs) and Vision Transformers (ViTs) yielded high classification accuracy
and enabled the grouping of thin sections with similar petrographic characteristics. Fur-
thermore, explainability techniques, such as Guided Grad-CAM for CNNs and attention
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maps for ViTs, provided insights into the models’ decision-making processes, confirming
their ability to recognize key mineralogical features relevant for fabric classification.

One possible limitation arises from the use of saliency maps, such as Guided Grad-
CAM, which, while effective in highlighting important image regions, may not always
provide a complete or precise explanation of model decisions. To address these chal-
lenges, future research could explore more recent explainability techniques, such as
sparse autoencoders [192]. Furthermore, integrating multimodal data sources, such
as geochemical analysis alongside petrographic imaging, could improve classification
accuracy and robustness, opening the possibility for more applications in the field of
minero-petrographic studies. For instance, this approach could contribute to ceramic
provenance research by aiding in the identification of raw material sources in relation to
the geological context of surrounding areas.

A key future step is expanding the dataset of ceramic thin section images to improve
model generalization and performance across a broader range of fabrics and archaeolog-
ical contexts. One current limitation is that models trained on a predefined set of known
classes may struggle to generalize to previously unseen samples, particularly given the
high degree of ceramic variability in the Levantine region, constraining their robustness
in real-world applications. As a future step, it will be essential to evaluate the model
on additional sets of thin-section images, distinct from those used during training. This
will allow for a more realistic assessment of the generalization capabilities of the model,
including its ability to identify samples that do not match any of the known classes (i.e.,
out-of-distribution detection). Moreover, recent advances in unsupervised learning and
few-shot learning offer promising tools to address this challenge, potentially expanding
the applicability of deep learning to archaeological scenarios.

Overall, this study highlights the potential of explainable Al in archaeometric re-
search, providing a reproducible and efficient approach to ceramic analysis. Continued
advancements in Al interpretability will be crucial for refining these methodologies,
ensuring transparency, and facilitating broader adoption in archaeological and materials
science applications.
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Class 1 — Calcite fabric Class 2 — Carbonate A fabric

Figure 5.61. Thin section images of representative samples of the ten petrographic fabrics
(2.5X, both in PPL and XPL respectively). Class 1 (sample T53): Characterized by the
predominance of calcite inclusions; Class 2 (sample TF6): Predominance of fragments of
sedimentary calcareous rocks, presence of microfossils in the matrix; Class 3 (sample TFN39):
Fragments of sedimentary calcareous rocks, presence of quartz in the matrix; Class 4 (sample
B1/14): Predominance of dolomite crystal inclusions; Class 5 (sample K7): Presence of
dolomite, calcareous and siliceous rock fragments as dominant inclusions; Class 6 (sample
TFMcampl): Presence of predominant quartz inclusions; Class 7 (sample K12): Predominant
presence of elongated bivalve shells and calcareous rock fragments; Class 8 (sample E467/3):
Dominant presence of volcanic rock fragments identified as basalt; Class 9 (sample K11):
Characterized by the dominant presence of calcareous and siliceous rock fragments; Class
10 (sample KB314/113): Predominance of calcareous fragments and iron oxide nodules.
Complete description of these fabrics in [391, 389, 71, 72, 512, 388, 38, 390].
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Figure 5.62. Classification performance of ResNet18 and Vision Transformer (ViT). (a) Confusion
matrix and accuracy trends for ResNet18. (b) Confusion matrix and accuracy trends for ViT.
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Figure 5.63. Comparison of ResNet18 and ViT misclassified predictions for class 2, representative
of carbonate A fabric. (a) Images of ResNet18 misclassified predictions; (b) Images of ViT
misclassified predictions.
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Original (PPL) Positive Attribution Masked Positive Attribution Masked

Figure 5.64. Guided Grad-CAM applied to pre-trained ResNet18. The figure shows the origi-
nal images, the heatmaps overlapped to the thin-section images, and the masked images
highlighting only the areas considered important for classification. (a) Class 1 (sample TF4):
Calcite fabric; (b) Class 2 (sample TF6): Carbonate A fabric; (c) Class 6 (sample TFMcamp1l):
Quartz fabric; (d) Class 8 (sample E16/2): Basalt fabric.

Original Image

Guided GradCAM

Figure 5.65. Guided Grad-CAM applied to the rotation sequence of sample TF4 from calcite
fabric.
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Original Image

Guided GradCAM

Figure 5.66. Guided Grad-CAM applied to the rotation sequence of sample TFMcamp1 from
quartz fabric.



5.5 Interpretable Classification of Levantine Ceramic Thin Sections via Neural Netwoikk5

Class 2 — Carbonate A fabric

PPL

XPL

Class 5 — Dolomite B fabric
— -

B8 Tl R ¢

PPL

o
(> x
{ e . & 7 2
P ! 72 o ~

XPL

I E
&y

Class 7 — Shell fabric

PPL

XPL

Class 8 — Basalt fabric

PPL

-'

XPL

Figure 5.67. Attention maps of representative samples from carbonate A (sample KB146/30),
dolomite B (sample K9), shell (sample KI11) and basalt (sample KB5) fabrics both in PPL
and XPL. Visualization of head 3 for class 2 and 5, and head 5 for class 7 and 8, across ViT’s
layers.
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Figure B1. Guided Grad-CAM applied to pre-trained ResNet18. The figure shows the origi-
nal images, the heatmaps overlapped to the thin-section images, and the masked images
highlighting only the areas considered important for classification. (a) Class 3 (sample
718/25): Carbonate B fabric; (b) Class 4 (sample B1/14): Dolomite A fabric; (c) Class 5
(sample Kcamp15): Dolomite B fabric; (d) Class 7 (sample Klcamp2): Shell fabric; (e) Class
9 (sample K1): Carbonate C fabric; (f) Classe 10 (sample KB383/38): Carbonate D fabric.
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Figure B2. Attention maps of representative samples from calcite (sample TFcamp19), carbonate
B (sample TFcampl3), dolomite A (sample Asur5), quartz (sample KBC4), carbonate C
(sample K16) and carbonate D (sample KB314/113) fabrics both in PPL and XPL. Visualization
of head 3 across the ViT’s layers.
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Chapter 6

Conclusion and Future Directions

This thesis has explored three fundamental and interconnected challenges in modern
artificial intelligence: computational efficiency, adaptive inference, and model inter-
pretability. Through a collection of works spanning multiple domains—from natural
language processing and computer vision to high-energy physics and archaeological
analysis—we have demonstrated that these challenges are not only addressable but can
be tackled synergistically to create Al systems that are simultaneously more efficient,
flexible, and transparent.

6.1 Summary of Contributions

The research presented in this thesis makes several key contributions to the field of
artificial intelligence, organized around three core themes:

Adaptive Computation and Conditional Inference We established a comprehensive
framework for conditional computation in neural networks [518], providing a unified
formalism to describe techniques that dynamically activate or deactivate parts of their
computational graph based on input characteristics. This theoretical foundation un-
derpins much of the subsequent work in this thesis. Building on these principles, we
introduced Adaptive Computation Modules (ACMs) [610], a generic architectural
component that dynamically adjusts computational load on a per-token basis. By employ-
ing a sequence of progressive learners with learned gating mechanisms, ACMs achieve
significant reductions in inference costs while maintaining competitive accuracy across
computer vision and speech recognition tasks. This work demonstrates that granular
conditional computation can be effectively integrated into existing architectures through
distillation techniques. For the specific challenge of fine-tuning large vision transformers,
we developed ALaST (Adaptive Layer Selection Fine-Tuning) [155], which adaptively
estimates layer importance during training and allocates compute budgets accordingly.
By selectively freezing layers or reducing token counts, ALaST achieves speedup in
training time, reduction in FLOPs, and decrease in memory usage compared to full fine-
tuning, while remaining compatible with parameter-efficient methods like LoRA. Finally,
we used conditional computation in the context of next generation 6G networks [156]
for efficient inference and transmission.
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Efficient Inference for Large Language Models The deployment of large language
models is fundamentally constrained by the memory requirements of the Key-Value
(KV) cache, which grows linearly with sequence length. We addressed this bottleneck
through complementary approaches. First, we discovered that the L, norm of key
embeddings exhibits a strong correlation with attention scores, leading to a simple yet
effective compression strategy [153]. This method achieves 50% KV cache reduction
on language modeling tasks and up to 90% on passkey retrieval without accuracy loss,
while maintaining compatibility with FlashAttention. Building on these insights, we
developed Q-Filters [208], which exploits geometric properties of Query and Key vectors
to enable training-free KV cache compression through context-agnostic projections. Q-
Filters achieves 99% accuracy on needle-in-a-haystack tasks with 32x compression and
reduces generation perplexity drop by up to 65% compared to Streaming-LLM, while
remaining compatible with modern attention implementations. Finally, we introduced
Expected Attention [151], a state-of-art method for KV Cache compression, that uses
the distribution of future queries to compress the KV Cache.

Interpretable and Transparent Al Systems Understanding and controlling the in-
ternal mechanisms of neural networks is crucial for building trustworthy Al systems.
We made several contributions to model interpretability across different architectures
and application domains. For large language models, we investigated how they handle
knowledge conflicts between parametric memory and contextual information [680]. By
analyzing the residual stream, we demonstrated that LLMs internally register conflict
signals at mid-layers, and these patterns differ systematically based on which knowledge
source the model relies upon. Building on this analysis, we developed SpPARE [678],
a training-free representation engineering method that uses sparse auto-encoders to
steer knowledge selection behavior at inference time, outperforming existing methods
by up to 15%. We also uncovered the phenomenon of attention sinks in diffusion lan-
guage models [506], revealing that while these models exhibit attention concentration
similar to autoregressive models, their sinks display dynamic positional shifts during
generation and show greater robustness to sink removal. These findings highlight fun-
damental differences in attention allocation between diffusion-based and autoregressive
architectures.

In application domains, we demonstrated the value of interpretable architectures
through two case studies. For high-energy particle physics, we developed a Mixture-
of-Experts Graph Transformer [200] that achieves competitive classification accuracy
while providing interpretable outputs through attention maps and expert specialization
that align with known physics principles. For archaeological analysis, we applied ex-
plainable CNNs and Vision Transformers to classify Levantine ceramic thin sections [87],
showing that XAI techniques like Guided Grad-CAM successfully identify mineralogical
features that align with expert petrographic analysis.

6.2 Broader Impact and Implications

The contributions of this thesis extend beyond individual technical innovations to address
fundamental challenges facing the AI community:
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Democratizing Al Through Efficiency By reducing the computational and memory
requirements of large models, our work on adaptive computation and KV cache compres-
sion helps democratize access to state-of-the-art Al capabilities. These efficiency gains
enable deployment on resource-constrained devices and reduce energy consumption.
This is particularly important for edge computing scenarios, where real-time inference
must occur on devices with strict power and memory constraints.

Bridging AI and Domain Sciences Our applications in archaeology, particle physics,

and industrial monitoring demonstrate that modern Al techniques can be successfully

adapted to domain-specific challenges when combined with appropriate interpretability

mechanisms. The ability to explain model decisions in terms of domain-relevant features—
mineralogical composition in ceramics, physics-informed patterns in particle collisions—
builds trust and enables Al to serve as a genuine collaborative tool for domain experts

rather than an opaque black box.

Towards Trustworthy and Controllable AT The interpretability methods developed
in this thesis, particularly in [678] through representation engineering, represent steps
toward Al systems that are not only transparent but also controllable. The ability to
detect and resolve knowledge conflicts, understand attention mechanisms, and intervene
in model decisions at inference time without retraining provides practitioners with
practical tools for deploying Al systems responsibly.

Unifying Efficiency and Interpretability A recurring theme throughout this thesis
is that efficiency and interpretability need not be competing objectives. Adaptive com-
putation mechanisms often inherently provide interpretability through their selection
decisions—which tokens, layers, or experts are activated reveals what the model consid-
ers important. Similarly, interpretability analyses can guide efficiency improvements by
identifying redundant computations or less critical components. This synergy suggests
that future Al systems should be designed with both objectives in mind from the outset.

6.3 Limitations and Open Challenges

While this thesis makes significant progress on multiple fronts, several limitations and
open challenges remain:

Generalization Across Architectures and Domains Many of our methods are tai-
lored to specific architectures (e.g., transformers) or modalities (e.g., vision, language).
While we have demonstrated cross-domain applicability in several cases, more work
is needed to develop truly architecture-agnostic and modality-agnostic approaches to
adaptive computation and interpretability. The principles may generalize, but their
implementations often require careful adaptation.

Trade-offs and Multi-Objective Optimization Our work often focuses on optimizing
specific trade-offs (e.g., accuracy vs. efficiency, or parametric vs. contextual knowledge).
However, real-world deployments involve multiple competing objectives simultaneously:
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accuracy, latency, memory, energy consumption, interpretability, fairness, and robustness.
Developing principled multi-objective optimization frameworks that can navigate these
complex trade-off spaces remains an important challenge.

Scalability of Interpretability Methods As models continue to grow in size and com-
plexity, many interpretability methods face scalability challenges. Analyzing residual
streams, computing attention maps, or training sparse auto-encoders for models with
hundreds of billions of parameters presents computational and methodological diffi-
culties. Developing interpretability techniques that scale gracefully with model size is
crucial for understanding and controlling future Al systems.

6.4 Future Research Directions

Building on the contributions and limitations identified above, we propose several
promising directions for future research:

Toward a general theory of conditional computation While we have provided a
formalism for conditional computation, developing a more comprehensive theoretical
framework that encompasses different granularities of adaptation (token, layer, module,
network) and provides guarantees on efficiency-accuracy trade-offs would be valuable.
Such a theory could guide architecture design and help predict when adaptive methods
will be most beneficial.

Interpretability-driven architecture search Rather than applying interpretability
methods post-hoc, future work could integrate interpretability objectives directly into
neural architecture search or meta-learning procedures. This could lead to models that
are interpretable by design, where the architecture itself reflects semantic structure in
the task domain.

Multimodal adaptive systems As Al systems increasingly process multiple modalities
simultaneously (vision, language, audio, sensory data), developing adaptive methods
that can dynamically allocate computation across modalities based on task requirements
and input characteristics presents an interesting challenge. Which modality deserves
more computational resources may vary by input and over time during processing.

Continual and lifelong learning with adaptive computation Adaptive methods could
play a crucial role in continual learning scenarios by dynamically allocating capacity to
new tasks while preserving performance on previous tasks.

6.5 Concluding Remarks

The rapid advancement of artificial intelligence has brought both tremendous opportuni-
ties and significant challenges. As models grow larger and are deployed in increasingly
critical applications—f{rom scientific research to healthcare to autonomous systems—the
need for efficiency, adaptability, and interpretability becomes paramount.
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This thesis has demonstrated that these objectives are not only achievable but deeply
interconnected. Adaptive computation mechanisms make models more efficient while
providing interpretable signals about their decision-making process. Interpretability
methods reveal opportunities for efficiency improvements by identifying redundant
or less critical computations. Domain-specific applications show that these general
principles can be successfully specialized to meet the unique requirements of diverse
fields.

The path forward requires continued innovation across multiple fronts: developing
more sophisticated theoretical frameworks, creating more powerful and scalable methods,
and demonstrating impact in real-world applications. It also requires interdisciplinary
collaboration, bringing together expertise in machine learning and domain sciences to
create Al systems that are not only powerful but also understandable, controllable, and
aligned with human needs.

As we stand at the frontier of increasingly capable Al systems, the work presented
in this thesis contributes to a vision of artificial intelligence that is efficient enough to
be widely accessible and interpretable enough to be trusted and understood. While
significant challenges remain, the progress documented here provides a foundation for
building the next generation of Al systems.
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