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Abstract

Graphs provide a unifying language to reason about structure, constraints, and flow in both engi-
neered systems and machine learning pipelines. This thesis advances that perspective along three
directions. First, it studies graph based optimization for real-world, networked settings where com-
munication, computation, and sensing are interdependent. By coupling connectivity, routing, and
data reduction within a single planning framework, the work develops scalable algorithms that
improve task completion, latency, and resilience under realistic resource limits.

Second, it investigates explainability for graph learning through counterfactual reasoning. The
thesis formulates a unified view in which changes to node features, edge attributes, and topology are
optimized to produce compact, faithful, and plausible “what-if” explanations. It further explores
how these counterfactuals can be rendered as clear, human readable narratives, evaluated with both
quantitative criteria and user studies.

Third, it moves beyond the graph domain by introducing training time mechanisms that use
counterfactual signals to shape decision boundaries. This regularization improves generalization
while amortizing the cost of explanation, enabling rapid retrieval of informative counterfactuals at
inference. Finally, the thesis proposes a lightweight pipeline to build counterfactual narratives in the
domain of tabular data, this two-stage process balances quality and efficiency, making explanation
generation practical for latency and energy constrained deployments.

Together, these contributions show that graphs provide a powerful tool to model complex, real-
world systems under realistic resource and reliability constraints. Moreover, our work demonstrates
that, despite the complexity of their structure, graphs and related learning models can be effectively
explained. Finally, we show that explanation techniques used in graphs can be extended to regularize
and explain other machine learning models.
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Chapter 1

Introduction

1.1 Motivation

Graphs offer a unifying abstraction for reasoning about structure, constraints, and flow, spanning
the communication topologies of multi-robot swarms and the dependencies within deep models.
This thesis leverages that shared language to develop two lines of work: graph-driven optimization
for real-world, networked systems and explainable AI (XAI) for graph learning. The overarching
objective is to develop methods that perform reliably under realistic constraints and to improve
human-centered interpretability for graph learning models. Finally, beyond graph specific settings,
we also advance the explainability landscape more broadly, improving the state of the art outside
the graph domain.

Graphs in real-world systems

Small UAV swarms must sense, move, and communicate under tight energy, bandwidth, and la-
tency budgets. Classic networking formulations typically decouple deployment, routing, and data
adaptation, which can lead to brittle behavior when the value of the data depends on the accu-
racy of downstream inference. Two gaps motivate this chapter. First, application-aware offloading:
compression reduces congestion but can harm task accuracy, while high-fidelity data can overload
multi-hop links. Therefore, planning should couple connected coverage, routing, and per-task com-
pression to maximize the number of correctly executed tasks under deadlines and link capacities.
Second, periodic connectivity: when only short-range radios are available, continuous end-to-end
links are unrealistic; swarms should periodically form connected offloading formations that are fast
to build and energy-aware. The chapter argues for graph-theoretic formulations such as flows,
Steiner-like backbones, Delaunay structures, and scalable heuristics that preserve structure while
operating online.

Explainable AI for graphs

Graph Neural Networks (GNNs) are now state-of-the-art for node-, edge-, and graph-level prediction
in domains such as molecules, finance, and knowledge graphs, yet their decisions remain opaque.
Saliency-style explanations identify what mattered for a decision, but users and regulators increas-
ingly ask for counterfactual “what-if” evidence: what minimal change would flip the prediction?
This chapter is driven by three needs. First, unified counterfactuals: most methods perturb only
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the structure (for example, edge removals), neglecting node and edge attributes. A unified search
over features, edges, and edge attributes promises more faithful and sparser explanations. Second,
usability: even high-quality counterfactuals are technical artifacts, so they should be translated into
concise, faithful natural language narratives that non-experts can act upon.

Explainable AI beyond graphs

Beyond post-hoc explanations, there is a training-time opportunity: models with smoother deci-
sion boundaries tend to be more robust. This motivates counterfactual regularization, namely,
incorporating counterfactual geometry into the learning objective to enlarge margins and improve
generalization . A second motivation for this chapter can be found in the efficient human-centered
narratives generation at scale: high-end language models can produce excellent narratives, but are
computationally and energy-intensive. Therefore, the chapter explores knowledge distillation and
multi-stage refinement pipelines that enable small language models to generate coherent, faithful
narratives with a fraction of the resources.

1.2 Contribution

Graphs in real-world systems: Application-Aware planning and Stop & Route

We introduce A2-UAV, an application-aware framework that jointly optimizes connected coverage
and compression to maximize the number of correctly accomplished tasks at the edge. Before
deployment, the A2-TA module learns the compression–accuracy map Q : S × L → R2, which
induces empirical curves used at planning time. This departs from networking-only formulations by
binding bitrate choices to task accuracy and deadlines.

We formalize the problem as an MILP that couples connectivity, capacity, flow conservation, and
accuracy constraints; while solvable, optimal solutions are too slow for online operations, motivating
a graph-based polynomial heuristic. The greedy algorithm we propose builds a connected coverage
by merging partial Triangular Steiner Trees and co-assigning compression levels to data, finds the
path bottleneck, and picks the best feasible compression level; the routine has polynomial time
complexity, and the coverage selection uses a cost function to trade average accuracy loss and UAV
usage.

We further develop an online adaptive variant that, upon failures or topology changes, recom-
putes the solution and migrates the fleet by reducing it to a bottleneck bipartite min-matching,
thereby minimizing the worst migration time from the old topology to the new one. This yields
faster service restoration than Steiner-tree baselines in the same scenarios.

On Stop & Route for periodic connectivity, we supply both centralized and distributed strategies.
The Greedy Assignment Algorithm (GAA) operates on a hexagonal rendezvous tiling, maximizing
the minimum residual energy of the least-energetic UAV and achieves O(m5) time; the candidate
frontier is O(m) at each step. The Tree Contraction Algorithm (TCA) avoids discretization: it
builds the Delaunay graph, extracts the EMST, then contracts paths toward the base station,
providing an upper bound on traveled distance and O(m logm) complexity. For short-range-only
operations, the distributed DGA utilizes a ρ-grid of rendezvous points and leader–follower rules,
relying solely on local information and a loosely synchronized clock.
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In simulations and a real testbed with four UAVs and a Jetson Nano edge server, A2-UAV
increases accomplished tasks by about 38% on average over networking-based baselines (up to
about 400% in high-load regimes), and sustains performance under packet loss; Stop & Route
achieves orders-of-magnitude lower formation-time than MILP, reduces building times versus AME,
and increases sensing time; DGA outperforms CPVF/Floor-CPVF in formation time and sensing
utilization.

Explainable AI for graphs: Counterfactuals and Narratives

We introduce UCExplainer, a unified counterfactual framework that balances feature, edge-attribute,
and structural perturbations under scheduling policies. A key ingredient is edge-weight sparsifica-
tion, which cuts runtime while retaining validity, fidelity, and sparsity; for example, on Citeseer,
UCExplainer reduces generation time from approximately 45.6 s (CF-GNNExplainer) to approxi-
mately 7.7 s under comparable settings, and remains competitive against generative baselines that
shift cost to training.

We also propose a pipeline that translates graph counterfactuals into natural language using
open-source LLMs. Given counterfactuals obtained by perturbing the structure and the node fea-
tures, we prompt Qwen2.5 models to produce faithful rationales and assess them using a suite of
metrics. Larger LLMs consistently improve graph-understanding scores.

Explainable AI beyond graphs

We introduce a counterfactual regularizer that incorporates a counterfactual term into the training
objective to improve generalization . Using a lightweight score-based generator with local lineariza-
tion, CF-Reg matches or outperforms L1/L2, dropout, early stopping, and PGD on several tabular
setups; at test time, approximate counterfactuals can be retrieved in O(1) via nearest-neighbor
lookup over precomputed training counterfactuals. This turns counterfactuals from a purely post
hoc artifact into a training signal that widens decision margins in data-relevant directions.

In parallel, we develop a separate line of work on counterfactual narratives through a multi-
stage Narrative Refinement pipeline. The pipeline first uses a Draft Narrative Generator (DNG) to
produce multiple candidate narratives for each factual–counterfactual pair, then employs a distinct
Refiner model to merge, reconcile, and improve these drafts into a single, coherent explanation. Both
stages are fine-tuned via knowledge distillation from a large teacher to compact student models,
enabling deployment on modest hardware. To assess correctness and utility, we introduce struc-
tured, automatically verifiable metrics alongside a human-centered Narrative Quality evaluation.
Experiments on the Adult and Titanic datasets show that refinement consistently boosts factual
correctness and readability. Distilled small models with refinement reach or surpass the teacher on
several metrics while substantially reducing memory, latency, and energy consumption.

1.3 Background

1.3.1 Graph Theory

Graphs provide a common language to reason about structure, dynamics, and optimization on
relational data. This section introduces the core operators and notions that we will be used later.
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Figure 1.1: On the left, the Delaunay triangulation, on the right, the corresponding Voronoi diagram [144]

Graphs and their representation An undirected, weighted graph can be represented as G =

(V,E,w), where V = {1, . . . , n} is the node set, E ⊆ {{i, j} | i ̸= j} the edge set, and w : E → R>0

an edge-weight function. In the directed case, E ⊆ {(i, j) | i ̸= j} and edges are ordered pairs.
The structure is encoded by the adjacency matrix A ∈ Rn×n with Aij = w({i, j}) (undirected) or
Aij = w((i, j)) (directed). The degree matrix is D = diag(d1, . . . , dn) with di =

∑
j Aij . For S ⊆ V ,

we write vol(S) =
∑

i∈S di and cut(S, S̄) =
∑

i∈S, j∈S̄ Aij .

Paths and distances: local to global reachability. Shortest-path metrics turn movement and
routing costs into algebra. Let cij≥0 be an edge cost (e.g., travel distance, latency, energy) and ρij
a link data rate. The weighted distance between u, v is

d(u, v) = min
p:u⇝v

∑
(i,j)∈p

cij , and the bottleneck capacity is b(u, v) = max
p:u⇝v

min
(i,j)∈p

ρij .

In our setting, distances support two roles: (i) Application-aware routing: in A2-UAV, routes must
satisfy link capacities and deadlines; compression choices are scheduled along paths according to
bottleneck bandwidths, coupling routing with task accuracy. (ii) Periodic connectivity: shortest
paths guide how a disconnected swarm quickly forms a connected offloading topology.

Steiner trees: sparse backbones under terminal constraints. Given a set of terminals
T ⊆ V , a Steiner tree seeks a minimum cost connected subgraph that spans T and may add
auxiliary nodes (Steiner vertices). In Euclidean or graph settings, the problem is NP-hard [101],
which motivates the use of approximation and heuristic methods for large instances. Classical 2-
approximation schemes grow a minimum spanning tree over T in a metric closure and then map it
back to the original graph [117]. More refined algorithms exploit full components and local improve-
ments to achieve ratios below 1.6 in graphs [165]. In our applications, Steiner-like constructions
provide parsimonious communication backbones: by concentrating capacity on a small number of
relay paths, they reduce deployment and routing cost while maintaining terminal connectivity.

Delaunay graphs: geometric connectivity with good triangulations. For planar point
sets P ⊂ R2, the Delaunay triangulation DT(P ) is the straight-line planar graph whose triangles
have empty circumcircles; it is the geometric dual of the Voronoi diagram and maximizes the
minimum angle among all triangulations, avoiding skinny triangles [51, 54]. The triangulation has
at most 3|P |−6 edges and average degree below 6, making it a sparse yet well-connected geometric
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skeleton. Efficient algorithms compute DT(P ) in O(|P | log |P |) time (e.g., divide-and-conquer or
Fortune’s sweep) [63]. Importantly, the Euclidean minimum spanning tree is a subgraph of the
Delaunay triangulation, so DT(P ) serves as a natural candidate superset from which to extract
low-cost backbones for routing and coverage [51]. In our setting, Delaunay graphs provide planar,
locality-preserving neighborhoods that stabilize mesh connectivity and facilitate shortest-path and
flow computations on spatial deployments.

1.3.2 Graph Neural Networks

Graph Neural Networks (GNNs) learn representations that respect graph structure via message
passing [72, 87]. Let G = (V,E) with node features X ∈ Rn×d. At layer l, the embedding h(l)i of
node i aggregates information from its neighbors N (i):

h
(l+1)
i = ϕ(l)

(
h
(l)
i , □j∈N (i)ψ

(l)
(
h
(l)
i , h

(l)
j , eij

))
, (1.1)

where ψ and ϕ are neural functions and □ is a permutation-invariant operator (sum/mean/max)
[72]. This generic template admits concrete instantiations that trade off simplicity, adaptivity, and
expressivity.

GCN (Graph Convolutional Network). The spectral model of [114] uses the propagation

H(l+1) = σ
(
D̂−1/2ÂD̂−1/2H(l)W (l)

)
, Â = A+ I, (1.2)

with H(0) = X, learnable weights W (l), and nonlinearity σ. Here D̂ is the degree matrix of
Â, i.e., D̂ii =

∑
j Âij . The symmetric normalization D̂−1/2ÂD̂−1/2 (often denoted Ã) is the

“renormalization trick”: adding self-loops ensures each node injects its own features at every layer,
while the normalization controls the scale of activations and improves numerical stability. Writing
Ã = D̂−1/2Â D̂−1/2, a single layer is

H(l+1) = σ
(
ÃH(l)W (l)

)
,

i.e., neighborhood averaging by Ã followed by a linear transform W (l) and a pointwise nonlinearity.
After L layers the receptive field is L hops and the model implements a low-pass (smoothing)
operator on the graph, which is effective under homophily.

A standard two-layer GCN for semi-supervised node classification reads

Z = softmax
(
Ã σ(ÃXW (0))W (1)

)
,

with cross-entropy loss on labeled nodes and L2 regularization on W (l). With sparse Ã, the cost
of the propagation ÃH(l) is O(|E| dl), so each layer scales linearly in the number of edges and the
feature width dl.

1.3.3 Explainable Artificial Intelligence

Explainable AI (XAI) aims to make the behavior of complex models understandable while balancing
three desiderata: faithfulness to the model, sparsity of the explanation, and plausibility in the appli-
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cation domain [57, 82]. Methods are commonly organized along two axes: intrinsically interpretable
vs. post hoc, and local (explain one prediction) vs. global (characterize model behavior).

Regulatory context. In high-stakes domains (health, finance, public services), regulations em-
phasize transparency, documentation, and risk management. GDPR provisions require meaningful
information about automated decisions and their logic where personal data are involved, while the
EU AI Act introduces risk-based obligations (technical documentation, user transparency, post-
market monitoring) for high-risk systems [1, 2]. These motivate graph-specific XAI pipelines that
output verifiable artifacts: (i) a compact explanatory subgraph or small, feasible counterfactual
edit set; (ii) metadata describing constraints and costs; and (iii) when needed, a user-facing textual
rationale grounded in the actual structural/feature changes.

XAI for Graphs. In the GNNs context, explanations seek to identify the substructures and
features that drive a decision at the node-, edge-, or graph-level. A dominant approach involves
learning masks over graph components. For example, GNNExplainer learns a continuous mask
M over edges and input features by maximizing a proxy ELBO that trades fidelity for sparsity,
thereby recovering a compact explanatory subgraph and feature subset [218]. To amortize the cost
of this per-instance optimization, PGExplainer utilizes a parametric network to directly predict
edge importance from intermediate embeddings, thereby vastly reducing computation [131].

Other methods employ different paradigms. SubgraphX formulates explanation as a discrete sub-
graph search, estimating contributions via Shapley values calculated using Monte Carlo Tree Search
(MCTS) to improve faithfulness under game-theoretic semantics [220]. In contrast, GraphLIME of-
fers a local, model-agnostic approach by fitting sparse linear surrogates based on neighborhood
features [99].

In parallel, traditional gradient and perturbation-based attribution methods (e.g., Saliency, In-
tegrated Gradients, Occlusion) have been adapted for use on graphs. These are widely used as
baselines or complementary signals, especially when mask learning proves unstable or when strict
budgets on the number of revealed nodes/edges are imposed.

Counterfactual explanations for graphs. Counterfactuals ask for the smallest feasible change
that flips the model outcome, providing actionable “what-if” evidence and a notion of recourse.
Given x and classifier f , one seeks a nearby x′ such that f(x′) ̸= f(x) (or f(x′) = yt) while meeting
realism constraints:

x′ = argmin
x̃

d(x, x̃) + λ ℓ
(
f(x̃), yt

)
s.t. x̃ ∈ C, (1.3)

where C encodes feasibility and domain validity [110, 196]. On graphs, edits may affect structure
(add/remove edges), node features, and edge attributes. Minimum-edit search is generally NP-
hard (via reductions from Set Cover/Steiner-type problems), so practical solvers use continuous
relaxations (e.g., Gumbel–softmax, straight-through estimators), stochastic search (MCMC, evo-
lutionary strategies), or greedy heuristics with explicit sparsity regularization [127]. Constraints
typically include degree/size budgets, connectivity preservation of critical components, type con-
straints (categorical one-hot, bounded continuous), and domain rules that prevent implausible edits.
For recourse, heterogeneous cost models weight edits and promote diversity so users receive multiple
distinct options.

6



1.3. Background

Evaluation metrics. In order to properly evaluate the explanations key criteria include: faith-
fulness (how well the explanation accounts for model behavior; often probed with deletion/inser-
tion curves or fidelity under masking), sparsity (size of the explanatory set of nodes/edges/fea-
tures), stability (sensitivity to noise, seeds, or retraining), plausibility (agreement with domain
constraints/prior knowledge, e.g., chemical valency), and consistency (similar inputs → similar
explanations). In the counterfactual case, instead, we use metrics such as validity (flip occurs),
proximity (magnitude/number of edits), sparsity, and diversity; these are often complemented by
feasibility scores induced by C [142]. When explanations are rendered in natural language, seman-
tic faithfulness and human-judged usefulness are additional lenses, but the underlying graph edits
remain the source of truth.

1.3.4 Large Language Models

Large Language Models (LLMs) are autoregressive neural networks trained for next-token predic-
tion over massive corpora. The dominant architecture is the Transformer (Figure 1.2) [190]. Let
X ∈ RT×d be token embeddings. With learned projections WQ,WK ,WV , multi-head self-attention
computes

Q = XWQ, K = XWK , V = XWV , (1.4)

Attn(Q,K, V ) = softmax

(
QK⊤
√
dk

)
V, (1.5)

MHAtt(X) = Concat(Attn1, . . . ,AttnH)WO, (1.6)

followed by residual connections and position-wise feed-forward blocks (FFN(x) = W2 σ(W1x)).
Training maximizes the causal log-likelihood

max
θ

T∑
t=1

log pθ(xt | x<t). (1.7)

Instruction tuning and RLHF further adapt LLMs to interactive use and human preferences [153].

LLMs and Graphs. In the context of this thesis, Large Language Models (LLMs) are utilized to
describe graph structures, summarize subgraph level rationales, and verbalize counterfactual edits
into natural language narratives [24]. This capability is operationalized in hybrid pipelines (e.g.,
GNN → Explainer → LLM), where the LLM serves a dual purpose. First, it translates structured
rationales, such as explanatory subgraphs or counterfactual edit sets, into human-readable text.
Second, this pipeline enables automatic checks for the coherence, and correctness of the generated
explanations.
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Figure 1.2: Transformer architecture from “Attention Is All You Need” [190].
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Chapter 2

Graphs in real-world systems

2.1 Introduction

In UAV networks, graphs are powerful tools to reason about communication and computation. In
our setting, nodes represent UAVs, targets, and edge servers; edges encode wireless reachability,
routing paths, or semantic dependencies between data and models. This chapter shows how graphs
enable principled formulations and scalable heuristics for two real-world scenarios: (i) semantic UAV
communications, where the value of sensed data depends on deep-learning accuracy under compres-
sion; and (ii) periodic communication, where UAV swarms must intermittently build connected
formations to offload data under energy and range constraints. Throughout, all optimization and
heuristic solutions are graph-based: we cast deployment, routing, and data adaptation as problems
on communication and geometric graphs, and we solve them using graph-theoretic operators, flows,
and sparsifying backbones.

From semantics to connectivity-aware optimization. Semantic communication couples the
networking load induced by offloading with the downstream model accuracy: higher compression
alleviates congestion but may degrade inference. We formalize this trade-off by attaching a compres-
sion–accuracy profile learned offline to each target and embedding it into a communication graph,
where capacities approximate link data rates. The resulting A2-TPP pipeline exploits graph flows
to enforce connectivity and deadlines, while selecting UAV positions and per-target compression
levels. The MILP captures these couplings explicitly; its NP-hardness follows by reduction from
Steiner-type problems, reflecting the inherent difficulty of constructing connected offloading struc-
tures. This motivates graph-driven heuristics that remain faithful to the structure of the problem:
a greedy scheme grows Triangular Steiner Trees to connect the edge with selected targets while bud-
geting congestion; the compression assignment is computed along paths via bottleneck bandwidths.
As shown later, this application-aware, graph-based design substantially increases the fraction of
correctly executed tasks in simulation and on a physical testbed.

From intermittent links to connected offloading formations. When only short-range radios
are available, global connectivity cannot be guaranteed at all times. We therefore orchestrate
periodic stop-and-route phases that transiently create a connected offloading formation. Here again,
the graph view is central. In the centralized case, the GAA algorithm maps UAVs to a sparse set
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of rendezvous points, selecting assignments that maximize the minimum residual energy, effectively
solving a matching over a discretized geometric graph. The TCA algorithm replaces discretization
with geometry: starting from the Delaunay graph of current positions, it computes an Euclidean
MST and contracts its edges until hop-by-hop communication is feasible, yielding near-linear time
and an explicit bound on traveled distances. In the distributed case, the DGA algorithm achieves
the same goal with only local neighborhood information by guiding UAVs along a rendezvous lattice
and leader–follower rules that propagate connectivity toward the base station.

Why graphs help in practice. Across both scenarios, graphs are more than a modeling con-
venience. They provide (i) feasible constraints: connectivity via flow conservation and hop-limited
paths; (ii) useful priors: Delaunay triangulations and Steiner backbones act as sparse, well-conditioned
supports for routing and deployment; and (iii) effective heuristics: greedy expansions on trees,
bandwidth-aware path updates, and distributed moves on rendezvous graphs preserve structure
while scaling to large swarms.

This chapter draws on and consolidates material from [15, 16, 47, 48].
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2.2 Graphs in Semantic UAV communications

Unmanned Aerial Vehicles (UAVs), or drones, have obtained significant attention thanks to their
potential use in post-disaster scenarios, where human intervention is difficult or inefficient due to
the vastness and/or harshness of the area. The key advantage of UAVs is the combined presence of
advanced sensor equipment, wireless multi-hop networking and mobility in the same device, thus
enabling critical applications such as automatic target (e.g., object, person) detection and tracking.

To perform their functions, modern UAVs necessarily depend on the execution of computation-
heavy deep learning (DL) tasks to analyze in real time the images of the target area. These
tasks usually rely on very deep neural networks (DNNs) such as ResNet [89] and DenseNet [98],
which are computationally prohibitive for UAVs [138]. To extend UAVs battery lifetime and keep
task execution time within acceptable levels, offloading the stream of tasks to neighboring edge
servers (e.g., the depot) is a feasible option [20, 39, 95, 167, 170, 209]. Unfortunately, UAVs
networks typically experience limited bandwidth and frequent packet loss [46]. Prior work on UAV
edge task offloading — discussed in details in Section 2.2.1 — assumes a single-hop communication
between the UAVs and the edge [216][28], or focuses only on networking aspects on a multi-hop
communication [38]. All fall short in considering the specific task requirements, which ultimately
limits the number of correctly executed tasks. Existing work also rarely uses a testbed to measure
performance experimentally.

A B C D

Figure 2.1: Examples of application-aware compression. A and C (B and D) represent the images before
(after) processing.

In stark contrast, we propose A2-UAV, an application-aware (A2) optimization framework which
jointly optimizes UAV network deployment and task accuracy. Our key intuition is that a different
image compression will result in a different accuracy for the DNN model. Specifically, compressed
images have low impact on the network throughput but decrease the DNN accuracy. Conversely,
uncompressed images are likely to be classified more correctly but cause higher network overhead.
To better highlight this intuition, Figure 2.1 shows an example of an original and compressed
(l = 20) images of Wildlife and Tools from the ImageNet dataset [55]. Figure 2.1.B shows how an
hatchet at compression level l = 5 is less recognizable with respect to its original version (Figure
2.1.A), due to the low contrast with the background and the small object dimension. On the other
hand, Figure 2.1.D shows how a jaguar at level l = 20 is easily distinguishable, thanks to its fur
pattern and the higher contrast with the background. We consider lossy compression algorithms
for images (e.g., JPEG algorithm [25]), as lossless algorithms do not usually meet the requirements
of real-time applications.

Trading-off network load and latency with task accuracy while aiming at maximizing the target
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coverage is a daunting challenge. A2-UAV considers all these aspects and balances between images
compression and network coverage according to current network conditions and application require-
ments. In Section 2.2.2 we show that different applications have starkly different compression-
accuracy relationships. Specifically, A2-UAV maximizes the number of accomplished tasks at the
edge, producing a connected coverage formation for the UAVs of the squad and a compression
level assignment for the UAVs that satisfy the application requirements. The connected coverage
formation is designed to jointly maximize the number of covered targets, minimize network delay
due to inefficient routes or channel contention, and minimize task misclassification due to high
input compression. We show through simulation and real-world experiments with a testbed that
Greedy-Application-Aware Task Planning Problem (A2-TPP) attains on the average 38% more ac-
complished tasks than the state-of-the-art networking-based approach, with a sharp increase (400%
more accomplished tasks) when the number of tasks to offload drastically increases.

2.2.1 Related Work

Only very recently has the literature considered task offloading in the context of edge-assisted DL-
based applications [28, 46]. Chuprov et al. [46] show how the performance of the end-line ML
systems is affected by the quality of data and network. They consider packet loss and limited
bandwidth in a image classification task, and they recommend to stop the system when packet
loss reaches 2-5%. In Section 2.2.4 we show that our system enables the classification task even
with 15% of packet loss. Chen et al. [38] consider a hierarchical offloading of computation tasks.
Conversely from us, they focus on the communication and routing of tasks toward a more computa-
tional powerful device, without focusing on the specific task requirements. Yang et al. [216] propose
a hierarchical DL task execution framework, in which only a few lower layers of a Convolutional
Neural Network (CNN) are on the UAVs, while the edge server contains the higher layers of the
model, which need more resources. However, a single-hop high-performance 4G network is consid-
ered, while we focus on the more challenging scenario of multi-hop connectivity toward the edge.
Recently, Callegaro et al. [28] proposed SeReMAS, a framework where the application-, network-
and telemetry-based features are used to select and assign UAVs tasks to the most reliable edge
servers. However, a single-hop system is considered, and data compression is not explored.

As one of the output of A2-UAV is a connected coverage formation, we mention also some prior art
on UAVs deployment optimization [18, 23, 38, 112, 160, 198], which however does not consider task
offloading. Natalizio et al. [147] have considered the problem of minimizing networking resources
while maximizing the user experience (i.e., perceived quality) when filming sport events. Moreover,
[20, 170, 181] optimize network deployment under continuous or periodic connectivity constraints,
but they do not consider critical indicators such as task accuracy with delay constraints, which are
critical to the UAVs mission. Recently, Nguyen proposed a Steiner-Tree-Based Algorithm (STBA)
for target coverage and network connectivity [149], where Fermat points and the node-weighted
Steiner tree algorithm are used to find a tree such that most of the targets are covered, and the
UAVs are minimized. In Section 2.2.4, we consider variants of [149] as performance benchmarks for
A2-UAV.
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2.2.2 The A2-UAV Framework

In this section, we give an overview of A2-UAV (Section 2.2.2) and describe the two key components
of A2-UAV: A2-TA (Section 2.2.2) and A2-TPP (Section 2.2.2).

Figure 2.2: High-level overview of A2-UAV.

Figure 2.2 shows a high-level overview of A2-UAV. The Application-Aware Task Analyzer (A2-TA)
at the edge server learns the relationship between the image compression and the accuracy on a set of
classes of interest, and passes its output to the Application-Aware Task Planning Problem (A2-TPP)
solver, which jointly optimizes UAVs positions, routing policy, and data compression strategy to
maximize the number of correctly executed tasks per unit of time. The optimal network deployment
and image compression levels are sent to the UAVs network, which moves to the targets, monitors
them and streams tasks to the edge through the multi-hop connection.

System Model and Assumptions

We assume one or more UAVs are deployed over an Area of Interest (AoI), which contains several
targets, e.g., the location of a vehicle, person, or any entity of interest. Each UAVs is equipped at
least with (i) multimedia sensors (e.g., camera and microphone); (ii) a single radio for communi-
cation; and (iii) a computational unit. The edge server is equipped with low-latency hardware for
DL computation. We do not rely on any communication infrastructures (e.g., 5G) and assume edge
offloading is realized through multi-hop communication. A UAV monitors a target by sampling data
through its sensors and generates a task to be executed at the edge. A task could be “car, bicycle,
or bus detection on a video camera frame every 10 frames”. The task is then sent to the edge server
through a multi-hop connection, where a state-of-the-art DL model is run to perform the task. We
assume each task has mission-driven constraints in terms of (i) minimum classification accuracy
given a specified DL model; (ii) maximum latency, defined as the time between the task generation
and its successful execution. Thus, a task is successfully executed if (i) promptly offloaded to the
edge; and (ii) correctly analyzed by the model within a deadline.

Overview of A2-UAV

The ultimate goal of A2-UAV is to maximize the number of correctly executed tasks. To approach
this challenging issue, and conversely from existing work, A2-UAV takes into account how the task
success is affected by the image compression. To this end, A2-UAV jointly optimizes the deployment
of UAVs and the task offloading to maximize the number of executed tasks. Each UAV is made
up of two key modules. First, the UAV Controller implements networking and data processing
decisions (next position, targets to cover, sampling process, and offloading routes) received from
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Notation Description
U A set of available UAVs of the fleet
T A set of targets to cover
σ The edge server
rcom Drone’s communication radius
rsens Drone’s sensing radius
lu Distance traveled by a drone
δu Drone’s overall energy consumption
êsij Amount of data transmitted through the link

between UAV i and UAV j

êaij Expected task accuracy at the edge, for each
task

ρi,j Estimated channel data rate
p̂u Position vector assigned by the solver to

drone
βu Energy spent for each distance unit traveled

at constant speed
αu Energy spent in a steady position
ω̂u
ij Drone u monitors the target i with a com-

pression j or not
ϕu UAV initial energy
Q(s, l) A tuple with expected accuracy and data size

of the frame of the application scenario s,
with compression level l

Ψ The final connected coverage formation re-
turned by the greedy algorithm

τbest Best coverage found during an iteration
τpar Partial coverage to enhance or join with Ψ

Table 2.1: Table of Symbols.

the A2-TPP. Second, the Multimedia Data Pre-Processing module samples data and creates tasks by
pre-processing collected multimedia data according to the A2-TPP solution.

Application-Aware Task Analyzer (A2-TA)

The A2-TA module determines the relationship between different image compression levels and task
accuracy so that UAVs can reduce the amount of transmitted data and avoid network congestion,
while satisfying application requirements.

Multimedia
Analyzer

Data
Pre-Processing 

Pre-Processing 
Rules

DL 
Application

Prediction

Media

0.8

…

Accuracy 
Levels

4

Multimedia 
Feed

Test-Set 
Data

Data 
Sample

0.3

2

1

3

Figure 2.3: Main Operations of the A2-TA module.

Figure 2.3 shows the workflow of the A2-TA, which is executed before the network deployment,
by using the datasets of the specific DL application. The A2-TA iterates over the sampled data,
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changing compression according to the UAV sensors capabilities (step 1 and step 2). Each revised
data sample is fed to the DL application, which outputs a prediction (step 3). Finally, predictions
are compared with the ground truth, to infer and store the model performance according such data
compression (step 4).

More formally, the function: Q : S × L → R2 maps an application scenario in the set S and a
compression level in the discrete set L = {1, .., 100} a tuple in R2 representing the average accuracy
and data size. The function is determined by iterating over the application scenarios, possible
compression levels and relative dataset entries. Each sampled image is compressed according the
compression level l by the JPEG compression algorithm [25], and it is fed into the DL model to
determine accuracy and data size.

(a) (b)

Figure 2.4: Accuracy as a function of JPEG compression level.

To give an example, we consider 5 scenarios: Maritime (Fireboat, Wreck, Lifeboat, Ocean liner,
Speedboat), Search-and-Rescue (SaR) (Fire truck, Ambulance, Police van, German shepherd,
Pickup truck) Wildlife (Kit fox, Polecat, Red wolf, Zebra, Jaguar), Tools (Screwdriver, Power
drill, Hatchet, Hammer, Chainsaw), Pets (Golden retriever, Pomeranian, Guinea pig, Persian cat,
Hamster). Figure 2.4.a shows the accuracy for the different scenarios as a function of the compres-
sion, while Figure 2.4.b shows the accuracy for the same scenario when different DL models are
used. The figures highlight the need of the A2-TA. For example, images of Tools have low accuracy,
constraining the compression at level l = 8 to achieve at least 40% of accuracy, while Wildlife can
achieve the same accuracy with higher compression l = 25.

A2-TPP MILP Formulation

We formalize A2-TPP as a Mixed Integer Linear Programming (MILP). Hereafter we denote the edge
server as σ, the set of targets to monitor as T , the set of available UAVs of the fleet as U . The
A2-TPP solver outputs: (i) a connected coverage formation of UAVs, and (ii) the compression level
each drone must adopt to capture images when inspecting a target.
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Definition 2.2.1. A subset of UAVs F ⊆ U is deployed according to a connected coverage for-
mation, when some of the UAVs in F are employed to inspect a subset of targets M ⊆ T , while being
connected to the base station σ, either directly or through a multi-hop sequence of the other UAVs in F .

Definition 2.2.2. A task for a drone u ∈ F covering a target t ∈M , consists in delivering an image
captured from the drone’s on-board cameras to the base station σ. It is said to be an accomplished
task if two conditions hold: (1) when received at σ, the time since the task was created is not
superior to a threshold ∆; (2) when the captured image reaches σ, the DL model outputs a correct
prediction for it.

We define the UAV sensing range and communication range as rsens and rcom, respectively.
We denote with p the position vector of the entities involved, and to (pxu, p

y
u) for the x and y

coordinates respectively. In particular pu is the position of UAV u, ∀u ∈ U at the beginning of the
mission; pi to the position of the target i, ∀i ∈ T ; pσ the position of the edge server. We denote
with p̂u the position vector assigned by the solver to drone u, ∀u ∈ U . We define the distance
traveled for each drone as lu = |pu − p̂u|, ∀u ∈ U .

To estimate energy consumption, we define βu as the energy spent for each distance unit traveled
at constant speed, and αu as the energy spent in a steady position, for a given unit of time. The
values of βu and αu are estimated through on-field experiments or from technical specifications.
The overall energy consumption for UAV u is defined as δu = lu · βu + αu · Λ, ∀u ∈ U , where Λ is
an upper-bound of the time required, once reached the targets, to monitor the targets and complete
the mission. We constraint the reachable points according to the UAVs initial energy ϕu, as follows:

δu + |pσ − p̂u| · βu ≤ ϕu, ∀u ∈ U (2.1)

This constraint defines the positions that are reachable as they let the UAVs with enough energy to
come back to the edge-server for recharging operations. We use the binary variables ω̂u

ij ∈ {0, 1},
which define if the drone u monitors the target i with compression level j or not. A target i is
monitored if an only if the UAV u is close enough to the target position pi. Formally we want to
constraint ω̂u

i,j = 1 ⇐⇒ |p̂u − pi| ≤ rsens which becomes ∀u ∈ U , ∀i ∈ T , ∀j ∈ L: :

rsens ≥ |p̂u − pi| −Mcost · (1− ω̂u
i,j)

rsens ≤ |p̂u − pi|+Mcost · ω̂u
i,j

(2.2)

where Mcost is a big constant number. Next, we enforce that a target is covered by at most one
UAV and that each UAV can cover only one target:∑

u∈U

∑
j∈L

ω̂u
ij ≤ 1,∀i ∈ T ,

∑
i∈T

∑
j∈L

ω̂u
ij ≤ 1,∀u ∈ U (2.3)

We introduce an extended node set V = U ∪ {σ} and we consider all the possibles communication
paths among nodes, i.e., all the edges (i, j) ∀i, j ∈ V. A binary variable γ̂i,j ∈ {0, 1}, indicates if the
nodes i and j are too distant to communicate. The relation |p̂i − p̂j | ≥ rcom ⇒ γ̂ij = 0 is enforced
as follows:

|p̂i − p̂j | ≤ rcom +Mcost · (1− γ̂ij), ∀i, j ∈ V (2.4)
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We define the data frame offloading as a network flow formulation. We introduce a set of variables
êsij defining the amount of data transmitted through the link between UAV i and UAV j. We define
êaij to account for the expected task accuracy at the edge, for each task. We impose that the edge
does not generate any outgoing flow, for both data and accuracy flows:∑

j∈V
êsσj ≤ 0,

∑
j∈V

êaσj ≤ 0 (2.5)

We allow a flow only for between neighboring nodes:

êsij + êaij ≤ γ̂ij ·M, ∀i, j ∈ U (2.6)

The maximum bandwidth allowed between two UAVs is constrained to respect the estimated channel
data rate ρi,j : ∑

j∈V
êsij ≤ ρi,j , ∀i ∈ U (2.7)

We specify that a UAV can transmit only towards another UAV, resulting into a tree rooted at the
edge: ∑

j∈V
γ̂ij ≤ 1, ∀i ∈ U (2.8)

We impose flow conservation as follows:∑
k∈V

êsuk −
∑
k∈V

êsku =
∑
i∈T

∑
j∈L

bi,j · ω̂u
ij , ∀u ∈ U (2.9)

which imposes that, for each outgoing edge from u, the flow is increased by expected data size of
the target covered by the UAV u . We also impose that the edge receives all the data produced by
the covered targets: ∑

k∈V
êskσ =

∑
i∈T

∑
j∈L

bi,j · ω̂k
ij (2.10)

To conclude, we constraint the accuracy of the targets at the edge-server, as follows:∑
k∈V

êauk −
∑
k∈V

êaku =
∑
tij∈T ′

ai,j · ω̂u
ij , ∀u ∈ U (2.11)

Objective Function: maximize covered targets, DL tasks accuracy, and energy spent by the
UAVs:

max α ·
∑
j∈V

êaσj + β ·
∑

i∈T ,j∈L,u∈U
ω̂u
ij − η ·

∑
u∈U

lu (2.12)

The term α prioritizes the maximization of the accuracy, while β weights the importance of covering
the targets and η minimized the distance traveled by the UAVs.

Theorem 2.2.1. The A2-TPP problem is NP-Hard.

Proof. We show that A2-TPP generalizes the Steiner tree problem with minimum number of Steiner
points and bounded edge-length STPMSPBEL, a known NP-hard problem [122]. Given a set P of
n terminal points in a 2-dimensional plane, a positive constant R, and a non-negative integer B,
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STPMSPBEL asks whether it exists a tree spanning a set of points P ⊆ Q s.t. each edge has a
length less than R and the number of Steiner points (i.e., Q \ P ) is less than or equal to B. Any
instance of STPMSPBEL can be reduced to an instance of our problem in polynomial time. The
set of points P represents our target set T ∪{σ}, and B defines the number of available UAVs, with
communication range equal to R. We consider UAVs with unlimited batteries and one compression
level (i.e, |L| = 1). This problem instance finds a solution that maximizes the number of connected
targets with the edge server, moving the minimum number of UAVs. If such a solution exists, and
covers all the points in P , then it also exists a tree spanning a set of points P ⊆ Q, where each edge
has length less than R and the number of Steiner points is less then or equal to B. The complexity
of the above reduction is polynomial, thus we derive that A2-TPP problem is at least as hard as the
STPMSPBEL problem [122].

2.2.3 A Graph Based Polynomial Time Heuristic for A2-TPP

We propose a greedy heuristic to solve A2-TPP in polynomial time. We first introduce the algorithm,
and then prove its polynomial time complexity.

Algorithm Overview

Greedy-A2-TPP outputs a connected coverage formation – also referred to as coverage for brevity
– for the UAVs, and a compression level assignment for each covered target. Both coverage and
compression need to meet the criteria expressed in Equation 2.12, that is, optimizing the number
of accomplished tasks. Our approach is to maximize the number of inspected targets, producing a
coverage of minimum congestion, and minimizing task misclassification due to low frame resolution.

Specifically, a coverage τ = (V,E,W ) is a Triangular Steiner Tree [172] in which the set of nodes
V represents the positions UAVs must reach to cover the target nodes in M , while staying connected
with the base station σ in a multi-hop manner. The set E represents the link between UAVs, thus
the routes data streams must follow through the network. The function W maps each e ∈ E to a
weight that represents link’s bandwidth. In our implementation we estimate this value empirically.
It is assumed that at the base station, communication happens through dedicated transceivers and
does not require actual coverage with a drone. Thus, at any time it holds |V | ≤ |U|+ 1.

Greedy-A2-TPP

Algorithm 1 returns a coverage formation Ψ, merging partial coverage formations τpar generated to
cover targets using the minimum deployment cost at each iteration. In the initialization phase, we
let: T̂ be the set of covered targets, initially containing only the base station; Ψ be the coverage
archived so far; τpar be the partial coverage iteratively grown that is added to Ψ when it cannot be
further expanded; cpar be the cost of the partial coverage generated so far (line 1). The while loop
iterates until either all the targets are covered T − T̂ ̸= ∅ or the number of UAVs used does not
exceed the fleet size (line 2).

The variables tbest, τbest, cbest contain respectively the best target found at each iteration, the
coverage including that target and its cost. A for loop over the uncovered targets T − T̂ allows
to find the best target to add, building new temporary coverage formations τtemp using the targets
already covered by τpar (namely the set C(τpar)) and adding to them the candidate target t. Then
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Algorithm 1 Greedy A2-TPP
Input: U : set of UAVs, T : set of targets
Output: Ψ a connected coverage formation

T̂ ,Ψ, τpar, cpar ← {σ}, {σ}, {σ}, 0
while T − T̂ ≠ ∅ or |VΨ ∪ Vpar| < |U| do

tbest, τbest, cbest ← ∅, ∅,∞
for t ∈ T − T̂ do

τtemp ← TST({t} ∪ C(τpar), rcom)

ctemp ← Costα(τtemp, τpar,Ψ,Compression(τtemp))

if ctemp < cbest and |Vtemp| − 1 ≤ |U| − |VΨ ∪ Vpar| then
tbest, τbest, cbest ← t, τtemp, ctemp

if tbest = ∅ then
Ψ← Ψ ∪ τpar

break
τlos ← TST({σ, tbest}, rcom)

clos ← Costα(τlos, τpar,Ψ,Compression(τlos))

if clos < cbest − cpar then
Ψ← Ψ ∪ τpar

τpar, cpar ← τlos, clos

else
τpar, cpar ← τbest, cbest

T̂ ← T̂ ∪ {tbest}

R, · ← Compression(Ψ)

return Ψ, R

we evaluate the cost of τtemp (lines 3-6). This cost combines the number of drones needed for the
coverage, and the loss in accuracy due to the channel contention. We will talk in more detail about
how this cost is computed when describing Algorithm 2. Then we check if: (i) τtemp has a lower
cost than τbest (ii) and if τtemp can be covered with the remaining UAVs.

If both checks go through, then t becomes the best candidate tbest and the associated candidate
coverage τtemp with its cost ctemp are stored into τbest and cbest respectively (lines 7-8). In case no
target was set as a best candidate, (i.e., tbest = ∅) the while loop breaks. This happens only when
the second condition at line 7 is not met for any target, that is no coverage formations can stick to
the remaining fleet size constraint.

Then, the cost paid to cover only tbest that is cbest − cpar is compared to the cost clos of a new
line-of-sight (los) branch τlos grown using only tbest as target. If τlos costs less than the partial
grown tree so far τpar, then τpar is merged with the final tree Ψ. Then τlos becomes the new partial
connected coverage to grow. Otherwise growing τpar is still convenient, so τbest becomes the new
partial deployment including the new target tbest and τlos is discarded (lines 12-19). When the
algorithm terminates (line 20) the final coverage Ψ along with all the compression levels assigned
to each target are returned.

Assignment of Compression Levels

Algorithm 2 determines the compression levels for each UAV in F inspecting targets in M . The
rationale is to increase the compression of data flowing from a target, based on the bandwidth
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Algorithm 2 Compression
Input: a coverage formation τi
Output: R vector with compression levels for all targets in τi, L vector with loss in accuracy due to all targets in τi

sort t by Q(S(t), ∗).b ∀t ∈ C(τi) in ascending order

Ĉ, L,R← C(τi), ⟨⟩, ⟨⟩

for t ∈ Ĉ do
P ← Shortest-Path(τi, σ, t)
B ← Bottleneck(τi, P )

R(t)← argmaxl∈L Q(S(t), l).b ≤ min{B; Q(S(t), ∗).b}
L(t)← Q(S(t), ∗).a−Q(S(t), R[t]).a

Wi(e)←Wi(e)−Q(S(t), R(t)).b ∀e ∈ P

Ĉ ← Ĉ − {t}

return R,L

assigned to it, leaving more bandwidth to targets having more to send. The algorithm iterates
over the targets t covered by the candidate input tree, sorted in ascending order based Q(S(t), ∗).b,
that is the load produced by the target t according to the task analyzer A2-TA, belonging to the
application scenario S(t) and at the minimum compression level (denoted by ∗) (lines 1-3). At
each iteration a bottleneck bandwidth B for the target is computed. This quantity is the bottleneck
capacity on the path from the source of flow t, to the destination σ. This value is influenced by the
number of targets t shares this path with. The bandwidth allocation function can be thought as
slight modification of the Depth First Search (DFS) (line 5). To derive the maximum quantity of
load that can be transferred from the target t per unit time, we vary the compression level while
remaining subject to the flow constraint (line 6). We store in the vector R the compression level
for each target. We store the loss in accuracy for t subject to compression level R(t), comparing
the accuracy due to the best quality Q((S(t), ∗).a (line 7). The weights of the tree are updated
considering the used bandwidth (line 8). Both the compression levels and the loss for each target
are returned.

Cost of a Coverage

The cost of a connected coverage formation is parameterized by α. This exogenous parameter
weights the importance given to the the accuracy of the tasks. Notice that the importance given
to task accuracy opposes to the minimization of the number of UAVs employed. Therefore the cost
is a linear combination of the average loss in accuracy, and the percentage of used UAVs to cover
the new target in τi which was not present in the previous formation τi−1, the cost is computed as
Costα:

α ·
∑

t∈C(τi) L(t)

|C(τi)|
+ (1− α) · |Vi − Vi−1| − 1

|U| − |VΨ ∪ Vi−1|
(2.13)

Greedy-A2-TPP Example Execution

Figure 2.5 shows an example of execution of Greedy-A2-TPP. The gray triangle is the edge server
σ. The black dots and red squares represent the target and relay positions, respectively. Figure
2.5-a shows three temporary coverage τtemp, each covering a different target. The cost of each of the
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Figure 2.5: Greedy-A2-TPP algorithm example

coverage is compared (algo. 1, line 7). Say τtemp⟨σ, t3⟩ is the cheapest coverage among them, that is
the tree covering σ and t3. At the subsequent iteration shown in Figure 2.5-b, two Triangular Steiner
Trees covering σ, t3 and a new target among the remaining uncovered ones in T −T̂ (i.e., t2 and t1)
are proposed. Say the tree τtemp⟨σ, t3, t2⟩ is the cheapest coverage among them. In Figure 2.5-c the
cost of τtemp⟨σ, t3, t2⟩ is compared with a line of sight coverage τlos⟨σ, t2⟩. The cheapest coverage
among the two becomes the one to grow from the subsequent iterations (algo. 1, line 14). Say the
cheapest coverage among them is τtemp⟨σ, t3, t2⟩. In Figure 2.5-d we see two grown versions of the
tree covering t1, whereas in Figure 2.5-e we see a line of sight coverage of t1. Say that comparing the
cost of τtemp⟨σ, t3, t2, t1⟩, and τlos⟨σ, t1⟩, the cheapest is the line-of-sight version. The tree τlos⟨σ, t1⟩
becomes the new tree to grow from the subsequent iterations. τtemp⟨σ, t3, t2⟩ is archived in Ψ. There
are no more targets to cover. τlos⟨σ, t1⟩ is archived in Ψ the algorithm stops returning Ψ.

Properties of Greedy-A2-TPP

Lemma 2.2.2. Computing the compression level assignment has polynomial time complexity of
O(|U|2).

Proof sketch. To measure the cost of a coverage tree τi, the set of targets in the tree C(τi) is sorted by
their expected transmission load in ascending order. Sorting requires O(|T | log |T |) time complexity.
The for loop iterates over the targets in τi first computing the bottleneck bandwidth for t, having
approximately the cost of a Depth First Search and Shortest Path, that is O(log |Vi|) for the tree.
Iterating over the compression levels to find the highest resolution to fit the bandwidth has constant
complexity |L| i.e., the cardinality of the discrete set of possible compression levels. Iterating over
the edges of the path P to update the residual bandwidth has cost O(log |Vi|). Other assignments
have evident constant complexity. By noticing that |Vi| = O(|U|) the overall time complexity
of computing the cost of a coverage tree is O(|T | log |U|). The complexity further simplifies by
considering |T | = O(|U|), thus resulting in O(|U|2).

Theorem 2.2.3 (Time Complexity of Greedy-A2-TPP). Greedy-A2-TPP with input T targets sets
has polynomial time complexity of O(|U|6).

Proof sketch. The while loop is executed, in the worst case, until all the targets in T are included
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in the final solution Ψ. Within the while loop, a for loop iterates over the set of uncovered targets.
For each of them a Triangular Steiner Tree ttemp is computed, and the time complexity is bounded
by O(|T |4) [172]. The cost of each tree is computed with complexity O(|U|2) as shown in Lemma
2.2.2. Once the best candidate target to cover has been chosen, the Triangular Steiner Tree tlos

of the shortest path path towards the target, and the relative cost clos are computed. The time
complexity to find a stripe can be considered constant in time. The overall time complexity of
Greedy-A2-TPP is thus given by: O(|T |(|T |(|T |4 + |U|2) + |U|2)) = O(|U|6).

2.2.4 Performance Evaluation

We extensively evaluate A2-UAV through simulation (Sect. 2.2.4) as well as real-world experiments
(Sect. 2.2.4).

Evaluation Setup

Application. We consider a monitoring application where UAVs need to perform image classifi-
cation or object detection tasks on target locations by sampling images at given frame rate (e.g.,
24 frames per second (fps)). We adopt (i) ResNet-50, a CNN with 50 layers [89]; (ii) ResNet-152,
an extended version with 152 layers [89]; (iii) DenseNet [98], which consists of a Dense Convolu-
tional Network (i.e., each layer is connected to all the other layers in a feed-forward fashion); (iv)
MobileNet-V2 [168], a new neural architecture for mobile devices; (v) YoloV4, the state-of-the-art
model for object detection. All the models were trained on the ImageNet database [55].

Scenarios. To emulate common scenarios for UAVs, we use the five scenarios described in
Section 2.2.2, i.e., Maritime, Search-and-Rescue, Wildlife, Tools, Pets. We also design an Urban
reconnaissance scenario including various objects, such as wreck, fireboat, ambulance, police van,
revolver, crate, packet, backpack, mountain bike, motor scooter. To ensure repeatability of our ex-
periments, we let the UAVs sample images from a labeled subset of ImageNet. Where not otherwise
stated, each target location generates 500 tasks (images) uniformly sampled among these classes.

Metrics. We measure the Percentage of Accomplished Tasks, defined as the ratio between the
number of successfully completed tasks (according to Definition 2.2.2) and the number of generated
tasks. The accomplishment of a task is influenced by its de line ∆. In order to study the perfor-
mance of A2-TPP at varying application scenarios, we let ∆ vary: low values represent delay critical
applications (e.g., intrusion detection), whereas high values, delay tolerant ones (e.g., agriculture).

We also measure Computational Time, that is the time required by the algorithms to output a
connected coverage formation and compression levels for the targets.

Comparison. We evaluate A2-UAV through real-field experiments and simulation, considering
both the optimal solution Opt-A2-TPP and the greedy algorithm Greedy-A2-TPP, against STBA
[149]. STBA is a state-of-the-art networking-based approach that is the closest to our work. STBA
covers a set of targets while providing network connectivity to the edge server. To find a connected
tree, STBA uses a node-weighted Steiner tree algorithm, which computes a set of Fermat points
to place relays, and then computes a tree among the targets and the edge-server, minimizing the
needed UAVs. To allow for a fair comparison, we enhance STBA with data compression in three
variants: 1) H-STBA, which does not compress data, but uses the Highest available quality for
collected data (l = 1); 2) M-STBA which uses the Medium compression (l = 50); and 3) L-STBA
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which uses an extreme compression (l = 100) resulting in the Lowest data quality.

Simulation Results

We used the NS-3 network simulator [150], setting most of parameters in line with the devices used
in our real-field experiments (e.g., WiFi interface 802.11n at 2.4 GHz), and testbed measured values
(UAVs transmission range is 16m, sensing radius 1m, and maximum speed 5m/s)1. The simulated
area is a square of 500× 500m, with an edge-server positioned in the center of the bottom border.
The number of targets varies from 4 to 50, and the number of UAVs from 4 to 50.

Multiple Scenarios

Figures 2.6 illustrates the efficacy of our solution for different scenarios, reporting also the theoretical
upper bound (blue dotted line). In the most challenging scenario, i.e., Tools, with a strict task
deadline (∆ = 0.1sec) and DenseNet-201 DL model, Opt-A2-TPP completes 41% of tasks, with
an improvement of 52% respect the best STBA variant, i.e., H-STBA, which completes less
than 27% of tasks. The theoretical upper-bound for DenseNet-201 in the same scenario is 60%,
meaning that under ideal network conditions of zero latency and no compression, the DL model
would correctly classify only 60% of the tasks (Figure 2.4.a show the complexity of predicting tools
images, even for un-compressed images).

In the case of Pets and Maritime, Opt-A2-TPP reaches the highest percentage of accomplished
tasks — 65% and 70% respectively — where the upper-bounds are 90% and 88%. The improve-
ment with respect to the best STBA variant, i.e., M-STBA, is 55% and 50%. Pets require
a compression level lower than l = 50 (see Figure 2.4.a) to achieve satisfactory performance, forcing
both Opt-A2-TPP and Greedy-A2-TPP to select a medium compression level, more similarly to
M-STBA.
In Wildlife and Search-and-Rescue (SaR), the gap between both the A2-TPP versions and STBA
variants increases significantly. Opt-A2-TPP and Greedy-A2-TPP complete respectively 60%, 63%
and 49% and 54% of tasks, against 39% and 37% of M-STBA. The motivation behind this sharp
improvement is the use of the A2-TA, which understands that even high compressed images can
achieve satisfactory performance. Therefore, both our solutions can achieve high accuracy with
low network usage, executing the tasks within their deadline ∆ = 0.1 seconds. Greedy-A2-TPP
completes 20% and 31% more tasks than M-STBA.

Urban Scenario

Figure 2.7 shows the performance in the Urban scenario as a function of task deadline ∆ ∈
{0.06, 0.07, 0.08, 0.09, 0.1}, when DenseNet-201 is employed.

Opt-A2-TPP accomplishes tasks up to 72% in the case of ∆ = 0.1sec, while the best variant
M-STBA achieves only 48% of tasks at the same ∆. Opt-A2-TPP accomplishes 58% more tasks
than M-STBA with the tightest deadline, as it adapts the compression of images to meet the
latency constraint. The plot also confirms the performance of Opt-A2-TPP that outperforms the
network-based approaches (i.e., M-STBA) up to 45 − 50%. Greedy-A2-TPP follows the Opt-
A2-TPP trend always remaining widely above the performance of STBA solutions. Figure

1The code is available at https://github.com/flaat/AA-UAV
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2.8 shows the percentage of accomplished tasks as function of the number of UAVs, with 6 targets
randomly distributed in the area. We employ DenseNet-201, which achieves a maximum accuracy of
80%, and set ∆ = 0.1sec. Both Opt-A2-TPP and Greedy-A2-TPP outperform the STBA variants,
as they cover all the targets with only 8 UAVs. Conversely, the STBA variants require at least 10
UAVs to cover all the targets, and achieve lower performance. Opt-A2-TPP covers 15 − 20% more
targets than STBA algorithms, in all the scenarios, completing 69% of tasks (using 10 UAVs), while
the best variant M-STBA accomplishes only 42% of tasks with the same number of UAVs. We can
notice how Greedy-A2-TPP performs better as quickly as number of UAVs grow reaching similar
performance of Opt-A2-TPP.

Robustness to Channel Errors

In Figure 2.9 we plot the percentage of accomplished tasks by varying the probability of channel error
ψ ∈ {0, 0.05, 0.1, 0.15}, in a setting with 20 UAVs and 4 targets. Both Opt-A2-TPP and Greedy-
A2-TPP are the most robust algorithms, increasing their improvement with respect to STBA variants.
Opt-A2-TPP completes up to 170% more tasks than the other approaches. On the other
hand, M-STBA and H-STBA experience severe delays and drastic performance reduction due to
frequent TCP re-transmissions, which introduces additional data in the network, further overloading
communication links.

Scalability

Figure 2.10 investigates the percentage of accomplished tasks in a scenario with 50 UAVs, varying
the number of targets from 10 to 50. We do not include the Opt-A2-TPP when the targets are more
than 20, due to prohibitive computational time. This result underlies the huge benefit introduced by
the polynomial time solution Greedy-A2-TPP, which scales gracefully when the problem instance
grows in complexity. The figure shows that Greedy-A2-TPP has near optimal performance with 10
targets, accomplishing 63% of the tasks, while L-STBA accomplishes only 38% of them. All the
algorithms have a slightly decreasing trend as the number of targets increases, as the UAVs have
to offload more tasks with possible network congestion and missed deadlines. The STBA variants
quickly drop their performance due to congestion and long delays, while Greedy-A2-TPP is able
to keep satisfactory performance around 50%, trading off compression and accuracy to cover all
targets and offload their data. With 50 targets Greedy-A2-TPP accomplished 5 times the tasks of
the best STBA variant. Finally, in Figure 2.11 we investigate the computational time. We restrict
the time to a maximum of 5 hours (18000 seconds), and we consider no solutions after that time. We
consider a general STBA instance without compression levels, as they do not affect the execution
time. While Opt-A2-TPP has very huge computational times even with 10 targets, Greedy-A2-TPP
is 15x faster than the STBA solutions.

Experimental Testbed Results

We now evaluate the performance through our experimental testbed. The testbed is composed
of 4 UAVs and an edge server with dedicated GPU. We emulate missions with up to 4
targets. We run 10 experiments for each scenario and we average the results. Each UAV includes a
DJI Mavic Air 2 drone, mounting a Raspberry PI 4 model B and a power bank, as shown in Figure
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2.12. The on-board Raspberry PI, powered by the power bank is used to generate and pre-process
tasks, and to offload them to the edge according to the optimization plan. For repeatability and to
emulate different scenarios, we sample images from the ImageNet dataset [166].

The edge server is a Jetson Nano board, used to run the DL models and execute tasks. It
mounts a Raspberry PI for computation and communication. TCP links are established for reliable
connectivity. Considering the limited capabilities of the edge server, we execute only ResNet-50 and
MobileNet-V2 on the Jetson Nano, which have approximately 0.03 seconds of inference time [151].
For DensNet-201, ResNet-152, and YoloV4, we used a laptop with an NVIDIA RTX-2060 Graphics
Processing Unit (GPU). In the experiments, we consider up to 4 targets placed at around 15 meters
from the edge. Table 2.2 reports the experimental settings in the Urban scenario. The first set of
experiments evaluates the impact of increasing the number of targets (from 1 to 4), with MobileNet-
V2. Figure 2.13 shows the percentage of accomplished tasks at the edge-server with a task deadline
of ∆ = 0.4sec. The plot shows that the Opt-A2-TPP finds the best trade-off between accuracy and
data compression. It completes more than 67% of the tasks, independently of the number of targets.
This is close to the maximum performance achievable with the DL model (i.e., 78%), represented
by the blue horizontal line. Greedy-A2-TPP instead reaches up to 57% accomplished task,
with a 20% average improvement over the best STBA version (M-STBA). Conversely,
the best STBA variant (i.e., M-STBA) does not complete more than 46% of tasks, independently
of the number of targets. In particular, with 2 targets, all STBA variants perform very poorly,
completing less than 30% of tasks. The superiority of A2-UAV in both the approaches (Opt and
Greedy) is confirmed by results on the percentage of accomplished tasks by varying the deadline
∆ ∈ [0.1, 0.5] (see Figure 2.14). Opt-A2-TPP reaches an improvement over the percentage of executed
tasks with respect to M-STBA up to 76% when ∆ = 0.3sec. The Greedy-A2-TPP approach instead
improves M-STBA results (when ∆=0.3sec) around 50% upholding our intuition. We investigated
the performance of Greedy-A2-TPP and Opt-A2-TPP also when other DL models are applied. Table
2.3 summarizes the results in the case of ∆ = 0.3sec and 4 targets, for ResNet50, MobileNet-V2
(executed on the Jetson Nano) and ResNet152, DenseNet201 and YoloV4 (executed on a laptop
with a dedicated GPU). The results show that both our solutions outperforms all STBA variants
independently of the applied model. In particular, with DenseNet201 Opt-A2-TPP has the best
performance.

DL Model Opt-A2-TPP Greedy-A2-TPP L-STBA M-STBA H-STBA
ResNet50 66.64 62.88 25.42 36.14 21.86
ResNet152 67.89 65.27 29.93 37.96 24.70

DenseNet201 70.17 68.33 32.92 41.87 26.99
MobileNet-v2 69.29 57.36 18.37 38.94 21.91

YoloV4 59.32 51.3 15.22 31.52 17.18

Table 2.3: Percentage of Completed Tasks, ∆ = 0.3sec

2.2.5 A further improvements to make the network resilient: Adaptive A2-TPP

In this section we present adaptive A2-TPP, a seamless integration to A2-TPP to ensure network’s re-
silience even in the face of unpredictable events. This version of the protocol prioritizes adaptability
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Algorithm 3 Adaptive A2-TPP
Input: Ut: sets with the available UAVs at time t; Ψt−1, Ψt the connected coverage formation at time t − 1 and t

resp.; Tt: set of targets at time t.
Output: Ψ a new connected coverage formation

Ψt, Rt ← Greedy A2-TPP(Ut, Tt)
M←MinMatching(Ψt,Ψt−1)

return Ψt, Rt,M

to accommodate changing mission conditions, including variations in UAVs and targets availability.
Specifically it is designed to handle UAVs failures and the addition of new UAVs to the fleet.

Given the inherent susceptibility of UAV networks to node failures, caused by factors such as
limited battery or unpredictable adverse environmental conditions, the protocol is designed to swiftly
identify affected nodes and restore the network to its original operational integrity.

Moreover, the protocol takes into account the dynamic nature of targets, which may be added,
removed, or change positions during a mission. The adaptive A2-TPP ensures that the network
remains optimized and ready for evolving missions, guaranteeing resilience in the face of unforeseen
circumstances.

Algorithm Overview

Adaptive A2-TPP is shown in Algorithm 3 and is triggered at time t when one of the following five
events occurs: (i) UAV failure, a UAV of the network fails; (ii) UAV provisioning a new UAV is
added to the fleet (iii) target removal a target has no more the need to be monitored; (iv) target
add a new target was added; (v) target move, a target changed its position. We denote by e the
reference to the occurred event.

Let Ut be the sets with the available UAVs at time t. Let Ψt−1, Ψt be the connected coverage
formations at time t− 1 and t respectively, and finally Tt the sets of targets at time t. Upon trigger
event e at time t. The algorithm computes a new connected coverage formation and compression
level assignment with the UAVs and targets available at that time (line 1). Then the algorithm
determines which UAVs, formerly covering Ψt−1, have to move towards the new formation Ψt

minimizing the worst migration time. Such cost represents the time for the last UAV to connect to
the new formation. We implement such migration using a procedure called MIN-MATCHING. In
particular, we reduce our problem to what in the literature is known as the Bottleneck Matching
Problem (BMP) for bipartite graphs [? ].

We recall that BMP takes a bipartite graph G = (V0, V1, E), and a non-negative edge cost
function c(e) > 0, ∀e ∈ E, and finds a perfect matching M ∈Mp where Mp is the set of subsets of
E of cardinality |V0| = |V1|, of minimal cost, i.e., minM∈Mp maxe∈M c(e). In our MIN-MATCHING
reduction, nodes in V0 and V1 are the nodes of the connected formations Ψt−1 and Ψt respectively,
representing the position of UAVs in the formation. In both the sets, the nodes representing the
position of spare UAVs (i.e., UAVs that are not used for granting connectivity) are modeled as
duplicated nodes of the base station. The bipartite graph is complete and the cost function of the
edges c((u,w)) > 0, ∀ e : (u,w) ∈ E represents the time to fly from position u to w.

This reduction allows to minimize the effort needed to migrate from one connected formation
to another. The output of the matching algorithm is a map M from every UAV in the formation
Ψt−1 to the new Ψt with the least effort in terms of travel time for the fleet (line 2). The UAVs on
Ψt−1 efficiently migrate towards Ψt according to the mapM and compression level Rt.
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Adaptive A2-TPP

To test Adaptive A2-TPP we chose to use the same scenario shown in Figure ?? described in the
previous section. To evaluate the impact of a UAV failure event, we measure the impact over the
tasks executed per second. The failure event affects one of the four UAVs, thus, the entire network
must reorganize in order to communicate again with the base station. For a fair comparison,
we applied Algorithm 3 also to STBA, in order to compare the results even though it does not
encompass a recovery mechanism.

In Figure 2.15 shows the variation of executed tasks over time for all the considered algorithms.
When a UAV failure event happens (vertical red bar in the figure), communication is dropped and
so tasks executions. As the figure shows, our algorithm enables faster recovery when compared to
the other approaches. In particular adaptive A2-TPP rebuilds the configuration 5 seconds earlier
with respect to the second best L-STBA. The average time needed to compute the new topology for
our solution is 0.00224 ± 0.00043 seconds and is 0.00653 ± 0.00012 seconds for all STBA variants.
We recall that a reduced computation time enables swift service restoration upon heterogeneous
events during mission.

2.2.6 Conclusions

In this paper we proposed A2-UAV, a novel application-aware optimization framework for reliable
and effective DL task offloading in multi-hop UAVs networks.

For the first time, we considered the accuracy and delay requirements of the specific DNN tasks,
to jointly optimize task assignment and offloading. Through extensive simulation, we demonstrated
that A2-UAV is able to deal with different network conditions, maximizing the application perfor-
mance at the edge. A2-UAV outperforms existing approaches, getting and average improvement
w.r.t. the state-of-the-art algorithm of 38%. We finally validated our solution through real-field
experiments, considering four DJI Mavic Air 2 UAVs and a Jetson Nano board as edge server. We
share datasets and code with the research community to allow reproducibility. Our framework also
incorporates a re-optimization scheme to handle any node failures or changes in the target points.
Through extensive simulation and real testbed experiments, we demonstrated that A2-UAV is able to
deal with different network conditions and node failures, maximizing the application performance
at the edge. A2-UAV outperforms existing approaches, getting and average improvement w.r.t. the
state-of-the-art algorithm of 38%. We share datasets and code with the research community to
allow reproducibility.
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Figure 2.6: Accomplished tasks (%), ∆ = 0.1sec Figure 2.7: Accomplished tasks (%) at increasing
of ∆

Figure 2.8: Accomplished tasks (%) with 6 Tar-
gets, ∆ = 0.1sec

Figure 2.9: Accomplished tasks (%), 4 targets,
∆ = 0.1sec

Figure 2.10: Accomplished tasks (%), increasing
targets Figure 2.11: Computational time (sec)
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Field *****
Time 9:00-18:30 a.m.
Temperature +4 - 15°C
Wind Speed 0.0 to 4.3 m/s
Field Size 65x35(meters)
Nr. Of UAVs 4
Nr. Of Targets Variable (from 1 to 4)
Humidity 60% - 77%
AMSL 2 meters

Table 2.2: Experimental Setting

Raspberry Pi 4B
Power Bank with 

15Ah and 18W 
output

DJI Mavic Air 2

Figure 2.12: UAV implementation.

Figure 2.13: Accomplished Tasks (%) at increasing
targets, MobileNet-V2, ∆ = 0.4sec

Figure 2.14: Accomplished Tasks (%) at increasing
of ∆, using 3 targets and MobileNet-V2

Figure 2.15: Task execution ratio during mission. The vertical red line represents the a UAV failure event.
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2.3 Graphs in periodic communication

In the previous section, we addressed the problem of semantic communication to enhance task
execution at the edge server in UAV networks using graph-based approaches. In this section, we
utilize graph heuristics to enhance periodic communication in dynamic UAV networks.

The past few years have witnessed an unprecedented proliferation of Unmanned Aerial Vehicles
(UAVs) in people’s daily lives. Thanks to their increasing capabilities and moderate cost, the
use of UAVs has expanded to countless application scenarios, from last-mile delivery to precision
agriculture, border patrolling, and many others [5, 19, 120].

The use of small multi-rotor UAVs in swarm formations has garnered particular attention due to
their ease of assembly and quick deployability. They are the technology of reference in monitoring
critical environments where the existing communication infrastructure is damaged or knocked off.
Due to their power limitations, however, small UAVs cannot rely on high data-rate long-range
communications (e.g., 5G) to offload the collected data.

In such scenarios, UAVs are typically required to navigate to the base station every time they
need to offload monitoring data. As a consequence, they suffer from rapid battery depletion, which
limits the network’s monitoring capabilities and shortens its lifespan.

One way to address these limitations is to allow the UAVs of the swarm to exploit multi-hop
communication paths to deliver data to the base station. However, when deployed over large areas,
the monitoring swarm may experience temporary connectivity losses. The necessity of establishing
multi-hop paths for data delivery highlights the need to address the connectivity problem and
design efficient routing algorithms to deliver data packets through the swarm network. To jointly
tackle both the connectivity and routing issues, we propose Stop & Route, an innovative algorithm
that periodically creates connected formations of the UAV network. Once a connected formation
(STOP action) is attained, the UAVs can deliver their monitored data to the base station through
an efficiently selected routing path (ROUTE action).

Stop & Route enables the monitoring swarm to move quickly as needed, forming a connected
network topology to deliver data. Thanks to its movement efficiency, it enables the network to spare
communication time in favor of more device availability for monitoring and sensing tasks.

The objective of Stop & Route is to build the most efficient formations starting from any mon-
itoring deployment, so as to maximize the minimum residual energy of the UAVs of the swarm, and
thereby maximizing the network availability for the mission tasks and its lifetime.

Throughout the paper, we refer to the formation obtained during a stop phase as a connected
offloading formation. Stop & Route guides the UAVs to build connected offloading formations in
two modalities. The first allows for centralized coordination of the swarm. It is based on the
assumption that each UAV is equipped with a long-range transmitter whose data rate, though
very limited, is sufficient to establish a control channel with the base station. Through the control
channel, the UAVs send and receive the necessary messages to periodically construct the desired
connected formations in a centralized manner. In centralized scenarios, the UAVs form a connected
formation based on the reception of a trigger message from the base station, hereafter referred to
as the offloading trigger.

The second modality, instead, considers a distributed execution of the algorithm activities. It
relaxes the assumptions on communication range and considers UAVs that are only equipped with
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short-range communication devices, i.e., the swarm works without any control channel. In this
scenario, the network devices only rely on a local view of the achieved deployment while moving to
build a connected formation. To coordinate their movements and schedule the algorithm phases,
the devices adopt a loosely synchronized clock.

The Stop & Route algorithm provides an iterative execution of the following activities. The
first is the mission activity: the UAVs execute their mission tasks, moving along the area to gather
sensing data related to targets of interest.

Examples of sensing applications include monitoring of large infrastructures such as roads, rail-
ways, and bridges to gather data about the condition of these structures. Or post-disaster: like
earthquakes, hurricanes, or flooding, where they can be used to monitor the damage, and help with
post-disaster recovery.

Upon reception of the data offloading trigger (centralized execution) or periodically (distributed
execution), the UAVs execute a second activity, i.e., they build a connected offloading formation
to establish communication paths with the base station. Once connected, the UAVs deliver the
monitored data and resume their monitoring tasks.

The repeated execution of the two activities continues until the end of the network lifetime, that
is, when the battery of the last available drone runs out of power and it must be recharged at the
recharging station.

2.3.1 Related Work

The problem of exploring an area of interest with sensor networks gained a lot of attention in the
literature. To minimize the accumulated age of information during the monitoring activity, the
problem is augmented with communication requirements. We focus on exploration pursued with
multi-robots, in particular, UAVs in communication-restricted contexts. Most works in the literature
focus on terrestrial robots, and they cannot be directly applied to UAV squads. The latter have
unconstrained mobility, different energetic constraints, and requirements. For example, the amount
of energy spent by UAVs in a stationary hovering position is not negligible, unlike that of terrestrial
robots. In this work, we focus on event-based, periodic connectivity, which requires UAVs to offload
their discoveries to the base station upon periodic offloading triggers. To the best of our knowledge,
none of the works in the state-of-the-art addressed the same problem for UAV networks.

In [7], a taxonomy of the communication requirements in multi-robot exploration systems is
proposed. Some exploration missions require continuous connectivity, that is, the squad operates
information gathering while remaining in partial or global communication, typically including the
base station. An example of this kind is that of real-time streaming of monitoring video for human
inspection at the base station. [20, 59, 123, 135, 162, 169, 170, 179]. Other works require event-
based connectivity in which UAVs regain partial or global connection with the squad, periodically or
triggered by specific events [11, 14, 50, 78, 88, 94, 96]. Some approaches exploit temporary pairwise
connectivity, intermittently present among devices [14, 96].

Dutta et al. [59] consider the problem of information collected from a polygonal environment
using a multi-robot system, subject to continuous connectivity constraints. Banfi et al. [13] design
exploration strategies that enable robots to coordinate with teammates to form a network, satisfying
recurrent connectivity constraints, which require data to be shared with the base station when new
observations are made at assigned locations. Banfi et al. [12] provide a solution by modeling the
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signal’s distribution with a Gaussian Process, exploiting online different sensing strategies to coordi-
nate and guide robots during data acquisition. Reich et al. [162] explore distributed mechanisms for
maintaining the physical layer connectivity of a mobile wireless network while still permitting signif-
icant area coverage. Bartolini et al. [17] consider critical scenarios with a squad of UAVs requiring
to autonomously inspect an area of interest under uncertainty of time and location of target events
ensuring maximum coverage of event monitoring with minimum average inspection delay. Banfi et
al [11] study effective multi-robot exploration strategies under recurrent connectivity by considering
a centralized and asynchronous planning framework. They provide both the problem formalization
of selecting the optimal set of locations robots should reach, the exact formulation to solve it and
an approximation algorithm to obtain efficient solutions with a bounded loss of optimality. Tan et
al. [179] present two heuristics based on virtual forces, with the goal to maximize sensing coverage
and also guarantee continuous connectivity at the cost of a small moving distance. The heuristics
do not need any knowledge of the field layout. The latter two works are used as a comparison in
the experimental analysis.

2.3.2 System Model and Assumptions

We consider the scenario in which a swarm of UAVs denoted with the set U = {u1, . . . , um}, is
cooperatively pursuing information-gathering over an area of interest. We denote with dmax the
longest distance between two points within the area. The control base station, denoted by σ, is
placed within the area for squad coordination and acts like a sink for the information gathered from
the squad. Every UAV is equipped with a GPS module and sensors to bypass obstacles in the area
with ease. We denote with p(u) ∈ R2 the position of UAV u in space, analogously p(σ) for the base
station. We further denote with bu(t) the available energy of UAV u at time t, and with β0, β1 the
energy consumption factor per unit of time spent on hovering by the UAVs and per unit of traveled
distance, respectively. We denote by h(u) the time spent hovering by a UAV u.

As we consider harsh environments, we cannot assume the presence of any reliable long-range
communication infrastructure, such as 5G. Therefore, to send sensed data to the base station, the
UAVs use short-range radio transceivers (e.g., WiFi) over multi-hop routes. This communication
channel, called primary channel , allows communication only between neighbor nodes, ensuring
a high data rate and low energy consumption. A disk model is adopted, we denote with rcom the
transmission range of UAVs.

In some cases, we also consider the availability of a low data-rate long-range communication
technology, such as LoRa, that allows the transmission of control packets to the entire network. We
call control channel this long-range communication technology.

Both the UAVs and the base station use this channel to transmit simple commands and co-
ordinate with each other. To guarantee periodic information offloading at the base station, the
UAVs stop their monitoring activity when triggered by the base station through the control channel
(offloading trigger) and gather towards it to route sensing data, creating a connected offloading
formation.
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Definition 2.3.1 (UAVs Communication). A pair of UAVs ui, uj is said to be in communication
com(p(ui), p(uj)) if and only if,

1. ∥p(ui)− p(uj)∥ ≤ rcom or

2. ∃uk, com(p(ui), p(uk)) and com(p(uk), p(uj))

Definition 2.3.2 (Connected Offloading Formation). A connected offloading formation f : R2 → R2

is a function mapping the coordinates of every UAV u ∈ D ⊆ U to new coordinates f(p(u)) such
that com(f(p(u)), p(σ)).

Definition 2.3.3 (Optimal Connected Offloading Formation). An optimal connected offloading
formation f∗ : R2 → R2 upon an offloading trigger at time t, is a coordinates map such that,

maxmin
u∈U

bu(t)− β0h(u)− β1∥p(u)− f∗(p(u))∥ (2.14)

it maximizes the minimum residual energy for the UAVs.

Notice that the UAVs in the swarm reach their target position f(p(u)) at different times, depending
on their starting position p(u) and traveling speed. Thus, the hovering time spent by all the UAVs
waiting for the last UAV to join the formation has an impact on the solution and will be taken into
account in the optimal formulation presented in the next section.

We study two different ways to build connected offloading formations. First, we consider a
centralized approach in which the UAVs and the base station are equipped with both the primary
and the control channels. The base station and the UAVs use the control channel to build the
offloading formation: the base station broadcasts the stop command, the UAVs reply by sending
their positions, and the base station in turn sends the connected offloading formation.

We then consider a distributed approach in which only the primary channel is available. In
this case, the UAVs have only a partial view of the network (i.e., the neighborhood), and use their
local information to derive a connected offloading formation in a distributed way.

Figure ??.a, shows a squad of 5 UAVs performing a monitoring mission over an area of interest.
They are all connected with the base station through the control channel. Figure ??.b shows
neighbor UAVs communicating over the primary channel. Figure ??.c shows a possible offloading
formation, in which each UAV has an offloading route to the base station. Data offloading takes
place over the primary channel.

2.3.3 Optimal Problem Formulation

To obtain optimal connected offloading formations we propose a solution based on linear program-
ming. We denote by p̂(u) the decision variable representing the target position of UAV u to generate
a connected offloading formation. We first constraint the new position of the UAV to stay within
the area of interest,

p̂(u) in AOI ∀u ∈ U (2.15)

We constrain the points that are reachable with the available energy as:

∥p(u)− p̂(u)∥ · β1 ≤ bu(t), ∀u ∈ U . (2.16)
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Then, we add a constraint to impose the network connectivity of the new formation, to allow
communication among all the UAVs and the base station. Let U+ = U ∪ {σ}. To constrain the
connectivity between the UAVs and the base station, we consider that each UAV generates a unit of
flow and that the base station wants to receive m units. Let ŝij be the decision variable representing
the information flow from UAV ui to uj . We constrain the base station to receive m units of flow
as follows: ∑

i∈U+

ŝiσ = m (2.17)

and to produce 0 units of flow as follows: ∑
i∈U+

ŝσi ≤ 0 (2.18)

Then, we impose that UAVs generate a flow only towards their neighbors. We add an auxiliary
binary variable γij s.t. γij = 1 ⇐⇒ ∥p̂(ui)− p̂(uj)∥ ≤ rcom, defined as follows,

∥p̂(ui)− p̂(uj)∥ −M · (1− γij) ≤ rcom

∥p̂(ui)− p̂(uj)∥+M · γij ≥ rcom

γij ∈ {0, 1}

(2.19)

for each i, j in U+ when M is an upper bound variable.
Then, we impose that the flow is given by:∑

j∈U+

ŝij ≤ γ̂ij ·m, ∀i ∈ U (2.20)

an edge can have a flow only if the path length between i and j is less than the communication range.
Finally, to enforce connectivity, we impose flow conservation through the following constraint:∑

j∈U+

ŝij =
∑
j∈U+

ŝji, ∀i ∈ U (2.21)

which imposes that, for each out-edge from i the flow is increased by the UAV, only if i and j

otherwise. These three constraints enable the formation’s connectivity.
Let w be the variable representing the maximum travel time to reach the target point, defined

as w ≥ ∥p(u)− p̂(u)∥/v ∀u ∈ U with v the uniform speed of the UAVs. Thus the hovering time for
a UAV is defined as

h(u) = w − ∥p(u)− p̂(u)∥/v (2.22)

We finally constraint ω to be least residual energy as:

ω ≤ bu(t)− β0h(u)− β1∥p(u)− p̂(u)∥, ∀u ∈ U (2.23)

The objective function is as follows:
maxω (2.24)

We approximate the Euclidean distance, which is not linear to compute, using the approximation
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function proposed by [213].

2.3.4 Centralized Heuristics

The MILP formulation presented in the previous section is solvable in polynomial time. However,
in many scenarios, the computational time for an optimal connected offloading formation is unac-
ceptable. Figure 2.17 shows an improvement in computational time that goes from 3 to 4 orders of
magnitude for the heuristics w.r.t. the MILP solution. This problem is exacerbated by the fact that
during a mission the UAVs are called to offload data several times, thus requiring the base station
to calculate a new optimal formation each time. After sending their positions to the base station
the UAVs have to wait (in hovering) the time needed by the base station to calculate the optimal
formation online. This amount of time not only has a catastrophic impact on the delay to build the
offloading formation, but also requires substantial energy consumption due to UAVs hovering. To
face this problem, we propose efficient heuristics and evaluate their computational complexity.

Greedy Assignment Algorithm

We first propose the Greedy Assignment Algorithm (GAA). Algorithm 4 illustrates GAA formally.
It considers the set of UAVs, D(t) = {u ∈ U | bu(t) > 0} having a sufficient residual battery to
go back to the base station for recharging. UAVs that deplete their battery, go back to the base
station and are no longer available for the monitoring mission. We consider a regular hexagonal
tiling of the area of interest and refer to the centers of the hexagons as rendezvous points in R ⊂ R2.
This set is such that taken two rendezvous points belonging to any two adjacent tiles r1, r2 ∈ R,
com(r1, r2). The main idea of GAA is to iteratively select for each UAV a rendezvous point that
allows connection with the base station and has the least impact on the battery. First, we define
Θ(D(t), R) as the residual energy of the least energetic UAV of those in D(t) available at time t,
after reaching the rendezvous point in R, maximizing the residual energy, formally:

Θ(D(t), R) = min
u∈D

max
r∈R

bu(t)−∥p(u)− p(r)∥ · β1 (2.25)

Let X ⊆ R be a set of rendezvous points. We denote by Γ(X) ⊆ R the set of rendezvous points
adjacent to those in the set X. We define F (X) ⊆ R the frontier of X, to the set of rendezvous
points lying on the perimeter of the convex hull induced by the rendezvous points in X. GAA
iteratively builds the connected offloading formation f , by mapping at each while loop iteration
a UAV u∗ to a target rendezvous point r∗, chosen in the neighborhood of connected rendezvous
points.

Proposition 2.3.1. The set of candidate rendezvous points at each iteration is upper bounded by
m.

Proof. The number of rendezvous points in R is upper bounded by the cardinality of the union of the
adjacent hexagonal tiles of the UAVs positions and of the base station, that is O(6(m+ 1)) = O(m).

Theorem 2.3.1. GAA computational complexity is O(m5).

Proof. Referring to Algorithm 4, the while loop iterates until all the UAVs are not mapped to a
target rendezvous point. A map happens once at each iteration, the while loop lasts for O(m)
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Algorithm 4 Greedy Assignment Algorithm (GAA)
Input: A set of UAVs D(t) ⊆ U under offloading trigger at time t
Output: An Connected Offloading Formation f

f(p(u))← ∅ ∀u ∈ D(t)
R← F (Γ({σ}))
while ∃u ∈ D(t) s.t. f(p(u)) = ∅ do

(u∗, r∗)← arg max
r∈R, u∈D(t)

Θ(D(t)− {u}, F (R ∪ Γ({r})))
R← R ∪ F (Γ(r∗))
D(t)← D(t)/{u∗}
f(p(u∗))← r∗

return f

iterations. The Θ function is called for every candidate rendezvous point among the O(m) in the
growing frontier R (see Proposition 2.3.1), and for every UAV among the O(m). This function has
O(m2) computational complexity. It follows that the overall computational complexity of GAA is
polynomial in the number of UAVs and is O(m5).

Tree Contraction Algorithm

To lift the assumption of map discretization and improve time complexity, we propose the Tree
Contraction Algorithm (TCA). Algorithm 5 illustrates TCA formally. It consists in contracting
the edges of a tree, by moving the UAVs along the most convenient route toward the base station
and allowing communication through the primary channel with the whole squad. The algorithm
computes the Delaunay graph G = (P,E,W ), derived from the points p(u) ∀u ∈ D(t) ∪ {σ},
with W : (n1, n2) ∈ E → ∥p(n1) − p(n2)∥. Then the algorithm derives from G the Euclidean
Minimum Spanning Tree (EMST) T = (P,E′) which inherits from the Delaunay graph the property
of geometric k-spanners. A geometric k-spanner is a graph in which all the path weights are upper
bounded by k times the spatial distance between the path endpoints. As Theorem 2.3.2 illustrates,
this property is useful to have an upper bound on the distance traveled by the UAVs [136]. It
follows an edges contraction phase, where the edges of T are made shorter to match the connection
requirements through the primary channel. The shrinking process starts from the root of the tree T
(representing the base station) to the leaves and proceeds iterating over the nodes of the tree sorted
in a Breath First Search (BFS) fashion. For every UAV in r ∈ P , representing UAVs a new target
position is computed. The new position is relative to the parent node in the tree parent(r) ∈ P . In
particular the angle α between r and parent(r) is used to determine the new position the UAV should
reach to gain connectivity, i.e., the coordinates of the parent plus the dimension of the minimum
communication range between r and its parent. Finally, γ ∈ (0, 1] can be used to uniformly reduce
communication range to guarantee a much stabler communication.

Theorem 2.3.2. The distance traveled by a UAV u ∈ D(t) to connect to the base station σ according
to a connected offloading formation produced by TCA is upper bounded by 1.998 · ∥p(u) − p(σ)∥ −
γrcom · ρ(u, σ, T ).

Proof. The EMST T computed by TCA guarantees that the path linking each node with the base
station is the shortest. The EMST derived from the Delaunay graph is a geometric spanner. In
such graphs the maximum distance between two nodes n0, n1 is no greater than 1.998 · ∥n0 − n1∥
[212]. This property is maintained in the EMST. In the TCA contraction phase of the EMST, any
path from u to σ having ρ(u, σ, T ) number of hops, is contracted in one of length γrcom · ρ(u, σ, T )
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Algorithm 5 Tree Contraction Algorithm (TCA)
Input: A set of UAVs D(t) ⊆ U under offloading trigger at time t
Output: An Connected Offloading Formation f

P ← {p(u) ∀u ∈ D(t) ∪ {σ}}
G(P,E,W )← DELAUNAY(P )
T (P,E′)← KRUSKAL(G)
P ← BFS(T )
f(p(u))← p(u) ∀u ∈ D(t)

for r ∈ P do
if r ̸= σ then

if ∥p(r)− p(parent(r))∥ > γrcom then

α← arctan

(
∆Y (r,parent(r))
∆X (r,parent(r))

)
f(p(r))← p(parent(r)) + γrcom · ⟨cos(α), sin(α)⟩

return f

units of distance. Since we place UAVs belonging to the same path exactly at distance γrcom the
one from the other, that distance can be excluded from the overall count because it will not be
traveled by any UAV.

Theorem 2.3.3. TCA computational complexity is O(m logm).

Proof. The Delaunay graph G = (V,E,W ) can be computed in O(m logm). Kruskal’s algorithm for
the EMST runs in O(|E| log |E|). Since the Delaunay graph is a planar graph, the upper bound on
the number edges is |E| ≤ 3m− 6, as given by Euler’s formula. It follows that Kruskal’s algorithm
runs in O(m logm). The BFS on the EMST runs in linear time O(m). The shortening procedure
requires O(m) iterations. Hence the overall computational complexity is O(m logm).

2.3.5 Distributed Heuristics

We now consider a scenario in which the long-range control channel is not available and communi-
cation is possible only among neighboring UAVs by means of a short-range primary channel. Also,
the base station can communicate only with neighboring UAVs. In this scenario, we propose two
distributed algorithms that allow building a connected multi-hop offloading formation leveraging
only partial information about the network.

Two types of control packets are exchanged to build a local network view. For neighborhood
discovery, each UAV periodically sends an hello packet, containing, among other things, its identifier,
time of creation, current position, and if it is connected with the base station or not. The base
station instead notifies its presence by periodically sending heartbeat packets. When a UAV receives
a heartbeat packet, it rebroadcasts it to all the neighbors to notify its connection with the base
station. We assume that the UAVs are lazy-synchronized and at every ∆ interval they stop their
monitoring activity and gather towards the base station to route sensing data by creating a connected
offloading formation.

Distributed Gathering Algorithm

Our Distributed Gathering Algorithm (DGA) is based on predefined rendezvous points and leader-
follower strategy. We denote with R the set of predefined rendezvous points where the UAV traffic
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Figure 2.16: ρ-grid rendezvous placement

is conveyed to facilitate the creation of the connected formation. When a UAV u has to build a
connected formation, it moves towards the rendezvous point that is closest to it and geographically
closer to the base station.

When u has reached the rendezvous point, three cases may happen. First, u is a neighbor of
the base station or of a connected UAV. In this case, u has reached its point for data offloading; it
remains there and broadcasts any hearth-beat packet it receives to notify its connection with the
base station. Second, u is a neighbor of a non-connected UAV. In this case, u becomes a follower
of this leader neighbor, meaning that u will follow the leader neighbor in case this starts moving.
Third, u is isolated. Then u moves towards the next rendezvous point, and checks again which of
the three previous cases is verified. Algorithm 6 presents the DGA algorithm.

We consider a rendezvous placement called ρ-grid that is derived from a hexagonal tiling, in
which all hexagons have uniform radius ρ (see Figure 2.16).

Algorithm 6 Distributed Gathering Algorithm (DGA)
Input: A UAV u running the algorithm
Output: Action for the UAV u

Γ(u)← {u′ ∈ U : com(u, u′) }

if |Γ(u)| > 0 then
if ∃u′ ∈ Γ(u) | com(u′, σ) then

stop

else
leader ← argminu′∈Γ(u)∥p(u′)− p(σ)∥
follow leader

else
if com(u, σ) then

stop

else
Π← {r ∈ R | ∥p(r)− p(σ)∥ < ∥p(u)− p(σ)∥
reach argminr∈Π∥p(r)− p(u)∥
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2.3.6 Performance Evaluation

We now evaluate our proposed algorithms through simulations and compare them with state-of-
the-art approaches. We use a custom-designed discrete-time simulator written in Python

for experimenting with routing protocols and path planning for UAV networks. We run our
tests on an i9-10920X 12 core (24 thread) up to 4,60 GHz and 256 GB RAM.

Scenarios. For all tests, we consider an area of interest of 1500 m x 1500 m, with the UAVs
moving according to a random way-point mobility model, at a constant speed of 8 m/s under
constant energy consumption factors β0, β1. The base station is located in the middle of the area,
and each simulation starts with UAVs placed in random positions. In our experiments we let the
number of UAVs vary from 5 to 25. We consider two scenarios.

In the first scenario, we evaluate centralized heuristics. UAVs are equipped with both primary
and control channels, having communication ranges 140 m and 6 km respectively. Connected
offloading formations are computed according to the optimal formulation OPT (see Section 2.3.3),
GAA and TCA (see Section 2.3.4) and the Asynchronous Multi-robot Exploration Algorithm [11].
The latter is a topology formation algorithm for terrestrial sensor networks. It exploits Steiner trees
to link a set of candidate locations to the base station using robots as relays. The new positions
are computed iteratively depending upon the number of nodes to connect. For short we refer to it
as AME. For the optimal solution, we used the Gurobi solver [85]. In the second scenario, UAVs
are equipped only with the primary channel.

Here we compare DGA (see Section 2.3.5) with Connectivity-Preserved Virtual Force (CPFV)
and its floor-based scheme (FloorCPVF) [179]. The latter are two state-of-the-art algorithms for
decentralized search for connected offloading formations. They consider mobile sensors moving to
re-establish global connectivity with the base station with the goal of maximizing sensing range
and residual energy, with total communication as a constraint. Disconnected mobile sensors move
toward the base station according to a lazy movement strategy, which consists in getting closer
to it and halting for a small amount of time recurrently with the hope of meeting other sensors;
stopping when it finds a connected sensor. The virtual forces method is then applied to maximize
area coverage. The FloorCPVF variant imposes fixed corridors for the sensors to follow, which are
placed in such a way as to limit sensors’ overlap. Metrics. We measure the performance of the

algorithms in terms of:
Sensing Time (seconds) defined as the average time spent by UAVs in sensing during the whole

mission. It includes the time to reach targets plus the time to inspect them.
Computational Time (seconds) describes the time needed to compute the connected topology,

it is computed only for the centralized solutions.
Building Time (seconds) is the time required for the UAVs to build a connected offloading

formation. In centralized approaches, it is measured as the amount of time passing between when
all the UAVs received their offloading coordinates, and when they are all connected. In distributed
approaches, the building time is measured as the time passing between when the UAVs stop their
sensing activity and when they are all connected.
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Figure 2.17: Computational Time (seconds) for centralized approaches

Results for Centralized Algorithms

We recall that in centralized approaches the base station has a global view of the network. When it
triggers data offloading, it calculates the connected offloading formation and sends the coordinates
to the UAVs, which in the meantime have to hover on their position. The time required to calculate
the offloading formation is thus a critical aspect as it determines the waiting time for the UAVs.
Once received the coordinates, they can move toward the indicated point. When data offloading is
completed, each UAV can return to perform sensing.

Figure 2.17 shows the computational time required by centralized approaches to calculating
the offloading formation. Results demonstrate that the OPT solution requires long computational
time even for small squads of UAVs (from 18.6s in the case of 8 UAVs up to 64.2s for 25 UAVs
on average), making its online applicability very limited. Our GAA and TCA algorithms instead
present very low computational time. TCA for instance is able to calculate an offloading formation
in 0.0036s in the case of 25 UAVs, with a 10-fold improvement with respect to the AME algorithm.

The significant computational time reduction does not cause any performance deterioration.
Figure 2.20 shows that both GAA and TCA are faster than AME in building the offloading formation
independently of the number of UAVs: with TCA the UAVs build a formation in only 85s in the
case of 5 UAVs, while AME takes over than 120s for the same number of UAVs. The building time
decreases significantly when the number of UAVs increases: TCA employs less than 50s when the
squad is composed of 25 UAVs, decreasing the building time of 38% with respect to AME. The OPT
is faster than any other solution but it pays in computational time as seen before (Fig. 2.17).

Being faster in offloading operations (with shorter computational and building time), both GAA
and TCA can devote more time to sensing with respect to AME. Figure 2.21 shows that GAA and
TCA dedicate 14% and 10% more time, respectively, to sensing than AME, while OPT’s performance
drops due to the long computational time.

Thus, our first set of results clearly shows the benefits of our TCA algorithm which is faster in
calculating and building a connected formation and hence it can spend more time in performing
sensing.
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Figure 2.18: Topology building time (seconds) for
distributed approaches

Figure 2.19: Sensing time (seconds) for distributed
approaches

Figure 2.20: Topology building time (seconds) for
centralized approaches

Figure 2.21: Sensing time (seconds) for centralized
approaches

Results for Distributed Algorithms

We now evaluate our distributed DGA-grid algorithm and compare it with the two state-of-the-art
solutions, CPVF and Floor-CPVF [179]. Figure 2.19 shows the formation building time by varying
the number of UAVs. CPVF and Floor-CPVF take more than 120s to build a formation of 5 UAVs,
while this time decreases to 85−90s when the number of UAVs increases to 25. DGA-grid is always
faster than CPVF and Floor-CPVF: it builds a connected formation of 5 UAVs in 100s and this
time decreases to 60s when there are 25 UAVs in the squad, achieving a maximum improvement of
25% in case of 8 UAVs.

The time gained while building the connected formation can be used to perform sensing. Figure
2.18 shows that DGA-grid performs a better utilization of mission time as it increases the sensing
time of 7% with respect to CPVF.

2.3.7 Conclusions

We presented Stop & Route, a novel approach to handling a squad of UAVs under recurrent connec-
tivity constraints. We assume two types of network UAV equipment: long-range and short-range
communication hardware. In the first scenario, UAVs are equipped with both hardware compo-
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nents. In this case, we propose two different centralized approaches, GAA and TCA, which resort
to a central unit to compute the connected offloading formation based on the most recent UAV
positions. The other scenario, instead, involves only short-range hardware components. In this
scenario, we provide a decentralized solution, called DGA, to build the connected offloading forma-
tion. Results show that our proposed algorithms, GAA and TCA, outperform the state-of-the-art
centralized algorithm (AME), reaching up to 29% and a 33% improvement in building time. We
also demonstrate that both our algorithms achieve an improvement in sensing time over the state-
of-the-art of approximately 14% for TCA and 10% for GAA, reducing computational time by up to
one order of magnitude. Regarding decentralized approaches, we tested the DGA-grid rendezvous
placement. Results show that DGA-grid improves the performance of the state-of-the-art by about
15% in building time and 7% in sensing time.
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Chapter 3

Explainable AI for graphs

3.1 Introduction

Graphs are also a natural way to model many real-world systems, from financial transactions and
fraud rings to molecular interactions, social networks, recommender systems, up to industrial knowl-
edge graphs. In these settings, Graph Neural Networks (GNNs) have become state-of-the-art for
node and graph-level prediction and link discovery. Yet their growing impact also raises a cen-
tral requirement: explainability. End users, developers, and regulators need to understand why a
model produces a particular decision, especially in high-stakes domains governed by regulations (for
example, GDPR and the EU AI Act) that emphasize clear, actionable explanations.

This chapter addresses explainability for GNNs from two complementary angles: (i) rigorous,
optimization-driven methods to generate faithful counterfactuals on graphs; and (ii) human-centered
techniques to communicate those counterfactuals in plain language. The first part introduces UC-
Explainer, a unified framework that searches for counterfactual explanations by jointly perturbing
graph structure (edges), node features, and edge attributes. We formalize the resulting Targeted
Counterfactual Explanation Problem for GNNs and show it is NP-hard. To make it tractable in
practice, we propose an objective that balances validity (does the prediction flip?), fidelity (is the
change faithful to the original sample?), and sparsity (are modifications minimal), together with
scheduling policies that adapt these trade-offs over training. A key practical contribution is an effi-
cient edge sparsification strategy based on edge-weight vectors rather than dense adjacency masks,
enabling scalability without sacrificing quality. Extensive experiments across datasets and tasks
show consistent gains on standard metrics and competitive runtimes against strong baselines.

The second part, Graphs Explainability and Large Language Models, tackles usability: even
high-quality counterfactuals remain technical artifacts (masks, discrete features, structural edits)
that are difficult to read and understand. We therefore leverage Large Language Models to translate
graph counterfactuals into coherent natural-language explanations that remain grounded in the
actual edits. We introduce evaluation metrics that directly test an LLM’s graph understanding and
complement them with a human study. Results indicate that feature-oriented counterfactuals are
particularly amenable to clear, actionable narratives for non-experts. This chapter draws on and
consolidates material from [73, 75]
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3.2 Explaining Graph Neural Network via Counterfactual Samples

Recent breakthroughs in deep learning have propelled significant advancements in artificial intel-
ligence (AI) systems across a wide array of scientific and non-scientific fields. From engineering
to social sciences, many areas of human knowledge have greatly benefited from these innovations.
However, despite the excitement surrounding the potential of deep learning, growing concerns about
the explainability and interpretability of these complex models persist among both the public and
researchers. Moreover, explainability is not only crucial for end-users but also for regulators and
policymakers. For instance, the European Union has been actively working on regulations such as
the Artificial Intelligence Act (AI Act) [155], which includes provisions for the “right to explana-
tion”. In response to these needs, considerable efforts have been made to establish the foundations
of Explainable Artificial Intelligence [8, 58] (XAI). Among the various XAI techniques proposed,
CounterFactual Explanations (CFEs) have emerged as one of the most promising methods for ex-
plaining model predictions [176]. The primary goal of a CFE is to elucidate a model’s prediction for
a given instance by identifying minimal changes to the input features that would change the model’s
output. Therefore, CFEs are designed to answer “what if” questions, helping users comprehend the
inner logic of a complex model in the form: “If A had been different, B would not have occurred ”.
This capability is particularly valuable in sensitive domains such as finance, healthcare, and jus-
tice, where understanding the reasoning behind a model’s prediction is essential for building trust
and ensuring accountability. Existing CFE methods have played a crucial role in interpreting and
validating predictions from various machine learning models [42, 130, 163, 187]. Recently, however,
there has been a growing need to extend these techniques to accommodate diverse data types and
model architectures. Among these, Graph Neural Networks (GNNs) have emerged as particularly
effective for tasks involving graph-structured data, such as node classification, graph classification,
and link prediction. GNNs have delivered significant benefits across multiple sectors; for instance, in
the financial industry, they underpin (semi-)automated fraud detection systems [70]. Furthermore,
advancements in GNNs have expanded their applicability to fields such as chemistry and biology. In
Wong et al. [207], for example, GNNs were employed to predict the chemical properties of molecules,
thereby bypassing the need for costly and time-intensive experimental screenings of large chemical
libraries. Due to the unique characteristics of GNNs, developing methods to explain their predic-
tions is, therefore, critical. In this paper we propose a unified framework, UCExplainer, to find the
optimal counterfactual explanations for GNN models. Unlike prior methods, UCExplainer balances
modifications to edges, edge attributes, and node features by jointly optimizing these perturbations
(see Figure 3.1). Through extensive experiments, we show that this approach improves standard
quality metrics for explanations across many different datasets.

3.2.1 Related Work

Counterfactual explanations have become a prominent tool for interpreting predictions of black-
box models, including GNNs. Unlike factual explainers, which identify the graph’s most influential
components for the current model prediction, counterfactual methods ask: what minimal change
would alter the model’s decision?

To answer this question, these methods typically employ search or optimization algorithms to
identify minimal and realistic graph edits that flip the model’s prediction to a different class. For
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Figure 3.1: Comparison of two approaches for generating counterfactual explanations in Graph Neural
Networks (GNNs): Adjacency matrix sparsification vs. UCExplainer. The adjacency matrix sparsification
(bottom) modifies the graph structure by perturbing the adjacency matrix through edge removal, leaving
unaltered both node features and edge attributes (CF-GNNExplainer). UCExplainer (top) takes a unified
approach, balancing node features, edge attributes, and structural perturbations to find optimal counterfac-
tual explanations.
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instance, CF-GNNExplainer [128], formulates explanation as a graph structure optimization prob-
lem, learning a discrete edge mask that, when applied, leads to a label change sparsifying the
adjacency matrix. However, it only removes edges and does not modify node features or add struc-
ture. RCE-GNN [10] introduces robustness by approximating the GNN’s decision boundary via
linear classifiers in latent space and optimizing perturbations that generalize across similar inputs.
GNN-MOExp [124] adopts a multi-objective evolutionary strategy to jointly optimize counterfac-
tuals for fidelity and sparsity, even though it limits explanations to acyclic subgraphs of fixed size.
CFF [180] blends factual and counterfactual perspectives through causal metrics, namely, Prob-
ability of Necessity and Sufficiency, yielding explanations that are both sufficient for the original
prediction and necessary to flip it. More recent work expands the scope of counterfactual explain-
ability. UNR-Explainer [108] extends the paradigm to unsupervised node embeddings, identifying
perturbations that alter a node’s neighborhood in embedding space.

Generative approaches such as CLEAR [133] employ variational autoencoders to synthesize di-
verse, valid graph-level counterfactuals, although these often involve larger perturbations. D4Explainer [36]
instead uses discrete diffusion models to generate structured perturbations in the adjacency matrix,
producing realistic counterfactual explanations.

Other methods tackle graph-level tasks or aim at broader generalization. MACCS [205] targets
molecular graphs, producing chemically valid counterfactual molecules via SELFIES mutations.
GCFExplainer [100] addresses global model understanding by identifying a set of prototypical
counterfactual graphs that together provide recourse for a wide range of instances. Meanwhile,
NSEG [27] offers a principled causal explanation by maximizing the probability of necessity and
sufficiency through differentiable edge masks. InduCE [192] is an inductive and model-agnostic
framework that uses RL to efficiently find minimal graph changes for generating GNN counterfac-
tuals. Its key characteristics include the ability to add edges.

Although originally designed as a factual explainers, both GNNExplainer [218] and PGEx-
plainer [132] can be adapted for counterfactual analysis by interpreting the removal of important
edges or node features as hypothetical interventions that flip the prediction. However, this adap-
tation does not guarantee that such removals always result in a label change, making it unsuitable
for generating valid counterfactuals in general.

Our work differs from existing methods in three key aspects. First, it unify edge, edge at-
tributes, and node feature modifications within a single optimization framework, providing more
expressive counterfactuals. Second, it supports flexible perturbation constraints on values, allowing
fine-grained control over explanation plausibility. Third, it allows nodes or edges to be excluded
from the perturbation process. Finally, we demonstrate the method’s applicability across node-level
and graph-level tasks, setting a new standard for generality in graph counterfactual explanation.

3.2.2 Background

Graph Neural Networks. GNNs extend deep learning to graph-structured data. Formally, let
G = (V,E) be a graph with n nodes, and m edges, we can decompose the structure of such
graph into smaller constituents, in particular we use the most general case in which the graph has
both node features and edge attributes. The structure of G is encoded by its edge index matrix
E ∈ N2×m, node features matrix X ∈ Rn×j , and edge attributes matrix EA ∈ Rm×z, where j
and z are the dimensions of node features and edge attributes respectively. Generally speaking,
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a GNN g generates node embeddings through a process known as message passing, updating this
representation based on the node features and edge attributes of its neighbors. Formally, let hl

u

denote the embedding of node u ∈ V at the l-th layer of g and Nu the set of u’s neighbors. The
updated node embedding for u at layer l + 1 is then computed as follows.

h(l+1)
u = g(E(l+1)

u ,X(l+1)
u ,EA(l+1)

u ) =

= σ
(
AGG

({
h(l)
v : v ∈ N (u)

})
,h(l)

u

)
where: E

(l+1)
v , X(l+1)

v , and EA
(l+1)
u are the edge index, the node features, and edge attributes

matrices of the subgraph Gl
u of G, induced by u and its l-hop neighbors; AGG(·) is a function

combining neighbor embeddings (e.g., sum, mean, or attention); σ(·) is an activation function like
ReLU.
Counterfactual Explanations. The general formulation for the counterfactual explanation prob-
lem in a classification task can be defined as follows:

Definition 3.2.1 (The Counterfactual Explanation Problem (CEP)). Given an input sample x

and a classifier f – hereinafter referred to as oracle – the problem to find a counterfactual sample
x′ such that f(x) ̸= f(x′) while minimizing the distance d(x, x′) is formally defined as:

x′ = argmin
x̃

d(x, x̃)

s.t.: f(x) ̸= f(x̃).

The function d enforces similarity between the counterfactual sample x′ and the original factual
sample x. Note that Definition 3.2.1 is general enough and also encompasses a targeted version of
the counterfactual explanation problem, where the objective is not only to ensure f(x) ̸= f(x̃) but
also to enforce a specific target prediction, i.e., f(x̃) = yt.

3.2.3 Proposed Method

Problem Formulation

Tackling the CEP outlined in Definition 3.2.1 within the context of GNNs introduces unique chal-
lenges. To formalize this, we follow the notation used by Romero et al. [157], replacing the original
input instance x with the graph G(V,E) and the counterfactual sample x′ as G′(V ′, E′). Since G
andG′ can be represented by their constituents as shown in Section 3.2.2, the targeted counterfactual
explanation problem for GNNs can be defined as follows.

Definition 3.2.2 (The Targeted Counterfactual Explanation Problem (TCEP) For GNN). Given
an input graph G(E,X,EA), a GNN g parametrized by θ, a classifier f , and a distance metric d,
the targeted counterfactual explanation problem for GNN can be expressed as:

E′,X′,EA′ = argmin
Ẽ,X̃,ẼA

{
d(E, Ẽ) + d(X, X̃) + d(EA, ẼA)

}
s.t.: f(gθ(E,X,EA)) ̸= f(gθ(Ẽ, X̃, ẼA)) ∧

f(gθ(Ẽ, X̃, ẼA)) = yt
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1. Graph Construction

v
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2. Counterfactual Explanation
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(1)
s3 ⪰ 1

Figure 3.2: Visualization of Theorem 3.2.1: on the left side is depicted the graph construction, on the right
side is depicted the edge perturbation (as edge addition)

where d(E, Ẽ) captures the structural distance between the original graph G and its counterfactual
G′, d(X, X̃) and d(EA, ẼAttr) measure respectively the distance between the original node features
and edge attributes and the new ones needed to build the counterfactual graph G′, and yt denotes
the desired target prediction for the counterfactual example.

Note that we differentiated the classifier f and the GNN g to decouple the representation from
the task at hand. For instance, if f operates on a node embedding, the task corresponds to node
classification. If f processes the graph embedding, it performs a graph classification task.

Since it has been demonstrated from Verma et al. [192] that the counterfactual reasoning for
GNN is NP-Hard using only edges modification, we can say that The Targeted Counterfactual
Explanation Problem in Graph Neural Networks (Definition 3.2.2) is NP-Hard as well because it is
a more general version, in fact, it includes also node features and edge attributes.

Theorem 3.2.1 (The TCEP NP-Hardness). The Targeted Counterfactual Explanation Problem
(Definition 3.2.2) is NP-Hard

Proof. We extend the proof given by Verma et al. [192] for the node classification case to account
also for node features and egde attributes. First of all, we construct a graph G = (V,E) with the
set of nodes V = {v} ∪ S ∪ U , where v is the target node, S = {s1, . . . , sm} contains one node
per subset, and U = {u1, . . . , un} contains one node per universe element. The edge set E includes
all edges (si, uj) for uj ∈ Si. The edges (v, si) are not present in E initially but are allowed as
perturbations. Let the node feature dimension be d = n. For each uj ∈ U , define xuj = ej , the j-th
standard basis vector in Rn. For each si ∈ S, set xsi =

∑
uj∈Si

xuj . The target node v has initial
feature xv = 0. Similarly, each edge (si, uj) has attribute asiuj = ej . The potential edges (v, si)

initially have attribute vectors avsi = 0 but can be perturbed. Let gθ be a two-layer edge-aware
GNN with ReLU activations, aggregating messages as follows:

h(1)
si = ReLU

 ∑
uj∈N (si)

(xuj + asiuj )


h(2)
v = ReLU

 ∑
si∈N (v)

(h(1)
si + avsi)


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Let the final prediction rule be:

f(gθ(G))[v] =

1 if h(2)
v ⪰ 1,

0 otherwise.

The GNN predicts 1 if the aggregated vector at v has at least 1 in all coordinates. This occurs if v is
connected to a set of si nodes that, through their neighbors and associated features and attributes,
allow v to reconstruct all standard basis vectors ej , j = 1, . . . , n.

To satisfy h
(2)
v ⪰ 1 (the same process can be followed for the other case), the counterfactual

reasoner must aggregate enough information to cover all n dimensions. There are two different way
to do that. It can select a minimal subset of si nodes such that the union of their support covers U
(adding new edges) but this is equivalent to solving a Set Cover problem. Or, it can perturb node
features or edge attributes but constructing such perturbations would still need to solve Set Cover
to minimize the number of changes because the counterfactual reasoner must still cover all the n
dimensions using the fewest modifications. Thus, finding the minimal set of perturbations such that
f(gθ(G

∗))[v] ̸= f(gθ(G))[v] is equivalent to solving Set Cover, which is NP-hard. See Figure 3.2 to
visualize the proof.

The proof above can be easily extended to the case of graph classification.
To solve the TCEP for GNN we can define a loss function Ltotal (Equation 3.1) and minimize

it using gradient based optimization.

Ltotal = LCF + LE + LX + LEA (3.1)

To instantiate Equation 3.1 properly we say that LCF penalizes when the counterfactual goal is
not met, i.e., when the modified input instance does not lead to an actual classification change; LE
enforces minimal structural perturbations of the input graph; LX controls the magnitude of node
features perturbations and finally, LEA controls the perturbation for the edge attributes.

Since we focus on classification tasks only, the first term (LCF ) can be expressed as:

η = 1[f(gθ(E,X,EA)) = f(g(E′, X ′, EA′))]

LCF = η · CE
(
f(g(E,X,EA)) , f(g(E′, X ′, EA′))

)
where CE is the cross-entropy loss between the original and the counterfactual predictions and

η is an indicator variable ensuring this term is considered only when the classification change has
not yet occurred. The graph structural loss measuring the differences due to edge sparsification,
LE , is defined as:

LE = α ·
∑
i∈|E|

∥Ei − E′
i∥1

The node features loss LX can be expressed as:

LX = β ·

 ∑
j∈DX

∥X:,j −X′
:,j∥1 +

∑
j∈CX

∥X:,j −X′
:,j∥22


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In the same way we can express the edge attributes loss:

LEA = λ ·

 ∑
j∈DE

∥EA:,j −EA′
:,j∥1 +

∑
j∈CE

∥EA:,j −EA′
:,j∥22


where DX and CX index the discrete and continuous node features, and DE , CE index the

discrete and continuous edge attributes, respectively.
Finally, α, β, and λ are adjustable trade-off hyperparameters that balance between features and

structural modifications. The impact of α, β, and λ will be further analyzed in Section 3.2.4.

Optimization With Discrete Values

To optimize the loss function defined in Equation 3.1 using gradient-based methods, we introduce
three differentiable perturbation matrices: the node feature perturbation matrix P responsible
for modifying node features, the edge perturbation matrix EP that governs changes in the graph
topology by modifying edge values, and finally the edge attributes perturbation matrix EAP that
is responsible for modifying the edge attrbutes.

Given that the graph structure, node features, and edge attributes often consist of discrete values,
we adopt the approach proposed by Srinivas et al. [175] to preserve differentiability. Specifically,
we apply a tanh-based transformation to discrete node features and edge attributes, and a sigmoid
activation to edge perturbations. This ensures that modifications remain within valid bounds while
allowing gradients to propagate effectively during optimization. The differentiable versions of these
matrices are used to update model parameters via backpropagation, whereas their corresponding
thresholded (non-differentiable) versions are ultimately employed to generate the final counterfactual
examples.

Efficient Edges Sparsification

Our edge sparsification process leans on the approach introduced by Lucic et al. [128], while ad-
dressing scalability challenges inherent to their method. Specifically, Lucic et al. represent edges
using a full adjacency matrix A ∈ {0, 1}n×n, which significantly limits the applicability of their
algorithm for graphs containing more than 30–35 nodes. To overcome this limitation, we lever-
age a novel strategy that exploits the edge weight vector, that can be seamlessly integrated into
various graph convolutional layers, such as ChebConv [53], GCNConv [113], GINEConve [97], and
GraphConv [141].

Given a generic graphG(V,E) with n nodes andm edges, our approach introduces a perturbation
vector EP ∈ {0, 1}1×m that effectively cancels out edges by feeding it into the GNN. We formally
show that this technique is equivalent to performing edge deletion using the full adjacency matrix.
For GCNConv, this equivalence is trivial and follows directly from Theorem 3.2.2.

Theorem 3.2.2. [Equivalence of Edge Weight Nullification and Adjacency Matrix Edge Removal
in GCNConv layers].

Let G = (V,E) be a generic graph with n nodes and m edges. Let X ∈ Rn×j be the node features
matrix. Consider a GCNConv layer parameterized by a weight matrix W ∈ Rd×d′. Setting an edge
weight to zero in the GCNConv’s edge weight vector is equivalent to removing the corresponding
edge in the adjacency matrix representation.
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Proof. The proof trivially follows from Equation 3.2 representing the GCNConv convolution. We
can represent the edges of the graph using an edge index matrix E ∈ R2×m or a full adjacency
matrix A ∈ {0, 1}n×n. Let EP ∈ R1×m be the vector of edge weights.

Setting a generic e(i,j) ∈ EP to 0 removes the contribution of the corresponding edge (i, j) in
the message-passing process (Equation 3.2).

h′
i = σ

W⊤
∑

j∈N (i)

ej,i√
d̂j d̂i

xj

 (3.2)

Removing, instead, a generic edge (i, j) from the full adjacency matrix (setting Aij = 0), ensure
that node j will no longer be in the neighborhood of node i. Formally this means that in Equation 3.2
j /∈ N (i), thus, node j will not contribute to the representation of node i.

Since both methods eliminate the contribution of edge (i, j), we obtain that the intermediate
representation h′i will be equal in both cases.

The impact of this approach on the execution time and the memory occupation has been studied
empirically in Section 3.2.4.

The UCExplainer Algorithm

In this section, we detail UCExplainer, our proposed counterfactual explanation algorithm (Algo-
rithm 7), which minimizes the objective defined in Equation 3.1 via gradient-based optimization to
solve the TCEP (Definition 3.2.2). To accommodate datasets where node features or edge attributes
are unavailable, these components can be turned off without affecting the process. Furthermore, to
make the notation easier, from now on, the GNN gθ that produces the representation for nodes or
graphs will also include the classifier f , and we will omit the parametrization θ.

The algorithm takes as input a graph G(E,X,EA), a pre-trained GNN model g with fixed
parameters, an integer k representing the maximum number of optimization epochs, a target class yt,
two vectors Md and Mattr

d serving as a mask for discrete node features and discrete edge attributes
respectively and a learning rate γ.

During the initialization phase (lines 1–10) the perturbation matrices for node features, edge
index, and edge attributes are initialized as P0, EP0 (as in Section 3.2.3), and EAP0, respectively.
The oracle g computes an initial prediction, y, for the input graph G(E,X,EA) and sets the epoch
counter to 1.

The algorithm, then, extracts the constituents, namely, edge index, node features, and edge at-
tributes from the original graph for subsequent processing. To establish a baseline for optimization,
the best loss is initialized to infinity and the placeholder for the counterfactual sample is set to null.

The optimization process begins in line 11. From line 12 up to line 14, the algorithm perturbs the
edge index (Algorithm 9), the nodes features (Algorithm 8), and the edge attributes (Algorithm 11).
In line 15 and 16, the algorithm computes the new prediciton for both the differentiable and the
non differentiable versions of the pertubed componets getting the differentiable prediction (ynew)
and the non-differentiable one (yndnew).
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In line 17 and 18 the algorithm computes the loss function using Algorithm 10. Finally, from
lines 19–26 the perturbation matrices are updated to minimize the loss. If the model’s prediction
changes with the newly perturbed components while achieving the lowest loss observed so far,
the algorithm identifies a valid counterfactual sample. Below, we describe the algorithms used to
compute all the perturbations as well as the loss function that drives the optimization process at
the core of UCExplainer.

Algorithm 7 UCExplainer
Input: G(A,X,EA): Graph to explain, g: Oracle, k: maximum number of epochs, yt: target

class, Md discrete features mask vector, Mattr
d discrete features mask vector, γ: learning

rate, Rm and RM : vectors containing lower and upper bound for each feature
Output: The counterfactual sample G′

P0 ← 0n×j EP0 ← 11×m EAP0 ← 0m×z y ← g(G(E,X,EA)) epoch ← 1 E,X,EA ←
G(E,X,EA)
G′ ← ∅ Lbest ← +∞
while epoch ≤ k do

End
p ,Ep ← perturb_edges

(
E,EPt

)
Xnd

p ,Xp,Xd,Xc ← pert_nodes_feat
(
Rm,RM ,X,Md,P

t
)

EAnd
p ,EAp,EAd,EAc ← pert_edges_attrs

(
Rm,RM ,EA,Mattr

d ,EAPt
)

ynew ← g (G (Xp,Ep,EAp))
yndnew ← g

(
G
(
Xnd

p ,End
p ,EAnd

p

))
params←

{
ynew, yt,EPt,X,Xp,Md,EA,EAp,M

attr
d , epoch

}
Ltotal ← get_loss(params)
Pt+1 ← Pt − γ · ∇P (Ltotal)
EPt+1 ← EPt − γ · ∇EP (Ltotal)
EAPt+1 ← EAPt − γ · ∇EAP (Ltotal)
if ynew = yt ∧ L < Lbest then

G′ ← G (Ep,Xp,EAp)
Lbest ← Ltotal

end
epoch← epoch+ 1

end
return G′

Node Features and Edge Attributes Perturbation. Algorithms 11 and 8 outline the perturba-
tion mechanism applied to node features and edge attributes. The process begins by applying the
Pblock (EAblock) mask to the perturbation matrix to prevent entire nodes (edges) or single features
(attributes) from being perturbed (line 1) following the user’s directives. Then the algorithm com-
putes the continuous mask and a scaled perturbation matrix P

(t)
s (EAP

(t)
s ), to perturb the discrete

node features (edge attributes), using a tanh-based transformation, ensuring that the values remain
within the predefined feature bounds (line 2-3). Next, discrete features are updated by applying
the Hadamard product between the scaled perturbation and the discrete feature mask Md (Mattr

d ),
followed by summation with the original features X (EA), and subsequently clamped within the
feature range (line 3). Similarly, continuous features are updated without any transformation on
the perturbation and are clamped accordingly (line 4). The final perturbed matrix is obtained by
summing the contributions of discrete and continuous feature updates, yielding Xp = Xd + Xc

(EAp = EAd + EAc) (line 5). In line 6 instead, the algorithms compute the discretized version
of the matrix transforming to integers discrete values, and, finally in line 7 the functions returns
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Algorithm 8 Perturb nodes features (pert_nodes_feat)
Input: Rm and RM : Vectors containing lower and upper bound for each feature, X: Original

nodes features matrix, Md: discrete features mask, P(t): Node feature perturbation matrix
at the t-th iteration, Pblock: Mask to prevent node features perturbation

Output: Xnd
p : the non-differentiable nodes features matrix, Xp: the differentiable nodes features

matrix, Xd: perturbed discrete features, Xc: perturbed continuous features
Pt ← Pt ·Pblock

Mc ← 1−Md

Pt
s = tanh

(
Pt

)
· (Rm + (RM −Rm))

Xd ← clamp
(
X+

(
Md ⊙Pt

s

)
; Rm ; RM

)
Xc ← clamp

(
X+

(
Mc ⊙Pt

)
; Rm ; RM

)
Xp ← Xd +Xc

Xnd
p ← clamp

(
Xc +

(
Md ⊙ to_int

(
Pt

s

))
; Rm ; RM

)
return Xnd

p ,Xp,Xd,Xc

Algorithm 9 Perturb edges (perturb_edges)
Input: E: Original edges matrix, EPt: Edge perturbation vector at the t-th iteration, Eblock: Mask

to prevent edge perturbation
Output: End

p : the non-differentiable edge matrix, Ep: the differentiable edge matrix
EPt ← EPt ·Eblock Ep ← E · σ

(
EPt

)
End

p ← 1
[
σ
(
EPt

)
> 0.5

]
return End

p ,Ep

Algorithm 10 Loss Computation (get_loss)
Input: yndnew: the new prediction, yt: counterfactual target class, EP: The edge perturbation

vector, X: The original nodes features matrix, Xp: The perturbed nodes features matrix,
Md: discrete features mask, EA: The original edges attributes matrix, EAp: The perturbed
edges attributes matrix, Mattr

d : discrete edges attributes features mask, epoch: the current
epoch

Output: The loss value Ltotal
η ← 1 [argmax (ynew) = yt] LCE ← CE (ynew ; yt)
LE ←

∑
|σ (EPx)− 1|

LXd ← L1(X⊙Md ; Xp ⊙Md)
LXc ← MSE (X⊙ (1−Md) ; Xp ⊙ (1−Md))
LEA
d ← L1

(
EA⊙Md ; EAp ⊙Mattr

d

)
LEA
c ← MSE

(
EA⊙

(
1−Mattr

d

)
; EAp ⊙

(
1−Mattr

d

))
LX ← LXd + LXc LEA ← LEA

d + LEA
c

α, β, λ← get_balance_factors(epoch) Ltotal = ηLCE + αLE + βLX + λLEA

return Ltotal
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the non-differentiable features matrices Xnd
p (EAnd

p ), the differentiable features matrices Xp (EAp),
and both the continuous and discrete feature matrices Xd,Xc (EAd,EAc). We employ both the
differentiable and the non-differentiable versions of the matrices to maintain gradient flow during
optimization while ultimately obtaining the final discrete prediction. Specifically, the differentiable
matrices Xp and EAp are used to produce a continuous output from the model, which is essential
for computing the loss via backpropagation. In contrast, the non-differentiable matrices, Xnd

p and
EAnd

p , are derived by thresholding EAP(t) and P
(t)
s , thereby yielding the definitive prediction. It is

important to note that the final counterfactual sample is constructed from these non-differentiable
components, ensuring that the discrete nature of the graph is preserved in the final output.

Algorithm 11 Edge attributes perturbation function (pert_edges_attrs)
Input: Rm and RM : Vectors containing lower and upper bound for each feature, EA: Original

edges attirbutes matrix, Mattr
d : discrete features mask, EAPt: Edge attributes perturbation

matrix at the t-th iteration, EAblock: Mask to prevent attributes perturbation
Output: EAnd

p : the non-differentiable edges attributes matrix, EAp: the differentiable edges at-
tributes matrix, EAd: perturbed discrete edges attributes matrix, EAc: perturbed con-
tinuous edges attributes matrix

EAPt ← EAPt ⊙EAblock

Mattr
c ← 1−Mattr

d

EAPt
s = tanh

(
EAPt

)
· (Rm + (RM −Rm))

EAd ← clamp
(
EA+

(
Mattr

d ⊙EAPt
s

)
; Rm ; RM

)
EAc ← clamp

(
EA+

(
Mattr

c ⊙EAPt
)
; Rm ; RM

)
EAp ← EAd +EAc

EAnd
p ← clamp

(
Xc +

(
Mattr

d ⊙ to_int
(
EAPt

s

))
; Rm ; RM

)
return EAnd

p ,EAp,EAd,EAc

Edge Perturbation. To increase control on the edge sparsification mechanism, the algorithm ex-
ploits the Eblock matrix to prevent edges from being perturbed, accommodating the user’s directives
(line 1). To perturb the edges in the factual graph G Algorithm 9 computes the differentiable edge
matrix Ep by applying a sigmoid activation σ to the edge perturbation vector EP(t), ensuring that
the resulting values are in the range (0, 1) (line 2). The non-differentiable edge matrix End

p is ob-
tained by thresholding the sigmoid output at 0.5, enforcing a hard binary decision on edge presence
(line 3). Also in this case, we preserve differentiability using a differentiable and non-differentiable
version of the matrices.
Loss Function. The loss function is computed in Algorithm 10. In line 1 the indicator variable
η determines whether the cross-entropy loss LCE should be applied (line 2). This ensures that
the classification loss is only considered when the counterfactual prediction does not yet match the
counterfactual target class yt. The edge distance loss LE is then computed in line 3 by summing the
absolute differences between the sigmoid-transformed edge perturbation values and 1, encouraging
minimal modifications to the graph structure.

In lines 4 and 5 , the node feature loss LX is computed separately for discrete and continuous
features. The discrete feature loss Ld is defined using the L1 loss between the masked original
feature values and their perturbed versions, while the continuous feature loss Lc is computed using
the Mean Squared Error (MSE). The same is applied for the edge attributes in lines 7 and 8. These
losses are then combined to form the total feature loss LX = Ld + Lc and edge attribute loss
LEA = LEA

d + LEA
c .
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Dataset Name #Graphs #Nodes #Edges #Features #Edge Attrs. #Classes
Cora (N) [217] 1 2,708 5,429 1,433 n.a. 7
CiteSeer (N) [217] 1 3,312 4,732 3,703 n.a. 6
PubMed (N) [217] 1 19,717 44,338 500 n.a. 3
AIDS (G) [103, 164] 2000 15.69 16.20 4 n.a. 2
Cuneiform (G) [118] 267 21.27 44.80 3 2 30

Table 3.1: Datasets used to carry out the experiments in Section 3.2.4

Next, in line 7, the function get_balance_factors determines the value of the weighting pa-
rameter α, β and λ, which regulates the trade-off between edge, node features, and edge attributes
modifications. To enhance the flexibility of the framework, we introduce the ability to select from
various scheduling policies, allowing these values to dynamically evolve over training epochs. This
adaptive approach ensures that the model progressively refines its focus on different parts of the
original graph, leading to a more effective optimization process and improving the quality of the
generated counterfactual explanations. Finally, in line 8, the total loss Ltotal is computed as speci-
fied in Equation 3.1. This formulation ensures that perturbations remain minimal while enforcing
the desired classification change.

Computational Complexity Analysis

The time complexity of the UCExplainer algorithm is primarily determined by its iterative opti-
mization process over k training epochs. Let n and m denote the number of nodes and edges in the
graph, respectively. Moreover, let j be the number of node features and z be the number of edge
attributes. Therefore, each iteration consists of:
(1) Perturbation Step: O(nj +mz +m) for updating node features, edge attributes, and edge
perturbations;
(2) GNN Forward Pass: O(L(nj +mz)), where L is the number of GNN layers;
(3) Loss Computation: O(nj +mz +m) for feature and edge losses;
(4) Gradient Update: O(nj +mz +m) for updating perturbation vectors.

Overall, the worst-case complexity is, therefore, O(knj + kmz + km). This implies that the
algorithm scales linearly with the number of nodes, edges, features, and training epochs.

3.2.4 Experiments

Below, we outline our experimental setup and evaluation methodology to assess the effectiveness of
our proposed approach. Tasks, Datasets, and Models. Our method is tested on two tasks – node
classification and graph classification – using a diverse collection of real-world datasets to ensure
robustness and generalizability across domains such as citation networks, web page classification,
and social network analysis (see Table 3.1).

Specifically, the dataset collection includes the Planetoid datasets (CiteSeer, Cora, and PubMed)
Baselines. We evaluate our approach against a set of baselines that span naive strategies (random-
edges, random-features, and ego-graph) and state-of-the-art techniques such as: CF-GNNExplainer
[128], CounterFactual and Factual Explainer (CFF) [180], UNR [108], GNNExplainer [218], CLEAR [133],
D4Explainer [36], PGExplainer [132], InduCE [192], RCExplainer [200]. Since the code repositories
are not always available or easily integrable for some of the results we took the values directly
from the original papers or added just the metrics in the original repositories. Baselines such as
random-edges and random-features perturb the graph’s components by applying random modifica-
tions, whereas the ego-graph method extracts a subgraph centered on a given node.
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Settings. The experiments were conducted on two machines, each equipped with an Nvidia GTX
4090 GPU, 64 GB of RAM, and an AMD Ryzen 9 7900 processor. To ensure robustness, we
employed 4-fold cross-validation. Additionally, we performed an extensive hyperparameter tuning
process to identify the optimal parameter configurations for our method, which were set as fol-
lows: learning rate of 0.1, and 500 training epochs. For the baseline models, we used the same
hyperparameters specified in the original papers.

Metrics

To assess the quality of generated counterfactuals, we consider several key metrics.
Validity (Ω): also known as correctness, as defined by Guidotti et al. [79, 80], indicates whether the
explainer is capable of producing a valid counterfactual explanation. Formally, given the original
instance x, the candidate counterfactual sample x′, and oracle g validity is defined as:

Ω(x, x′) = 1[g(x) ̸= g(x′)]

Fidelity (Ψ): as defined in Romero et al. [157] measures how faithful the explanations are to the
oracle considering their correctness. Given the input x, its true label yx, and its counterfactual x′,
fidelity is defined as:

Ψ(x, x′) = χ(x)− 1
[
g
(
x′
)
= yx

]
χ(x) = 1 [g(x) = yx]

where χ(x) is an indicator function that describes the oracle’s accuracy. Notice that Ψ(x, x′) can
assume three values. A value of 1 implies that both the explainer and oracle are working correctly.
It is straightforward to confirm that χ(x) must output 1 (i.e., g(x) = yx) while the indicator should
yield 0 (i.e., g(x′) ̸= yx). Values of 0 or -1 signal an issue with either the explainer or the oracle.
However, it is not possible to determine whether the fault lies with the explainer or the oracle. This
reflects a limitation of fidelity, as it evaluates correctness based on the true label yx rather than the
prediction g(x).
Node Sparsity (∆X): this metric measures the sparsity of node features in a counterfactual graph
compared to a factual graph. It quantifies how many node attributes have been modified between the
factual and counterfactual node attribute matrices. The number of modified attributes is computed
as follows:

∆X =

∑
(X ̸= Xp)

|X|

where X and Xp are the node features matrices of the factual and counterfactual graphs, respectively.
Edge Sparsity (∆E): It quantifies how many edges have been modified between the factual and
counterfactual graph. The number of modified edges is computed by comparing the edge index
matrices of the factual and counterfactual graphs, namely:

∆E =

∑
(E ̸= Ep)

|E|

where E and Ep are the factual and counterfactual edge index matrices.
Edge Attributes Sparsity (∆EA): similarly to the node sparsity, the edge attributes sparsity
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measures the differences in the edge attributes matrices between the counterfactual graph compared
to a factual graph:

∆EA =

∑
(EA ̸= EAp)

|EA|

where EA and EAp are the factual and counterfactual edge attributes matrices.
Distribution Distance (dv): To better understand how counterfactual samples are distributed
within the original data, we defined a cluster-like distance measure. Given a graph G = (V,E) we
compute the distribution distance as follows:

dv = ∥Gh − µG∥2, where,

Gh = mean(g(G)), µG =
1

|D|
∑
G∈D

mean(g(G))

Gh is the embedded graph representation for G, and µG is the distribution mean value computed
over all the samples in the dataset D.

Explainer Validity ↑ Fidelity ↑ Distr. Distance ↓ Node Spars. ↓ Edge Spars. ↓
Dataset: CiteSeer - Model: GCNConv - Task: Node Classification

UCExplainersin 1.000(±0.000) 0.755(±0.007) 5.620(±0.212) 0.031(±0.002) 0.025(±0.01)
EGO 0.012(±0.003) 0.250(±0.500) 1.995(±0.206) n.a. 0.937(±0.003)
Random Edges 0.123(±0.009) 0.476(±0.099) 1.716(±0.089) n.a. 0.393(±0.014)
Random Features 0.514(±0.065) 0.721(±0.024) 32.926(±0.291) 0.489(±0.000) n.a.

CFF 0.010(±0.004) 0.125(±0.629) 2.325(±1.323) n.a. 0.594(±0.194)
CF-GNNExplainer 0.108(±0.014) 0.534(±0.103) 1.783(±0.134) n.a. 0.070(±0.022)
UNR 0.047(±0.012) 0.202(±0.162) 2.389(±0.336) n.a. 0.186(±0.068)
GNNExplainer 0.000(±0.000) n.a. n.a. n.a. n.a.
induCE 1 0.785(±0.010) 0.523(±0.085) 3.224(±0.250) n.a. 0.155(±0.043)
PGExplainer 2 0.245(±0.021) 0.010(±0.004) 5.453(±0.583) n.a. 0.653(±0.023)

Dataset: AIDS - Model: GCNConv - Task: Graph Classification
UCExplainersin 0.972(±0.003) 0.768(±0.015) 13.681(±3.149) 0.782(±0.011) 0.018(±0.010)
EGO 0.015(±0.008) 0.562(±0.315) 2.301(±0.101) n.a. 0.892(±0.025)
Random Edges 0.378(±0.003) −0.033(±0.014) 2.566(±0.012) n.a. 0.292(±0.004)
Random Features 0.183(±0.035) 0.652(±0.091) 26.421(±1.401) 0.944(±0.009) n.a.

CFF 0.018(±0.003) 0.042(±0.946) 4.325(±3.382) n.a. 0.666(±0.194)
CF-GNNExplainer 0.458(±0.019) −0.034(±0.034) 2.618(±0.022) n.a. 0.076(±0.005)
GNNExplainer 0.253(±0.060) 0.401(±0.154) 4.602(±0.932) 0.128(±0.002) 0.024(±0.005)
PGExplainer 2 0.218(±0.019) 0.026(±0.008) 3.921(±0.472) n.a. 0.498(±0.035)

Table 3.2: Results for the CiteSeer dataset (node classification task) and the AIDS dataset (graph classi-
fication task)

Scheduling Policies

We explored several scheduling policies to control the trade-off between edge, edge attributes, and
node features modifications in our loss function. These different strategies result in multiple variants
of our UCExplainer method. Specifically, we consider the following distinct approaches:
The linear policy (UCExplainerlin): it lets α decrease linearly from 1.0 to 0.0 and transfers the
weight on β, and λ over the course of training.

1Results obtained using directly the code provided by the authors https://github.com/idea-iitd/InduCE including
the missing metrics and dataset

2Results obtained from the version implemented in Torch Geometric adapted for counterfactual generation
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The exponential policy (UCExplainerexp): it implements an exponential annealing schedule that
shifts focus from node perturbations to edges and edge attributes as follows:

α(t) = e
−t
δ , β(t) = λ(t) =

(
1− e

−t
δ

)
2

The primary weight α decays from 1 towards 0, t is the current epoch and δ is a decay-rate
hyperparameter. The remaining weight is then distributed equally between the edge structure
and edge attribute components.
The sinusoidal policy (UCExplainercos): it sets α, β, and λ as follows:

α =
1

2
·
(
1 + cos

(
π · epoch

epochsmax

))
, β = λ =

(
1− αt

)
2

resulting in a cosine-shaped decay.
The dynamic policy (UCExplainerdyn) adjusts each value based on the relative magnitudes of
the edge, node feature, and edge attributes loss, setting the lowest loss value to 0.
The constant policy (UCExplainerdef) set all the values as user chosen constants.

Results

In this section, we analyze the experimental results in Table 3.2. The other results are reported in
Appendix A.1.2.

The first observation that stands out is the consistently high validity of UCExplainer. This
indicates that UCExplainer can easily generate counterfactual explanations. In contrast, other
methods exhibit much lower validity, often falling below 0.5. Turning our attention to fidelity, which
measures how closely the generated counterfactuals align with the decision boundary, we see that
UCExplainer performs remarkably well. While methods such as CFF occasionally achieve slightly
higher fidelity in specific settings, they often suffer from reduced validity or increased sparsity.
UCExplainer consistently ranks among the best-performing methods in fidelity, reinforcing its ability
to generate explanations that are not only valid but also faithful to the underlying model.

Distribution Distance is another important metric, as lower values indicate that the generated
counterfactuals remain within the natural data distribution. Although EGO and CF-GNNExplainer
achieve competitive results in some cases, their poor validity makes these results less meaningful.
UCExplainer, while not always achieving the lowest distribution distance, maintains a strong bal-
ance by ensuring both validity and fidelity remain high. This balance is critical in real-world
applications, where counterfactuals must not only be feasible but also realistic. When considering
sparsity, both in terms of nodes and edges, UCExplainer once again demonstrates its superiority
generating explanations with minimal perturbations. A deeper comparison with baseline methods
reveals further insights. Random Features, for instance, occasionally achieves high validity, but its
counterfactuals are highly unrealistic, as indicated by their excessively high distribution distance.

Random Edges, instead, tends to perform poorly in fidelity and sparsity, demonstrating that
randomly modifying graph structures does not produce meaningful counterfactual explanations.
Among structured methods, CF-GNNExplainer exhibits relatively low distribution distance and
reasonable edge sparsity, but its lower validity and fidelity scores limit its overall usefulness. CFF,
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on the other hand, achieves the highest fidelity in some cases, but at the cost of poor validity and
increased sparsity. This indicates that while CFF can produce highly faithful explanations, they
are often unrealistic or overly complex.

EGO, while getting a low distribution distance in some instances, suffers from extremely low
validity scores. The adaptation of GNNExplainer instead seems to perform poorly in almost every
case. It has low validity, and often cannot find counterfactual samples at all.

Overall, we attribute these outstanding results to our method’s ability to optimally balance node
feature and edge perturbations, leading to superior counterfactual explanations.

Ablation Study

We performed an ablation study to understand how different perturbations impact the counterfac-
tual generation. We tested out explainer on the Cuneiform dataset using the GINEConv model.
We tried all the possible combinations, namely: nodes features perturbation only (UCExplainerX),
edge attributes perturbation only (UCExplainerEA), edge perturbation only (UCExplainerE), nodes
features and edge attributes perturbation (UCExplainerEA+X), nodes features and edge perturba-
tion (UCExplainerX+E), edge attributes and edge perturbation (UCExplainerE+EA), and all three
together (UCExplainerE+X+EA). In order to deactivate the different perturbations we exclude the
perturbation matrices from the gradient computation, otherwise we put the corresponding weight
to 1. The results in Table 3.3 highlight a key trade-off between perturbing node features and edges.
Specifically, perturbing only node features yields the highest validity. In contrast, perturbing only
the edges produces a lower (better) distribution distance, a trend consistent with other explainers
that alter the graph structure. Furthermore, our analysis of sparsity shows that when perturbations
are applied to multiple graph components simultaneously, the changes are distributed, resulting in
lower sparsity for any individual component. Across all configurations, however, fidelity remained
consistently low.

Explainer Validity ↑ Fidelity ↑ Distr. Distance ↓ Node Spars. ↓ Edge Spars. ↓ Edge Attr. Spars. ↓
UCExplainerEA 0.395(±0.029) 0.003(±0.0001) 515.335(±158.069) n.a. n.a. 0.204(±0.008)
UCExplainerX 0.784(±0.008) 0.021(±0.0001) 1043.245(±60.207) 0.334(±0.002) n.a. n.a.

UCExplainerE 0.098(±0.002) 0.005(±0.0001) 131.859(±35.004) n.a. 0.245(±0.019) n.a.
UCExplainerEA+X 0.771(±0.007) 0.018(±0.003) 1021.977(±26.032) 0.312(±0.002) n.a. 0.397(±0.001)
UCExplainerE+EA 0.272(±0.016) 0.003(±0.0001) 372.094(±87.821) n.a. 0.021(±0.07) 0.122(±0.001)
UCExplainerX+E 0.732(±0.011) 0.022(±0.0004) 941.005(±61.039) 0.291(±0.006) 0.014(±0.008) n.a.

UCExplainerE+X+EA 0.692(±0.01) 0.012(±0.0002) 911.390(±11.719) 0.259(±0.003) 0.003(±0.0001) 0.345(±0.004)

Table 3.3: Ablation study using GINEConv on the Cuneiform dataset

Comparison with generative approaches

Recently, generative approaches have been used to build counterfactual explanations for graphs.
In particular CLEAR and D4Explainer. Contrary to these approaches, UCExplainer takes a non-
generative, training-free approach. Specifically, our framework generates counterfactuals via di-
rect optimization, without the need to train a separate generative model. This makes UCEx-
plainer immediately applicable, which is particularly advantageous in scenarios with limited data
(where training a VAE or diffusion models is impractical) or large datasets (where training time
becomes prohibitive). We included CLEAR and D4Explainer in our experimental evaluation using
the OGBG-MolHIV dataset.
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Explainer Validity ↑ Fidelity ↑ Distr. Distance ↓ Node Spars. ↓ Edge Spars. ↓
UCExplainersin 0.88(±0.000) 0.893(±0.007) 4.934(±0.212) 0.464(±0.002) 0.001(±0.000)
PGExplainer 2 0.413(±0.18) 0.287(±0.023) 7.312(±0.86) n.a. 0.52(±0.072)
CLEAR 3 0.502(±0.001) 0.01(±0.007) 22.48(±0.002) 1.000(±0.000) 0.8092(±0.03)
D4Explainer 4 0.765(±0.023) 0.561(±0.007) 2.481(±0.002) n.a. 0.231(±0.03)

Table 3.4: Dataset: OGBG-MolHIV - Model: GCNConv - Task: Node Classification.

Results in Table 3.4 show that CLEAR performs poorly in fidelity (0.01) and has a relatively
low validity (0.50), high sparsity, and high distribution distance (22.49), leading to less interpretable
and less realistic explanations. D4Explainer instead reaches the lowest distribution distance with
the second highest validity (0.765) and fidelity (0.561), with fairly low edge sparsity. UCExplainer
offers instead high validity (0.88) and fidelity (0.89) with less sparse explanations and a relatively
low distribution distance (4.93) indicating that counterfactuals are close to the data manifold.

The Impact of the Scheduling Policy

The results obtained with different scheduling policies for α, β, and λ in Table 3.5 show that the
policy has an impact on every measured metrics. In particular with this dataset and model the
sin policy reaches the highest validity, and a comparatively good fidelity, distribution distance,
node and edge sparsity. Anyhow, we cannot conclude that one policy is better than the others
since there are clear tradeoff between policies. The optimal choice of αβ, and λ should therefore be
carefully tuned based on the complexity of the graph data and the interpretability objectives of the
counterfactual explanations. In Figure 3.3 it is possible to see the trends for the non-trivial policies.

Figure 3.3: Scheduling policies trends

Feasibility of our Method

In this section, we discuss the feasibility of our method in comparison with the baselines.
In Table 3.6, for example, we compare the execution time and the memory needed for each

explainer on the Citeseer dataset.
3Results obtained using directly the code provided here https://github.com/jma712/GraphCFE including the

missing metrics
4Results obtained using directly the code provided by the authors https://github.com/Graph-and-Geometric-

Learning/D4Explainer including the missing metrics and dataset
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Explainer Validity ↑ Fidelity ↑ Distr. Distance ↓ Node Spars. ↓ Edge Spars. ↓
UCExplainerdef 0.955(±0.006) 0.764(±0.015) 13.393(±3.070) 0.822(±0.021) 0.252(±0.063)
UCExplainerdyn 0.932(±0.014) 0.771(±0.018) 13.268(±3.051) 0.820(±0.021) 0.010(±0.002)
UCExplainerexp 0.873(±0.035) 0.775(±0.005) 11.926(±2.970) 0.828(±0.021) 0.002(±0.003)
UCExplainerlin 0.960(±0.009) 0.767(±0.010) 13.891(±3.006) 0.781(±0.007) 0.013(±0.006)
UCExplainersin 0.972(±0.003) 0.768(±0.015) 13.681(±3.149) 0.782(±0.011) 0.018(±0.010)

Table 3.5: Scheduling policies study, Dataset: AIDS, Task: Graph Classification, Model: GCNConv

Explainer Time (Seconds)
UCExplainer 7.665(±0.245)
CF-GNNExplainer 45.576(±1.306)
Random Features 1.287(±0.025)
Random Edges 1.350(±0.017)
EGO 0.011(±0.002)
CFF 8.936(±0.204)
UNR 0.266(±0.327)
GNNExplainer 1.67(±0.31)
PGExplainer 0.733(±0.0012)
InduCE 8.352(±1.653)

Table 3.6: Execution time comparison for different explainers on the Citeseer dataset.

The effectiveness of our edge weight sparsification technique is evident when analyzing the
execution time results in Tables 3.6 and 3.7. Notably, CF-GNNExplainer requires 45.576 seconds
on average to generate explanations, whereas UCExplainer completes the same process in just 7.665
seconds. This substantial improvement in runtime efficiency highlights the scalability advantage
introduced by our sparsification technique. By reducing the computational overhead associated with
handling edge deletions, UCExplainer maintains high explainability performance while significantly
lowering execution time. Generative approaches instead are generally much faster during inference,
for example, CLEAR takes 0.03 seconds to generate an explanation but requires 450 seconds of
training on an RTX 4090 before being able to produce counterfactuals. The same observation
holds for D4Explainer. PGExplainer instead has a much lower training time thus is faster than our
approach but has shown in Section 3.2.4 and Appendix A.1.2 the performances are lower.

3.2.5 Conclusion and Future Work

In this work, we introduced UCExplainer, a unified counterfactual explainer for Graph Neural Net-
works (GNNs) that integrates both node feature, edge attributes, and structural perturbations.
Through extensive experiments across various datasets, tasks, and architectures, we demonstrated
that UCExplainer effectively balances key evaluation metrics, ensuring high validity while minimiz-
ing modifications to the graph structure and node features to maintain realism.

We also proposed a novel edge weight sparsification technique, which significantly improves
computational efficiency without compromising explainability. Our comparative analysis showed
that UCExplainer operates more efficiently and with lower computational costs than existing meth-
ods following a similar approach, such as CF-GNNExplainer. Additionally, we explored different
scheduling policies for balancing node and edge perturbations, further highlighting the flexibility
and generalizability of UCExplainer across diverse scenarios.

In summary, UCExplainer represents a state-of-the-art counterfactual explanation framework for
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Explainer Time (Seconds)
UCExplainer 5.34(±0.098)
PGExplainer 0.598(±0.0012)
CLEAR 0.429(±0.023)
D4Explainer 0.981(±0.01)

Table 3.7: Execution time comparison between generative based explainers and UCExplainer on the OGBG-
MolHIV dataset.

GNNs, offering a comprehensive and computationally efficient approach that aligns with real-world
interpretability requirements.

Future work will focus on extending our approach to broader graph-based tasks, including link
prediction, as well as adapting the counterfactual framework to dynamic and heterogeneous graph
structures.

marion

62



3.3. Graphs Explainability and Large Language Models

3.3 Graphs Explainability and Large Language Models

In the previous section, we introduced a new method for generating counterfactual explanations
for GNN. In this section, we investigate a further step toward human understanding of such expla-
nations, namely, the creation of narratives for graph counterfactual explanations. In recent years,
Machine Learning has become deeply embedded in various facets of our daily lives, influencing de-
cisions ranging from personalized recommendations to critical judgments in healthcare and finance.
This pervasive integration has raised significant concerns regarding transparency and accountabil-
ity, leading to legislative actions such as the European Union’s General Data Protection Regulation
(GDPR) [194], which emphasizes the right to explanation for automated decision-making processes.
Similarly, the upcoming EU Artificial Intelligence Act aims to regulate AI systems, mandating
explainability and interpretability in high-risk applications [60].

In the realm of eXplainable Artificial Intelligence (XAI), numerous techniques have been pro-
posed to address this need. Among them, counterfactual explanations [195] stand out as one of the
most promising post-hoc methods. The core idea is to explain a model’s prediction by identifying
a counterfactual example – i.e., the minimal change to the input that leads to a different predic-
tion. Counterfactual explanations have been successfully applied to unveil the inner workings of
predictive models having various degrees of complexity, ranging from ensembles of decision trees
[185, 188] and multi-layer perceptrons [140] to more sophisticated models like transformers [35] or
model-agnostic techniques such as [41, 42, 145].

Despite these advancements, a significant challenge remains: translating algorithmically gen-
erated explanations into a “format” that is accessible and comprehensible to end-users who may
not possess technical expertise. [67] takes a first step in this direction by leveraging the generative
capabilities of Large Language Models (LLMs) to produce user-friendly counterfactual explanations
in natural language.

Building on the work above, we tackle the more ambitious challenge of generating natural
language explanations from counterfactual examples tailored for graph neural networks (GNNs).
Indeed, counterfactual examples derived from graph inputs are inherently more complex than those
from tabular data, given the intricate relationships and structures they capture (e.g., nodes, edges,
and their dependencies). This complexity presents unique challenges that demand a specialized
approach to translate them into universally comprehensible natural language explanations.

Moreover, graph data is prevalent across various domains such as financial decision-making [30],
fraud detection [197], structured text extraction [29], and biology [64], where GNN-based mod-
els have shown remarkable predictive performance by encoding high-order structural relationships
within their learned graph representations.

Specifically, we consider the counterfactual examples output by a generic graph counterfactual
explainer designed for node classification tasks using GNNs. Then, we instruct several open-source
LLMs to translate these “raw” counterfactual examples into coherent natural language explanations
that are also accessible to non-expert users. To evaluate the quality of the generated explanations,
we introduce a set of novel metrics that measure how accurately our method maps the counterfactual
examples to their corresponding natural language descriptions. As openly generated text might be
hard to evaluate using automatic evaluation metrics [45], we also validate this evaluation through
human judgment. Extensive experiments conducted using two graph counterfactual explainers for
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node classification – CF-GNNExplainer [128] and its extension for node features, CF-GNNFeatures
[74] – across several graph datasets and multiple open-source LLMs demonstrate that our method
can effectively support decision-making processes in critical domains through the generation of
natural language explanations.

3.3.1 Related Works

Counterfactual explainability has emerged as a pivotal approach for interpreting complex machine
learning models by illustrating how changes in input variables can lead to different outcomes. De-
spite this, a significant challenge persists: making these explanations accessible and understandable
to a broad audience, particularly non-technical users who may struggle with abstract mathemati-
cal concepts and technical jargon. The intricacy of counterfactual explanations often hinders their
comprehension among laypersons, limiting their practical utility in real-world applications where
user trust and transparency are paramount.

The advent of large language models (LLMs), such as GPT-4[4], Qwen2.5 [184], LLama [189],
Mistral [106], and their successors [9], has revolutionized the field of natural language processing.
These models possess an unparalleled capacity for understanding and generating human-like text,
making them invaluable tools for translating complex technical information into plain language.
Their widespread availability and ease of integration into various platforms further enhance their
appeal for tasks requiring sophisticated language generation and interpretation.

Leveraging the immense capabilities of LLMs presents a promising solution to the accessibility
problem in counterfactual explainability. By converting intricate data-driven explanations into
natural language narratives, LLMs can make the insights derived from machine learning models
more digestible for non-technical users. This translation not only aids in user comprehension but
also fosters greater trust in automated systems by promoting transparency.

In this context, the pioneering work done by [67] marks a significant milestone. Their research
laid the foundations for utilizing LLMs to transform data-based counterfactual explanations into
coherent, user-friendly language. After generating the counterfactual examples, the researchers
aimed to identify the primary causal factors deduced from these examples that led to the user’s
differing classification. To achieve this, they input both the set of counterfactual examples and the
original user data into a Large Language Model (LLM), instructing it to produce a list of the main
reasons why the user was classified differently. Once the LLM generated this list, they meticulously
verified its accuracy and identified the most relevant causes contributing to the explanation.

Subsequently, they synthesized all the information produced and leveraged the LLM once more to
generate a final explanation articulated in plain language. This explanation was crafted to emphasize
actionable steps that the user could take to alter their input data or behavior, thereby changing their
classification to the desired category. By doing so, they not only provided a transparent rationale
behind the classification but also offered practical guidance for the user to achieve a favorable
outcome. However, their work focuses solely on the relatively straightforward case of translating
counterfactual examples derived from a single, well-known tabular dataset. Furthermore, they used
a proprietary LLM model (GPT-4o), making it hard to replicate their approach.

To the best of the authors’ knowledge, there are no papers in the State-of-the-Art that address
the problem of translating the explanations generated via counterfactual explainers into natural
language explanations; for this reason, we firmly believe that our work can be useful to the com-
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munity.

3.3.2 Background

Graph Neural Networks (GNNs) have emerged as a powerful class of machine learning models
specifically designed to handle graph-structured data. Graphs are a natural representation for many
real-world problems, such as social networks, recommendation systems, molecular chemistry, and
knowledge graphs, where entities are represented as nodes and their relationships as edges. Unlike
traditional neural networks, GNNs explicitly account for the relational structure of data, making
them particularly effective for tasks like node classification, link prediction, and graph classification.

At the core of GNNs lies the concept of message passing or neighborhood aggregation, where
nodes iteratively aggregate information from their neighbors to learn contextualized and high-order
representations. The resulting node embeddings capture both the local structure and node at-
tributes, enabling downstream tasks on graph data. This framework was formalized in seminal
works like Graph Convolutional Networks (GCN) by [114], which introduced a spectral perspective
on graph convolutions.

Since the introduction of GCNs, several variants have been developed to address specific lim-
itations or enhance capabilities. For example, Graph Attention Networks (GAT), introduced by
[191], employ an attention mechanism to weigh the contributions of neighboring nodes dynami-
cally. GraphSAGE by [87] enables inductive learning by aggregating sampled neighbor information
through mean, LSTM, or pooling operations. [214] proposed Graph Isomorphism Network (GIN),
which focused on designing a more expressive GNN capable of distinguishing graph structures that
previous architectures could not. Finally, extensions like R-GCN by [171], address edge types and
heterogeneous graph structures, which are common in knowledge graphs and multi-relational data.

The versatility of GNNs has led to their application across a range of domains, such as com-
munity detection and friend recommendations ([158]) in social networks, personalized suggestions
based on complex user-item interaction graphs ([201]) in recommender systems, molecular property
prediction, and drug discovery ([72]) in biochemistry, and entity linking and relation extraction
([199]) from knowledge graphs. For a comprehensive survey on GNNs, we invite the reader to refer
to [210].

3.3.3 From Counterfactual Examples to Natural Language Narratives

This section begins by formalizing the counterfactual explanation problem in a classification task,
with a particular focus on graph-structured inputs. It then introduces our proposed method, which
generates counterfactual examples using a dedicated explainer and subsequently translates these
examples into natural language explanations via a pre-trained large language model (LLM). Fi-
nally, the section presents a new evaluation framework that defines a suite of metrics—such as
target node identification, counterfactual class identification, and target node feature and neighbor
extraction—to quantitatively assess the quality and coherence of the generated natural language
explanations.
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The Counterfactual Explanation Problem

The counterfactual explanation problem in a classification task is described as follows. Given a
sample x and a predictive model fθ parametrized by θ – hereinafter referred to as oracle – the goal
is to find a sample x′ ̸= x such that fθ(x) ̸= fθ(x

′). This x′ is called a counterfactual example for x.
Among all potential counterfactual examples (if any), we assume the existence of a counterfactual
example generator g, which takes as input the original instance x and returns a counterfactual
x∗, where the distance d(x, x∗) is minimized, or ⊥ if no valid counterfactual example exists. The
distance function d(·, ·) ensures that the counterfactual sample x∗ remains as close as possible to
the original factual sample x.

Note that, in this work, we focus on graph inputs. Specifically, each sample x and its counter-
factual(s) x′ can be represented as G(V,E) and G′(V ′, E′), respectively. Therefore, a counterfactual
example for an input graph G will be a new graph G′, where either the node features, the structural
links, or both differ from the original, while still satisfying the counterfactual criterion of altering
the model’s prediction. This introduces additional challenges as the modifications can affect both
the node-level properties and the overall graph topology.

Proposed Method

We assume to have an oracle fθ for a node classification task, specifically a graph neural network
trained on a given input graph. For any node instance x, we know both its predicted label ŷ,
such that fθ(x) = ŷ, and its optimal counterfactual example x∗ = g(x), which is generated by the
counterfactual explainer g.

To generate the natural language explanation (e(x∗)) associated with the generic counterfactual
example (x∗), we feed a pre-trained LLM m with the factual (x) and counterfactual (x∗) instances
along with a specific prompt p, i.e., e(x∗) = m(p, x, x∗).

One of the critical challenges of this approach is how to validate the quality of the generated
natural language explanations through the LLM. In the following section, we introduce the new
evaluation framework proposed in this work.

A New Evaluation Framework

Given the novelty of the problem we are tackling, to the best of our knowledge, no established quality
metrics exist in the literature to rigorously evaluate explanations generated by LLMs for graph
counterfactuals. The only commonly adopted approach is based on subjective human judgment,
which may introduce variability and bias in the assessment process. To address this gap and
ensure a more systematic evaluation, we have developed a suite of novel metrics that provide a
quantitative and objective assessment of the language model’s capability to articulate pairs of
factual and counterfactual graphs into coherent and informative natural language explanations.

For clarity, we denote the factual graph as G and the corresponding counterfactual graph as
G′. To compute these metrics effectively, we structured our prompts to include a request for
the language model to populate a predefined dictionary with essential graph information. This
dictionary encompasses the target node of the classification task, its original class in the factual
graph, its modified class in the counterfactual graph, the neighborhood of the target node in both
G and G′, and the set of features associated with the target node in each scenario.
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By doing so, we aim to evaluate the language model’s ability to discern and convey the critical
elements of the graph structure and its transformations, thereby assessing the model’s comprehen-
sion of how the changes in the graph influence the classification outcome for the target node. This
framework allows us to objectively measure the performance of the language model in translating
structural and attribute-based differences between G and G′ into precise and meaningful natural
language descriptions.

Target Node Identification (TNI) This metric assesses the ability of the LLM to accurately
identify and reference the target node within the graph structure. Given the importance of the target
node as the focal point of the classification task, correctly pinpointing it is crucial for generating
valid explanations. Formally, given a graph G(V,E), the target node t ∈ V , and a node v ∈ V

predicted by the LLM, we define the Target Node Identification (TNI) metric as:

TNI(v) =

1 if v = t,

0 otherwise.

Counterfactual Class Identification (CCI) This metric evaluates the capacity of the LLM to
correctly comprehend and express the change in class assignment of the target node from the factual
graph G to the counterfactual graph G′. Let G′ = (V,E′) be the factual, such that fθ(G′) = c′

where c′ is the counterfactual class of the target node t such that fθ(G′) ̸= fθ(G), and let cLLM be
the counterfactual class predicted by the LLM, CCI is defined as:

CCI(cLLM) =

1 if cLLM = c′,

0 otherwise.

Factual Target Node Feature (FTNF) This metric examines the LLM’s ability to accurately
recognize and describe the features associated with the target node in the factual graph G. Cor-
rectly identifying these features is essential, as they are pivotal in determining the node’s initial
classification. Let G = (V,E) be the factual graphs. Let t ∈ V be the target node, and xt ∈ Rd

denote the feature vectors of node t in the factual graph G. We also define the vector of features
predicted by the LLM for the target node t as xLLM, the metric is computed as:

FTNF(xLLM) =

1 if xLLM = xt,

0 otherwise.

Counterfactual Target Node Feature (CFTNF) Similar to FTNF, this metric evaluates the
LLM’s capability to identify and articulate the features associated with the target node in the coun-
terfactual graph G′. This metric is critical for assessing whether the LLM captures the differences
in node attributes that lead to a shift in classification. Let G′ = (V ′, E′) be the counterfactual
graphs. Let t ∈ V ′ be the target node, and x′

t ∈ Rd denote the feature vectors of node t in the
counterfactual graph G′. We also define the vector of features predicted by the LLM for the target
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node t as xLLM, the metric is computed as:

CFTNF(xLLM) =

1 if xLLM = x′
t,

0 otherwise.

Counterfactual Target Node Neighbors (CFTNN) This metric measures the LLM’s ca-
pacity to correctly identify the set of neighboring nodes for the target node in the counterfactual
graph G′. Understanding these neighbors in the counterfactual context is essential, as changes in
the neighborhood structure may directly influence the target node’s classification shift. Accurately
capturing the neighbors in G′ helps the LLM articulate how the local connectivity of the target
node has been modified and how this alteration affects the node’s role and classification within the
network. Let G′(V ′, E′) be a counterfactual graph, let t′ ∈ V ′ be the target node in the graph G′,
and let N (t′) = u ∈ V ′ | (t′, u) ∈ E′ denote the set of neighbors of the target node t. Given a set
of neighbors NLLM(t′) predicted by the LLM for the target node t′, we define the Counterfactual
Target Node Neighbors (CFTNN) metric as:

CFTNN(NLLM(t′)) =

1 if NLLM(t′) = N (t′),

0 otherwise.

Overall, these metrics provide a comprehensive framework for evaluating the language model’s
capacity to interpret and describe the structural and feature-based transformations between factual
and counterfactual graphs. By assessing these distinct aspects of graph understanding, we can
quantitatively measure the model’s ability to generate coherent and insightful explanations that
accurately reflect the graph dynamics and their implications on classification outcomes. We decided
to select the explanations that score 1 on at least 5 out of 6 metrics and test them to human
judgment.

3.3.4 Experiments

Given the general framework described in Section 3.3.3, this section presents the experimental
setup and evaluation of our approach for generating counterfactual explanations in graph neural
networks using large language models (LLMs). Specifically, we investigate the problem of translating
counterfactual modifications into human-interpretable natural language descriptions.

To comprehensively assess the effectiveness and generalizability of our method, we conduct
experiments on two distinct tasks: node classification and graph classification. In the node classifi-
cation setting, the goal is to generate counterfactual explanations that describe changes necessary
to alter the classification of an individual node within a larger graph. In contrast, in the graph
classification task, counterfactuals are generated at the graph level, identifying modifications that
would change the overall label assigned to the entire graph. To ensure a robust evaluation, we
employ real-world datasets widely used in graph-based machine learning.

Node Classification Graph Counterfactual Explainers

As outlined in Section 3.3.3, our proposed pipeline requires the integration of a counterfactual
explainer for node classification, denoted as g. In this study, we employed two state-of-the-art
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Figure 3.4: On the left, the factual graph. On the right, the counterfactual graph is computed using
CF-GNNExplainer. Each graph contains node ids and classes

explainers, namely, CF-GNNExplainer and CF-GNNFeatures, allowing us to investigate the impact
of distinct graph modifications on the LLM’s ability to generate natural language explanations.
Specifically, CF-GNNExplainer modifies the graph structure by perturbing the adjacency matrix,
while CF-GNNFeatures focuses on altering the node attributes. This dual approach enables us
to assess how variations in both structural and feature-based properties influence the quality and
coherence of the generated explanations.

CF-GNNExplainer is a perturbation-based counterfactual explainer. It defines Āv = P ⊙Av,
where P is a binary perturbation matrix that sparsifies Av. The goal is to find P for a given node
v such that fθ(Av, x) ̸= fθ(P⊙Av, x). To find P, CF-GNNExplainer exploits a technique to train
sparse neural networks to zero out entries in the adjacency matrix (i.e., removing edges). This
results in the deletion of the edge between node i and node j.

CF-GNNFeatures is a node features perturbation-based counterfactual explainer. Given a graph
G(V,E), two matrices are defined, namely: Vx, the node features matrix representing the features
for every node in G and Px, the feature perturbation matrix. Initially, the matrix Px is filled with
ones to maintain the original sets of attributes. Given an oracle fθ, parameterized by θ, we fix all
the weights and train Px to change the attribute matrix Vx that is fed into the oracle, multiplying
the current feature matrix with the perturbation matrix. In Figure 3.4 you can see an example of
a factual and its counterfactual graph computed using CF-GNNExplainer.

Large Language Models

In this study, we utilized a family of state-of-the-art LLMs, namely Qwen2.5 [184], to generate
natural language explanations. We experimented with different model sizes in terms of parameters,
specifically employing the 0.5B, 1.5B, 3B, 7B, and 14B variants.

The model configuration used in this work includes several hyperparameters that influence its
behavior during text generation:

• temperature: 0.1,
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• top-p: 0.8,

• top-k: 10,

• repetition penalty: 1.05,

• max output tokens: 2048

In order to reduce the memory footprint of the models, we used GPTQ [66] quantization with 4-bit
integer precision (int4).

Overall, the chosen configuration allows the model to generate meaningful counterfactual ex-
planations for complex graph structures while maintaining computational efficiency. The setup
leverages the power of modern LLMs along with advanced quantization techniques to produce high-
quality outputs, making it an ideal choice for applications requiring detailed textual descriptions of
graph perturbations.

    Given the factual graph: $factual graph
description$ and given the counterfactual

example: $counterfactual graph
description$ and given the knowledge base
about the dataset: $dataset knowledge$, fill

the dictionary and provide an explanation
about the change in classification for the target

node, please evaluate also the influences of
neighbors nodes. 

Prompt used to obtain explanations. Response generated by Qwen2.5-14B with
CF-GNNFeatures.

Figure 3.5: Prompt–response pair for natural-language counterfactual explanations.

Prompting The design and structure of the prompt is critical, as the performances of LLMs are
highly influenced by how the graph data is presented. To this end, we adopted the incident rep-
resentation framework proposed by [62], with some adjustments to better suit the requirements of
our task. To provide all the necessary information for the LLM, we utilize an initial system prompt
that provides essential background information on the challenges of counterfactual explainability,
particularly in the context of graph-based data. Subsequently, the counterfactual prompt is intro-
duced (Figure 3.5), which instructs the LLM to generate a coherent and contextually appropriate
natural language explanation based on both the factual and counterfactual graph samples.

Experimental Setup

The experiments were conducted on a machine equipped with 64GB of RAM, an NVIDIA RTX
4090, and an AMD Ryzen 9 7900 processor. As oracle, we used a 2-layer GCN trained for 500
epochs with a learning rate of 0.001.
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# Parameters TNI ↑ CCI ↑ FTNF ↑ CFTNF ↑ FTNN ↑ CFTNN ↑
0.5B 0.000 0.000 0.000 0.000 0.000 0.000
1.5B 0.048 0.048 0.022 0.007 0.030 0.030
3B 0.391 0.336 0.092 0.074 0.221 0.258
7B 0.292 0.284 0.162 0.085 0.007 0.007
14B 0.720 0.720 0.668 0.565 0.528 0.524

Table 3.8: Evaluation metrics using CF-GNNFeatures and Cora dataset for graph understanding.

# Parameters TNI ↑ CCI ↑ FTNF ↑ CFTNF ↑ FTNN ↑ CFTNN ↑
0.5B 0.000 0.000 0.000 0.000 0.000 0.000
1.5B 0.053 0.053 0.039 0.026 0.000 0.013
3B 0.237 0.197 0.105 0.132 0.066 0.105
7B 0.171 0.118 0.053 0.118 0.026 0.000
14B 0.618 0.618 0.579 0.579 0.539 0.500

Table 3.9: Evaluation metrics using CF-GNNExplainer and Cora dataset for graph understanding.

Datasets

To ensure a comprehensive evaluation, we employed two well-known citation network datasets:
Cora and CiteSeer. The CiteSeer dataset comprises 3,312 scientific publications categorized into six
distinct classes, connected by 4,732 citation links. Each publication is represented by a binary word
vector, where each entry indicates the absence or presence of a specific word from a dictionary of
3,703 unique terms. Similarly, the Cora dataset contains 2,708 scientific publications classified into
seven distinct classes, with 5,429 citation links. Each publication is also represented by a binary
word vector corresponding to a dictionary of 1,433 unique terms.

After the counterfactuals had been found, we translated the original node feature vocabulary
using actual words rather than binary vectors to facilitate the language model’s understanding of
the relationship between a node’s classification and its features. Since predefined vocabularies for
node features are not provided for these datasets, we adhered to the original feature extraction
instructions to generate the vocabularies for both datasets.

Results

To provide an appropriate evaluation, we tested multiple counterfactual methods and LLMs on dif-
ferent graph datasets. As shown in Tables from 3.8 to 3.11, the results for the graph understanding
as defined in Section 3.3.3 are generally good for models with more parameters. In particular, a clear
trend emerges across all tables: as the number of parameters in the LLM increases, performance im-
proves significantly across all metrics, as expected. The smallest model, with 0.5 billion parameters,
consistently scores zero across all metrics and datasets, indicating its inability to generate meaning-
ful explanations. With an increase to 1.5 billion parameters, there is a minimal improvement, but
performance remains substantially low.

Notable improvements are observed with the 3-billion-parameter model, particularly in metrics
such as Target Node Identification (TNI) and Counterfactual Class Identification (CCI). However,
it’s the largest model, with 14 billion parameters, that achieves the highest scores across all metrics
and datasets. This demonstrates the importance of model size when dealing with complex tasks
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# Parameters TNI ↑ CCI ↑ FTNF ↑ CFTNF ↑ FTNN ↑ CFTNN ↑
0.5B 0.000 0.000 0.000 0.000 0.000 0.000
1.5B 0.273 0.280 0.096 0.003 0.174 0.174
3B 0.488 0.394 0.112 0.037 0.320 0.348
7B 0.450 0.447 0.180 0.171 0.314 0.314
14B 0.879 0.873 0.705 0.481 0.758 0.758

Table 3.10: Evaluation metrics using CF-GNNFeatures and Citeseer dataset for graph understanding

# Parameters TNI ↑ CCI ↑ FTNF ↑ CFTNF ↑ FTNN ↑ CFTNN ↑
0.5B 0.000 0.000 0.000 0.000 0.000 0.000
1.5B 0.000 0.038 0.000 0.000 0.000 0.000
3B 0.385 0.192 0.038 0.077 0.115 0.115
7B 0.385 0.346 0.154 0.269 0.077 0.038
14B 0.615 0.615 0.346 0.346 0.577 0.538

Table 3.11: Evaluation metrics using CF-GNNExplainer and Citeseer dataset for graph understanding.

such as generating natural language explanations from graph counterfactuals.
In Table 3.8, results show that using CF-GNNFeatures on the Cora dataset, the TNI metric

increases from 0.000 with the smallest model to 0.720 with the largest model. Similarly, in Table
3.10, using the CiteSeer dataset, the TNI metric reaches 0.879 with the 14-billion-parameter model.
These improvements indicate that larger models can understand and generate accurate descriptions
of complex graph structures.

Comparing performances across datasets The LLMs generally perform better on the CiteSeer
dataset, especially when using the CF-GNNFeatures explainer. For example, in Table 3.10 (CF-
GNNFeatures on CiteSeer), the 14-billion-parameter model achieves a TNI of 0.879, higher than
the 0.720 achieved on the Cora dataset in Table 3.8.

Several factors contribute to this difference in performance. The datasets have different levels of
complexity, differences in feature distributions, or inherent properties that make one more amenable
to the LLM’s processing capabilities. CiteSeer has more straightforward and distinctive features
that the LLM can more readily associate with classification outcomes, aiding in the generation of
coherent explanations.

Comparison between explainers The two counterfactual explainers used in the study, CF-
GNNFeatures and CF-GNNExplainer, focus on different aspects of the graph. CF-GNNFeatures
modifies node features, while CF-GNNExplainer modifies the graph structure.

For instance, in Table 3.8 (CF-GNNFeatures on Cora), the FTNF (Factual Target Node Feature)
and CFTNF (Counterfactual Target Node Feature) scores at 14 billion parameters are 0.668 and
0.565, respectively. In contrast, in Table 3.9 (CF-GNNExplainer on Cora), these scores are lower,
at 0.579 for both metrics at the same model size.

This suggests that LLMs find it easier to generate explanations when the modifications involve
changes in node features rather than structural changes in the graph. Explaining structural changes
may require a deeper understanding of the graph’s topology and how it influences the classification,
which appears more challenging for the LLMs.
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Question CF-GNNE. CF-GNNF.

Q1 3.00 ± 1.60 4.44 ± 0.80
Q2 2.87 ± 1.47 4.28 ± 0.83
Q3 2.90 ± 1.51 3.56 ± 1.23
Q4 2.92 ± 1.52 3.68 ± 1.20
Q5 3.00 ± 1.55 3.80 ± 1.11

Table 3.12: Average scores (1 to 5) from the human evaluation for the explanations generated us-
ing Qwen2.5-14B using counterfactuals from CF-GNNExplainer (CF-GNNE.) and CF-GNNFeatures (CF-
GNNF) on the Cora dataset

Human Evaluation To accurately assess the explanations, we conducted a human evaluation
study involving a sample of 15 graduate students with diverse skills and backgrounds. Participants
were asked to complete a questionnaire designed to evaluate the quality and clarity of the counter-
factual explanations. The questionnaire consisted of the following five questions, each rated on a
scale from 1 to 5:

• Q1: Is the terminology and language used in the explanation appropriate and easy to under-
stand?

• Q2: How clear and easy to understand is the provided counterfactual explanation?

• Q3: How clearly does the explanation describe the changes in node connections (graph struc-
ture) that led to the counterfactual outcome?

• Q4: Are the changes in features and structure easy to interpret and make sense in the context
of the original graph?

• Q5: What is your overall assessment of the clarity and coherence of the counterfactual expla-
nation?

The results of the human evaluation can be seen in Table 3.12. An example of natural language
translation is illustrated in Figure 3.5. The findings indicate that explanations generated by the
LLM that focus on node features are more effective and meaningful to human users than those
based on adjacency matrix perturbations. Participants found feature-based explanations to be
more accessible in terms of language, clearer in conveying the reasoning, and more interpretable
within the context of the graph.

3.3.5 Practical Implications

The proposed framework for generating natural language counterfactual explanations using LLMs
holds significant promise for enhancing interpretability and transparency in graph-based machine
learning models. This approach has several practical implications across domains that utilize com-
plex graph structures, including financial analysis, healthcare, cybersecurity, and social network
analysis. By translating complex counterfactual explanations into natural language, our method
makes these explanations more accessible to non-technical stakeholders, including business man-
agers, policymakers, and end-users. Moreover, with the European Union’s General Data Protection
Regulation (GDPR) and the EU Artificial Intelligence Act, explainability and transparency of AI
systems are becoming mandatory, particularly in high-stakes applications. Our method addresses
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this requirement by ensuring that counterfactual explanations are technically sound and easily inter-
pretable, thereby aiding compliance with legal and ethical standards. In summary, our framework
offers a comprehensive solution for bridging the gap between technical counterfactual explanations
and human comprehension, thereby enabling the broader adoption of AI technologies in high-stakes,
complex domains. The method promotes transparency and trust, enhancing the utility of counter-
factual explanations as a tool for model evaluation, debugging, and refinement.

3.3.6 Conclusions and Future Work

In this paper, we presented a novel framework for generating natural language counterfactual expla-
nations for graph-based models using state-of-the-art LLMs. Our approach leverages the inherent
generative capabilities of LLMs to transform complex and technical counterfactual examples into
coherent and accessible natural language descriptions. By doing so, we address a critical gap in
the literature: the lack of intuitive, user-friendly counterfactual explanations for GNNs. We vali-
dated our method across several GNN-based counterfactual explainers and multiple graph datasets,
demonstrating its effectiveness through a suite of newly proposed metrics and human evaluation.
Our findings show that our framework not only captures the underlying structural and attribute-
based transformations within the graphs but also produces explanations that are easily interpretable
by non-expert users, thereby enhancing the transparency and usability of graph-based machine
learning models.

Our framework does not depend upon any particular counterfactual explainer, so it can be
used with any approach. We developed additional metrics that quantify the quality of the natural
language output, such as graph understanding. Finally, our experiments were conducted using
open-source LLMs without task-specific fine-tuning. Future research could explore the impact of
fine-tuning the LLMs on graph-specific tasks or developing domain-specific LLMs to further enhance
the quality and relevance of the generated explanations.

Overall, we believe that our framework represents a significant step toward bridging the gap
between complex algorithmic explanations and human comprehension in the domain of graph-based
machine learning.
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3.4 Graph Counterfactual Narratives

In this section, we continue to explore the topic of counterfactual graph narrative generation, ex-
tending the work done in the previous section to graph classification.

In recent years, machine learning has become a pervasive force in modern computing, underpin-
ning applications that span personalized recommendation systems [148], natural language process-
ing [139], medical diagnostics [6], and financial forecasting [204]. These models, particularly deep
neural networks, have demonstrated exceptional performance by automatically learning complex
patterns from large-scale data. However, their increasing integration into decision-making pipelines
has raised concerns about their interpretability, trustworthiness, and alignment with human reason-
ing [71, 215]. As the use of opaque, high-capacity models increases, so does the need for methods
that can explain their outputs in a manner understandable to human stakeholders, especially in
high-stakes contexts where decisions may have significant social or economic consequences. To this
end, regulatory bodies have introduced legal frameworks designed to promote responsible AI. For
example, the European Union’s General Data Protection Regulation (GDPR) explicitly enshrines
a ’right to explanation’ for individuals subject to automated decision-making [194]. Similarly, the
upcoming EU Artificial Intelligence Act proposes stricter requirements for AI systems, particularly
in high-risk settings, including mandates for explainability and interpretability [60].

Within the field of eXplainable Artificial Intelligence (XAI), various techniques have been pro-
posed to make ML models more transparent. Among them, counterfactual explanations [195] gained
substantial attention as intuitive and user-aligned post-hoc interpretability tools. The core idea be-
hind counterfactual reasoning is to identify a minimally perturbed version of the input that would
have led the model to produce a different output. In doing so, counterfactuals provide insight into
a model’s decision boundaries by answering "what if" questions in a concrete and actionable form.
They have been applied to a wide array of model architectures, ranging from ensembles of decision
trees [185, 188] and multi-layer perceptrons [140] to large-scale transformers [35], as well as through
model-agnostic methods [41, 42, 145].

Despite this progress, a key limitation remains: most counterfactual explanations are expressed
in abstract feature space (e.g., "feature X changes from 0.3 to 0.7"), which can be difficult for non-
technical users to interpret or act upon. This challenge has sparked recent interest in generating
natural language counterfactuals, where explanations are automatically translated into textual nar-
ratives that align more closely with human understanding. For instance, Fredes et al. [67] explored
the use of Large Language Models (LLMs) to verbalize counterfactuals for tabular data, offering a
promising first step toward more accessible forms of explanation.

In this work, we extend this line of inquiry to the more complex setting of graph-structured
data. This kind of data is ubiquitous across a variety of knowledge-driven domains, including
financial services (e.g., fraud detection and credit scoring) [30, 197], biomedical research (e.g., protein
interaction networks) [64], and natural language processing (e.g., structured relation extraction)
[29]. Graph Neural Networks (GNNs) have emerged as a dominant paradigm for learning from such
data, achieving state-of-the-art results in tasks like node classification, graph classification, and link
prediction. However, the structural complexity of graphs and their interdependencies make the
generation and interpretation of graph counterfactuals significantly more challenging compared to
simpler data modalities, such as images or tabular records. This structural complexity poses unique
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challenges, necessitating dedicated strategies to translate graph-based counterfactuals into intuitive
and easily interpretable natural language explanations.

In this paper, we tackle the problem of translating graph counterfactual explanations into natural
language narratives using LLMs. Specifically, we consider counterfactual examples produced by
graph-based explainers for both node and graph-level classification tasks. We then prompt LLMs
to transform these structured counterfactuals into coherent, user-friendly textual narratives. This
two-stage process bridges the gap between algorithmic explainability and human interpretability,
making counterfactual reasoning more accessible to the end user.

To assess the quality of the generated explanations, we propose a set of novel evaluation metrics
that quantify how accurately the natural language outputs reflect the underlying counterfactual ex-
amples. Given the known limitations of automatic metrics for evaluating open-ended text generation
[45], we further validate our evaluation using human judgment.

We conduct extensive experiments using three graph counterfactual explainers: two for node
classification, namely, CF-GNNExplainer [128] and its node-feature extension CF-GNNFeatures
[74], and one for graph classification, GNNExplainer [218]. These experiments span multiple graph
datasets and open-source LLMs, and demonstrate that our approach can effectively generate natural
language explanations, supporting decision-making processes in critical, knowledge-driven domains.

3.4.1 Related Work

Recent advances in narrative-driven Explainable AI (XAI), particularly those leveraging Large Lan-
guage Models (LLMs), have significantly improved the interpretability of complex machine learning
models across various data modalities. A key area of interest within XAI is counterfactual ex-
plainability, which highlights how small changes to input variables can result in different model
outputs. While counterfactuals are intuitively appealing, their technical complexity often makes
them difficult to understand, especially for non-expert users, limiting their applicability in real-
world, human-centered settings where interpretability and transparency are paramount.

The emergence of powerful LLMs, such as GPT-4 [4], Qwen2.5 [184], LLaMA [189], Mistral
[106], and their successors [9], has opened new opportunities to bridge this gap. These models are
capable of generating coherent, human-like language from complex inputs, making them ideal tools
for translating technical content—including counterfactual explanations—into narratives that are
accessible to general audiences. Their integration into XAI pipelines promises not only better user
comprehension but also increased trust in AI-driven decision-making.

A notable contribution in this direction is the work by Fredes and Vitrià [67], which marks one of
the first attempts to use LLMs to generate natural language explanations from sets of counterfactual
examples. Their method—applied to tabular data—leverages GPT-4 to extract causal insights and
suggest actionable changes that could alter classification outcomes. Similarly, Martens et al. [137]
introduce XAIstories, a method that leverages LLMs to provide narrative explanations for both
SHAP values and counterfactuals in tabular and image data. Although their results are compelling,
the scope of their study is limited to a single, relatively simple data set (Adult Income), and it relies
on a proprietary model, raising questions about reproducibility and generalizability.

Several recent studies illustrate the growing interest in natural language explanations for graph-
based models. Giorgi et al. [74] generate counterfactual explanations for GNNs and utilize open-
source LLMs, such as Qwen2.5, to produce human-readable outputs, demonstrating effectiveness
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on datasets including Cora and CiteSeer. Cedro and Martens [34] introduce GraphXAIN, a model-
agnostic approach that translates explanatory subgraphs into natural language narratives, showing
high user satisfaction in surveys with researchers and practitioners. Extending these ideas to text-
attributed graphs, Pan et al. [154] propose TAGExplainer, which utilizes pseudo-labels and iterative
training to generate concise and faithful explanations, targeting applications such as social networks
and recommendation systems.

Outside the graph domain, other notable contributions include Slack et al.’s TalkToModel [173],
an interactive system that enables users, especially in healthcare settings, to engage with model ex-
planations through dialogue, outperforming traditional dashboard-based interfaces. Complementing
these efforts, the work of Jacovi et al. [104] provides a foundational discussion on the definition and
evaluation of faithfulness in interpretable NLP systems, arguing for a graded rather than binary
notion of this crucial property. More recently, Ichmoukhamedov et al. [102] propose quantita-
tive metrics—such as faithfulness and human similarity—to evaluate LLM-generated explanations,
offering much-needed rigor to the evaluation of narrative XAI.

Finally, although slightly orthogonal to our setting, He et al. [91] design an LLM-guided coun-
terfactual generator to explain GNNs for molecular property prediction, addressing issues such as
hallucination and domain knowledge gaps. The work by Zytek et al. [224] further underscores the
potential of LLMs in XAI, outlining future research directions for "explaining explanations" and
improving their interpretability.

Taken together, these works underscore a growing momentum toward making AI explanations
more user-centric and interpretable through natural language. However, none of the existing ap-
proaches tackle the translation of already generated graph counterfactual explanations into natural
language narratives using LLMs. Our work aims to fill this gap by introducing a novel method that
combines graph-level counterfactual reasoning with accessible language generation, supported by
both automatic and human-centered evaluations.

3.4.2 From Counterfactual Examples to Natural Language Narratives

The counterfactual explanation problem in classification tasks can be formally defined as follows.

Definition 3.4.1 (Counterfactual Explanation Problem). Given an input instance x and a predic-
tive model fθ parameterized by θ—hereafter referred to as the oracle—the objective is to identify a
modified instance x∗ ̸= x such that fθ(x∗) ̸= fθ(x). The instance x∗ is referred to as a counterfactual
example for x.

Among the set of possible counterfactuals (assuming at least one exists), we posit the existence
of a counterfactual generator g that, given the original instance x, returns a counterfactual x∗

minimizing the distance d(x, x∗), or returns ⊥ if no valid counterfactual can be found. The distance
function d(·, ·) serves to constrain the generated counterfactual such that it remains as close as
possible to the original instance, thereby ensuring minimal perturbation.

In this work, we focus specifically on inputs represented as graphs. That is, each instance x
and its corresponding counterfactual x∗ are represented as graphs G = (V,E) and G′ = (V ′, E′),
respectively. A counterfactual example for an input graph G thus corresponds to a modified graph
G′ in which changes may affect the node features, the graph structure (i.e., the edge set), or both.
These modifications must still satisfy the counterfactual condition, that is, they must induce a
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Figure 3.6: An illustration of our two-stage process for counterfactual narrative generation. In the first
stage, given a factual graph x and an oracle model f , a counterfactual explainer g generates a modified graph
x∗ that flips the original prediction (from target 1 to 0). In the second stage, the factual-counterfactual pair
(x, x∗) is encoded into a prompt and fed to a Large Language Model (LLM) m, which produces a natural
language explanation (ε) and structured data summarizing the key changes.

change in the oracle’s prediction. The graph-based setting introduces additional complexity, as
changes may alter not only local node-level properties but also the global topology and relational
dependencies of the graph.

While generating a counterfactual example provides a concrete instance that alters the model’s
decision, this output remains within the domain of data structures, and unfortunately, the set of
modifications done by the explainer may lack direct interpretability. To bridge the gap between
technical data modification and a human-understandable explanation, we introduce a second, cru-
cial step: generating a natural language narrative. This leads us to the formal definition of the
counterfactual narrative generation problem, which builds directly upon the output of the coun-
terfactual explanation process. The problem of generating narratives from factual-counterfactual
samples has been defined in [76] as follows:

Definition 3.4.2 (The Counterfactual Narrative Generation Problem). Given a generic pair of
factual-counterfactual samples (x,x∗) where the counterfactual sample x∗ is a solution of the Coun-
terfactual Explanation Problem, a generic function m, and a prompt p we want to generate a nat-
ural language narrative ε associated with the generic factual-counterfactual pair (x,x∗), namely,
ε = m(p,x,x∗) also known as counterfactual narrative.

Where the function m is defined generically to accommodate different instantiations, including
deterministic mappings, probabilistic generative models, or ensembles thereof.

Proposed Method

We assume access to an oracle fθ, specifically, a graph neural network (GNN) trained for either
node or graph classification tasks. For any instance x, we consider its predicted label ŷ, such that
fθ(x) = ŷ, as well as its corresponding counterfactual example x∗ = g(x), where g is a counterfactual
explainer that returns an optimal counterfactual instance for x.

Our goal is to generate a narrative ε that conveys the rationale behind the counterfactual
example x∗. To achieve this, we prompt a pre-trained Large Language Model (LLM) m with the
factual instance x, its counterfactual x∗, and a tailored prompt p, resulting in ε = m(p, x, x′) . An
overview of this process is illustrated in Figure 3.6.

78



3.4. Graph Counterfactual Narratives

A central challenge of this approach lies in assessing the quality of the generated natural language
narratives. In the following section, we introduce a novel evaluation framework specifically designed
to address this issue and provide a rigorous assessment of the generated outputs.

A New Evaluation Framework

Given the novelty of the task at hand, to the best of our knowledge, no established quantitative
evaluation metrics exist for assessing natural language narratives generated by LLMs in the con-
text of graph-based counterfactuals. The predominant approach in the literature relies on human
judgment, which, while valuable, can introduce variability and subjective bias. To address this
limitation and enable a more systematic and replicable evaluation, we propose a set of novel, task-
specific metrics that quantitatively assess the language model’s ability to articulate the differences
between factual and counterfactual graph instances in a coherent and informative manner.

We denote the factual graph as G and its corresponding counterfactual as G′. To compute our
metrics effectively, we design prompts that instruct the language model to populate a structured
dictionary (see Figure 3.7) capturing key information from both G and G′. The content of this
dictionary is tailored to the specific classification task under consideration.

In the case of node classification, the dictionary includes the identity of the target node, its
predicted class in both the factual and counterfactual graphs, the node’s neighborhood in each
graph, and the set of features associated with the node in both scenarios. For graph classification
tasks, the dictionary records the predicted class of the entire graph in both G and G′, along with
the nodes and edges that differ between the two instances.

After generating the structured dictionary, we parse it to extract key information about the
feature changes between the factual instance G and its counterfactual G′. The core assumption
is that a model’s ability to populate this structured format correctly reflects its underlying under-
standing of the narrative. Therefore, errors in the dictionary signal potential inaccuracies in the
subsequent natural language narrative. This technique provides a reliable and automated method
for assessing the factual accuracy of the generated text, quantifying how accurately the narratives
align with the ground truth factual and counterfactual feature changes. Since our study addresses

{
"Factual_Target_Graph_Class": None ,
"CounterFactual_Target_Graph_Class": None ,
"Node_Differences": [],
"Edge_Differences": [] ,
"Natural_Language_Explanation": None
}

{
Target_Node_ID:'',
Factual_Target_Node_Neighbors: [],
Factual_Target_Node_Features: [],
Counterfactual_Target_Node_Neighbors: [],
Counterfactual_Target_Node_Features: [],
Factual_Target_Node_Class: '',
Counterfactual_Target_Node_class: '',
Target_Node_Features_Changed_From_Factual_To_Counterfactual: [],
Natural_Language_Explanation: ''
}

Graph Classification Dictionary Node Classification Dictionary

Figure 3.7: Structured output dictionaries for narratives in graph classification (left) and node classification
(right) tasks.

two distinct tasks, namely, node classification and graph classification, we developed two separate
evaluation protocols, each tailored to the specific structure and requirements of the task. The
following sections provide a detailed description of these two frameworks.
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Node Classification To evaluate the ability of LLMs to understand and explain counterfactual
reasoning in node classification tasks, we introduce a dedicated set of binary metrics. These met-
rics are designed to assess whether the LLM can accurately identify and describe the structural
and feature-level transformations of a target node between the factual and counterfactual graph
instances. Each metric captures a specific dimension of the LLM’s understanding, and collectively,
they provide a rigorous framework for quantifying the fidelity and informativeness of the generated
explanations.

Target Node Identification (TNI) This metric evaluates the LLM’s ability to accurately iden-
tify the target node within the graph. Formally, let G = (V,E) be the factual graph, t ∈ V

the true target node, and v ∈ V the node identified by the LLM. The TNI metric is defined as
TNI(v) = 1[v = t]

Counterfactual Class Identification (CCI) This metric assesses the LLM’s ability to correctly
identify the target node’s new class in the counterfactual graph. Given a factual graph G and a
counterfactual graph G′ such that their predictions differ, fθ(G) ̸= fθ(G

′), let c′ = fθ(G
′) be the

counterfactual class. Denoting the class identified by the LLM for the instance G′ as cLLM, the CCI
metric is defined as CCI(cLLM ) = 1 [cLLM = c′]

Factual Target Node Features (FTNF) This metric measures the extent to which the LLM
accurately captures the feature vector of the target node in the original graph. Let t ∈ V be the
target node in the factual graph G = (V,E), and let xt ∈ Rd be its associated feature vector. Let
xLLM denote the vector predicted by the LLM. The FTNF metric is defined as FTNF(xLLM) =

1[xLLM = xt]

Counterfactual Target Node Features (CFTNF) Analogous to FTNF, this metric evaluates
whether the LLM correctly identifies the feature vector of the target node in the counterfactual
graph. Let G′ = (V ′, E′) be the counterfactual graph, and let x′t ∈ Rd represent the true features
of the target node t ∈ V ′. The LLM’s predicted vector is denoted as xLLM. The CFTNF metric is
defined as CFTNF(xLLM) = 1[xLLM = x′

t]

Counterfactual Target Node Neighbors (CFTNN) This metric assesses the LLM’s ability to
correctly identify the set of neighboring nodes of the target node in the counterfactual graph. This is
particularly relevant, as changes in the local neighborhood may influence the classification outcome.
Let G′ = (V ′, E′) be the counterfactual graph, and let t′ ∈ V ′ denote the target node. The true
neighborhood of t′ is given by N (t′) = u ∈ V ′ | (t′, u) ∈ E′. Let NLLM(t′) be the set of neighbors
predicted by the LLM. The CFTNN metric is defined as CFTNN(NLLM(t′)) = 1[NLLM(t′) = N (t′)]

These metrics collectively provide a comprehensive framework for evaluating the LLM’s ability
to interpret and articulate the underlying structural and attribute-level transformations that occur
between the factual and counterfactual graph instances. By quantifying the model’s performance
along these multiple dimensions, we can more precisely evaluate its ability to generate accurate
narratives.
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Graph Classification To evaluate the effectiveness of LLMs in generating narratives for graph-
level classification tasks, we extend our analysis to the AIDS dataset, a widely used benchmark
for identifying chemical compounds in antiviral drug discovery. In this setting, we employ GN-
NExplainer to generate counterfactual examples at the graph level. Given the shift from node to
graph-level reasoning, we introduce a new set of evaluation metrics designed to capture the LLM’s
ability to understand and describe structural and class-level transformations.

Our framework introduces four evaluation metrics: Factual Target Class (FTC), Counterfac-
tual Target Class (CTC), Node Difference (NDIFF), and Edge Difference (EDIFF). These metrics
measure whether the LLM can accurately identify the predicted class labels and detect structural
changes between the factual and counterfactual graphs. Formally, let the dataset consist of N graph
instances. Each original (factual) graph is denoted as Gi = (Vi, Ei, Xi), where Vi is the set of nodes,
Ei the set of edges, and Xi the node feature matrix. The corresponding counterfactual graph,
generated by GNNExplainer, is represented as G′

i = (V ′
i , E

′
i, X

′
i). The LLM is prompted to predict

class labels and structural differences, which are then evaluated against the ground truth.

Factual Target Class (FTC) This metric assesses whether the LLM accurately identifies the
ground-truth class of the factual graph Gi. Let ŷi denote the LLM’s predicted class and yi the true
class label. FTC is defined as FTCi = 1[ŷi = yi].

Counterfactual Target Class (CTC) This metric assesses whether the LLM correctly predicts
the target class of the counterfactual graph G′

i. Let ŷ′i be the class predicted by the LLM and y′i
the ground truth counterfactual class. CTC is defined as CTCi = 1[ŷ′i = y′i]

Nodes Differences (NDIFF) This metric measures the LLM’s ability to identify differences in
node features between the factual and counterfactual graphs. Let ∆Xi = X ′

i −Xi denote the true
node-level difference, and ∆X̂i the difference as predicted by the LLM. NDIFF is defined as:

NDIFFi =


|∆Xi∩∆X̂i|

|∆Xi| if |∆Xi| > 0

1 if |∆Xi| = 0 and |∆X̂i| = 0

0 Otherwise

Edges Differences (EDIFF) This metric evaluates the LLM’s ability to accurately detect
changes in the graph structure. Let ∆Ei = E′

i − Ei denote the true edge-level difference, where
Ei ∈ G and E′

i ∈ G′ are respectively the factual and counterfactual edges, and ∆Êi the difference
as predicted by the LLM. EDIFF is defined as:

EDIFFi =


|∆Ei∩∆Ê′

i|
|∆Ei| if |∆Ei| > 0

1 if |∆Ei| = 0 and |∆Ê′
i| = 0

0 Otherwise

Aggregation of Metric Values

To obtain a robust measure of overall performance, we first computed each metric for every in-
stance in the dataset and subsequently averaged these scores. To account for variability arising
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from stochastic elements in the model or data processing, the evaluation has been repeated across
distinct random seeds. The final performance is reported as the mean and standard deviation
of the aggregated scores over these runs. This rigorous aggregation protocol enables a quantita-
tive assessment of the LLM’s understanding of graph-level and node-level transformations, thereby
establishing a reliable benchmark for the quality of explanations.

Human Evaluation Procedure

To evaluate the quality of the generated counterfactual narratives, we employed a questionnaire-
based protocol that has been previously used in [73]. The evaluation compared narratives from
three distinct sources: the top-performing open-source model, the leading closed-source model, and
a simple fixed-template baseline.

The study began with a demographic section to profile the participants. Data was collected
on participant age, followed by their self-assessed expertise and professional profile. Expertise level
was determined using the question: "Which is your expertise level on the topic of molecular biology,
medicine, and physiology? (1) Weak: No knowledge or limited knowledge about the topics. (2)
Medium: Robust knowledge about the topics. (3) Strong: Very detailed knowledge about the topics
at hand.".

Participant profiles were categorized using the question: "Select the option that best fits your
profile: (1) Student (Non-expert): You are currently enrolled in a university course, but these topics
are not related to your current study plan, or you are currently enrolled in a related course, but you
still have not acquired knowledge about the topics at hand. (2) Student (Expert): You are currently
enrolled in a related university course, and you already studied related subjects deeply, or you are
enrolled in a non-related course, but you studied related subjects deeply before. (3) Professional
(Non-expert): You are not a student, and you have never studied or worked in related subjects.
(4) Professional (Expert): You are not a student, and you are currently involved professionally in
related subjects, or you have been involved in them in the past as part of your professional activity."

Upon completion of the demographic survey, the evaluation phase commenced. In this phase,
each participant was tasked with assessing three narratives. These narratives were randomly sam-
pled from a larger pool under the constraint that each set of three contained exactly one narrative
from each of the three models under study. To mitigate bias, the presentation was double-blinded:
the model source for each narrative was anonymized, and the order of the narratives was randomized
for each participant. Participants were instructed to read all three narratives before proceeding to
the evaluation instrument. The questionnaire then prompted participants to rate each narrative on
a 5-point Likert scale across the following five dimensions:

• Q1 (Terminology): Is the terminology and language used in the explanation appropriate
and easy to understand?

• Q2 (Clarity): How clear and easy to understand is the provided counterfactual explanation?

• Q3 (Structural Description): How clearly does the explanation describe the changes in
node connections (graph structure) that led to the counterfactual outcome?

• Q4 (Interpretability): Are the changes in features and structure easy to interpret and make
sense in the context of the original graph?
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• Q5 (Overall Assessment): What is your overall assessment of the clarity and coherence of
the counterfactual explanation?

The collected responses provide qualitative insights into the perceived clarity, interpretability,
and overall effectiveness of the explanations generated by different models.

3.4.3 Experiments

Given the general framework described in Section 3.4.2, this section presents the experimental
setup and evaluation of our approach for generating narratives using LLMs. To comprehensively
assess the effectiveness and generalizability of our method, we conduct experiments on two distinct
tasks: node classification and graph classification. In the node classification setting, the goal is to
generate counterfactual explanations that describe changes necessary to alter the classification of an
individual node within a larger graph. In contrast, in the graph classification task, counterfactuals
are generated at the graph level, identifying modifications that would change the overall label
assigned to the entire graph. To ensure a robust evaluation, we employ real-world datasets widely
used in graph-based machine learning.

Counterfactual Explainers

As outlined in Section 3.4.2, our proposed pipeline requires a counterfactual explainer g but is oth-
erwise agnostic to its specific choice. To rigorously evaluate the robustness of our framework, we
tested it with three state-of-the-art graph explainers that use distinct modification strategies. This
comparative approach enables us to systematically assess how the nature of the input counterfac-
tuals—whether structural or feature-based—influences the quality and coherence of the generated
natural language explanations.
CF-GNNExplainer is a perturbation-based counterfactual explainer. It defines Āv = P ⊙Av,
where P is a binary perturbation matrix that sparsifies Av. The goal is to find P for a given node
v such that fθ(Av, x) ̸= fθ(P⊙Av, x). To find P, CF-GNNExplainer exploits a technique to train
sparse neural networks to zero out entries in the adjacency matrix (i.e., removing edges). This
results in the deletion of the edge between node i and node j. The hyperparameters selected for
this explainer are: α = 0.01, β = 0.5, k = 500 (iterations), and as optimizer Adam.
CF-GNNFeatures is a node features perturbation-based counterfactual explainer. Given a graph
G(V,E), two matrices are defined, namely: Vx, the node features matrix representing the features
for every node in G, and Px, the feature perturbation matrix. Initially, the matrix Px is filled with
ones to maintain the original sets of attributes. Given an oracle fθ, parameterized by θ, we fix all
the weights and train Px to change the attribute matrix Vx that is fed into the oracle, multiplying
the current feature matrix with the perturbation matrix. The hyperparameters selected for this
explainer are the same as CF-GNNExplainer: α = 0.01, β = 0.5, k = 500 (iterations), and as
optimized Adam. Here we also clipped the perturbation gradient norm to 3.0.
GNNExplainer is a model-specific explainer originally designed for generating post-hoc expla-
nations for GNN predictions. While not inherently counterfactual, it can be adapted to generate
counterfactual instances by identifying the minimal subgraph and feature set most influential to
the model’s decision, and then altering them to induce a change in prediction. In our study,
we leverage GNNExplainer for graph classification tasks. Given a graph G = (V,E,X) and a
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trained GNN model fθ, GNNExplainer learns a mask over edges and node features to uncover
the substructures most relevant for the predicted class. To generate counterfactuals, we invert the
learned mask, removing or modifying the most influential components, such that the perturbed
graph G′ = (V ′, E′, X ′) results in a different class prediction fθ(G

′) ̸= fθ(G). Since we used the
torch_geometric implementation we selected just the learning rate as α = 0.05.

Large Language Models

In this study, we evaluated a suite of state-of-the-art open-source LLMs to generate natural language
explanations for counterfactual graph instances. Our selection encompasses models from various
architectural families and parameter scales, providing a broad perspective on the impact of model
size on performance.

The evaluated models are: Qwen2.5 [184], Mistral-7B-Instruct-v0.3 [106], Llama-3.2-3B-Instruct
and Llama-3.1-8B-Instruct [189], DeepSeek-R1 [84], and Phi-3.5-mini-Instruct [3], and Grok4
[211]. These models vary not only in scale, from compact, open-source models (0.5B up to 14B) up
to a larger, closed-source model like Grok4 (estimated to have up to 1700B [182, 183]), but also in
architecture and pretraining strategies, allowing us to comprehensively benchmark their ability to
generate accurate and user-friendly explanations. To ensure reproducibility, we applied a controlled
set of hyperparameters for each model. Table 3.13 summarizes the specific configurations used in
our experiments. All the open source models have been quantized using GPTQ [66] with 4-bit integer
precision (int4) to minimize memory usage and enable efficient inference.

Table 3.13: Hyperparameter configurations used for each language model. The columns represent: Model
– the name and size of the LLM; Temp. – sampling temperature; Top-p – nucleus sampling threshold;
Top-k – the number of highest-probability tokens considered; Rep. Pen. – repetition penalty; and Max
Out. T. – the maximum number of output tokens.

Model Temp. Top-p Top-k Rep. Pen. Max Out. T.
DeepSeek Family 0.1 0.90 40 1.10 2048
Grok-4-1700B n.a. n.a. n.a. n.a. 2048
Llama-3.1 Family 0.1 0.85 40 1.05 2048
Llama-3.2-3B 0.2 0.80 50 1.00 2048
Mistral-v0.3-7B 0.1 0.90 40 1.10 2048
Phi-3.5-3B 0.2 0.85 50 1.10 2048
Qwen2.5 Family 0.1 0.80 10 1.05 2048

Prompting Methodology The performance of LLMs is highly sensitive to the structure and
content of the input prompt. Therefore, we developed a two-stage prompting strategy to guide the
models in generating high-quality counterfactual explanations. Our methodology consists of two
distinct components: (1) a global system prompt and (2) an instance-specific prompt.

First, a comprehensive system prompt is provided to the LLM, as shown in Figure 3.9. This ini-
tial prompt establishes the model’s persona as an expert analyst in Explainable AI (XAI) for Graph
Neural Networks. It equips the model with essential background knowledge, defining counterfactual
explanations in the context of graph data and providing a detailed description of the GNN explainer
method used. Furthermore, it specifies the required output format, including a structured Python
dictionary schema that the model must populate with its findings.
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Second, for each explanation to be generated, an instance-specific prompt is supplied (Fig-
ure 3.8). This prompt contains the concrete data for a single case. To effectively serialize the
factual and counterfactual graphs for the model, we adapted the incident representation framework
proposed by Fatemi et al. [62]. Crucially, the prompt also provides a detailed set of instructions
that guide the LLM through the analytical process. These instructions direct the model to identify
changes between the graphs, translate abstract structural and feature modifications into meaningful
domain-specific concepts, and weave these insights into a coherent, causal narrative, before present-
ing the final structured data. This dual-prompt structure ensures that the LLM has both the general
context and the specific guidance necessary to perform the complex task of generating narratives.

Your Turn 
Dataset Knowledge
The dataset used is the following: The AIDS dataset is a collection of molecular graphs used for the graph classification task. The goal is to predict whether a given
molecular compound is active or inactive against HIV. Each graph in the dataset represents a single molecule. Graph Structure Nodes: Represent individual atoms
within a molecule. Edges: Represent the chemical bonds between atoms. Node Attributes Each atom (node) has features describing its chemical properties and spatial
location: Atom Symbol: The chemical symbol (e.g., C, O, N) is encoded as an integer label. Chemical Properties: A feature vector capturing specific chemical
characteristics. Charge: The electrical charge of the atom. Coordinates: x and y spatial coordinates define the atom's position. Node Labels The nodes are labeled with
atom symbols, mapped to integers: 0: C (Carbon) * 1: O (Oxygen) * 2: N (Nitrogen) * 3: Cl (Chlorine) * 4: F (Fluorine) * 5: S (Sulfur) * 6: Se (Selenium) * 7: P
(Phosphorus) * 8: Na (Sodium) * 9: I (Iodine) * 10: Co (Cobalt) * 11: Br (Bromine) * 12: Li (Lithium) * 13: Si (Silicon) * 14: Mg (Magnesium) * 15: Cu (Copper) *
16: As (Arsenic) * 17: B (Boron) * 18: Pt (Platinum) * 19: Ru (Ruthenium) * 20: K (Potassium) * 21: Pd (Palladium) * 22: Au (Gold) * 23: Te (Tellurium) * 24: W
(Tungsten) * 25: Zn (Zinc) * 26: Bi (Bismuth) * 27: Pb (Lead) * 28: Ge (Germanium) * 29: Sb (Antimony) * 30: Sn (Tin) * 31: Ga (Gallium) * 32: Hg (Mercury) *
33: Ho (Holmium) * 34: Cr (Chromium) * 35: Ni (Nickel) * 36: Mn (Manganese) * 37: V (Vanadium) Edge Attributes Each bond (edge) is labeled according to its
valence to distinguish between different types of chemical bonds: 0: Single bond * 1: Double bond * 2: Triple bond Class Labels The molecules are classified into
two categories: 1: Active against HIV (a) * 0: Inactive against HIV (i)
Original Graph This graph is classified as class i. The graph contains the following nodes: The node 0 has as attributes chem = 4.0, charge = 0.0, x = 3.76, y = -1.23 
and is labeled as N. It is connected with the nodes 1, 4, 7. The node 1 has as attributes chem = 1.0, charge = 0.0, x = 2.95, y = -1.81   and is labeled as C. It is
connected with the nodes 0, 2, 6. The node 2 has as attributes chem = 1.0, charge = 0.0, x = 3.26, y = -2.76  and is labeled as C. It is connected with the nodes 1, 3.
The node 3 has as attributes chem = 1.0, charge = 0.0, x = 4.26, y = -2.76  and is labeled as C. It is connected with the nodes 2, 4. The node 4 has as attributes chem =
1.0, charge = 0.0, x = 4.56, y = -1.81  and is labeled as C. It is connected with the nodes 0, 3, 5. The node 5 has as attributes chem = 2.0, charge = 0.0, x = 5.52, y =
-1.5  and is labeled as O. It is connected with the nodes 4. The node 6 has as attributes chem = 2.0, charge = 0.0, x = 2.0, y = -1.5  and is labeled as O. It is connected
with the nodes 1. The node 7 has as attributes chem = 1.0, charge = 0.0, x = 3.76, y = -0.23  and is labeled as C. It is connected with the nodes 0, 8. The node 8 has as
attributes chem = 1.0, charge = 0.0, x = 4.62, y = 0.26  and is labeled as C. It is connected with the nodes 9, 7. The node 9 has as attributes chem = 1.0, charge = 0.0, x
= 4.62, y = 1.26  and is labeled as C. It is connected with the nodes 8, 10. The node 10 has as attributes chem = 1.0, charge = 0.0, x = 5.49, y = 1.76  and is labeled as
C. It is connected with the nodes 9, 11. The node 11 has as attributes chem = 1.0, charge = 0.0, x = 5.49, y = 2.76  and is labeled as C. It is connected with the nodes
10
Counterfactual Graph This graph is classified as class i. The graph contains the following nodes: The node 0 has as attributes chem = 4.0, charge = 0.0, x = -1.24, y
= -1.23  and is labeled as N. It is connected with the nodes 1, 4, 7. The node 1 has as attributes chem = 1.0, charge = 0.0, x = -0.33, y = -1.81  and is labeled as C. It is
connected with the nodes 0, 6. The node 2 has as attributes chem = 1.0, charge = 0.0, x = 3.26, y = 2.61  and is labeled as C. It is connected with the nodes 3. The
node 3 has as attributes chem = 1.0, charge = 0.0, x = 4.26, y = 3.57  and is labeled as C. It is connected with the nodes 2, 4. The node 4 has as attributes chem = 1.0,
charge = 0.0, x = 4.56, y = 2.21  and is labeled as C. It is connected with the nodes 0, 3, 5. The node 5 has as attributes chem = 2.0, charge = 0.0, x = -3.64, y = -1.5 
and is labeled as O. It is connected with the nodes 4. The node 6 has as attributes chem = 2.0, charge = 0.0, x = -0.98, y = -1.5  and is labeled as O. It is connected
with the nodes 1. The node 7 has as attributes chem = 1.0, charge = 0.0, x = -1.55, y = -0.23  and is labeled as C. It is connected with the nodes 8, 0. The node 8 has as
attributes chem = 1.0, charge = 0.0, x = -1.7, y = 0.26  and is labeled as C. It is connected with the nodes 9, 7. The node 9 has as attributes chem = 1.0, charge = 0.0, x
= -1.2, y = 1.26  and is labeled as C. It is connected with the nodes 8, 10. The node 10 has as attributes chem = 1.0, charge = 0.0, x = -0.36, y = 1.76  and is labeled as
C. It is connected with the nodes 9, 11. The node 11 has as attributes chem = 1.0, charge = 0.0, x = -0.75, y = 2.76  and is labeled as C. It is connected with the nodes
10.
Instructions Identify and State the Core Facts. Pinpoint the Classification Change: Clearly state the initial ("factual") class and the final ("counterfactual") class. For
the AIDS dataset, this would be from inactive (0) to active (1), or vice versa. Provide a High-Level, Non-Technical Summary. Synthesize the findings from step 1 into
a concise, easy-to-understand paragraph. This summary should immediately tell the user what happened without diving into technical jargon. For example: "The
molecule was reclassified from inactive to active by changing the chemical properties of four specific atoms without altering its physical structure." Translate Graph
Changes into Chemical Concepts. This is the most critical step. The model must map the abstract graph data to real-world chemistry.  For Node Feature
Changes: Identify the atom involved (e.g., Oxygen, Nitrogen, Sulfur). Explain the chemical role of that type of atom (e.g., "Oxygen and Nitrogen atoms are crucial as
they often form hydrogen bonds, which act like molecular glue to anchor a drug to a protein"). Interpret the change in the chem attribute as a modification of the
atom's electronic properties, such as its ability to act as a hydrogen bond donor or acceptor. For Edge Additions/Removals: State that edges represent chemical bonds
which define the molecule's 3D shape, or conformation. Explain the consequence of breaking or forming a bond: it fundamentally alters the molecule's shape and
flexibility.   Use the "key and lock" analogy: Explain that the molecule's shape (the key) must precisely fit the protein's active site (the lock). Changing the bond
structure "breaks" or "fixes" the key.  Construct a Coherent Causal Narrative Weave the technical points from step 3 into a clear story. Connect the dots for the
user.  Start with the specific graph change, link it to the chemical consequence, and conclude with the impact on biological activity.  Present the Structured
Data Conclude by providing the clean, machine-readable dictionary that was requested. This allows for easy programmatic use of the findings and serves as a final,
unambiguous summary of the exact changes. 

Figure 3.8: An example of the instance-specific prompt. The factual and counterfactual graphs are encoded
using the framework proposed by Fatemi et al. [62], and an explanation is generated for a sample instance
using a GNNExplainer.

Baseline

To establish a clear and simple benchmark for comparison, we developed a template-based baseline.
This system operates without a generative language model and functions by programmatically
inserting the list of structural and feature modifications, as identified by the explainer, into a
fixed sentence structure. The resulting output is deterministic and purely descriptive, serving as
a reference to evaluate the improvements in narrative coherence, readability, and contextual depth
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Instructions
You are an expert analyst specializing in Explainable AI (XAI) for Graph Neural Networks. Your task is to analyze two graphs: a 'Factual Graph' and a
'Counterfactual Graph'.
1. Analyze the differences: Identify the specific changes (node or edge modifications) that were made to the factual graph to create the counterfactual one.
2. Provide a summary: In a brief paragraph, explain what changed and how it relates to the concept of a counterfactual explanation.
3. Fill the dictionary: Populate the provided Python dictionary schema with the specific, structured information about the changes.
4. Avoid schematic or list formats: Your summary should be in natural language, avoiding bullet points, numbered lists or emoji.
Knowledge 
Counterfactual Explanation
Counterfactual Explanation: A counterfactual explanation refers to a type of explanation in machine learning and artificial intelligence that describes how altering
certain input features can change the output of a model. It answers 'what if' scenarios by identifying minimal changes necessary to achieve a different desired
outcome. Counterfactual explanations provide insights into the decision-making process of complex models, enhancing transparency and interpretability. For
example, consider a credit scoring model that denies a loan application. A counterfactual explanation might be: 'If your annual income had been $50,000 instead of
$45,000, your loan would have been approved.' This helps the applicant understand what specific change could lead to a different decision.
Counterfactual Explanations in Graphs
Graphs are data structures consisting of nodes (vertices) and edges that represent relationships between entities. Graphs are prevalent in various domains such as
social networks, biological networks, and knowledge graphs. When machine learning models, particularly Graph Neural Networks (GNNs), are applied to graph data,
interpreting their predictions becomes challenging due to the complexity of the graph structure. Counterfactual explanations in graphs aim to provide insights into
how changes in the graph's structure or node features can alter the model's predictions. This involves identifying minimal modifications to the graph that would
change the outcome for a specific node or the entire graph.
Counterfactual Explainer
Explainer Description: GNNExplainer
Core Idea: GNNExplainer is a model-agnostic explanation method designed specifically for Graph Neural Networks (GNNs). Its primary goal is to explain *any*
GNN's prediction for a specific instance (a node, a graph, or a link) by identifying the most influential components of the graph that led to that prediction. It answers
the question: "Which parts of the graph and its features were most important for this specific outcome?"
How It Works: The method works by learning a mask over the graph's structure and node features. It treats the explanation process as an optimization problem. The
objective is to find a small subgraph and a minimal set of node features that maximize the mutual information with the GNN's original prediction.
 In simpler terms, GNNExplainer searches for the smallest possible piece of the original graph that, if fed back into the GNN, would still produce the same (or a very
similar) prediction. This is achieved through the following steps: 1.  Identify a Computation Graph: For a given prediction (e.g., classifying a specific node), it first
considers the k-hop neighborhood of that node, which is the part of the graph the GNN used to make its decision. 2.  **Learn Masks**: It learns two types of "soft
masks" (masks with continuous values, not just 0 or 1): * An **edge mask** to identify the most critical subgraph structure. * A **feature mask** to identify the
most important input node features.   3.   **Optimize**: These masks are optimized by maximizing the mutual information between the GNN's prediction and the
masked (simplified) graph. The optimization process also includes terms that encourage the masks to be sparse, ensuring the final explanation is as small and concise
as possible.
Key Characteristics:  * **Model-Agnostic**: It can be applied to any GNN-based model (e.g., GCN, GAT, GraphSAGE) without needing to know its internal
architecture.  * **Instance-Level Explanations**: It provides local explanations for individual predictions, not global explanations for the model as a whole.  *
**Identifies Subgraph and Features**: The output is not just a set of important nodes. The explanation is a combination of a crucial **subgraph structure** (the most
important connections) and the most salient **node features**.  #### **Type of Explanation**        * **Output**: The explanation is a subgraph of the original
computation graph and a subset of node features. This is a form of **feature attribution**, where importance scores are assigned to edges and node features.      *
**Use Case**: It is used for post-hoc interpretability, helping users understand why a trained GNN made a specific decision for a node, link, or entire graph. This is
useful for debugging models, verifying their logic, and discovering new patterns in the data.
Dictionary Schema
Here is the Python dictionary schema you should use to structure your findings:
infos={

"Factual_Target_Graph_Class": <FACTUAL_CLASS_VALUE> , // Required integer
"CounterFactual_Target_Graph_Class": <COUNTERFACTUAL_CLASS_VALUE> , // Required integer
"Node_Differences": [<NODE_ID_1>, <NODE_ID_2>, ...] , // Required list of integers
"Edge_Differences":  [[<NODE_ID_A>, <NODE_ID_B>], [<NODE_ID_C>, <NODE_ID_D>], ...] , // Required list of lists of integers

}

Figure 3.9: The system prompt provided to the model. It defines the model’s persona, provides general
background knowledge (e.g., on a GNN explainer), and specifies the output schema used in the task.

provided by the more sophisticated LLM-based approaches. See Figure 3.13 for a practical example
on the AIDS dataset.

Experimental Setup

Our experimental framework utilized two distinct modalities for model access. Open-source models
were evaluated on a local workstation equipped with an AMD Ryzen 9 7900 processor, 64GB of
RAM, and a single NVIDIA RTX 4090 GPU. In contrast, the Grok-4 model was accessed via the
xAI web service API. To ensure the robustness of our results, the narrative generation process was
replicated three times for each model using different random seeds (42, 54, and 100). The findings
presented in this paper are aggregated from these runs unless otherwise noted.
Oracles and Datasets Details To facilitate a comprehensive evaluation, our study utilizes three
benchmark datasets for two distinct graph-based tasks: node classification and graph classification.
For node classification, we employ the Cora and CiteSeer datasets. The Cora dataset comprises
2,708 scientific publications classified into seven categories, linked by 5,429 citation links. Simi-
larly, the CiteSeer dataset comprises 3,312 publications across six classes with 4,732 links. In both
datasets, each publication (node) is represented by a high-dimensional, sparse binary vector indi-
cating the presence or absence of words from a vocabulary of 1,433 and 3,703 terms, respectively.
To provide more informative features for the LLM, we reconstructed the original vocabularies to
map these binary vectors back to human-readable tokens. For the graph classification task, we use

86



3.4. Graph Counterfactual Narratives

Table 3.14: Summary of model architecture and training hyperparameters for the implemented classification
tasks.

Model Architecture Training Hyperparameters

Dataset # Layers Hidden Activation Readout Dropout Optimizer LR Weight Decay Loss Epochs Batch Size Split

GCN on Cora 3 16 ReLU — 0.5 Adam 0.001 5e-4 Cross-Entropy 200 Full Planetoid
GCN on CiteSeer 3 16 ReLU — 0.5 Adam 0.001 5e-4 Cross-Entropy 200 Full Planetoid
GCN on AIDS 3 64 ReLU Mean Pool 0.5 Adam 0.0005 — Cross-Entropy 200 64 80/20%

the AIDS dataset, which contains 2,000 molecular graphs. In this dataset, nodes represent atoms
and edges correspond to chemical bonds. The objective is to classify each molecule as either "ac-
tive" or "inactive" against HIV. The oracle models for all tasks are three-layer Graph Convolutional
Networks (GCNs), trained for 200 epochs using the Adam optimizer. Detailed model architectures
and training hyperparameters are summarized in Table 3.14. The training performance, including
loss and accuracy curves for each oracle, is presented in Figure 3.10.
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Figure 3.10: Train and test loss and accuracy values for all the datasets used

Graph Classification Results

In this section, we analyze the performance metrics for various LLM families evaluated on the AIDS
dataset using graph neural network explanations. The results, visualized in Figure 3.11, highlight
a clear trend of performance scaling with model size, which ranges from 0.5B to 1700B parameters.
For the FTC metric, larger models generally exhibit higher values, indicating a positive correlation
with model scale. For instance, the Grok-4 model achieves a score of 1, while Qwen2.5-14B scores
around 0.8. In contrast, smaller models show markedly lower FTC: the 0.5B variant in the Qwen2.5
family and the 1.5B model in the DeepSeek family both score close to 0.0. The CTC metric follows
a similar upward trend with model size. Large models, such as Grok-4 and both Qwen2.5-14B
and DeepSeek-14B variants (respectively 0.8 and around 0.74), perform well. Conversely, smaller
models decline significantly, with the smaller DeepSeek and Qwen2.5 variants scoring 0.05 and 0.01,
respectively. NDIFF values are also generally higher for larger models. Examples such as Llama-
3.2-3B and Phi-3.5-3B achieve scores of approximately 0.64 and 0.8. The largest model, Grok-4,
achieves nearly 0.96, whereas smaller models, such as DeepSeek-1.5B, demonstrate substantially
reduced scores, approaching 0.05 in this case as well. The EDIFF metric also shows a positive trend
with model size, exhibiting the strongest correlation among all metrics (Pearson ρ: 0.90). While
smaller models, such as the 0.5B variant of the Qwen2.5 family, score near zero, larger models
achieve higher values, with Grok-4 peaking at approximately 0.38.
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Figure 3.11: Results on the AIDS dataset using as explainer GNNExplainer. The plots have a broken
x-axis using a log scale.

However, it is noteworthy that even this peak value remains relatively low in absolute terms.
This suggests that while larger models are generally more adept at understanding graph changes, as
indicated by the FTC, CTC, and NDIFF scores, identifying purely structural differences (i.e., edges)
represents a more complex challenge for all models. This correlation with model size is discussed in
detail in Section 3.4.3.
Human Evaluation To assess the quality of the generated explanations, we conducted a human
evaluation on outputs from the simple baseline, deepseek-14B, and grok4. We gathered feedback
from 23 participants who were asked to rate the explanations across five dimensions.
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Figure 3.12: Demographics of the 23 participants in the human evaluation study. Figure (a) shows the
age distribution, (b) the self-reported expertise level, and (c) the distribution of participant profiles.

Details of the participant demographics are presented in Figure 3.12. The age distribution
(Figure 3.12a) is skewed towards younger individuals, with a majority of participants aged between
18 and 28. The pie charts detail the participants’ self-reported expertise and professional profiles.
Results of the evaluation (Table 3.15) confirm that the baseline can be used to compose very simple
narratives; however, the quality of them is judged poorly by the participants. The best open-source
model we used instead (Qwen2.5-14B) received a better evaluation, but the closed-source model
yielded the best results. In Figure 3.13, it is possible to see a narrative example for an element of
the AIDS dataset.
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Table 3.15: Average scores (1 to 5) from the human evaluation for explanations generated by different
models. The comparison is shown for counterfactuals from GNNExplainer on the AIDS dataset (graph
classification) and the Cora dataset (node classification).

AIDS Dataset Cora Dataset

Question Baseline Qwen2.5 - 14B Grok-4 Baseline Qwen2.5 - 14B Grok-4

Q1 1.0 ± 0.0 2.4 ± 0.5 4.3 ± 0.4 1,0 ± 0,0 2,0 ± 0,0 3,3 ± 0,5
Q2 1.2 ± 0.4 2.6 ± 0.4 4.5 ± 0.5 1,0 ± 0,0 2,1 ± 0,3 3,4 ± 0,5
Q3 1.0 ± 0.2 2.7 ± 0.4 4.6 ± 0.4 1,0 ± 0,0 2,3 ± 0,5 3,2 ± 0,4
Q4 1.0 ± 0.0 2.0 ± 0.2 4.4 ± 0.5 1,0 ± 0,0 2,0 ± 0,0 3,2 ± 0,4
Q5 1.0 ± 0.2 2.3 ± 0.4 4.3 ± 0.4 1,0 ± 0,0 1,8 ± 0,4 3,4 ± 0,5

Node Classification Results

Our node classification experiments (Figure 3.14 and 3.15) demonstrate that the proposed method
achieves high fidelity in capturing factual-counterfactual differences. Core explanation metrics,
such as TNI and CCI, frequently surpassed scores of 0.8 even for smaller models (3B parameters),
indicating strong performance in identifying the salient elements that differentiate the original and
counterfactual predictions.

A critical finding emerged from the comparison between different counterfactual generation
strategies. We observed that feature-oriented metrics, FTNF and CFTNF, performed better when
the explainer (CF-GNNExplainer, top rows in both Figure 3.14 and 3.15) preserved the original
node features. Conversely, performance on these metrics, particularly FTNF, declined when the
explainer (CF-GNNFeatures, bottom rows in both Figure 3.14 and 3.15) modified node features.
These results suggest a key insight: the evaluated LLMs are more proficient at verbalizing stable
graph properties, those that remain unchanged between factual and counterfactual instances, than
they are at articulating the specific modifications introduced by the explainer. The CFTNN metric
followed a similar trend. Notably, the Grok4 model was an exception, showing resilience to these
effects across datasets. A final observation is the remarkably low standard deviation (often near
zero) in metric scores for most models, indicating high output consistency, with Qwen2.5 being the
primary exception.
Human Evaluation To assess the quality of the generated explanations, we conducted a human
evaluation on outputs from the simple baseline, DeepSeek-14B, and Grok-4. We gathered feedback
from 29 participants who were asked to rate the explanations across five dimensions. Details of
the participant demographics are presented in Figure 3.16. The age distribution (Figure 3.16a)
is skewed towards younger individuals (age 18-28). The pie charts detail the participants’ self-
reported expertise and professional profiles. Notably, there is an apparent discrepancy between the
two. While Figure 3.16b indicates that a large majority (58.6%) of participants considered their
knowledge to be ’Weak’, the profile breakdown in Figure 3.16c shows that the majority, 62.9%, fall
into ’Non-Expert’ categories, broken down as Student (44.4%) and Professional (18.5%). Results of
the evaluation are reported in Table 3.15.

Impact of LLM Scale on Narratives

To investigate the influence of the LLM scale on the quantitative metrics defined in Section 3.4.2,
we analyzed correlation values, namely, Spearman and Pearson. Across all configurations, a positive
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Factual Counterfactual

Core Facts and Classification Change
The factual graph represents a molecule classified as active (class 1) against
HIV in the AIDS dataset. The counterfactual graph modifies this molecule,
resulting in reclassification to inactive (class 0).  This shift implies that the
GNN model now predicts no inhibitory activity, likely due to reduced binding
affinity to HIV proteins such as reverse transcriptase. No explicit confidence or
probability values are provided in the graph data, but the binary flip from 1 to
0 suggests a decisive threshold crossing, potentially corresponding to a drop in
predicted binding free energy  (ΔG) of 2-5 kcal/mol, based on typical QSAR
models for HIV inhibitors where small structural tweaks can toggle activity.
High-Level, Non-Technical Summary
The original active molecule against HIV becomes inactive through two subtle
tweaks: one carbon atom in its core structure has its chemical properties
adjusted, making it less reactive, and a key bond linking another carbon to an
oxygen atom is severed, isolating that oxygen like a loose thread. These
changes reshape the molecule just enough to prevent it from latching onto the
virus's proteins effectively, turning a potential  drug candidate into a dud—
much like slightly bending a key so it no longer fits the lock.
Node Feature Changes
The only node with a modified feature is node 7, a carbon (C) atom. In the
factual graph, its "chem" attribute is 1.0, which likely encodes a standard sp3-
hybridized carbon with tetrahedral geometry,  typical for aliphatic chains in
organic molecules (Pauling electronegativity ~2.55, partial charge near 0, and
four valence electrons available for bonding, often with implicit hydrogens to
satisfy valence 4).  This configuration allows it to contribute to flexible,
hydrophobic regions that stabilize drug-protein interactions via van der Waals
forces. In the counterfactual graph, the "chem" drops to 0.0, suggesting a shift
to a less saturated or deactivated state—possibly mimicking
deprotonation, radical formation, or a change to sp2 hybridization (e.g., like in
an alkene or carbonyl precursor), reducing its electron density (partial charge
shift by ~0.1-0.2 e) and hydrogen-bonding potential. Carbon atoms like this are
backbone builders in drug molecules; altering their electronic properties
diminishes their role in pi-stacking or sigma-bond donations, which are vital
for HIV inhibitors that nestle into enzyme pockets. For node 7, connected to
nodes 6 (C), 8 (C), and 13 (C), this tweak could raise its local polarity,
increasing solvation entropy by ~5-10 J/mol·K and disrupting hydrophobic
collapse needed for active-site binding.  No other node features differ
meaningfully; charges remain unchanged across all nodes (e.g., node 15 N at
+1.0, node 16 N at -1.0, indicating a charged ammonium pair preserved for
ionic interactions), and atom types (labels) are identical. The widespread shifts
in x/y coordinates reflect a global conformational rearrangement—likely a
rotation or flip in 2D projection—but do not alter intrinsic node identities, akin
to the molecule adopting a higher-energy conformer with  torsional strain
increased by 1-3 kcal/mol, per rotational barriers in C-C bonds (~12 kcal/mol
for ethane-like).
Edge Changes (Bond Modifications)
The sole edge difference is the removal of the bond between node 8 (C) and
node 11 (O) in the counterfactual graph. In the factual graph, this is a C-O
single bond (edge [8,11]), with node 11 as a terminal oxygen  (degree 1,
chem=2.0 indicating oxygen's high electronegativity ~3.44 and dual lone pairs
for hydrogen bonding). Such C-O bonds, with dissociation energy ~85
kcal/mol (comparable to ethers or alcohols), often represent hydroxyl (-OH) or
ether  linkages in pharmaceuticals, enabling the oxygen to act as a hydrogen-
bond acceptor (strength ~5-10 kcal/mol per bond) that "glues" the molecule to
polar residues like serine or asparagine in HIV reverse transcriptase's active
site. Removing this bond isolates node 11 (no connections in counterfactual),
effectively detaching a functional group and shortening the molecule by ~1.43
Å (typical C-O length). This breaks the structural integrity,  shifting node 8's
hybridization (from sp3 to potentially planar sp2, exposing pi-orbitals) and
altering the chain's flexibility—reducing rotational entropy by ~4-6 cal/mol·K
and raising the energy barrier for conformational selection (from ~2 kcal/mol
to 5-7 kcal/mol, per induced-fit models). In the "key and lock" analogy, this
severs a critical prong on the key, misaligning the molecule in the  protein
pocket and weakening overall binding (ΔG penalty ~3-6 kcal/mol), as the lost
oxygen can no longer form the 2-3 hydrogen bonds typical in active HIV
inhibitors. No edges are added; the rest of the graph (e.g., the N-heterocycle
around  nodes 5,9,14-16 and the aliphatic tail from 19-38) remains intact,
preserving core scaffold but compromising peripheral interactions.
Coherent Causal Narrative
Starting from the factual active molecule, a protease or reverse transcriptase
inhibitor with a polar head (oxygens at 0,11,12,18,20,32) and charged tail (N+
at 15, N- at 16), the GNN predicts efficacy because the C8-O11 bond positions
the oxygen for hydrogen bonding to the enzyme's Gln or Asn residues, while
node 7's standard  carbon (chem=1.0) maintains a hydrophobic linker that
threads through the pocket without steric clash. By deactivating node 7's chem
to 0.0, electron withdrawal reduces its nucleophilicity, subtly polarizing nearby
bonds (e.g., C6-C7 lengthens by ~0.02 Å due to weakened sigma overlap) and
increasing the molecule's overall dipole moment by ~1-2 Debye, which favors
aqueous solvation over protein burial—tying into physical chemistry where
higher polarity boosts entropy but cuts enthalpy-driven binding. Compounding
this, severing the C8-O11 bond orphans the oxygen, collapsing a local loop and
enforcing a rigid, extended conformation (via loss of ~60° rotational
freedom),  which misorients the charged N-pair away from the catalytic site.
This dual hit—electronic tweak plus structural break—cascades to halve
hydrogen-bond sites (TPSA drops ~20 Å²), elevate lipophilicity (logP rises
~0.3),  and inflate van der Waals clashes, ultimately flipping activity by
preventing the induced-fit docking essential for HIV inhibition.
Interdisciplinary, this echoes how entropy penalties in confined enzyme
pockets (e.g., ~TΔS = 0.6 kcal/mol at 300K) amplify small changes into total
failure, as seen in clinical analogs like altered AZT derivatives.

The graph classification changed from Factual Class 1 to Counterfactual Class
0. 

Regarding node attribute modifications: for Node 0, attribute 'x' changed from
16.33 to -11.32; for Node 1, attribute 'x' changed from 17.14 to -2.61; for
Node 2, attribute 'x' changed from 17.95 to -0.44; for Node 3, attribute 'x'
changed from 17.64 to -2.2; for Node 4, attribute 'x' changed from 16.64 to
-1.07; for Node 5, attribute 'x' changed from 17.14 to -8.85; for Node 6,
attribute 'x' changed from 18.01 to -9.82; for Node 7, attribute chem
changed from 1.0 to 0.0; for Node 8, attribute y changed from -4.99 to
4.23; for Node 9, attribute 'x' changed from 16.28 to -8.35; for Node 10,
attribute 'x' changed from 16.28 to -9.48; for Node 11, attribute y changed
from -5.99 to 5.31; for Node 12, attribute 'x' changed from 15.41 to
-8.66; for Node 13, attribute y changed from -4.99 to 5.97; for Node 14,
attribute 'x' changed from 18.23 to -14.95; for Node 15, attribute 'x' changed
from 19.22 to -3.95; for Node 16, attribute 'x' changed from 20.22 to
-16.78; for Node 17, attribute 'x' changed from 16.05 to -6.72; for Node
18, attribute 'x' changed from 15.06 to -6.66; for Node 19, attribute 'x'
changed from 14.47 to -7.34; for Node 20, attribute 'x' changed from 14.88
to -0.86; for Node 21, attribute 'x' changed from 13.48 to -10.31; for Node
22, attribute 'x' changed from 12.89 to -9.85; for Node 23, attribute 'x'
changed from 11.9 to -10.73; for Node 24, attribute 'x' changed from 11.31
to -6.09; for Node 25, attribute 'x' changed from 10.31 to -3.38; for Node
26, attribute 'x' changed from 9.73 to -3.72; for Node 27, attribute 'x'
changed from 8.73 to -2.6; for Node 28, attribute 'x' changed from 8.14 to
-0.34; for Node 29, attribute 'x' changed from 7.15 to -4.12; for Node 30,
attribute y changed from 4.58 to -2.05; for Node 31, attribute y changed
from 4.47 to -1.2; for Node 32, attribute y changed from 5.28 to -0.89;
for Node 33, attribute y changed from 5.18 to -1.62; for Node 34, attribute y
changed from 4.26 to -2.08; for Node 35, attribute y changed from 4.16 to
-2.77; for Node 36, attribute y changed from 4.97 to -2.79; for Node 37,
attribute y changed from 5.88 to -4.28; and for Node 38, attribute y changed
from 5.99 to -4.5.

In terms of edge modifications, the edge connecting Node 8 and Node 11 was
removed.

Analyzing the Differences Between the Factual and Counterfactual
Graphs
Core Facts and Classification Change
The factual graph is classified as active (class 1) against HIV, while the
counterfactual graph is classified as inactive (class 0).\n\n#### 
High-Level Summary
The molecule was reclassified from active to inactive by modifying the
chemical properties of several atoms and altering some of the chemical bonds
within the molecule. These changes disrupted the molecule's structure, making
it less effective at binding to the target protein.
Detailed Analysis of Graph Changes
Node Feature Changes
- **Node 7**: The chem attribute changed from 1.0 to 0.0. This indicates a
change in the electronic properties of the carbon atom, potentially affecting its
ability to participate in hydrogen bonding or other interactions.
- **Node 8**: The chem attribute changed from 1.0 to 1.0 but its position and
connections suggest a significant shift in its role within the molecule. This
change likely altered its contribution to the overall molecular structure and
function.
- **Node 11**: The chem attribute remained 2.0, but its position shifted
significantly, indicating a relocation of the oxygen atom. This change could
affect hydrogen bonding capabilities and disrupt the molecule's shape.
- **Node 37**: The chem attribute changed from 1.0 to 1.0, but its position
and connections indicate a substantial alteration in its role. This change may
have affected its interaction with neighboring atoms.
Edge Additions/Removals
**Edge Removals**: Several edges were removed, notably between nodes 7
and 8, and between nodes 11 and its previous connections. These removals
signify broken chemical bonds, which fundamentally alter the molecule's 3D
structure.\
**Edge Additions**: New edges were added between nodes that previously
had no direct connection, such as between nodes 37 and its new neighbors.
These additions suggest the formation of new bonds, further altering the
molecule's shape and flexibility.
Coherent Causal Narrative
The molecule was initially classified as active because its structure allowed it
to effectively bind to the target protein. However, when we modified the
chemical properties of nodes 7 and 8, and relocated node 11, the molecule's
shape became distorted. Additionally, breaking bonds between nodes 7 and 8,
and forming new ones around node 37, disrupted the molecule's ability to fit
into the protein's active site. These structural changes prevented the molecule
from interacting properly with the protein, leading to a reclassification as
inactive.

Grok-4 Response Qwen2.5-14B
Response Baseline Response

Figure 3.13: Narrative explanations for a GNNExplainer counterfactual on a sample from the AIDS dataset,
as generated by Grok-4, Qwen2.5-14B, and a baseline model.
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Figure 3.14: Top: Results for the Cora dataset using CF-GNNExplainer. Bottom: Results for the Cora
dataset using CF-GNNFeatures. The plots have a broken x-axis using a log scale.
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Figure 3.15: Top: Results for the Citeseer dataset using CF-GNNExplainer. Bottom: Results for the
Citeseer dataset using CF-GNNFeatures. The plots have a broken x-axis using a log scale.

correlation emerges between model size and metric scores, with strong Spearman rank correlations
(rs ∈ [0.67, 0.95]) indicating monotonic improvements, while Pearson correlations (ρ ∈ [0.24, 0.90])
reveal a non-linear relationship, suggestive of diminishing returns at extreme scales. For the AIDS
dataset (Figure 3.11) in graph classification, the plots for FTC, CTC, NDIFF, and EDIFF demon-
strate robust scaling effects, particularly pronounced for structural metrics. FTC and CTC exhibit
moderate correlations (FTC: ρ = 0.57, rs = 0.75; CTC: ρ = 0.52, rs = 0.73). NDIFF exhibits
weaker linearity (ρ = 0.33, rs = 0.78), with small models near 0 and large models at 0.6-0.8, in-
dicating improved detection of perturbed nodes as the scale increases. Notably, EDIFF yields the
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Figure 3.16: Demographics of the 29 participants in the human evaluation study. Figure (a) shows the
age distribution, (b) the self-reported expertise level, and (c) the distribution of participant profiles.

highest Pearson correlation across all plots (ρ = 0.90, rs = 0.84). Shifting to node classification,
in the Cora dataset (Figure 3.14), the correlations are consistent but vary by explainer. Using CF-
GNNExplainer, Spearman values range from 0.78 (TNI) to 0.86 (FTNF), and Pearson ρ from 0.33
(TNI) to 0.65 (CFTNN), showing strong monotonicity but moderate linearity. Small models cluster
below 0.4 on TNI and CCI, with outliers like DeepSeek (0.5B) near 0.1, while large models exceed
0.9, particularly on feature metrics (FTNF: ρ = 0.53, rs = 0.86; CFTNF: ρ = 0.62, rs = 0.83). The
structure-focused CFTNN metric displays the highest Pearson value (0.65), suggesting scale aids
in articulating neighbor changes on Cora’s dense citations. With CF-GNNFeatures, correlations
strengthen for features (FTNF: ρ = 0.74, rs = 0.95 among the highest Spearman values), though
TNI and CCI show lower Pearson values (0.27 and 0.30), with rs at 0.67-0.74. Finally, also CFTNF
(ρ = 0.57, rs = 0.85) and CFTNN (ρ = 0.46, rs = 0.90) show positive correlation. On the CiteSeer
dataset (Figure 3.15), patterns mirror those of Cora, but with nuanced differences such as lower
average Pearson values. In Tables 3.16 and 3.17, it is possible to see the statistical significance anal-
ysis for the correlation values. These results confirm that larger LLMs improve explanation quality
through superior reasoning and contextual understanding, with feature perturbations benefiting
most from scaling. The divergence in correlation types highlights non-linear dynamics, warrant-
ing future explorations into fine-tuning for optimal efficiency in graph-to-text XAI tasks. For a
discussion about the intrinsic limitations in the evaluation phase, see Section 3.4.4.

Table 3.16: Statistical significance analysis for correlations on the AIDS dataset (graph classification
task). The table reports the p-values for the correlation between language model size and quantitative
metrics, derived from counterfactuals identified by GNNExplainer. Both Pearson (linear) and Spearman
(monotonic) correlations are presented, calculated using a sample of n = 15 models. Bold values indicate
statistical significance at the p ≤ 0.05 level.

Correlation FTC CTC NDIFF EDIFF

Pearson 0.027 0.047 0.230 <0.001
Spearman 0.001 0.002 <0.001 <0.001

Feasibility

To evaluate the practical viability of our approach, we measured the computational overhead in
terms of inference latency and power consumption. The results, detailed in Table 3.18, confirm
that generating counterfactual narratives with LLMs is feasible across a range of model scales.
Analysis of inference times for locally-run models reveals a non-monotonic relationship between

92



3.4. Graph Counterfactual Narratives

Table 3.17: Statistical significance analysis for correlations on the Cora and CiteSeer datasets (node
classification task). The table presents p-values for the correlation between model size and quality metrics,
distinguishing between explanations based on CF-GNNExplainer and CF-GNNFeatures modifications. The
analysis is based on counterfactuals generated by GNNExplainer (with n=15 models). Bold values are
significant at the p ≤ 0.05 level.

Dataset Change Type Correlation TNI CCI FTNF CFTNF CFTNN

Cora
CF-GNNExplainer Pearson 0.230 0.092 0.042 0.014 0.009

Spearman <0.001 <0.001 <0.001 <0.001 <0.001

CF-GNNFeatures Pearson 0.330 0.277 0.002 0.027 0.084
Spearman 0.006 0.002 <0.001 <0.001 <0.001

CiteSeer
CF-GNNExplainer Pearson 0.389 0.330 0.058 0.021 0.119

Spearman <0.001 <0.001 <0.001 <0.001 <0.001

CF-GNNFeatures Pearson 0.349 0.369 <0.001 0.014 0.110
Spearman 0.001 <0.001 <0.001 <0.001 <0.001

model size and latency, with the DeepSeek-7B model, for instance, showing higher latency than its
14B counterpart. The Grok-4 model’s latency, which includes network overhead due to its API-based
access, was competitive on node classification tasks but increased substantially on the more complex
graph classification task (it must be taken into account that Grok-4 runs on high-end proprietary
hardware). Highlighting the trade-off between performance and speed, the Qwen2.5-3B model
emerged as a balanced option, frequently achieving the lowest inference times (e.g., 3.0s on AIDS)
while maintaining strong explanation quality. In terms of energy efficiency, power consumption
for local models generally scaled inversely with model size. The Qwen2.5 family was particularly
noteworthy, with the 0.5B variant establishing a lower bound for power draw (150-170W) and the
3B model offering an exceptional balance of low latency and modest power consumption (240W).
Power consumption data for Grok-4 is unavailable as it was accessed via a web API. These findings
underscore that a spectrum of viable options exists. For applications where real-time performance
is critical, lightweight models like Qwen2.5-3B offer a compelling blend of speed and quality. For
scenarios where explanation fidelity is paramount, larger models remain a practical choice, with
API-based access presenting an alternative to local deployment.

Table 3.18: Inference Time (in seconds) and Power Consumption (in Watts) for each model, dataset, and
explainer. The best result in each column (lower is better) is highlighted in bold.

Cora Citeseer AIDS

CF-GNNFeatures CF-GNNExplainer CF-GNNFeatures CF-GNNExplainer GNNExplainer

Model Size Time ↓ Watts ↓ Time ↓ Watts ↓ Time ↓ Watts ↓ Time ↓ Watts ↓ Time ↓ Watts ↓

DeepSeek

14B 17.3±0.3 321.8±0.3 17.5±0.3 315.8±0.4 18.5±0.3 326.4±0.8 14.0±1.3 312.9±2.0 16.9±0.6 324.1±0.3
7B 25.5±0.8 331.2±0.5 20.0±0.6 319.4±0.7 24.9±0.5 331.3±0.4 25.1±0.8 319.4±0.1 28.8±0.9 329.2±0.4
3B 11.1±0.3 319.6±0.2 12.6±0.5 313.8±0.5 9.6±0.3 326.0±0.3 7.7±0.2 313.5±1.0 14.6±0.6 322.7±0.5
1.5B 9.2±0.4 285.5±0.3 11.9±0.5 274.3±0.0 8.7±0.4 286.6±0.1 14.2±0.0 267.0±2.4 9.5±0.4 281.9±0.8

Grok-4 1700B 13.8±0.4 n.a. 14.9±0.5 n.a. 14.9±0.5 n.a. 11.8±0.4 n.a. 39.0±1.2 n.a.

Llama-3.1 8B 12.7±0.5 331.7±0.1 13.6±0.5 318.5±0.5 14.1±0.6 331.7±0.2 11.2±0.5 319.4±0.3 17.3±0.7 324.0±6.7
1B 6.7±0.2 291.2±0.3 2.6±0.1 276.2±0.7 6.0±0.2 290.3±0.4 9.1±0.4 276.3±0.4 8.4±0.3 291.0±0.7

Llama-3.2 3B 4.7±0.2 316.2±0.4 6.1±0.2 304.7±0.2 4.9±0.2 316.7±0.4 6.4±0.3 304.0±0.4 6.6±0.4 309.8±7.3

Mistral-v0.3 7B 11.4±0.3 327.1±0.4 10.4±0.3 314.1±2.1 13.5±0.4 327.6±0.3 12.5±0.4 313.5±3.1 11.6±0.4 324.8±4.9

Phi-3.5 3B 17.2±0.5 313.9±0.2 20.6±0.8 303.7±0.3 17.9±0.7 313.6±0.7 12.2±0.0 302.3±0.6 17.3±0.1 315.3±0.6

Qwen2.5

14B 8.7±0.1 329.1±0.3 9.6±0.2 315.7±0.1 9.3±0.2 329.8±0.2 9.6±0.1 314.8±0.1 15.1±0.3 329.3±0.6
7B 4.8±0.2 311.1±0.4 4.7±0.0 297.2±0.5 5.4±0.1 311.7±0.0 5.1±0.4 294.4±1.1 5.5±0.1 309.5±1.0
3B 3.5±0.1 248.1±0.6 3.8±0.1 235.1±0.5 4.4±0.1 248.0±0.2 4.5±0.1 236.0±0.4 3.0±0.1 247.0±0.3
1.5B 6.6±0.3 214.2±0.9 5.9±0.3 204.4±1.8 6.2±0.1 217.1±0.5 8.0±1.8 197.1±7.9 8.0±1.0 206.8±2.5
0.5B 8.6±0.2 162.8±0.9 8.1±1.0 146.2±1.2 7.8±0.2 172.0±0.3 9.4±0.3 148.1±0.8 10.1±0.2 157.5±0.7
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3.4.4 Limitations

It is important to contextualize our findings by acknowledging the limitations of our research
methodology and experimental setup. In this section, we discuss the constraints that influenced
our work, which fall into two main categories: first, the hardware and model access limitations that
shaped our experimental design; and second, the reduced scale of our human evaluation. These
factors should be considered when interpreting our results, as they offer clear avenues for future
work.

Hardware and Models

A primary limitation of our study stems from hardware constraints. Our experiments were con-
ducted on a workstation equipped with an NVIDIA RTX 4090 GPU, which has 24GB of VRAM.
While sufficient for models up to 14 billion parameters (using GPTQ Int-4 quantization), this
hardware setup prevented us from locally running larger open-source models. The graph encoding
methodology (Fatemi et al. [62]), which translates graph structures into a textual format, takes a
significant number of tokens. For models exceeding the 14B scale, the memory required to process
these extensive context lengths surpasses the available 24GB of VRAM.

This hardware limitation also led to a gap in our analysis, as we transitioned directly from 14B-
parameter models to a 1.7T-parameter model (using it via API). The associated monetary costs
for running our full suite of experiments on models ranging from 32B up to Grok-4-like sizes were
prohibitive. Among the closed-source models available, we selected Grok-4 as our representative
for very large models primarily because it offered the most economical API access among its peers,
allowing us to include a data point from this model scale.

Furthermore, these computational constraints necessitated a reduction in the scope of our ex-
perimental validation. Our methodology was evaluated using a limited number of datasets (three in
total) and GNN explainers (also three in total). While the latter is a minor point, as our framework
is designed to be explainer-agnostic, a broader validation would increase confidence in its generaliz-
ability. Additionally, to maintain computational tractability, our quantitative results were averaged
over only three random seeds. A comprehensive evaluation across more datasets, additional ex-
plainers, and a greater number of seeds was computationally infeasible due to the extensive time
required on the available hardware.

Human Evaluation

Another limitation lies in the scope of our human evaluation. The sample size for our user studies
was relatively small, consisting of 23 participants for the first test and 29 for the second. This was a
consequence of relying on a pool of unpaid volunteers. While the feedback gathered provides valuable
preliminary insights, the small and potentially homogeneous sample may not be representative of a
broader user population. Therefore, the findings from the human evaluation should be considered
indicative rather than definitive, and further studies with a larger, more diverse group of participants
would be necessary to validate and generalize these results.
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3.4.5 Practical Implications

The proposed framework for generating natural language narratives using LLMs holds significant
promise for enhancing interpretability and transparency in graph-based machine learning models.
This approach has several practical implications across a wide range of domains that utilize complex
graph structures. These include not only broad areas such as cybersecurity and social network
analysis, but also more specific, high-stakes applications, such as financial services (e.g., fraud
detection and credit scoring), personalized recommendation systems, and biomedical research. For
instance, our experiments on the AIDS dataset demonstrate a direct application in drug discovery,
where explaining a model’s prediction about a molecule’s antiviral activity is crucial.

A core benefit of our method is its ability to translate complex, structured counterfactuals into
accessible narratives, thereby bridging the gap between algorithmic outputs and human compre-
hension. This makes the decision-making process of a model transparent to a diverse range of
stakeholders, including business managers, medical practitioners, policymakers, and end-users. By
verbalizing ’what-if’ scenarios, the framework can foster greater trust and user engagement with AI
systems, moving beyond opaque predictions to provide clear and actionable insights.

Furthermore, the framework directly addresses the growing need for regulatory compliance.
Mandates such as the European Union’s General Data Protection Regulation (GDPR), which es-
tablishes a ‘right to explanation’, and the upcoming EU Artificial Intelligence Act, require AI
systems in high-risk settings to be explainable. Our method provides a concrete solution by gen-
erating explanations that are not only technically sound and faithful to the source counterfactual
but also easily interpretable by auditors and users, thus aiding compliance with legal and ethical
standards.

Beyond its conceptual value, our work also establishes the operational viability of this approach.
The feasibility analysis presented in Section 4.8 demonstrates a clear trade-off between explanation
fidelity and computational cost, offering a spectrum of deployable options. For applications where
real-time performance is critical, relatively small and efficient models like Qwen2.5-14B offer a
compelling blend of speed and quality. Conversely, for scenarios where maximal explanation fidelity
is paramount, larger models remain a practical choice, with API-based access presenting a viable
alternative to local deployment. This flexibility ensures that our framework can be adapted to
different operational constraints and business needs.

In summary, our framework offers a comprehensive solution for making complex graph-based
models more transparent and trustworthy. It enhances the utility of counterfactuals, transforming
them into powerful tools for model evaluation, debugging, and refinement, thereby enabling the
broader and more responsible adoption of AI technologies in critical, high-stakes domains.

3.4.6 Conclusion and Future Work

In this work, we introduced a novel framework for generating natural language narratives for graph-
based machine learning models by leveraging the generative capabilities of state-of-the-art LLMs.
Our method addresses a key limitation in the current literature: the absence of intuitive, accessible
explanations for GNNs, whose predictions often rely on intricate structural dependencies that are
difficult to interpret. By translating raw counterfactual examples into coherent textual narratives,
our approach enhances the transparency and interpretability of GNN-based models for end-users.

95



3.4. Graph Counterfactual Narratives

We demonstrated the generality and flexibility of our framework across multiple graph counter-
factual explanation methods, tasks, and datasets, showing that it is model-agnostic and does not
rely on any specific counterfactual generator. To assess the effectiveness of the generated expla-
nations, we introduced a set of novel evaluation metrics that capture both semantic fidelity and
graph-structure awareness. We further validated our results through human evaluation. Notably,
the experiments were conducted using both open-source and closed-source LLMs, without any task-
specific fine-tuning, which highlights the practicality and scalability of the proposed solution.

In summary, our contributions mark a meaningful step toward bridging the gap between complex
graph-based counterfactuals and human-centered interpretability, thereby promoting more transpar-
ent, trustworthy, and user-aligned machine learning systems in graph domains.

Looking ahead, future work could explore several promising directions to build upon our findings.
One key area is the integration of more sophisticated generation techniques beyond direct prompt-
ing, such as fine-tuning LLMs on domain-specific corpora to produce more contextually aware and
accurate explanations. Another exciting avenue involves employing multi-agent systems, where dif-
ferent specialized LLM agents could collaborate: for instance, one agent could analyze structural
graph modifications, another could interpret feature changes, and a third “narrator” agent could
synthesize these distinct analyses into a single, coherent narrative. Finally, further research into
advanced graph encoding methods is warranted. Developing novel graph-to-text serialization tech-
niques that more effectively capture complex topological properties and semantic relationships could
significantly reduce information loss during the translation process, thereby enhancing the LLM’s
underlying understanding of the graph dynamics and leading to even more faithful and insightful
explanations.
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Chapter 4

Explainable AI Beyond Graphs

4.1 Introduction

Modern AI systems are increasingly deployed in settings where decisions must be both accurate and
understandable. Much of this thesis has examined explainability in graph-structured domains; here
we step beyond graphs and ask a broader question: can explanation be made actionable for both
learning and communication, so that models generalize better and people actually understand why
a prediction changes?

The first section of this chapter reframes counterfactuals not only as a way to interpret a trained
model, but as a signal that can shape the model during training. Intuitively, if very small perturba-
tions are enough to flip a prediction, the decision boundary may be overly contorted and the model
prone to overfitting. We turn this intuition into a training principle by encouraging a margin between
each instance and its nearby counterfactuals. In practice, this takes the form of a counterfactual-
aware penalty that rewards decision boundaries that remain stable under small, meaningful changes
to the inputs. An appealing by-product is that counterfactuals generated during learning can later
be reused at test time, amortizing the cost of explanation rather than incurring it post hoc.

The second section addresses a different, but equally practical gap: explanations must be read-
able. Raw feature changes rarely suffice for end users, who need short, precise narratives that say
what changed, why it mattered, and how those changes interact. To meet this need, we adopt a draft-
and-refine approach that produces multiple candidate narratives and then synthesizes them into a
single, coherent explanation. The design favors small, efficient language models guided by larger
teachers, balancing quality with computational cost. Alongside this, we employ simple, objective
checks of faithfulness, namely, verifying that the narrative matches the factual and counterfactual
values, together with human judgments of clarity and usefulness.

Taken together, these two lines suggest a view of explainability that is both for the model and for
the human. Counterfactuals become a tool to regularize learning in data-relevant directions, while
narrative refinement turns technical changes into concise, trustworthy stories. The result is an XAI
toolkit that travels well beyond graphs: it helps models resist overfitting, helps people understand
outcomes, and does so with attention to efficiency and real-world constraints. This chapter draws
on and consolidates material from [76, 77]
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4.2 Regularization via Counterfactual Explanations

One of the key challenges in machine learning is developing models that can generalize their pre-
dictions to new, unseen data beyond the scope of the training set. When the predictive accuracy
of a model on the training set far exceeds that on the test set, this indicates a phenomenon known
as overfitting. In general, the impact of overfitting is more pronounced for highly complex models,
such as deep neural networks with billions of parameters. To compensate for the risk of overfitting,
these models require massive amounts of training data, which may not always be feasible.

Therefore, several strategies have been proposed in the literature to mitigate the problem of
model overfitting. Among these, early stopping interrupts the training phase before the model
starts learning the noise in the data rather than the actual underlying input/output relationship.
Furthermore, data augmentation is a technique that artificially increases the training set. For
example, in the context of image data, this can include applying translation, flipping, and rotation
transformations to input samples. Finally, regularization is a collection of training/optimization
techniques that try to eliminate irrelevant factors by assessing the importance of features, preventing
minor input changes from causing significant output variations.

In this work, we present a novel perspective on model overfitting, establishing a connection with
the ability to generate counterfactual examples [195]. The notion of counterfactual examples has
been successfully used, for instance, to attach post-hoc explanations for predictions of individual
instances in the form: “If A had been different, B would not have occurred ” [176]. Generally, finding
the counterfactual example for an instance resorts to searching for the minimal perturbation of the
input that crosses the decision boundary induced by a trained model. This task reduces to solving
a constrained optimization problem.

In the presence of a strong degree of model overfitting, the decision boundary learned becomes a
highly convoluted surface, up to the point where it perfectly separates every training input sample.
Therefore, each data point, on average, is “closer” to the decision boundary, making it easier to
find the best counterfactual example. The intuition behind this claim is depicted in Figure 4.1 and
grounded in the theoretical foundations of margin theory [208].

Following this idea, we introduce a novel counterfactual regularization term in the training
loss that controls overfitting by enforcing a margin between each instance and its hypothetical
counterfactual.

4.2.1 Related Work

Model Overfitting

Several strategies have been proposed in the literature to reduce the effects of overfitting, which can
be broadly categorized as follows.

Early Stopping. This strategy aims to mitigate the phenomenon known as “learning speed slow-
down.” This issue occurs when the accuracy of a model ceases to improve or even worsens due
to noise-learning. The concept has a long history, dating back to the 1970s in the context of the
Landweber iteration [161]. It has since been widely adopted in iterative algorithms, particularly for
training deep neural networks in combination with backpropagation [31].

Data Augmentation. The more complex the model, the higher the number of parameters that
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(a) No overfitting (b) Overfitting

Figure 4.1: Distance between an input data point (x) and its counterfactual example (x̃): On average,
this may be higher for a well-trained model (a) than an overfitted model (b).

need to be learned. Therefore, the size of the training set must be adequate to avoid overfitting.
Data augmentation techniques play a crucial role in enhancing model generalization across various
domains, including pattern recognition and image processing. These techniques aim to expand
existing datasets to generate additional data. Typically, four main approaches are employed [111,
178, 219]: (i) acquiring new data, (ii) introducing random noise to the existing dataset, (iii)
reprocessing existing data to produce new instances, and (iv) sampling new data based on the
distribution of the existing dataset.

Regularization. An overfitting model tends to incorporate all available features into its decision-
making process, even those with minimal impact or that are simply noise. To address this issue,
there are two main approaches: (i) Feature selection, where only the most relevant features are
retained, discarding those deemed irrelevant; (ii) Feature regularization, which involves minimizing
the influence of less important features by reducing their weights in the model. However, since
identifying useless features can be challenging, regularization techniques work by applying a penalty
term, or “regularizer”, to the objective function. This penalizes complex models, encouraging simpler
and more generalizable solutions. For example, L1 (“Lasso”) and L2 (“Ridge”) regularization, which
add the L1-norm and L2-norm of the learned parameter as a penalties, respectively, are commonly
adopted in linear regression. Furthermore, Dropout is a popular technique to combat overfitting
in neural networks. This approach randomly drops units and relevant connections from the neural
network during training to prevent co-adaptation [203].

Unlike existing regularization techniques, which either aim to reduce the magnitude of the
learned model’s weights (such as Lasso and Ridge) or randomly deactivate certain parameters
(such as Dropout), our penalty term is inherently data-driven. In other words, the counterfactual
regularization we introduce (CF-Reg) is computed directly from the training observations, making
it highly tailored to the specific dataset under consideration.

Adversarial Training. Adversarial training is another strategy that can be adapted to miti-
gate overfitting. Notably, [134] [134] proposed a min-max optimization framework that enhances
model robustness by training against adversarial examples generated via Projected Gradient Descent
(PGD). This approach serves as an effective form of regularization, as it discourages the learned
model from depending on non-robust or spurious patterns [177].
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Counterfactual Examples

Counterfactual examples have gained significant attention in machine learning due to their utility
in various applications, including model explainability and robustness.

Explainability. Counterfactual explanations offer valuable insights into model predictions by pro-
viding alternative scenarios under which the prediction would change [195]. Several studies have
explored the use of counterfactual examples to enhance the interpretability of complex machine
learning models, such as ensembles of decision trees [126, 186, 188] and deep neural networks
(DNNs) [121], including graph neural networks (GNNs) [40, 129]. Counterfactual instances may
elucidate the underlying decision-making process of black-box models, enhancing trust and trans-
parency [43, 81, 109, 146].

Robustness. Counterfactual examples have also been leveraged to enhance the robustness of
machine learning models against adversarial attacks [26]. Indeed, there is a strict relationship
between adversarial and counterfactual examples [68], although their primary goals are divergent.
While both adversarial and counterfactual examples involve perturbing input data to influence
model predictions, adversarial examples are crafted to jeopardize the model, whereas counterfactual
examples are generated to understand the model’s behavior. By generating instances that are
semantically similar to the original input but induce different model predictions, He et al. [92]
enhance model robustness against adversarial perturbations.

Recent work has explored the use of generative models to produce realistic counterfactual in-
stances for data augmentation and model refinement [69, 93], highlighting the potential of counter-
factual reasoning in generative modeling tasks [125].

To the best of our knowledge, however, this is the first study to link counterfactual examples to
model generalization and to employ them as the cornerstone of a new regularization strategy.

4.2.2 Background and Preliminaries

Let fθ : X 7→ Y denote a predictive model parameterized by a set of (learnable) weights θ ∈ Θ that
takes an input x ∈ X ⊆ Rn and maps it to an output y ∈ Y.

In the standard supervised learning setting, the optimal weights (θ∗) are found by minimizing
a specific loss function (L) computed on a training set (D) of m i.i.d. labeled instances, D =

{(xi, yi)}mi=1.

θ∗ = argmin
θ

{
L(θ;D)

}
= argmin

θ

{
1

|D|

m∑
i=1

ℓ(fθ(xi), yi)

}
. (4.1)

Here, ℓ represents an instance-level error between the model’s prediction for a given input (xi) and
its corresponding actual label (yi), such as cross-entropy (for classification tasks) or mean squared
error (for regression tasks).

Furthermore, we assume to have available a counterfactual generator model gψ : X 7→ X , for the
predictive model fθ, that takes as input a data point x and produces as output its corresponding
(optimal) counterfactual x̃∗.

This typically requires solving a constrained objective as follows:
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gψ(x) = x̃∗ = argmin
x̃∈X

δ(x, x̃)

s.t.: fθ(x) ̸= fθ(x̃).

(4.2)

Here, δ : X ×X 7→ R≥0 is a function that measures the distance between the original input data
point and its counterfactual. In practice, δ often computes the L1- or L2-norm of the displacement
vector between the original and the counterfactual example.

In general, for a given input x, there could be several, possibly infinitely many valid counterfac-
tuals: x̃1, x̃2, . . . In this work, a valid counterfactual is considered as any instance x̃ that crosses the
decision boundary induced by fθ, i.e., where fθ(x) ̸= fθ(x̃). More refined notions of validity are also
conceivable, such as those entailing the plausibility of the generated counterfactual, which assesses
whether the counterfactual example is indeed realistic. For example, suppose we have trained an
image classifier to distinguish between birds and rabbits. In this context, a plausible (and valid)
counterfactual for a rabbit must be an image resembling a bird. However, for the purpose of this
work, we are only interested in characterizing the ability to find a valid counterfactual and relating
this to the degree of model overfitting, regardless of its plausibility.

Formally, let x ∈ X be an input sample, fθ a trained model, δ : X × X 7→ R≥0 a distance
function, and ε ∈ R>0 a fixed threshold. We consider an ε-valid counterfactual example (ε-VCE)
for x any x̃ ̸= x, such that fθ(x) ̸= fθ(x̃) and δ(x, x̃) ≤ ε.

4.2.3 Impact of Counterfactual Examples on Model Generalizability

Intuitive Perspective

We consider a training set D = {(xi, yi)}mi=1 ofm i.i.d. labeled instances, as introduced above. Then,
suppose this dataset is used to train a sequence of k different models (fθ0 , fθ1 , . . . , fθk−1

). Each
model fθi is associated with a training accuracy αi (calculated on D), such that α0 < α1 < . . . <

αk−1, where fθ0 indicates the random baseline model and fθk−1
is the dummy model that simply

memorizes the entire training set and, therefore, achieves the perfect training accuracy (αk−1 = 1).1

We claim that for a fixed positive threshold ε > 0, the expected fraction of training points
for which we can find an ε-valid counterfactual example is positively correlated with the training
accuracy of the model. In other words, given two trained models fθi and fθj , where i > j, whose
training accuracies are αi > αj , we expect to find, on average, more ε-valid counterfactual examples
for fθi .

This intuition stems from the idea that a model with a higher training accuracy tends to have a
more intricate decision boundary surface, which captures all the nuances of the training data more
precisely. Consequently, data points are, on average, closer to such a convoluted decision boundary,
making it easier to cross it and thus to find valid counterfactual examples within a distance of ε.

In essence, a model for which finding counterfactual examples is “too easy” may indicate a risk of
overfitting. Thus, a trade-off must exist between the model’s generalizability and its counterfactual
explainability, which we aim to investigate further in this study.

1In practice, the sequence of k models may correspond to intermediate checkpoints saved at various training
epochs.
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Theoretical Motivation

The intuition outlined above is supported by a well-established theoretical foundation rooted in
classical margin theory. Statistical learning theory tells us that a model’s generalization error can
be bounded using empirical margin distributions [116]. A prominent example is the support vector
machine (SVM), which explicitly maximizes the minimum margin on linearly separable datasets.

Interestingly, margin maximization is not exclusive to SVMs. Soudry et al. [174] show that
gradient descent applied to logistic regression on linearly separable data implicitly maximizes the
minimum margin, thereby mirroring the behavior of SVMs. This implicit bias toward margin
maximization has also been observed in more complex models, including deep neural networks
[83, 105].

Building on these insights, Wu et al. [208] uncover an intriguing trade-off between the minimum
and average margins, where the latter is defined as the average distance of training examples
to the decision boundary. Specifically, they show that optimizing for a larger minimum margin
can unintentionally reduce the average margin, thereby increasing the model’s vulnerability to
adversarial examples. For the same reason, as training progresses and the average distance between
data points and the decision boundary decreases, it becomes easier to identify a valid counterfactual
example within a fixed perturbation radius ε.

To further validate this claim, Figure 4.2 shows the empirical distribution of margin distances
computed from all training points in the Water dataset [107] at different training epochs of a logistic
regression model. We notice that, at initialization (epoch 0), the distribution is relatively uniform,
with a higher average margin distance of 0.754. As training progresses, the distribution of distances
to the classifier’s boundary becomes increasingly right-skewed, concentrating more of the mass near
lower margin values. By epoch 8,000, the average margin distance drops to 0.202.

Figure 4.2: Evolution of the empirical distribution of margin distances for training data points in the
Water dataset across different training epochs of a logistic regression model. As the training progresses, the
average margin distance decreases.

Estimating Counterfactual Probability

In this section, we formally characterize what we mean by the ease of finding an ε-valid counterfac-
tual example for a given data point and, therefore, for a full training set of data points.

Let us consider the generic predictive model fθ trained on D = {(xi, yi)}mi=1. Suppose we
associate to each training data point xi a binary random variable Xi ∈ {0, 1}, which indicates
whether there exists an ε-valid counterfactual example x̃i for xi. Therefore, each Xi follows a
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Bernoulli distribution, i.e., Xi ∼ Bernoulli(pεi ), whose probability mass function is defined as below.

P(Xi = k) = pXi(k; p
ε
i ) =

pεi , if k = 1

1− pεi , if k = 0.
(4.3)

Furthermore, let X̄ denote the fraction of training points for which an ε-valid counterfactual example
exists. Formally, X̄ = 1

m

∑m
i=1Xi is the average of m Bernoulli random variables.

By the linearity of expectation, we can calculate:

E[X̄] = E
[ 1

m

m∑
i=1

Xi

]
=

1

m

m∑
i=1

E[Xi], (4.4)

where E[Xi] = pεi and, therefore, E[X̄] = p̄ε is the average across the entire dataset. Note that the
random variable Z =

∑m
i=1Xi follows a Poisson-Binomial distribution, since Xi’s are independent

but not necessarily identically distributed. Consequently, X̄ = Z
m is also a Poisson-Binomial random

variable, scaled by a factor of 1/m.
For a fixed ε > 0, we argue that E[X̄] is positively correlated with the model’s training accuracy.

This follows from the theoretical result discussed above [208], which shows that higher training
accuracy corresponds to a smaller average margin to the decision boundary. Therefore, as the
training accuracy of fθ increases, so does the average fraction of training instances for which a valid
counterfactual can be found within distance ε.

Firstly, we need to estimate each pεi , which we refer to as the (sample-level) ε-valid counterfactual
probability (ε-VCP). Formally, let x ∈ X ⊆ Rn be a generic training point, and ε ∈ R>0 a positive
real number. Consider the ε n-ball as the n-dimensional hypersphere of radius ε centered around x.
Let V ε

x ⊆ Rn be the total hypervolume of this hypersphere, and let V ε
x̃ ⊆ V

ε
x denote the portion of

the total hypervolume falling within the counterfactual region delimited by the decision boundary
induced by fθ. Therefore, we can estimate the ε-VCP for x, as pε = V ε

x̃/V
ε
x .

Intuitively, given a fixed x and two models having different decision boundaries, it will generally
be much easier to find an ε-valid counterfactual if the hypervolume V ε

x̃ is larger. This intuition is
depicted in Figure 4.3, which illustrates how the probability of finding an ε-valid counterfactual for
a 2-dimensional data point may increase with model overfitting.

To estimate V ε
x̃ , we can apply standard Monte Carlo integration, a well-established technique

that uses random draws to numerically compute a definite integral. Furthermore, using Monte Carlo
integration will provide valuable knowledge on the shape of a model’s decision boundary as a by-
product. The estimate outlined above assumes that data points are uniformly distributed around
x in the input space, which may be reasonable for appropriate values of ε. Indeed, it is worth
noticing that x can be an embedding from an autoencoding process, mapping each raw training
point into a dense, lower-dimensional latent manifold within the original, high-dimensional space.
More accurate estimates could be obtained by sampling the ε-neighborhood from the manifold using
advanced strategies (e.g., see [43]). However, this lies beyond the primary scope of this step and
will be explored in future work.

Finally, if we extend the reasoning above to all training points, we should observe that E[X̄] = p̄ε

is higher for overtrained models.
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(a) Low ε-valid counterfactual probability (b) High ε-valid counterfactual probability

Figure 4.3: The ε-valid counterfactual probability for a sample x ∈ R2 can be estimated as the ratio of the
area of the circle centered in x with radius ε that falls behind the decision boundary (in red).

Empirical Validation

To investigate the impact of overfitting on ε-VCP, we trained two Multi-Layer Perceptron (MLP)
models on the Water dataset [107] for a binary classification task. Both models used the same
5-layer architecture, but only one employed dropout regularization with a rate of 0.5. The models
were trained over 500 epochs using the Adam optimizer with a learning rate of η = 0.001. The
ε-VCP was estimated through Monte Carlo integration, as discussed in Section 4.2.3. Specifically, it
was computed as pε = V ε

x̃/V
ε
x , where V ε

x̃ was approximated using 100 random samples per training
point x.

It is important to note that the choice of ε is inherently dependent on the characteristics of
the dataset and is best determined empirically to ensure a meaningful evaluation of counterfactual
validity while preserving consistency with the data distribution. As ε defines the maximum norm of
the perturbation vector applied to each instance, it delineates the feasible search space for generating
counterfactuals. An overly small value may excessively constrain the perturbations, limiting the
ability to capture substantive changes in model predictions. In contrast, a value that is too large
can produce counterfactuals that are implausible or inconsistent with the underlying data structure.
In this experiment with the Water dataset, we found that setting ε = 1.5 provides a suitable trade-
off, allowing us to capture a diverse yet interpretable range of counterfactual examples without
introducing excessive modifications to the original training points.

Figure 4.4 illustrates the evolution of the average ε-VCP, calculated over all training points, as
a function of the models’ training accuracy. From this plot, three key insights emerge. First, the
average ε-VCP increases alongside training accuracy for both models, confirming our hypothesis
that the likelihood of finding valid counterfactuals rises as models tend to overfit. Second, the
plain, unregularized MLP exhibits higher ε-VCP values, suggesting that its more complex decision
boundary makes it easier to identify valid counterfactual examples. Third, the trend persists while
the MLP trained with dropout regularization exhibits a less pronounced increase (i.e., smaller ε-VCP
values). This suggests that although dropout regularization smooths the decision boundary to some
extent, it may not sufficiently counteract this phenomenon, leaving room for further improvement.
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Figure 4.4: The mean ε-VCP (y-axis) vs. the model’s training accuracy (x-axis). Plainε-VCP is the “vanilla”
MLP, while Regularizedε-VCP is the same MLP yet with a dropout rate of 0.5.

4.2.4 Counterfactual Regularization (CF-Reg)

A New Training Loss

We exploit the correlation between overfitting and the ability to find counterfactual examples, as
highlighted in the previous section, to define a new regularized training loss as follows.

θ∗ = argmin
θ

{
Lemp(θ;D)− αLcf(θ;D, ε)

}
. (4.5)

The first term (Lemp) is the standard empirical risk, while the second term (Lcf) is our proposed
counterfactual regularization component, with α ∈ R≥0 serving as a hyperparameter to weigh its
contribution. More specifically, the counterfactual regularization component can be defined as
follows:

Lcf(θ;D, ε) = φ({d(xi, gψ(xi)), xi ∈ D}; ε), (4.6)

where φ(·; ε) – parameterized by ε – acts as an aggregation function applied to the set of distances
d(xi, gψ(xi)) between each sample xi and its corresponding counterfactual generated by the model,
gψ(xi). Intuitively, the closer an instance is to its counterfactual, the greater the penalty imposed by
the newly introduced loss. In other words, optimizing the objective defined in (4.5) aims to ensure
a sufficient margin between each training point and its corresponding counterfactual. Moreover, we
would like this penalty to be stronger for training points where finding a counterfactual is easier –
i.e., those closer to the decision boundary. To achieve this goal, each distance d(xi, gψ(xi)) can be
assigned a weight wε

i that depends on ε during aggregation. For example, this weight may be set
as the ε-VCP associated with each training instance xi (i.e., wε

i = pεi ).
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Note that, for each data point xi, its corresponding pεi can be estimated as described in Sec-
tion 4.2.3. However, since pεi depends on the shape of the decision boundary, which may evolve
dynamically across training epochs, its estimation should ideally be updated at every epoch. There-
fore, this could introduce a significant computational overhead in the training process, which we can
mitigate updating our estimates {pεi}mi=1 periodically, for example, every t epochs. We conjecture
that a trade-off exists between the effectiveness of the counterfactual regularization term – impacted
by the accuracy of each estimate pεi – and the computational cost of the training process.

It is worth noticing that our counterfactual regularizer – hereinafter referred to as CF-Reg – is
flexible enough to support any choice of aggregation function (φ), distance (d), and counterfactual
generator (gψ). However, the optimization problem in (4.5) can be efficiently solved using standard
gradient-based methods, provided that φ, d, and gψ are all differentiable with respect to θ.

In this work, we set φ as the mean and d as the Euclidean distance (i.e., the L2-norm of the
displacement vector resulting from the difference between the original sample and its counterfactual).
For gψ, we adopt the score counterfactual explanation method proposed by (author?) [195], and
we discuss the rationale behind this choice below. Alternative formulations of these components are
possible and will be explored in future studies.

Counterfactual Example Generator

A key component of CF-Reg is the counterfactual generator gψ, as this is used to compute the
optimal counterfactual example for each training data point. To incorporate this step into the
regularized training process, the counterfactual generator must satisfy two essential requirements.
First, it must be differentiable with respect to the predictive model weights θ. Second, it must be
highly efficient to ensure the overall feasibility of our method.

Among the various counterfactual generation approaches in the literature, we selected the score
counterfactual explanation method proposed by [195], which operates as follows. Let x ∈ X be an
input sample, fθ a trained model, δ : X × X 7→ R≥0 a distance function, β ∈ R≥0 a controlling
hyperparameter, and s ∈ R a target score. Thus, the score counterfactual explanation x̃ for x is
the result of the following optimization problem:

x̃∗ = arg min
x̃∈X

(fθ(x̃)− s)2 + βδ(x, x̃). (4.7)

With a slight abuse of notation, in (4.7), we treat the output of the predictive model fθ as
a continuous value, even for classification tasks. To accommodate this requirement, we can, for
instance, assume access to the logits, which are then passed through the appropriate activation
function, such as sigmoid or softmax.

Note that the resulting counterfactual generator satisfies the two requirements mentioned above.
In particular, by carefully selecting the distance function δ in (4.7), the resulting objective becomes
differentiable with respect to the predictive model weights θ. Furthermore, when using the score-
based counterfactual explanation approach, determining the optimal counterfactual perturbation
vector δ = x− x̃∗ = x− gψ(x) – i.e., the displacement vector between the original instance and its
optimal counterfactual – admits a closed-form solution under specific assumptions. Specifically, if
fθ is a linear function and x̃∗ = gψ(x) is the optimal counterfactual example for the input x, [156]
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proved that:
δ =

t

β + ∥θ∥2
· θ, (4.8)

where t = s− fθ(x). This makes the method highly efficient and well-suited for incorporation into
our regularized training loss.

From (4.8), we can, therefore, compute the L2-norm of the perturbation vector δi, for each
training instance xi. This value is then used as d(xi, x̃

∗
i ), as required by the proposed regularized

training loss in (4.6). Finally, the L2-norms of all perturbation vectors are aggregated using the
function φ(·; ε), resulting in the following (weighted) average:

||δ|| = 1

m

m∑
i=1

wε
i ∗ ||δi||. (4.9)

In this work, weights are uniformly set as wε
i = 1 ∀i ∈ {1, . . . ,m}, thus reducing the aggregation to

a plain average. Alternatively, more sophisticated strategies can be used, such as the one outlined in
Section 4.2.4, where each training point is assigned a weight corresponding to its estimated ε-VCP,
i.e., wε

i = pεi .
Overall, this transforms our counterfactual regularized loss into:

θ∗ = argmin
θ

{
Lemp(θ;D)− α||δ||

}
. (4.10)

Finally, the objective in (4.10) can be solved using standard gradient-based optimization meth-
ods.

4.2.5 Experiments

In this section, we evaluate the ability of the proposed counterfactual regularized loss (CF-Reg),
as defined in (4.10), to mitigate overfitting when compared to existing regularization techniques.
In Appendix A.3, instead, we analyze the relationship between the test loss and the counterfactual
vector norm during training.

Experimental Setup

Datasets, Models, and Tasks. The experiments are run on four datasets: Water [107], Phoneme [56],
Higgs [206], and CIFAR-10 [119]. Furthermore, we consider the following models: Logistic Regres-
sion (LR), two Multi-Layer Perceptrons (MLPsmall and MLPlarge), and PreactResNet-18 [90] as a
representative Convolutional Neural Network (CNN) architecture. We focus on binary classification
tasks and leave the extension to multiclass scenarios for future work. However, for datasets origi-
nally designed for multiclass classification, we adapt them by selecting two classes to align with our
binary setting. Additional details are provided in Appendix A.2.1.

Evaluation Measures. To characterize the degree of overfitting, we use the test loss, as it serves
as a reliable indicator of the model’s generalization capability to unseen data. Additionally, we
evaluate the predictive performance of each model using the test accuracy.

Baselines. We compare CF-Reg with the following methods: Early Stopping, Dropout, adversarial
training via well-known projected gradient descent (PGD) [134], two regularizers – i.e., L1-Reg
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(“Lasso”) and L2-Reg (“Ridge”) – and no regularization (No-Reg).

Hyperparameter Settings. We analyze the sensitivity of CF-Reg to its hyperparameters in
Section 4.2.5. Due to space constraints, a comprehensive discussion covering all regularization
methods, including the tuning strategies adopted, is provided in Appendix A.4. The best selected
values are summarized in Table A.6.

Implementation Details. To deliberately induce overfitting in logistic regression models, we
apply a polynomial feature expansion that increases the input dimensionality beyond the number
of training samples. This ensures that the model has sufficient capacity to memorize the training
data, thereby allowing us to assess the effect of our counterfactual regularizer. The degree of the
polynomial expansion is selected as the smallest value that results in a number of features exceeding
the number of training instances. Note that this preprocessing step is not required for neural network
models, as they are chosen to be complex enough to overfit the data.

In addition, to leverage the closed-form solution for computing the optimal perturbation vector
as defined in (4.8), we use a local linear approximation of the model during the counterfactual
generation process. Thus, given an instance xi, we compute the (optimal) counterfactual not with
respect to the original model fθ, but with respect to its first-order Taylor expansion around xi,
denoted as:

f linθ (x) = fθ(xi) +∇xfθ(xi)(x− xi). (4.11)

Note that this step is unnecessary for logistic regression, as it is inherently a linear model.
We run all experiments on a machine equipped with an AMD Ryzen 9 7900 12-Core Processor

and an NVIDIA GeForce RTX 4090 GPU. Our implementation is based on the PyTorch Lightning
framework, and the source code for our experiments is available at the following GitHub repository:
https://anonymous.4open.science/r/CF-Reg-5AB6/README.md

Further details are described in Appendix A.2.2.

Effectiveness of CF-Reg

We compare the performance of CF-Reg against the baselines indicated in Section 4.2.5. For each
model and dataset combination, Table 4.1 shows the mean value and standard deviation of test
accuracy achieved by each method across 5 random initializations. From the results in Table 4.1,
the following key insights can be drawn.

General Validity of CF-Reg. Across the board, CF-Reg demonstrates strong performance,
particularly on tabular datasets such as Water, Phoneme, and Higgs. In many configurations,
it either matches or outperforms all other baselines, and in several cases, the improvements are
statistically significant. This supports the core hypothesis behind CF-Reg: that training with
informative counterfactual examples can improve generalization by encouraging decision boundary
robustness in data-relevant directions.

Comparison with other Regularization Techniques. CF-Reg consistently outperforms tradi-
tional penalty-based regularizers like L1-Reg and L2-Reg. These methods penalize model complexity
indirectly through weight constraints, whereas CF-Reg directly encourages decision-level stability,
which appears more effective in preserving model generalization. Moreover, CF-Reg performs on
par with or better than implicit regularization methods such as early stopping and dropout. No-
tably, in cases where CF-Reg underperforms slightly, it still retains a critical advantage: it leverages
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the full expressive capacity of the architecture, rather than curtailing it through early termination
of training or by randomly omitting connections during forward passes. This is particularly rele-
vant for modern architectures where expressiveness is key to capturing subtle data patterns. When
compared to adversarial training (PGD), CF-Reg also shows almost always superior or comparable
accuracy.

Handling Complex Input Domains. On the CIFAR-10 dataset, CF-Reg does not outperform
traditional regularizers. In fact, in this context, the No-Reg baseline performs the best, suggesting
that overfitting is less of a concern, perhaps due to the indirect regularizing effect of convolutional
architectures. Additionally, the current counterfactual generation strategy appears less effective for
image data, where generating meaningful perturbations is substantially harder. This points to a
promising direction for future work: using more expressive and domain-aware counterfactual gen-
erators tailored to high-dimensional, unstructured inputs, in order to fully extend the applicability
of CF-Reg to complex data.

Table 4.1: Mean and standard deviation of test accuracy over 5 random initializations for each combination
of model, dataset, and regularization method. Best results are shown in bold; results that are statistically
significantly better than the second-best (at the α = 0.05 significance level) are marked with a ⋆.

Model Dataset No-Reg L1-Reg L2-Reg Dropout Early Stopping PGD CF-Reg (ours)
LR Water 0.6030± 0.0053 0.6652± 0.0053 0.6677± 0.0114 N/A 0.6098± 0.0000 0.6384± 0.0183 0.6915± 0.0017⋆

MLPsmall Water 0.6128± 0.0103 0.6098± 0.0000 0.6759± 0.0065 0.6515± 0.0100 0.6765± 0.0059 0.6524± 0.0011 0.6796± 0.0045

MLPlarge Water 0.6168± 0.0063 0.6098± 0.0000 0.6320± 0.0158 0.6564± 0.0104 0.6573± 0.0112 0.6464± 0.0053 0.6787± 0.0092⋆

LR Phoneme 0.8729± 0.0052 0.8157± 0.0036 0.8427± 0.0078 N/A 0.8622± 0.0109 0.7353± 0.0006 0.8764± 0.0084

MLPsmall Phoneme 0.9016± 0.0088 0.8511± 0.0092 0.7963± 0.0041 0.9016± 0.0059 0.8957± 0.0105 0.8915± 0.0029 0.9005± 0.0065

MLPlarge Phoneme 0.9101± 0.0026 0.7068± 0.0000 0.8735± 0.0042 0.9099± 0.0078 0.9066± 0.0083 0.9021± 0.0021 0.9149± 0.0024⋆

MLPsmall Higgs 0.7204± 0.0043 0.4706± 0.0000 0.7231± 0.0033 0.7210± 0.0016 0.7271± 0.0049 0.7334 ± 0.0025⋆ 0.7245± 0.0057

MLPlarge Higgs 0.6904± 0.0020 0.4706± 0.0000 0.7223± 0.0056 0.7323± 0.0039 0.7149± 0.0043 0.6995± 0.0018 0.7278± 0.0027

CNN CIFAR-10 0.8415± 0.0059 0.8355± 0.0160 0.8408± 0.0035 N/A 0.8413± 0.0008 0.7071± 0.0316 0.8388± 0.0106

Table 4.2: Mean and standard deviation of training time (in seconds) over 5 independent runs. Each value
refers to the training process for the corresponding entry in Table 4.1.

Model Dataset No-Reg L1-Reg L2-Reg Dropout Early Stopping PGD CF-Reg (ours)
LR Water 19.86± 0.51 20.87± 0.33 21.06± 0.29 N/A 0.46± 0.11 119.23± 0.83 21.78± 0.54

MLPsmall Water 19.78± 0.21 22.47± 0.47 22.60± 0.41 21.20± 0.26 1.37± 0.49 120.31± 0.05 23.07± 0.28

MLPlarge Water 22.94± 0.37 26.25± 0.18 27.21± 0.42 25.88± 0.45 0.76± 0.10 157.83± 0.05 27.48± 0.29

LR Phoneme 29.54± 0.40 32.25± 0.68 32.22± 0.23 N/A 20.40± 3.27 128.67± 0.05 33.84± 0.37

MLPsmall Phoneme 31.02± 0.56 34.90± 0.35 35.55± 0.72 33.12± 0.18 31.33± 0.07 565.60± 1.67 36.60± 0.72

MLPlarge Phoneme 35.66± 0.60 41.27± 0.99 42.60± 0.59 40.25± 0.70 20.95± 0.70 253.80± 0.83 43.95± 0.56

MLPsmall Higgs 415.16± 4.70 470.94± 8.46 485.45± 8.22 448.73± 5.04 156.89± 7.03 459.40± 1.67 506.11± 5.73

MLPlarge Higgs 486.08± 5.35 571.48± 10.70 593.64± 8.38 545.84± 23.19 29.38± 2.73 584.10± 1.41 613.39± 10.71

CNN CIFAR-10 377.47± 1.66 401.37± 1.94 404.53± 3.54 N/A 318.19± 2.20 1304.40± 5.62 1294.23± 3.88

Hyperparameter Sensitivity Analysis

CF-Reg relies on two key hyperparameters: α and β. The former is intrinsic to the loss formulation
defined in (4.2), while the latter is closely tied to the choice of the score-based counterfactual
explanation method used.

Figure 4.5 illustrates how the test accuracy of an MLP trained on the Water dataset changes
for different combinations of α and β.

We observe that, for a fixed β, increasing the weight of our counterfactual regularizer (α) can
slightly improve test accuracy until a sharp drop occurs for α > 0.1. This behavior is expected,
as the impact of CF-Reg, like any regularization term, can be disruptive if not properly calibrated.
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Figure 4.5: The test accuracy of an MLP trained on the Water dataset, evaluated while varying the weight
of our counterfactual regularizer (α) for different values of β.

Moreover, this finding confirms that CF-Reg is inherently data-driven and, thus, requires specific
fine-tuning based on the combination of the model and dataset at hand.

The best values for α and β are shown in Table A.6 (Appendix A.4).

4.2.6 Discussion

Feasibility of CF-Reg

As with any regularizer, CF-Reg introduces some computational overhead in exchange for improved
model generalization. Specifically, the extra cost stems from the need to compute a counterfac-
tual example for each training instance during learning. Since CF-Reg is compatible with any
counterfactual generator, the actual overhead depends on the complexity of the generator used.

Indeed, more advanced counterfactual generators may yield more effective regularization but
require longer computation times. Conversely, simpler generators, such as the score-based model
employed in this study, offer efficient training at the potential cost of regularization quality. We
analyze this trade-off in greater depth in Section 4.2.6.

We quantify the cost of CF-Reg by evaluating its impact on model training time. Specifically,
Table 4.2 reports the mean and standard deviation of training time for each model-dataset pair
presented in Table 4.1. We observe that CF-Reg introduces only a modest computational over-
head when employing the score-based generator. However, on larger datasets, the need to compute
counterfactual distances for every training point leads to increased training time, as expected. In-
terestingly, the number of model parameters does not significantly affect the training time. Instead,
input dimensionality plays a more substantial role, especially for nonlinear models. For example, in
CIFAR-10, gradients for local linearization must be computed in a high-dimensional space, R3×32×32,
which contributes considerably to the increased training cost.
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Counterfactual Explanations as a By-Product

While CF-Reg introduces some computational overhead and does not always significantly out-
perform all baselines, it offers a unique advantage not provided by traditional regularizers: the
generation of counterfactual explanations as a natural by-product of training. These explanations,
typically computed through separate and often costly post hoc procedures [43, 146], are instead
amortized over training with CF-Reg, yielding improved generalization, possibly without additional
inference cost.

At test time, given a new input xnew, approximate counterfactual explanations for the prediction
fθ(xnew) can be efficiently retrieved by: (i) identifying the k nearest training instances to xnew, and
(ii) returning their precomputed counterfactual examples via a simple lookup, which takes constant
time (O(1)) per instance.

Main Limitations and Future Improvements

In this section, we discuss the main limitations of CF-Reg and outline directions for future improve-
ments. Our method was designed to be general and efficient; however, some design choices, while
practical, may limit performance in certain settings. Below, we sketch the key areas that are worth
investigating.

Efficiency vs. Regularization Trade-off. As introduced in Section 4.2.4, our framework sup-
ports any counterfactual generator gψ, but this flexibility introduces variability in computational
cost. When using lightweight generators (e.g., score-based), training remains fast, but the regular-
ization may be less effective. In contrast, more expressive generators could improve generalization
at the expense of longer training times. Exploring this trade-off, and the use of more sophisticated
counterfactual generators, is a promising avenue for future research.

To improve the feasibility of CF-Reg, we plan to investigate the following strategies: (i) Cache
and update counterfactuals every t epochs instead of at each iteration; (ii) Cluster training points
and generate one counterfactual per cluster rather than per sample; (iii) Perform counterfactual
search only for a selected subset of influential training points, identified via random sampling or
heuristic criteria.

Linear Approximation. Even when using the score-based generator, we do not fully leverage the
closed-form solution for computing the optimal perturbation vector in (4.8), which assumes a linear
model fθ. For deep neural networks, this assumption generally does not hold. We instead use the
first-order Taylor approximation in (4.11), which may yield suboptimal counterfactuals due to its
inability to fully capture the model’s nonlinear behavior.

Uniform Weighting Scheme. Our current implementation assigns equal importance to each
training instance (wε

i = 1). While simple, this uniform weighting may limit the potential of CF-
Reg. A more fine-grained weighting strategy could better balance the regularization strength across
samples, though it would likely increase training complexity. Investigating adaptive weighting
mechanisms remains an open and worthwhile direction.

Counterfactual Generator Learning. In this work, we treat the counterfactual generator gψ as
a fixed component, queried during the regularized training of the primary model fθ. A promising
direction for future research is to integrate the learning of gψ directly into the training process,
thereby formulating the task as a bilevel optimization problem. Solving this problem would allow
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for the joint learning of both the predictive model fθ and its associated counterfactual generator
gψ.

4.2.7 Conclusion

We introduced and analyzed the trade-off between the generalizability and explainability of predic-
tive models, highlighting their often conflicting nature. Specifically, based on well-known theoretical
results in margin theory, we demonstrated that the degree of model overfitting is positively corre-
lated with its ability to generate counterfactual examples. Building on this insight, we proposed
CF-Reg, a novel regularization technique that integrates a counterfactual regularization term into
the training objective, to balance between predictive performance and interpretability.

Through extensive experiments across multiple datasets and model architectures, we showed
that CF-Reg generally outperforms existing regularization techniques, improving generalization
while simultaneously generating meaningful counterfactual explanations. Our results suggest that
counterfactual-based regularization can serve as a principled approach to improving model robust-
ness without sacrificing interpretability.

Finally, we outlined promising directions for future work, primarily aimed at improving the
efficiency of our method.
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Figure 4.6: Overview of the dataset generation process for the draft narrative generation step and the
refiner step using knowledge distillation. Given a factual instance x with its features (e.g., age, work class,
education, etc.), a counterfactual generator g(x) modifies the instance to create a counterfactual example
x′, altering specific attributes (e.g., age, work class) to yield a different predicted outcome (e.g., income = 0)
(red zone). The factual and counterfactual instances are then integrated into the prompt that is fed into the
teacher model, which produces the narrative for the draft narrative generation step (yellow zone) and for the
refiner step (purple zone). For the draft narrative generation step, the response is collected and put along
with the prompt pdraft in the new dataset Ddraft. Concerning the dataset for the refiner step, we generate
N = 3 draft responses and integrate all three into the prompt prefiner. Finally, we feed the prompt into the
teacher, collect the response, and put the newly formed pair prefiner, response into the dataset Drefiner.

Counterfactual Explanations (CE) have become a cornerstone of Explainable AI (XAI), provid-
ing intuitive insights into model decisions by demonstrating how minimal changes to input features
can alter outcomes. This approach is increasingly critical in domains like healthcare, finance, and
policy-making, where transparency is essential for trust, accountability, and compliance with emerg-
ing AI policies. For instance, the European Union’s AI Act [61] mandates explainability for high-risk
AI systems, while U.S. guidelines on AI governance [152] emphasize interpretable decision-making
to mitigate bias and ensure fairness. While early XAI efforts targeted specific data types—such as
graph-based models in drug discovery [91], recent work has expanded to diverse modalities, including
tabular data and natural language. Large Language Models (LLMs) have played a crucial role in this
shift, converting technical counterfactuals into human-readable narratives. Fredes and Vitrià [67]
showcase LLM-driven explanations for tabular data counterfactuals, prioritizing user accessibility,
while Cheng et al. [44] explore LLMs’ role in generating and evaluating counterfactuals for natural
language tasks. Similarly, He et al. [91] and Wang et al. [202] demonstrate LLMs’ versatility in
graph-based contexts, suggesting their potential as a unifying tool across XAI applications.

Building counterfactual narratives, particularly for tabular data, which underpins applications
like credit scoring and medical diagnostics, is extremely important to improve models’ explainability.
Current methods often remain domain-specific or computationally expensive, limiting their scala-
bility and alignment with policy-driven transparency requirements [61, 152]. This paper introduces
a novel pipeline for counterfactual narrative generation, centering on tabular data. We propose a
methodology leveraging Language Models to produce semantically rich, user-centric counterfactual
narratives. By aligning with AI policy mandates for interpretability, this work advances the prac-
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tical adoption of counterfactual reasoning in XAI, enhancing model transparency and usability in
real-world, regulated environments.

4.3.1 Related Works

Recent advancements in narrative-driven explainable AI leveraging LLMs significantly enhance the
interpretability of complex machine learning models across diverse data types. This trend addresses
a critical gap between the outputs of XAI algorithms and the comprehension of end-users, in par-
ticular, non-experts. A significant portion of this research targets tabular data. For instance, Zeng
et al. [221] use a locally deployed LLM to translate the numerical outputs of SHAP [130] into plain-
language summaries, enhancing their accessibility. Similarly, Fredes and Vitrià [67] demonstrate
that LLMs can effectively explain sets of counterfactual examples by mimicking human reasoning,
achieving high validity on benchmark datasets. Going beyond static explanations, Slack et al. [173]
develop TalkToModel, an interactive dialogue system that allows users to converse with a model to
understand its predictions.

Researchers also develop broader frameworks for generating and evaluating narrative explana-
tions. Cedro and Martens [33] propose a comprehensive survey of narrative-driven XAI, introducing
"XAIstories" that translate SHAP values into compelling narratives. Recognizing the need for sys-
tematic quality control, Zytek et al. [223] introduce Explingo, a dual-LLM system composed of a
narrator to generate narratives from SHAP explanations and an automated grader to assess them
on metrics like accuracy, completeness, and fluency. On the evaluation front, Ichmoukhamedov et
al. [102] propose quantitative metrics such as faithfulness and human similarity to standardize the
assessment of LLM-generated narratives.

The application of narrative XAI extends beyond tabular data to more complex structures like
graphs, images, and 3D point clouds. For Graph Neural Networks (GNNs), several approaches have
emerged. Giorgi et al. [73], for example, generate counterfactual explanations for graphs and use
open-source LLMs to produce human-readable outputs, while Cedro and Martens’s [34] GraphXAIN
translates explanatory subgraphs into natural language, showing high user satisfaction. Pan et
al. [154] develop TAGExplainer to generate faithful and concise explanations for text-attributed
graphs, which are common in social networks and recommendation systems. In the visual domain,
Castellano et al. [32] combine Grad-CAM heatmaps from image classifiers with LLMs to create
textual descriptions that explain why a model focused on certain areas of an artwork. Kočić et
al. [115] instead present a framework where an LLM is an active participant in the counterfactual
generation process itself, selecting segment perturbations in 3D point clouds to ensure they are
semantically meaningful. Finally, these techniques are also being adapted for highly specialized
fields. He et al. [91], for example, apply LLMs to explain GNNs used for molecular property
prediction, demonstrating the broad applicability of this paradigm.

Together, these works illustrate a clear and growing trend toward using LLMs to make Machine
Learning models more transparent and trustworthy.

4.3.2 Background

Before introducing our pipeline, we formalize two important definitions, namely, the Counterfactual
Explanation Problem (CEP) and the Counterfactual Narrative Generation Problem (CNGP). We
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Figure 4.7: Multi-Narrative Refinement pipeline schema

take the definition for the CEP from [73].

Definition 4.3.1 (The Counterfactual Explanation Problem). Given a sample x and a predictive
model fθ parametrized by θ, hereinafter referred to as oracle, a distance function d(·, ·), and a
generic counterfactual generator g(·) the goal is to find a sample x′ using g(·) where x′ ̸= x and
fθ[x

′] ̸= fθ[x] such that the distance d(x′,x) is minimized, or ⊥ if no valid counterfactual example
exists. The sample x′ is called a counterfactual example for x.

The distance function d(·, ·) ensures that the counterfactual sample x′ remains as close as possible
to the original factual sample x. We can formalize the role of the counterfactual generator g by
casting it as the problem of solving the following objective:

x′ = argmin
x∗

d(x,x∗) s.t.: x ̸= x∗ ∧ f(x) ̸= f(x∗).

Hereinafter, we assume to have an oracle fθ for a binary classification task; the arguments
generalize with minor modifications to multiclass classification and regression as well. Below, we
formally define the Counterfactual Narrative Generation Problem.

Definition 4.3.2 (The Counterfactual Narrative Generation Problem). Given a generic pair of
factual-counterfactual samples (x,x′) where the counterfactual sample x′ is a solution of the Coun-
terfactual Explanation Problem, a generic function H, and a prompt p we want to generate a nat-
ural language narrative ε associated with the generic factual-counterfactual pair (x,x′), namely,
ε = H(p,x,x′) also known as counterfactual narrative.

The function H is defined generically to accommodate different instantiations, including deter-
ministic mappings, probabilistic generative models, or ensembles thereof.

4.3.3 Proposed Pipeline

In order to solve the problem in Definition 4.3.2, we propose a new pipeline (see Figure 4.7, Algo-
rithm 12) to generate coherent and useful narratives for factual-counterfactual pairs. Our approach
enhances the capabilities of Small Language Models (SLMs) through a two-stage pipeline called
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Multi-Narrative Refinement (MNR), which encourages structured self-correction. The entire frame-
work is fine-tuned using knowledge distillation, allowing us to leverage the expertise of a much larger
teacher models.

In the first stage, a Draft Narrative Generator (DNG) M is tasked with generating multiple
candidate draft explanations. Given a factual instance x, its counterfactual x′, and a structured
prompt p encoding task-specific instructions, the DNG is queried independently N = 3 times to
produce diverse draft explanations for the prediction shift from x to x′. These drafts reflect different
plausible reasoning paths the model might follow.

In the second stage, a different model called the Refiner R receives as input the same factual
instance x, counterfactual x′, prompt p, and the three draft explanations. Its goal is to synthesize
a coherent and accurate explanation by comparing, contrasting, and integrating the drafts. This
additional refinement step promotes consistency and correctness, encouraging the model to resolve
contradictions and highlight salient differences between x and x′ in a principled manner. We
introduce the refinement step because integrating it into the generation pipeline has been shown to
enhance the performance and reliability of language models, particularly by fostering self-correction
through iterative reasoning [159, 193, 222].

Algorithm 12 MNR pipeline pseudocode
Require: x: a factual example, x′: a counterfactual example, pdraft: the draft prompt, prefiner:

the refiner prompt
Ensure: ε: a narrative ε for (x, x′)
pdraft ← format_prompt(pdraft, x, x′)
i← 0
E ← ∅ while i < 3 do

εidraft ←M(pdraft)

E ← E ∪ εidraft
i← i+ 1

prefiner ← format_prompt(prefiner, x, x′, E)
ε← R(prefiner)

Finetuning Using Knowledge Distillation In order to be more efficient and accurate, our
pipeline uses Knowledge Distillation (KD), a training paradigm where a compact student model
(an SLM) is trained to replicate the behavior of a powerful teacher model (T ). This allows us to
transfer the powerful reasoning and generation abilities of a large, state-of-the-art model to our
much smaller, more efficient SLMs. Since the generation process is split into two different stages,
each one addressing a different task, we use KD differently for each one of the stages.

Concerning the draft generation (stage 1), the KD process begins with creating a high-quality
training dataset (See Figure 4.6). Given a counterfactual explainer g(·), consider a set of n instances
{xi}ni=1. For each of these instances, we generate its corresponding optimal counterfactual, i.e.,
x′
i = g(xi), thereby obtaining n factual-counterfactual pairs {(xi,x

′
i)}ni=1. These pairs are embedded

into n different structured prompts p1, p2 . . . , pn and then fed to the teacher model T (for further
details on the prompts see Figure 4.9). The high-quality outputs from T are then used to build a
dataset DM to finetune the DNG.
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The KD process is also applied to the refiner R. Here, we leverage the teacher model T to con-
struct a training dataset DR including not only the factual and counterfactual inputs and prompt,
but also a corresponding set of N = 3 draft explanations. This enriched supervision allows the
student model to learn from the implicit variation, redundancy, and conflict present across multiple
generated rationales. Further details on the practical implementation of the KD process can be
found in Section 4.3.4.

Quantitative Evaluation Metrics for Factual-Counterfactual Narratives

To quantitatively assess the narratives produced by our MNR pipeline, we developed a structured
evaluation framework that allows us to measure the accuracy of each narrative. Our evaluation
approach, inspired by the methodology in [73], requires the model to structure its output. Specif-
ically, the prompt p instructs the SLM to embed its explanation within a structured dictionary
format (see Figure 4.9). After the refiner model generates the final narrative, we parse this dictio-
nary to extract key information about the feature changes between the factual instance x and its
counterfactual x′. The core assumption is that a model’s ability to populate this structured format
correctly reflects its underlying understanding of the narrative. Therefore, errors in the dictionary
signal potential inaccuracies in the subsequent natural language narrative. This technique offers a
reliable and automated method for evaluating the factual correctness of the generated text. The
following metrics quantify how accurately the refined narratives align with the ground truth factual
and counterfactual feature changes.

Given four feature vectors Ffact, Fcf , F̃fact, F̃cf containing respectively, the factual ground
truth, the counterfactual ground truth, the factual values, and the counterfactual values generated
by the MNR pipeline, we can define the following metrics:

Average Feature Faithfulness (AvgFF) Given the set of all the narratives generated E, and
all the vectors above for each narrative ε, we can compute the fraction of correctly interpreted
features as:

AvgFF =

∑
ε∈E

k∑
i=0

I
[(

Fε[i]fact = F̃ε[i]fact

)
∧
(
Fε[i]cf = F̃ε[i]cf

)]
|E| · k

where k = |Ffact| is the vector size, and I is the indicator function.

Perfect Feature Faithfulness (PFF) This metric measures the fraction of generated expla-
nations that correctly identify all feature changes. Formally, given the set of all the narratives
generated E, the Perfect Feature Faithfulness is calculated as:

PFF =

∑
ε∈E

I
[(

Fε
fact = F̃ε

fact

)
∧
(
Fε
cf = F̃ε

cf

)]
|E|

This binary indicator is averaged over all narratives ε ∈ E, resulting in the proportion of
narratives that precisely match all factual and counterfactual feature values.

Target Faithfulness (TF) This metric measures the ability of the function H to "understand"
the factual and counterfactual dependent variables and compare them against the provided ground
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truth. Let E be the set of all the narratives generated by our pipeline, yfact, ycf the ground truth
target outcomes, and let ỹfact, ỹcf be the corresponding predicted outcomes by the pipeline. The
Target Faithfulness computed over all the narratives ε ∈ E is defined as:

TF =

∑
ε∈E

I
[(
yεfact = ỹεfact

)
∧
(
yεcf = ỹεcf

)]
|E|

These metrics provide a clear, quantitative assessment of how reliably the explanations reflect the
ground truth provided by the factual and counterfactual scenarios.

Narrative Quality

The Narrative Quality dimension focuses on assessing explanations through human evaluation,
emphasizing the readability, clarity, and coherence of the provided narrative. The questionnaire
comprises 5 specific questions, each rated on a scale from 1 (poor) to 5 (excellent):

• Q1: Is the terminology and language used in the narrative appropriate and easy to understand?

• Q2: How clear and understandable is the provided narrative regarding feature changes?

• Q3: How clearly does the narrative describe the specific feature changes that led to the
counterfactual outcome?

• Q4: Are the described feature changes easy to interpret, and do they make sense within the
context of the original data?

• Q5: What is your overall assessment of the clarity and coherence of the narrative?

4.3.4 Experiments

Our experimental framework is detailed below, covering the hardware, datasets, models, and lan-
guage models used in our evaluation. Experiments are conducted on a system equipped with an
AMD Ryzen 9 7900 12-Core Processor, an NVIDIA GeForce RTX 4090 GPU, and 64GB of RAM.
We evaluate our approach on two benchmark datasets: the Adult dataset [21], for predicting whether
an individual’s income exceeds $50K/year, and the Titanic dataset [65], for predicting passenger
survival. The oracle model is a Decision Tree classifier from the scikit-learn library, configured
with a max_depth of 4, a criterion of ’gini’, and min_samples_split set to 2. This model
achieves an accuracy of 0.84 on the Adult dataset and 0.82 on the Titanic dataset. Counterfactual
explanations are generated using the DiCE library [143]. We utilize models from two distinct fam-
ilies for narrative generation: Qwen2.5 [184] and DeepSeek-r1 [52]. The specific hyperparameters
used for response generation are detailed in Table 4.3.

Knowledge Distillation and Fine-tuning

Since our pipeline uses Knowledge Distillation to improve model performance, we built four new
datasets (two for each dataset we tested) tailored explicitly for our tasks (draft narrative gener-
ation and narrative refinement). The draft narrative generation dataset consists of a JSON file
containing prompt–response pairs, where each prompt is designed for the explanation task and the
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4.3. Narrative refinement

Table 4.3: Hyperparameter Settings for all the Large Language Models used, namely, Temperature, Top-k,
Top-p, Max Tokens, Repetition Penalty

Model Name T. Top-k Top-p M. T. R. P.

Qwen2.5-0.5B-Instruct 0.6 10 0.8 8192 1.05
Qwen2.5-3B-Instruct 0.6 10 0.8 8192 1.05
DeepSeek-R1-D.-Qwen-1.5B 0.6 10 0.7 8192 1.05
DeepSeek-R1-D.-Qwen-7B 0.6 10 0.7 8192 1.05
DeepSeek-R1-D.-Qwen-32B 0.7 10 0.7 8192 1.05

corresponding response is generated by the DeepSeek-R1-Distill-Qwen-32B teacher model. We
choose the DeepSeek-R1-Distill-Qwen-32B model due to its strong initial performance in generat-
ing coherent and contextually accurate text, especially suited for complex reasoning tasks. For the
narrative refinement dataset, we employ fine-tuned Qwen2.5-0.5B-Instruct models as the Draft
Narrative Generators, which are the smallest model considered in our evaluation. Our rationale is
to construct a dataset using what can be seen as the hypothetically weakest drafter, thereby mak-
ing the refinement task particularly challenging. In this way, the Refiner is forced to handle noisy,
incomplete, or inconsistent drafts, which provides a more rigorous test of its ability to synthesize
coherent explanations through self-correction and additional reasoning. Also in this case, the refiner
model that merges the drafts is DeepSeek-R1-Distill-Qwen-32B.

Leveraging this structured and targeted dataset, we expect our fine-tuned models to achieve
significantly better accuracy and clarity in producing comprehensive and natural-language coun-
terfactual explanations. Figure 4.6 illustrates the dataset generation process for both the draft
narrative generation and the narrative refinement tasks. To perform the fine-tuning, we used the
Unsloth [49] framework; all the parameters can be seen in Table 4.4.

Table 4.4: Finetuning parameters: Checkpoint: checkpoint used during evaluation, B.S.: Batch Size, T.E.:
Training Epochs, M.S.: Max Steps, C.S.S.: Checkpoint Saving Steps

Model Checkpoint B.S. T.E. M.S. C.S.S.
Qwen2.5-0.5B-Instruct 500 1 1 1562 50
Qwen2.5-3B-Instruct 500 1 1 1562 50
Deepseek-R1-D.-Qwen-1.5B 400 1 1 1562 50
Deepseek-R1-D.-Qwen-7B 1000 1 1 1562 50

4.3.5 Results

In this section, we present the results of our study along two different dimensions. First, we
quantitatively and qualitatively analyze the performance of MNR pipeline, assessing both accuracy
and narrative quality. Next, we examine the feasibility of employing SLMs for narrative explanation
tasks, focusing on efficiency and resource requirements. Finally, we provide an illustrative example
to highlight the effectiveness and interpretability of the generated narratives.

Multi-Narrative Refinement Results.

The results presented in Table 4.6 provide compelling evidence for the efficacy of our pipeline,
highlighting two primary conclusions: the necessity of fine-tuning and the significant performance
boost provided by the refinement stage.
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Across both datasets, the base models are incapable of performing the narrative generation task,
with metrics for Feature Fidelity (FF) and Target Faithfulness (TF) consistently at or near zero.
The impact of fine-tuning is dramatic and immediate. For instance, in the “No Refiner” baseline
for the Adult dataset, the DeepSeek-R1-Distill-Qwen-1.5B Draft Explainer sees its Perfect FF
score jump from 0.0 to 0.946 after fine-tuning. This pattern confirms that distillation is essential
to impart the required capabilities to the models.

The value of the two-stage refinement process is most evident when examining the interplay
between models. A fine-tuned Draft Explainer alone sets a strong baseline, but adding a capable
refiner elevates performance. This is particularly striking when a weaker drafter is used. For
example, the Qwen2.5-0.5B-Instruct fine-tuned drafter only achieves a Perfect FF of 0.485, but
when its outputs are processed by the Qwen2.5-3B-Instruct refiner, the score more than doubles
(0.980).

The Qwen2.5-3B-Instruct model emerges as the best refiner. Across nearly all configurations
on the Adult dataset, it delivers the highest scores, pushing both Perfect FF and TF metrics above
0.97 and achieving near-zero standard deviation, indicating highly consistent and accurate outputs.

On the Titanic dataset, the best configurations reach a Perfect FF of 0.790, and the standard
deviation is relatively high (often >0.40). This suggests that while our pipeline is robust, its
performance limit could be influenced by the inherent difficulty of the dataset or by the model’s
hyperparameters.

In Table 4.6, we also introduced the performance obtained using the teacher model to directly
generate the narratives. Results show that our MNR pipeline can perform better than the teacher
model used to generate the dataset for the model fine-tuning.

Since the combination draft generator M Qwen2.5-0.5B-Instruct and refiner R Qwen2.5-3B-
Instruct have the best performance, from now on, we will use these models in our pipeline.

Table 4.5: Narrative Quality Evaluation Scores. Our solution (MNR pipeline) has as a draft generatorM
Qwen2.5-0.5B-I. and as refiner R Qwen2.5-3B-I. The model DeepSeek-R1-D.-Qwen-32B is the teacher model
we used to build the fine-tuning dataset, Qwen2.5-0.5B-I., instead, is the fine-tuned model without refiner.

Model Q1 Q2 Q3 Q4 Q5

DeepSeek-R1-D.-Qwen-32B 4.5 ± 0.6 4.4 ± 0.6 4.3 ± 0.6 4.2 ± 1.0 4.4 ± 0.6
Qwen2.5-0.5B-I. 3.2 ± 0.9 3.1 ± 1.2 3.1 ± 1.1 2.9 ± 1.0 3.0 ± 0.7
MNR pipeline 4.4 ± 0.7 4.6 ± 0.5 4.0 ± 0.9 4.3 ± 0.6 4.4 ± 0.5

Qualitative Results

The survey has been conducted on a sample of 15 people with different backgrounds, ages, and
genders. The results of the human evaluation in Table 4.5 highlight the significant impact of our
pipeline on the narrative quality. The teacher model (DeepSeek-R1-D.-Qwen-32B) gets high scores
across all five of the evaluation criteria. Notably, our approach (MNR pipeline) achieves comparably
high scores in all categories, with Q4 (interpretability and contextual coherence) receiving the
highest rating of 4.3 (slightly higher than the teacher). This suggests that the narratives generated
by the MNR pipeline are as clear as the one generated by the 32B model used as teacher. Similarly,
Q2 and Q3, which assess the clarity and specificity of feature changes, exhibit strong performance
(4.6 and 4.0, respectively), indicating that our solution effectively conveys how and why changes
lead to a counterfactual outcome.
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4.3. Narrative refinement

Table 4.6: Performance comparison of base versus fine-tuned models using the Multi-Narrative Refinement
(MNR) pipeline. The first row for each dataset shows the performance of the teacher model solving the
counterfactual narrative generation problem by itself. The rows with No Refiner serve as a baseline to get
the model performance without a refiner attached. The results shown here evaluate the impact of fine-tuning
the Draft Explainer model directly. If the Refiner is indicated, the rows evaluate the performance of the
Refiner model. In these cases, the comparison is between a plain and a fine-tuned Refiner, both of which
use drafts generated by an already fine-tuned Draft Explainer.

Draft Model (M) Refiner Model (R) AvgFF ± std ↑ PFF ↑ TF ↑

Base Tuned Base Tuned Base Tuned

Adult Dataset

DeepSeek-Q-32B (Teacher) 0.945±0.1 0.865 0.980

Qwen2.5-0.5B-I

No Refiner 0.0 ± n.d. 0.485 ± 0.24 0.0 0.485 0.0 0.515
Qwen2.5-0.5B-I 0.012 ± 0.19 0.796 ± 0.12 0.005 0.790 0.0 0.810
DeepSeek-Q-1.5B 0.0 ± n.d. 0.868 ± 0.1 0.0 0.855 0.150 0.750
Qwen2.5-3B-I 0.122 ± 0.1 0.980 ± 0.0 0.120 0.980 0.125 0.980
DeepSeek-Q-7B 0.048 ± 0.44 0.854 ± 0.24 0.035 0.755 0.120 0.965

DeepSeek-Q-1.5B

No Refiner 0.0 ± n.d. 0.946 ± 0.03 0.0 0.945 0.135 0.410
Qwen2.5-0.5B-I 0.005 ± n.d. 0.892 ± 0.08 0.005 0.890 0.0 0.900
DeepSeek-Q-1.5B 0.0 ± n.d. 0.902 ± 0.1 0.0 0.885 0.120 0.785
Qwen2.5-3B-I 0.085 ± 0.0 0.976 ± 0.04 0.085 0.970 0.085 0.980
DeepSeek-Q-7B 0.030 ± 0.51 0.823 ± 0.26 0.030 0.700 0.070 0.955

Qwen2.5-3B-I

No Refiner 0.053 ± 0.1 0.988 ± 0.0 0.050 0.988 0.055 0.988
Qwen2.5-0.5B-I 0.007 ± 0.42 0.908 ± 0.02 0.005 0.905 0.005 0.910
DeepSeek-Q-1.5B 0.005 ± 0.13 0.922 ± 0.08 0.005 0.905 0.090 0.795
Qwen2.5-3B-I 0.085 ± 0.0 0.995 ± 0.0 0.085 0.995 0.085 0.995
DeepSeek-Q-7B 0.038 ± 0.48 0.840 ± 0.24 0.035 0.750 0.105 0.945

DeepSeek-Q-7B

No Refiner 0.251 ± 0.47 0.855 ± 0.11 0.230 0.855 0.405 0.865
Qwen2.5-0.5B-I 0.005 ± n.d. 0.873 ± 0.1 0.005 0.865 0.0 0.885
DeepSeek-Q-1.5B 0.0 ± n.d. 0.904 ± 0.05 0.0 0.895 0.106 0.770
Qwen2.5-3B-I 0.080 ± 0.0 0.973 ± 0.04 0.080 0.970 0.080 0.975
DeepSeek-Q-7B 0.035 ± 0.47 0.843 ± 0.26 0.030 0.715 0.090 0.980

Titanic Dataset

DeepSeek-Q-32B (Teacher) 0.608 ± 0.47 0.590 0.945

Qwen2.5-0.5B-I

No Refiner 0.0 ± n.d. 0.790 ± 0.16 0.0 0.740 0.0 0.840
Qwen2.5-0.5B-I 0.052 ± 0.4 0.251 ± 0.49 0.040 0.243 0.015 0.592
DeepSeek-Q-1.5B 0.0 ± n.d. 0.522 ± 0.47 0.0 0.510 0.050 0.805
Qwen2.5-3B-I 0.040 ± 0.0 0.782 ± 0.4 0.040 0.780 0.040 0.985
DeepSeek-Q-7B 0.080 ± 0.48 0.562 ± 0.49 0.075 0.550 0.210 0.960

DeepSeek-Q-1.5B

No Refiner 0.003 ± 0.15 0.475 ± 0.49 0.0 0.470 0.035 0.095
Qwen2.5-0.5B-I 0.052 ± 0.38 0.350 ± 0.49 0.045 0.340 0.0 0.660
DeepSeek-Q-1.5B 0.0 ± n.d. 0.507 ± 0.48 0.0 0.500 0.030 0.790
Qwen2.5-3B-I 0.050 ± 0.0 0.790 ± 0.4 0.050 0.785 0.050 0.995
DeepSeek-Q-7B 0.117 ± 0.49 0.568 ± 0.49 0.110 0.555 0.240 0.955

Qwen2.5-3B-I

No Refiner 0.0 ± n.d. 0.635 ± 0.46 0.0 0.625 0.005 0.920
Qwen2.5-0.5B-I 0.040 ± 0.34 0.383 ± 0.49 0.030 0.365 0.010 0.715
DeepSeek-Q-1.5B 0.005 ± 0.22 0.507 ± 0.48 0.005 0.495 0.055 0.840
Qwen2.5-3B-I 0.065 ± 0.0 0.738 ± 0.44 0.065 0.737 0.065 0.987
DeepSeek-Q-7B 0.102 ± 0.49 0.578 ± 0.49 0.095 0.565 0.210 0.975

DeepSeek-Q-7B

No Refiner 0.287 ± 0.36 0.385 ± 0.49 0.280 0.280 0.345 0.490
Qwen2.5-0.5B-I 0.033 ± 0.37 0.417 ± 0.49 0.030 0.410 0.005 0.720
DeepSeek-Q-1.5B 0.010 ± 0.39 0.522 ± 0.47 0.010 0.515 0.035 0.805
Qwen2.5-3B-I 0.050 ± 0.0 0.777 ± 0.41 0.050 0.775 0.050 0.990
DeepSeek-Q-7B 0.133 ± 0.48 0.583 ± 0.49 0.120 0.570 0.245 0.990
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In contrast, the model without refiner scores significantly lower, particularly in Q4 and Q5, with
ratings of 2.9 and 3.0, respectively. These results suggest that without the refinement step, the
model struggles to produce clear and coherent narratives, making them harder to interpret and
understand.

Feasibility

Beyond accuracy and quality, the feasibility of deploying counterfactual narrative generators crit-
ically depends on their computational requirements. In our study, we compare three settings: a
teacher LLM, a worker SLM without refinement, and a Multi-Narrative Refinement pipeline com-
posed of two SLMs, both finetuned. To assess their practical applicability, we analyze three key
dimensions: (i) model size, (ii) inference time, and (iii) energy consumption during explanation
generation.

Model size directly affects deployability. Large LLMs demand tens of gigabytes of memory,
whereas distilled SLMs are an order of magnitude smaller, enabling deployment on commodity hard-
ware. In the case of the MNR pipeline, model size reflects the combined size of both SLMs. Regard-
ing inference time, the MNR pipeline’s reported latency corresponds to the full generation process
of a final explanation, which includes producing three independent draft narratives followed by a
refinement step. By contrast, the SLM without refinement and the teacher model T each generate
only a single draft. For energy consumption, we measure the total GPU energy required to generate
a single explanation. GPU power draw was sampled every 200 milliseconds, yielding a fine-grained
trace of instantaneous consumption. The total energy was then computed by integrating power
measurements over time. Specifically, given the set of samples S = {(t0, P0), (t1, P1), . . . , (tn, Pn)},
where ti denotes the timestamp of sample i and Pi the corresponding power (in Watts), the energy
consumption is approximated as

Etotal ≈
n∑

i=1

Pi−1 + Pi

2
· (ti − ti−1).

This calculation yields the total energy expenditure (in Joules) for generating a single explanation
under each configuration. Table 4.7 reports the results for the Adult dataset, comparing the LLM,
the worker SLM without refiner, and the MNR pipeline. Our findings show that the MNR approach
reduces memory usage by a factor of 2.7 compared to the large model (DeepSeek-R1-D.-Qwen-32B),
while also lowering inference time by nearly 50% and energy consumption by 62% (see Fig. 4.8 for the
power consumption trends over time). Although the standalone SLM achieves even lower memory
usage, faster inference, and reduced energy consumption, its performance is consistently halved
across all evaluation metrics.

Table 4.7: Feasibility results for explanation generation across different pipelines for the Adult dataset.
The first row reports the performance of the teacher T, the second corresponds to the worker SLM without
refinement, and the third to the MNR pipeline composed of two fine-tuned SLMs, a draft generator M
Qwen2.5-0.5B-I. and a refiner R Qwen2.5-3B-I.

Model Name Size (GB) Time (s) Energy (J)

DeepSeek-R1-D.-Qwen-32B 18.16 20.5 ± 4.1 7613.6 ± 1536.5
Qwen2.5-0.5B-I. 0.92 1.23 ± 0.29 215.5 ± 53.3
MNR pipeline 6.71 12.33 ± 2.0 2867.2 ± 548.4
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Figure 4.8: GPU power comparison of three techniques for narrative generation. Our approach (MNR
pipeline) uses Qwen2.5-0.5B-I. as draft generator M and Qwen2.5-3B-I. as refiner R. DeepSeek-R1-D.-
Qwen-32B is the teacher model, while Qwen2.5-0.5B-I is the fine-tuned model without refiner. Solid lines
show average power; shaded areas denote standard deviation.

Narrative Example

Table 4.8 illustrates the effectiveness of the MNR pipeline by comparing the raw drafts generated
by the Draft Narrative GeneratorM with the merging phase produced by the Refiner R.

The three drafts provide diverse but imperfect accounts: for instance, Draft 1 correctly identifies
occupation and marital status as influential, yet introduces minor ambiguities by overstating the role
of race; Draft 2 emphasizes the importance of the first two feature changes, and also speculates that
race change does not have a direct impact on prediction; Draft 3, instead, misattributes relevance
to unchanged factors such as age, thereby introducing noise into the explanation. Left on their own,
each draft offers only a partial and potentially misleading picture of the prediction shift.

The refinement stage addresses these limitations by systematically comparing the drafts, resolv-
ing contradictions, and merging complementary insights. In the merging phase shown in the table,
the Refiner explicitly discards Draft 3’s error (“Draft 3 seems incorrect because age didn’t change”)
and aligns the narrative with the factual–counterfactual pair. At the same time, it strengthens the
explanation by integrating overlapping claims from Drafts 1 and 2: namely, that occupation is the
primary driver of the income change, while marital status contributes additional financial stability.
The Refiner also goes beyond simple aggregation, providing deeper reasoning on feature interac-
tions — for example, noting that being married and working in a white-collar job together exert
a stronger effect than either factor alone, or that the impact of the change in race from ‘White‘to
‘Other‘ is uncertain or secondary.

This process exemplifies the self-correcting nature of MNR: by leveraging multiple imperfect
narratives, the pipeline constructs a coherent, accurate, and more nuanced explanation than any
single draft could provide. As a result, the final narrative not only corrects factual inconsistencies
but also enriches the reasoning, highlighting feature interactions and causal plausibility in a way
that enhances both fidelity and user interpretability. For other examples, please refer to the code
https://github.com/flaat/llm_kd.
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A counterfactual explanation refers to a type of explanation in machine learning
and artificial intelligence that describes how altering certain input features can change the
output of a model. It answers 'what if' scenarios by identifying minimal changes necessary
to achieve a different desired outcome. Counterfactual explanations provide
insights into the decision-making process of complex models, enhancing
transparency and interpretability. For example, consider a credit scoring model that
denies a loan application. A counterfactual explanation might be: 'If your annual income
had been $50,000 instead of $45,000, your loan would have been approved.' This helps
the
applicant understand what specific change could lead to a different decision. Your task is
to generate a comprehensive, natural language counterfactual explanation of the
classification change when transitioning from a factual example. Given the following
inputs:
- Dataset Description: Background knowledge about the dataset, including
feature definitions, their significance, and statistical distributions.
- Factual Example: A specific instance from the dataset that was classified under
the original conditions.
- Counterfactual Example: A modified version of the factual example where
certain features have been altered, resulting in a different classification.
The explanation should:
1. Identify Feature Changes: List and describe the features that differ between the factual
and counterfactual examples. You should follow the structure outlined below.
2. Reasoning: Carry out a reasoning step that is functional to generating the
final summary, in particular:
- Analyze Contribution of Features: Assess the influence of each changed feature on the
classification outcome, leveraging dataset knowledge to justify its impact.
- Highlight Interactions: Discuss any interactions between features that may have played
a role in shifting the classification outcome.
- Summarize Key Factors: Conclude with a concise summary of the most
influential features and their role in altering the prediction.
Provide your responses in complete sentences and paragraphs, explaining concepts
clearly and concisely in a continuous flow. The summary should be clear, coherent, and
provide an intuitive understanding of how the model's decision was influenced by the
observed
feature modifications. Your output should follow the following JSON structure:
{{ "feature_changes": [

{{"<FEATURE_1>": {{"factual": "<FACTUAL_VALUE_1>",
"counterfactual": "<COUNTERFACTUAL_VALUE_1>"}}}}, ...
{{"<FEATURE_N>": {{"factual": "<FACTUAL_VALUE_N>",
"counterfactual": "<COUNTERFACTUAL_VALUE_N>"}}}}, ],

"target_variable_change": {{"factual": "<FACTUAL_TARGET>",
"counterfactual": "<COUNTERFACTUAL_TARGET>"}},
"reasoning": "<YOUR_REASONING>",
"explanation": "<YOUR_SUMMARY> }}
Please remeber to include also the target variable in the feature_changes list.
Please avoid any further explanation, clarification or other unnecessary outputs,
just provide the JSON. Here is your input: ### Dataset Description ###
{dataset_description} ### Factual Example ### {factual_example} ###
Counterfactual Example ### {counterfactual_example} Avoid using bullet points, lists, or
numerical outlines.

A counterfactual explanation refers to a type of explanation in machine learning and artificial
intelligence that describes how altering certain input features can change the output of a
model. It answers 'what if' scenarios by identifying minimal changes necessary to achieve a
different desired outcome. Counterfactual explanations provide insights into the decision-
making process of complex models, enhancing transparency and interpretability.
For example, consider a credit scoring model that denies a loan application. A counterfactual
explanation might be: 'If your annual income had been $50,000 instead of $45,000, your loan
would have been approved.' This helps the applicant understand what specific change could
lead to a different decision. Your task is to generate a comprehensive, natural language
counterfactual explanation of the classification change when transitioning from a factual
example to its counterfactual counterpart. Given the following inputs:
- Dataset Description: Background knowledge about the dataset, including feature
definitions, their significance, and statistical distributions.
- Factual Example: A specific instance from the dataset that was classified under the original
conditions.
- Counterfactual Example: A modified version of the factual example where certain features
have been altered, resulting in a different classification.
- Draft Explanations: Three independent draft explanations of the same
factual/counterfactual pair. These explanations may overlap, complement, or partially
contradict each other. The explanation should:
1. Identify Feature Changes: List and describe the features that differ between the factual
and counterfactual examples. You should follow the structure outlined below.
2. Reasoning: Carry out a reasoning step that is functional to generating the final summary,
in particular:
    - Analyze Contribution of Features: Assess the influence of each changed feature on the
classification outcome, leveraging dataset knowledge to justify its impact.
    - Highlight Interactions: Discuss any interactions between features that may have played a
role in shifting the classification outcome.
3. Integrate Draft Explanations: Carefully review the three draft explanations. Extract the
core claims and evidence presented in each. In particular:
   - Where explanations conflict or differ, resolve these contradictions by prioritizing
statements best supported by the dataset description and the identified feature changes.
   - Merge complementary insights to create a unified, logically consistent explanation,
avoiding redundancy and ensuring the final narrative flows coherently.
4. Summarize Key Factors: Conclude with a concise summary of the most influential
features and their role in altering the prediction. The summary should be approximately 250
words. Avoid using bullet points, lists, or numerical outlines. Provide your responses in
complete sentences and paragraphs, explaining concepts clearly and concisely in a
continuous flow. The summary should be clear, coherent, and provide an intuitive
understanding of how the model's decision was influenced by the observed feature
modifications. Your output should follow the following JSON structure:
{{ "feature_changes": [
        {{"<FEATURE_1>": {{"factual": "<FACTUAL_VALUE_1>", 

   "counterfactual": "<COUNTERFACTUAL_VALUE_1>"}}}}, ...
        {{"<FEATURE_N>": {{"factual": "<FACTUAL_VALUE_N>", "counterfactual": "
<COUNTERFACTUAL_VALUE_N>"}}}},
    ],
    "target_variable_change": {{"factual": "<FACTUAL_TARGET>", "counterfactual": "
<COUNTERFACTUAL_TARGET>"}}, 
    "reasoning": "<YOUR_REASONING>",
    "explanation": "<YOUR_SUMMARY>"
}}
Please remeber to include also the target variable in the feature_changes list.
Please avoid any further explanation, clarification or other unnecessary outputs, just provide
the JSON. Here is your input: ### Dataset Description ### {dataset_description} ### Factual
Example ###
{factual_example} ### Counterfactual Example ### {counterfactual_example} ### Draft
Explanation 1 ### {draft_explanation_1} ### Draft Explanation 2
### {draft_explanation_2} ### Draft Explanation 3 ### {draft_explanation_3}

Figure 4.9: Right side: prompt used to refine multile narratives. Left side: prompt to generate the
draft explanations.

4.3.6 Conclusion

In this work, we introduced the Multi-Narrative Refinement pipeline, a novel approach to generating
human-readable counterfactual narratives from tabular data. By combining knowledge distillation
with a structured two-stage draft-and-refine process, we demonstrated that Small Language Models
can be empowered to deliver coherent and contextually accurate narratives that demystify the
decisions for complex AI models.

Our experiments yield several key insights. First, fine-tuning via knowledge distillation is not
merely advantageous but indispensable: base SLMs without distillation fail to perform the task,
whereas distilled versions consistently achieve high feature fidelity and narrative coherence. Second,
the refinement stage consistently amplifies performance by resolving contradictions between drafts,
correcting errors, and synthesizing more robust explanations.

Taken together, these results highlight the dual importance of distillation and multi-narrative
refinement. The MNR pipeline not only advances the state of the art in counterfactual narrative
generation but also demonstrates a practical path toward deploying smaller, resource-efficient models
that preserve both reasoning depth and explanatory quality.

4.3.7 Social Impact

The research presented in this paper carries relevant social implications by addressing the need for
transparency and interpretability in AI systems. The positive impact of our work is the democrati-
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zation of AI explainability. By converting technical counterfactuals into clear and accessible natural
language narratives, our framework empowers individuals who are not AI experts to understand the
reasoning behind automated decisions that directly affect their lives. This fosters greater trust in
AI systems and provides a basis for users to contest unfair or erroneous outcomes. Furthermore, in
high-stakes domains like finance and healthcare, our method can help organizations meet regulatory
requirements for transparency, such as those outlined in the EU AI Act (see Section 3.4). Further-
more, by enabling the use of smaller and more efficient models, our work also contributes to a
more sustainable and economically viable approach to deploying explainable AI (see Section 4.3.5),
making these powerful tools available to a wider range of organizations. Despite its benefits, this
technology is not without risks. For example, the generated narratives could be highly persuasive
but subtly inaccurate and could mask underlying model flaws or biases [22, 37, 86]. The process of
simplification inherent in creating a narrative might also omit crucial details, creating a gap between
the explanation’s perceived meaning and the model’s true internal logic.
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4.3. Narrative refinement

Table 4.8: Comparison between the three draft explanations and the Refiner’s reasoning phase for the
Adult dataset.

Example
Factual: age: 33; workclass: Private; education: School; marital status: Divorced; occupation: Blue-Collar;
race: White; gender: Male; hours per week: 35
Counterfactual: age: 33; workclass: Private; education: School; marital status: Married; occupation: White-
Collar; race: Other; gender: Male; hours per week: 35
DNG (M): Qwen 2.5 0.5B Refiner (R): Qwen 2.5 3B
Draft 1: The most influential fea-
tures contributing to the change in
income prediction are marital sta-
tus, occupation, and race. Be-
ing married, which often signi-
fies stability, likely enhances earn-
ing potential. Changing occu-
pation to white-collar suggests a
higher-paying job, which directly
impacts income. Lastly, race may
play a role in the model’s per-
ception of economic status, possi-
bly reflecting broader societal fac-
tors. Together, these changes shift
the model’s assessment. Draft 2:
The most influential factor in al-
tering the prediction is the occu-
pation change from ’Blue-Collar’ to
’White-Collar’. This shift suggests
a move to a higher-paying, profes-
sional role, which is strongly cor-
related with higher income. Addi-
tionally, the marital status change
to ’Married’ may imply financial
stability or dual income, contribut-
ing to the higher income predic-
tion. The race change might
reflect broader economic dispari-
ties, though this effect is less di-
rect. Draft 3: The increase
in income classification from ’In-
come <=50K’ to ’Income >50K’
is primarily driven by three fac-
tors: older age, married status, and
a white-collar job. These changes
suggest that individuals in these
categories are more likely to earn
above 50K

Merging Phase: Okay, so I need to help the user by generating a compre-
hensive counterfactual explanation based on the given inputs. Let me start
by understanding the problem. First, the dataset is the Adult dataset, which
predicts income above or below 50K. The factual example has an income of
0 (<=50K), and the counterfactual has 1 (>50K). So, the goal is to explain
why changing certain features caused this shift. Looking at the factual and
counterfactual examples: Factual: - age: 33 - workclass: Private - education:
School - marital_status: Divorced - occupation: Blue-Collar - race: White
- gender: Male - hours-per-week: 35 Counterfactual: - age: 33 - workclass:
Private - education: School - marital_status: Married - occupation: White-
Collar - race: Other - gender: Male - hours-per-week: 35. So, the features that
changed are: - marital_status: Divorced -> Married - occupation: Blue-Collar
-> White-Collar - race: White -> Other. Wait, but looking back, the factual
example’s education is ’School’, while the counterfactual’s is still ’School’? Or
did I misread? Oh no, wait, the factual example’s education is ’School’, and
the counterfactual’s is ’School’ too. So those didn’t change. Hmm, maybe I
missed something. Let me check again. No, both have ’School’ as education.
So the only changes are marital_status, occupation, and race. Wait, in the
factual example, the occupation is ’Blue-Collar’, and in the counterfactual,
it’s ’White-Collar’. Also, race changes from ’White’ to ’Other’. Now, looking
at the draft explanations: Draft 1 says marital status, occupation, and race
are the main factors. It mentions being married enhances earning potential,
white-collar jobs indicate higher pay, and race reflects economic status. Draft
2 focuses mainly on occupation change to white-collar, suggesting higher in-
come correlation. It also mentions marital status implying financial stability
and possible dual income. Race might reflect economic disparities. Draft 3
talks about older age, married status, and white-collar job driving the income
increase. But in our case, age remains 33, so that doesn’t apply here. Hmm, so
Draft 3 seems incorrect because age didn’t change. So we can disregard that
part. Now, analyzing the contributions: Occupation is a big one. Blue-Collar
typically pays less than White-Collar. So changing to White-Collar likely in-
creases income. Marital status: Married might correlate with higher income
due to potential dual income or stability. Race: Changing from White to
Other this is tricky. The dataset’s race categories might have different income
implications. Maybe ’Other’ includes groups with higher average incomes, but
it’s not straightforward. But in the dataset description, race is a categorical
variable, and the target variable is income. So perhaps ’Other’ isn’t necessarily
worse; maybe it’s neutral or positive in this context. Interactions: Maybe be-
ing married and having a White-Collar job together have a stronger effect than
individually. Integrating the drafts: Draft 1 and 2 agree on occupation and
marital status. Draft 2 adds marital status implying financial stability. Draft
3 incorrectly mentions age and doesn’t address all changes. So, the key fac-
tors are occupation and marital status. Race’s impact is uncertain but might
contribute positively. Putting it all together, the explanation should highlight
occupation as the primary driver, followed by marital status, and note the race
change without overemphasizing it since age remained the same. Narrative:
Occupation change from Blue-Collar to White-Collar likely increased income.
Marital status from Divorced to Married might imply stability or dual income.
Race change to Other might have a slight positive effect. The main factors
are occupation and marital status. The race change is less impactful but still
contributes. Wait, but in the factual example, the person is male, divorced,
working blue-collar, white, and making <=50K. In the counterfactual, they’re
married, white-collar, male, and making >50K. So the key changes are occupa-
tion and marital status. So, the summary should focus on those two features,
noting that occupation is a strong indicator of income level, and marital status
can add to that effect. Race’s role is secondary or unclear without more data.
I think I’ve got it.
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Chapter 5

Conclusions

In this thesis, we propose graphs as a unifying substrate for building intelligent networked systems;
furthermore, we explore graph explainability methods, with a focus on practical deployments and
transparent decision-making.

In Chapter 2 we study graphs in real-world systems, with an emphasis on constrained commu-
nication control. We formulate trajectory and task-planning problems that couple sensing, con-
nectivity, and data offloading, and we develop optimization and heuristic solutions that respect
platform limitations such as limited battery lifetime and link capacity. We further design planning
and routing mechanisms that maintain periodic connectivity to a base station during exploration,
enabling offloading of observations while sustaining coverage quality. Extensive simulation cam-
paigns and testbed experiments show consistent gains over networking-only baselines in terms of
task completion, freshness of the information delivered to the depot, and overall mission efficiency.

In Chapter 3, we turn to explainable AI for graphs. We introduce counterfactual explanation
methods tailored to graph-structured data, encompassing structural edits, edge attribute changes,
and node feature perturbations. We propose a unified generation pipeline with scheduling policies
that strike a balance between fidelity and sparsity. We study runtime-quality trade-offs to make
counterfactuals practical on standard benchmark datasets. To make explanations actionable for
users, we complement the edits with natural-language narratives derived from the underlying coun-
terfactual operations. We assess faithfulness and perceived usefulness through quantitative metrics
and human evaluation.

In Chapter 4, we broadened the scope beyond graphs, investigating how counterfactual reasoning
can be integrated into training to improve robustness and generalization. We present a counter-
factual regularization strategy that encourages decision-level stability under realistic perturbations,
demonstrating competitive or superior performance to common regularizers across a range of models
and tabular datasets, while also enabling fast test-time counterfactual retrieval. We discussed limits
on highly structured modalities and pointed to domain-aware generators as a promising avenue. We
also present a new pipeline to generate counterfactual narratives in the domain of tabular data using
pairs of small language models. Results show that our approach achieves better performance and
is more energy-efficient than using a single large model.
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Appendix A

Appendix

A.1 Chapter 3 - Appendix

A.1.1 Parameters

The experimental configurations for our models were set as follows. Both the GCNConv and the
GINEConv model was configured with three hidden layers, each containing 128 units, and a dropout
of 0.5. The model training epochs are 500 with early stopping and a learning rate scheduling policy.
Figure A.1 shows the values for train and test loss for the models used.

Model Dataset Test Accuracy
GINEConv Cuneiform 0.82± 0.05
GCNConv Citeseer 0.74± 0.005
GCNConv PubMed 0.87± 0.001
GCNConv Cora 0.86± 0.01
GCNConv AIDS 0.98± 0.001

Table A.1: Accuracy values for each pair model-dataset used during the experiments

Table A.1 instead shows the different accuracy values reached by the models.

A.1.2 Node Classification Results

Table A.2 shows the performance of various explainers on the PubMed and Cora datasets. A careful
examination of these results reveals important insights into the behavior of our UCExplainer ap-
proach compared to other methods. On PubMed, UCExplainer variants strike a favorable balance,
with validity and fidelity scores around 0.66 and 0.75 respectively and very low distribution dis-
tances. On Cora, the UCExplainer methods continue to outperform all the baselines, reaching with
all the scheduling policies, perfect validity with negligible node sparsity, and edge sparsity, even
though the distribution distances remain a bit higher if compared to other baselines with much
lower validity (i.e. EGO, CFF, UNR, Random Edges)

In summary, our approach consistently provides balanced, interpretable, and faithful explana-
tions. The approach is robust across different datasets, achieving high validity and fidelity while
minimizing both distribution distance and sparsity—qualities that are essential for effective expla-
nation in graph neural networks.
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(a) Loss 1 (b) Loss 2

(c) Loss 3 (d) Loss 4

(e) Loss 5
Figure A.1: This is the main caption for the 3×2 grid (five images shown).

A.1.3 Examples

In Figure A.2 there are 8 factual-counterfactual pairs obtained using the Cuneiform dataset and
UCExplainer. In order to condense all the information available for the graph (node features and
edge attributes) we encoded them as follow: The node features are visualized using:

• Node Color: the primary node feature (Xi,0) determines color using the viridis colormap.
Colors are normalized globally across each factual-counterfactual pair using min-max normal-
ization.

• Node Size: Node sizes are computed as follows: node_sizei = |
∑d−1

j=0 Xi,j | · 30 + 50 where d
is the number of node features.

Edge features are represented through:

• Edge Width: the first edge feature determines line thickness, width(i,j) = |E(i,j),0| · 2 + 0.5

• Edge Color: the second edge feature (E(i,j),1) determines color using the plasma colormap.
Edge colors are normalized globally across factual-counterfactual pairs using min-max nor-
malization.
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Figure A.2: Samples from the Cuneiform dataset and their counterfactual samples obtained using UCEx-
plainer

147



A.2. Chapter 4 - Additional Experimental Details

Explainers Validity ↑ Fidelity ↑ Distribution Distance ↓ Node Sparsity ↓ Edge Sparsity ↓
Dataset: PubMed

UCExplainerdef 0.650(±0.028) 0.754(±0.022) 0.108(±0.002) 0.107(±0.000) 0.12(±0.02)
UCExplainerdyn 0.663(±0.043) 0.756(±0.020) 0.180(±0.011) 0.107(±0.000) 0.000(±0.000)
UCExplainerexp 0.658(±0.041) 0.749(±0.014) 0.166(±0.020) 0.107(±0.000) 0.000(±0.000)
UCExplainerlin 0.662(±0.045) 0.751(±0.016) 0.126(±0.004) 0.107(±0.000) 0.000(±0.000)
UCExplainersin 0.648(±0.029) 0.753(±0.019) 0.117(±0.003) 0.107(±0.000) 0.000(±0.000)
EGO 0.043(±0.012) 0.650(±0.238) 0.103(±0.010) n.a. 0.984(±0.004)
Random Edges 0.293(±0.022) 0.607(±0.037) 0.068(±0.002) n.a. 0.478(±0.001)
Random Features 0.513(±0.025) 0.734(±0.016) 1.661(±0.002) 0.032(±0.000) n.a.
CFF 0.030(±0.014) −0.900(±0.200) 0.056(±0.007) n.a. 0.660(±0.084)
CF-GNNExplainer 0.123(±0.009) 0.511(±0.125) 0.080(±0.001) n.a. 0.004(±0.001)
UNR 0.008(±0.006) 1.000(±0.000) 0.065(±0.008) n.a. 0.001(±0.001)
GNNExplainer 0.007(±0.003) 0.544(±0.075) 0.079(±0.007) n.a. 0.053(±0.012)
InduCE 1 0.138(±0.018) 0.623(±0.070) 0.061(±0.004) n.a. 0.003(±0.001)
PGExplainer 2 0.603(±0.016) 0.781(±0.021) 0.654(±0.023) n.a. 0.211(±0.071)

Dataset: Cora
UCExplainerdef 1.000(±0.000) 0.855(±0.003) 1.628(±0.104) 0.018(±0.001) 0.000(±0.000)
UCExplainerdyn 1.000(±0.000) 0.855(±0.003) 7.558(±0.044) 0.133(±0.003) 0.000(±0.000)
UCExplainerexp 1.000(±0.000) 0.855(±0.003) 9.573(±0.176) 0.175(±0.006) 0.000(±0.000)
UCExplainerlin 1.000(±0.000) 0.855(±0.003) 2.727(±0.113) 0.035(±0.001) 0.000(±0.000)
UCExplainersin 1.000(±0.000) 0.855(±0.003) 2.800(±0.111) 0.037(±0.001) 0.000(±0.000)
EGO 0.022(±0.003) 1.000(±0.000) 0.535(±0.038) n.a. 0.980(±0.001)
Random Edges 0.240(±0.016) 0.729(±0.014) 0.564(±0.014) n.a. 0.472(±0.003)
Random Features 0.127(±0.013) 0.947(±0.005) 18.795(±0.313) 0.492(±0.000) n.a.

CFF 0.010(±0.009) −0.556(±0.770) 0.482(±0.146) n.a. 0.715(±0.246)
CF-GNNExplainer 0.165(±0.022) 0.782(±0.049) 0.598(±0.039) n.a. 0.08(±0.001)
UNR 0.017(±0.004) 1.000(±0.000) 0.747(±0.432) n.a. 0.012(±0.013)
GNNExplainer 0.151(±0.015) 0.004(±0.002) 5.531(±0.602) n.a. 0.572(±0.031)
induCE 1 0.413(±0.023) 0.187(±0.014) 3.237(±0.315) n.a. 0.751(±0.024)
PGExplainer 2 0.845(±0.13) 0.722(±0.036) 1.677(±0.011) n.a. 0.253(±0.003)

Table A.2: Results for PubMed and Cora. The oracles g use GCNConv layers. In bold the best result,
the second best result is underlined

Table A.3: Main properties and description of the datasets.

Dataset #Samples #Features #Min. Class (%) #Maj. Class (%) Description

Water 3,276 9 1,278 (39%) 1,998 (61%) This tabular dataset includes various water quality
metrics and is used to predict water potability, i.e.,
whether it is safe for human consumption.

Phoneme 5,404 5 1,586 (29%) 3,818 (71%) This tabular dataset contains five attributes selected
to characterize each vowel, with the goal of distin-
guishing between nasal and oral sounds.

Higgs 200,000 28 94,131 (47%) 105,869 (53%) This dataset is a random sample without replace-
ment of the original Higgs tabular dataset, com-
prising 18% of the total 1.1 million instances, and
is used to distinguish between a signal process that
produces Higgs bosons and a background process
that does not.

CIFAR-10 12,000 3× 32× 32 6,000 (50%) 6,000 (50%) This dataset is a sample of the original CIFAR-10
image dataset, adapted to a binary classification set-
ting, containing only instances from class 3 (“cats”)
and class 5 (“dogs”).

A.2 Chapter 4 - Additional Experimental Details

A.2.1 Datasets, Models, and Tasks

Three of the four datasets used in this study, namely Water, Phoneme, and Higgs, are tabular,
while the fourth, CIFAR-10, is a popular image dataset. Table A.3 summarizes key characteristics
of each dataset, including the number of samples, number of features, class distribution (minority
and majority class sizes), and a brief description.
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All datasets except CIFAR-10 are naturally associated with a binary classification task. To adapt
CIFAR-10 to a binary classification setting, we retain only instances from class 3 (“cats”) and class
5 (“dogs”).

For the Water, Phoneme, and Higgs datasets, we performed an 80/20 train-test split. For
CIFAR-10, we used the standard train-test split provided by the torchvision library.

Table A.4 summarizes the key characteristics of the models evaluated in our experiments. The
selection covers a broad spectrum of architectures, from simple logistic regression models with a few
thousand parameters to deep neural networks comprising tens of millions of parameters.

Table A.4: Comparison of various models across datasets, layer configurations, and parameter counts.

Model Dataset Layers Width #Parameters

LR Water N/A 5,005
MLPsmall Water [100, 30] 3,930
MLPlarge Water [150, 1000, 150, 30] 305,880

LR Phoneme N/A 4,368
MLPsmall Phoneme [100, 40] 4,540
MLPlarge Phoneme [150, 1000, 150, 30] 305,280

MLPsmall Higgs [100, 30] 5,830
MLPlarge Higgs [150, 1000, 150, 30] 308,730

CNN CIFAR-10 ResNet-18 11,200,000

A.2.2 Training Settings

Table A.5 illustrates the training settings used for each dataset. We adopt Adam as optimizer due
to its faster convergence properties. This choice enables us to reduce the number of training epochs
while still performing an exhaustive hyperparameter search within the same computational budget.

To illustrate Adam’s faster convergence in practice, Figure A.3 compares its performance to
standard stochastic gradient descent (SGD) when training an MLP on the Higgs dataset.

Table A.5: Training settings for each dataset.

Dataset Optimizer #Epochs Batch Size Learning Rate (η)

Water Adam 2,000 128 0.001
Phoneme Adam 2,000 128 0.001
Higgs Adam 200 128 0.001
CIFAR-10 Adam 200 128 0.001

Training and testing are performed over 2,000 epochs for the Water and Phoneme datasets, and
over 200 epochs for both CIFAR-10 and Higgs. In all cases, we use a batch size of 128, and we set
the learning rate to η = 0.001 with no weight decay.
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Table A.6: Hyperparameter settings used to generate the results in Table 4.1. L1-Reg and L2-Reg report
the regularization coefficients, i.e., the weights of the L1 and L2 norms of the model parameters, respectively.
Dropout indicates the dropout probability. Early Stopping shows the patience parameter. PGD reports:
the step size of the adversarial attack (α); the maximum perturbation budget (ϵ); and the number of attack
iterations (k). Lastly, CF-Reg represents the regularization coefficients α and β.

Model Dataset L1-Reg L2-Reg Dropout Early Stopping PGD CF-Reg (ours)
LR Water 4.933 e-02 7.413 e-01 N/A 5 1.076 e-02/1.128 e-02/15 3.353 e-01/9.816 e-01

MLPsmall Water 1.280 e-02 2.920 e-03 2.004 e-01 15 1.364 e-01/4.714 e-02/05 8.325 e-01/1.886 e+00

MLPlarge Water 1.605 e-02 2.613 e-03 8.192 e-01 10 9.430 e-01/1.614 e-02/05 1.121 e+00/2.118 e+00

LR Phoneme 1.796 e-02 3.659 e-02 N/A 260 1.543 e-02/6.009 e-03/05 1.303 e-05/3.461 e-02
MLPsmall Phoneme 1.097 e-03 6.972 e-03 1.606 e-01 280 1.100 e-02/9.069 e-02/20 1.485 e-02/1.883 e-01
MLPlarge Phoneme 5.885 e-03 3.003 e-03 1.001 e-02 260 1.044 e-02/7.132 e-03/05 5.539 e-03/1.797 e-01
MLPsmall Higgs 6.667 e-03 3.214 e-04 9.820 e-02 50 3.099 e-02/2.153 e-02/05 1.097 e-01/4.724 e-01
MLPlarge Higgs 1.391 e-02 1.675 e-04 3.918 e-01 5 1.422 e-02/8.403 e-02/05 4.380 e-01/2.289 e+00

CNN CIFAR-10 8.700 e-06 4.868 e-06 N/A 160 3.755 e-01/5.043 e-03/07 7.246 e-04/1.852 e-01

Figure A.3: The training loss evolution over training epochs for an MLP trained on the Higgs dataset
without regularization with SGD (blue) or Adam (orange) as optimizer. Adam shows a faster fit to training
data in terms of training epochs.

A.3 Counterfactual Perturbation vs. Overfitting

In Section 4.2.3, we empirically demonstrated that the average ε-VCP is correlated with the risk
of overfitting: specifically, higher training accuracy tends to correspond to a larger average ε-VCP.
That analysis provided a general observation, with the average ε-VCP estimated using Monte Carlo
integration.

In this section, instead, we conduct a more targeted analysis by examining the relationship
between the test loss (i.e., the complement of test accuracy) and the average L2-norm of the coun-
terfactual perturbation vectors (||δ||) over the course of training. The latter serves as a practical
proxy for the average ε-VCP.

Figure A.4 illustrates the evolution of ||δ|| and the test loss over training epochs for an MLP
trained without regularization on the Water dataset. The plot shows a clear trend as the model
starts to overfit the data (evidenced by an increase in test loss). Notably, ||δ|| begins to decrease,
which aligns with the hypothesis that the average distance to the optimal counterfactual example
gets smaller as the model’s decision boundary becomes increasingly adherent to the training data.

It is worth noticing that this trend is heavily influenced by the choice of the counterfactual
generator model. In particular, the relationship between ||δ|| and the degree of overfitting may
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Figure A.4: The average counterfactual perturbation vector ||δ|| (left y-axis) and the cross-entropy test loss
(right y-axis) over training epochs (x-axis) for an MLP trained on the Water dataset without regularization.

become even more pronounced when leveraging more accurate counterfactual generators. However,
these models often come at the cost of higher computational complexity, and their exploration is
left to future work.

Nonetheless, we expect that ||δ|| will eventually stabilize at a plateau, as the average L2-norm
of the optimal counterfactual perturbations cannot vanish to zero.

A.4 Hyperparameter Tuning

Most regularization techniques are highly sensitive to hyperparameter choices. Table A.6 sum-
marizes all hyperparameters used in this study. Each value was selected via random Bayesian
optimization over approximately 80 trials, aiming to maximize accuracy on a held-out validation
set.

In the table, L1-Reg and L2-Reg refer to the coefficients of the respective regularization terms,
i.e., the weights of the L1 and L2 norms of the model parameters. The Dropout entry indicates
the dropout probability applied within the model architecture. For Early Stopping, the reported
value corresponds to the patience parameter, namely the number of epochs without improvement
before training is stopped. The three entries listed under PGD correspond to: the step size of the
adversarial attack (α); the maximum perturbation budget (ϵ); and the number of attack iterations
(k). Finally, the two CF-Reg values represent the regularization coefficients α and β, as defined in
(4.5) and (4.7), respectively.
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