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Figure 1: Overview of the �CATS� algorithm.

Abstract

Modern sequential recommendation systems often rely on nega-
tive sampling to efficiently train models over vast item corpora.
However, common strategies such as uniform, popularity-based
sampling, or hard-negative mining, often yield uninformative neg-
atives, introduce popularity bias, or suffer from false negatives that
hinder model learning. While several studies focus on identifying
true negatives, none explore latent item representations to miti-
gate false negatives issue. We propose �CATS� (Cluster-Aware
Thompson Sampling),an adaptive negative sampling method that
balances exploration and exploitation by leveraging unsupervised
item clustering and adaptive multi-armed bandit principles. The key
insight behind CATS is that false negatives tend to lie in the same
cluster as the positive item, whereas true hard negatives are more
likely found in nearest clusters. CATS leverages this by adaptively
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sampling negatives from the positive item’s cluster, its neighbor-
ing clusters, and the rest of the item space, and decaying the sam-
pling probability from the positive item’s cluster over time, reduc-
ing the risk of accumulating false negatives during training. Evalu-
ation using state-of-the-art sequential models (SASRec, BERT4Rec,
BSARec) and three benchmark datasets (MovieLens-1M, Amazon
Beauty and BeerAdvocate) demonstrates that CATS consistently
outperforms standard and advanced sampling baselines. Notably,
CATS achieves improvements of over 20% in NDCG@10 compared
to vanilla sampling methods, and of over 16% compared to more
advanced methods. Our findings suggest that incorporating the la-
tent item structure through adaptive sampling strategies like CATS
can significantly enhance the performance of sequential recom-
mendation systems. The complete code needed to reproduce the
results presented in this paper can be found in our GitHub reposi-
tory https://github.com/gditeodoro/CATS.
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1 Introduction

Recommender systems (RSs) have become an indispensable tool for
personalizing content in domains such as e-commerce, streaming
platforms, and online advertising. Among them, Sequential RSs
stand out for their ability to capture dynamic user preferences by
considering the order of interactions over time. By learning patterns
from behavioural sequences, these models can predict a user’s
next action more accurately than static preference models. Modern
sequential recommenders, such as SASRec and BERT4Rec, have
achieved state-of-the-art performance through the adoption of deep
architectures originally designed for natural language processing,
most notably Transformer-based models [2, 6, 18, 32, 35]. These
models treat sequences of user-item interactions in a similar way
to what happens in language models for sentence processing. This
paradigm shift has enabled substantial performance improvements.

However, despite their effectiveness, these deep models face
significant scalability challenges. Unlike language models with
vocabularies in the order of tens or hundreds of thousands, RSs
often handle millions of unique items. Computing scores across
the entire item set during training becomes infeasible. For example,
processing a batch of 128 sequences, each containing 200 items, and
an item catalogue of one million items would require over 100 GB
of memory just for storing logits (assuming 32-bit floating-point
values). When accounting for gradients and model weights as well,
the total memory usage can easily exceed the capacity of most
standard GPUs.

Negative sampling and limitations. A widely adopted strat-
egy to reduce computational costs is negative sampling [28], where
training is limited to positive items, i.e., those the users have inter-
acted with, and a small, possibily representative, subset of negative
items, i.e., those that remain unobserved by the user. Uniform sam-
pling is the simplest approach: negatives are drawn uniformly at
random [29]. Though efficient, this approach often results in easy
negatives, i.e., negatives that are very different from the positive
item and provide weak or useless learning signals.

To address this issue, sampling of hard negatives, i.e., items that
closely resemble positives, have been proposed. These sampling
methods select negatives with higher predicted scores than pos-
itives [15, 43] or based on popularity [5]. However, these strate-
gies introduce their own problems, like overlooking niche items, re-
ducing catalogue balance, and harming coverage and fairness. An-
other limitation is the inclusion of false negatives, i.e., items the user
would like but hasn’t encountered yet. For instance, treating Spider-
Man 2 as a negative after a user has watched and liked Spider-Man
1 introduces misleading signals into the model.

To reduce false negatives, recent works propose several targeted
strategies: some filter items with low score variance during train-
ing [8] or re-weight samples by importance [3], others adaptively

control sampling difficulty [20, 30, 31], while graph-based or se-
mantic similarity methods select meaningful negatives using item
transitions or cross-domain signals [9, 38]. However, none of these
approaches considers item distribution in the latent space, or ex-
plicitly balances exploration and exploitation across item groups
focusing on a single-domain scenario.

Motivations. In this work, we argue that the latent structure of
the item space, as learned or approximated early during training,
can guide more informative sampling. Our intuition is grounded in
three key observations:

• Items that share semantic or behavioural similarities tend to lie
close together in the embedding space. In light of this, items
very close to the positive item in latent space are more likely
to be relevant to the user, even if they have not been explicitly
interacted with. For instance, a user who reads a science fiction
novel is likely to be interested in other works by the same author
or from the same series. Leveraging this proximity can help
reduce the risk of sampling false negatives.
• Hard negatives reside still near the positive item in the latent
space but not as close as potential false negatives. They repre-
sent plausible alternative choices, less preferred by the user, and
therefore difficult to distinguish from positive items; exactly the
type of hard negative that maximises the learning signal.
• The sampling strategy should evolve over time. Early training
benefits from exploration: exposing the model to a diverse set
of negatives, even easy (less informative) negatives, is essential
for training the SR model. This helps to build a solid distinction
between what is plausibly interesting and what is irrelevant. As
training progresses, the focus should shift towards exploitation:
mining more challenging negatives from promising areas, opti-
mizing the quality of the learning signal.

Our Proposal. Based on our key observations, in this work we in-
troduce �CATS� (Cluster-Aware Thompson Sampling), a novel
negative sampling framework for sequential recommendation. It in-
tegrates unsupervised item clustering with Thompson sampling [1]
to balance exploration and exploitation during training. Specifi-
cally: (1) item embeddings are initialized via truncated SVD [11]
and HDBSCAN [24] is applied to form item clusters and detect out-
liers; (2) for each training instance, items are grouped into three
categories: the target’s cluster (the cluster of the positive sample),
its neighbouring clusters, and all others; (3) beta priors are main-
tained over these groups and Thompson sampling is applied to
adaptively sampling negative items across these groups based on
their observed difficulty. Difficulty is measured by tracking hard
negatives across epochs; (4) a decay factor applied to the probability
of sampling from the target cluster gradually shifts the focus away
from the target cluster in order to reduce the risk of sampling false
negatives. Moreover, after a warm-up period, clustering is frozen
and sampling continues on the basis of the learned groups.

Contributions. Our main contributions are:

• We propose CATS, the first negative sampling framework to
integrate unsupervised item clustering with Thompson sampling
in sequential recommendation.

281

https://doi.org/10.1145/3805712.3809539


�CATS�: Cluster-Aware Thompson Sampling for Negative Mining in Sequential Recommendation SIGIR ’26, July 20–24, 2026, Melbourne, VIC, Australia

• We conduct extensive experiments that demonstrate CATS im-
proves ranking performance over competitive sampling base-
lines on three state-of-the-art sequential RS models (SASRec [18],
BERT4Rec [33], BSARec [32]) and three benchmark datasets. We
compare to standard baselines (uniform [29], popularity [5]) and
recent advanced samplers (DNS [43], DNS+ [31], GNNO [9]) us-
ing the NDCG@{5,10,20,50} and the HR@{5,10,20,50}, demonstrat-
ing consistent improvements. Notably, CATS achieves improve-
ments of over 20% in NDCG@10 compared to vanilla sampling
methods, and of over 16% compared to more advanced methods.
• We provide an ablation study and detailed analysis that highlight
the role of clustering dynamics, the importance of avoiding over-
sampling from the target cluster, and the effectiveness of adaptive
sampling schedules.

The rest of the paper is organised as follows: Section 2 discusses
related work. Section 3 introduces the notation and problem setting.
Section 4 presents our proposed CATS framework in detail. Sec-
tion 5 outlines the experimental setup. Section 6 reports and analy-
ses the results. Section 7 concludes by setting out future directions.

2 Related Work

2.1 Sequential Recommendation

Sequential RSs aim to capture evolving user preferences by model-
ing item interaction sequences. Early methods like NCF [13] and
Caser [34] introduced neural architectures for collaborative filter-
ing. In parallel, models such as GRU4Rec [14] and Neural Atten-
tive Session-based Reccomendation (NARM)[21] adopted recurrent
neural networks to learn from sequential patterns. More recently,
Transformer-basedmodels [35] have become prominent due to their
efficiency and strong performance. SASRec [18] applies unidirec-
tional self-attention, while BERT4Rec [33] and Transformers4Rec
[6] leverage bidirectional attention. BSARec [32] improves stan-
dard self-attention with frequency-sensitive filtering, integrating
both low- and high-frequency signals to better capture user behav-
ior and reduce oversmoothing.

As these deep architectures scale to catalogues with millions of
items, computing scores for every candidate item at each training
step becomes infeasible. This computational bottleneck makes neg-
ative sampling an essential technique to train sequential models
efficiently.

2.2 Negative Sampling in Recommendation

A recent survey [41] categorizes negative sampling strategies as
either static or dynamic. Classical static methods, such as uniform
random sampling [29] and popularity-based sampling [5, 39], are
simple but can lead to uninformative gradient updates or reinforce
popularity bias. More recent works developed dynamic schemes
that aim to choose hard negatives (e.g., highest scoring items among
candidates) during model training. Among them, one of the most
representative is Dynamic Negative Sampling (DNS) [43] that prior-
itizes negative items by ranking them and samplingmore frequently
from the top-ranked ones. Some approaches adopt Generative Ad-
versarial Networks (GANs) to synthesize informative negative sam-
ples and enhance model robustness; notable examples include IR-
GAN [37] and AdvIR [27]. More recent works also exploit auxiliary

information [4, 9, 16, 36, 38, 42] to guide the negative sampling pro-
cess. For instance, MixGCF [16] introduces techniques like positive
and hop mixing to craft harder negatives, while other studies [4, 36]
leverage social network data for this purpose. Nevertheless, strate-
gies that favor high-scoring items for sampling are prone to the
false negative issue, as these items may actually be relevant. To ad-
dress this, several methods [8, 9, 20, 31] have focused on reducing
the impact of false negatives. SRNS [8], for example, uses sampling
variance to detect potentially mislabeled negatives, assuming such
items exhibit more stability during training. DNS+ [31] adjusts the
sampling difficulty by broadening the candidate pool among top-
ranked items. GNNO [9], on the other hand, samples from a global
item transition graph and discards likely false negatives by assess-
ing neighborhood-level similarity. EXHANS [38] leverages cross-
domain user preferences to guide negative sampling and mitigate
false negatives, but its design is specific to cross-domain settings
and not suitable for single-domain scenarios like ours.

Nevertheless, these dynamic methods do not consider items
similarity derived from their embedding distribution in the latent
space. It is assumed that item embeddings are arranged in the latent
space according to their semantic similarities, which can help guide
the selection of negative samples.

3 Notations and problem setting

This section provides an overview of the fundamental principles
that underpin our work, including the formulation of sequential
recommendations and the distinction between positive and negative
training examples.

RSs task. The goal of sequential recommendation is to predict
a user’s next interaction by modelling their past interactions in
chronological order. Formally, each user 𝑢 ∈ 𝑈 is associated with a
time-ordered sequence of items S𝑢 = [𝑖1, 𝑖2, . . . , 𝑖𝑇𝑢 ], where each
𝑖 𝑗 ∈ I represents an item, 𝑇𝑢 is the total number of that user’s
interactions and I = {1, . . . , 𝑁 } is the complete set of items in
a catalogue. A sequential RS 𝑓𝜃 learns a scoring function 𝑦 𝑗 =

𝑓𝜃
(
𝑖 𝑗 |𝑖1, . . . , 𝑖𝑡−1

)
, which gives a score 𝑦 𝑗 to the likelihood that a

candidate item 𝑖 𝑗 follows the observed context (𝑖1, . . . , 𝑖𝑡−1). In
scenarios with implicit feedback, users’ interactions (e.g. clicks,
purchases and views) serve as positive signals. A positive example
𝑖+ is therefore defined as the event (𝑖𝑡 |𝑖1:𝑡−1) ∈ S𝑢 , i.e. the true
next item in the user’s sequence.

At training time, the model parameters 𝜃 are optimised to give
high scores to the “correct” next items (𝑖𝑡 ) and low scores to alter-
natives (𝑖 𝑗 , 𝑗 ≠ 𝑡 ).

Negative Sampling. A negative item set for each user𝑢 is defined
as:N𝑢 = I\S𝑢 , i.e. all items with which the user has not interacted.
In practice, the universe of all items I is large, ranging from tens of
thousands to millions, so it is infeasible to treat every unobserved
item as negative at each training step. Sampling a small subsetN𝑘

𝑢 ⊆
N𝑢 of size 𝑘 reduces both memory and computing requirements:
only 𝑘 negative scores must be computed per positive score, rather
than |N𝑢 |.

Training Objective. Given a sequence (𝑖1, . . . , 𝑖𝑡−1), one positive
item 𝑖𝑡 (𝑖+) and 𝑘 sampled negative items N𝑘

𝑢 , a common training
loss is the cross-entropy (CE) in the sampled form:
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L𝑢,𝑡 = −𝑙𝑜𝑔
exp(𝑦𝑡 )

exp(𝑦𝑡 ) +
∑
𝑖∈N𝑘

𝑢
exp(𝑦𝑖 )

(1)

where 𝜎 is the sigmoid function. This loss approaches the ranking
task as a multi-class classification problem, modelling the probabil-
ity distribution over the entire set of sampled items, and has proven
to have benefits for learning to rank task [7, 40].

Efficient and effective negative sampling is therefore critical: (i)
too few negatives (small 𝑘) can provide the model with insufficient
contrasting examples; (ii) poorly chosen negatives (e.g. items that
are far from the positives in latent space) result in weak gradients;
(iii) aggressive hard-negative mining may introduce false negatives,
which can harm learning.

4 Methodology

In this section we present a detailed description of�CATS� for
negative sampling.

4.1 Item Embedding Initialization

To initialize the item representations, we apply Truncated Singular
Value Decomposition (SVD) [11] to the user-item interaction ma-
trix R obtained from the training set. Standard SVD factorizes R as
R = U𝚺V𝑇 , where U ∈ R𝑈 ×𝑈 and V ∈ R𝑁×𝑁 contain the left and
right singular vectors associated with users and items, respectively,
and 𝚺 is a diagonal matrix of singular values indicating the impor-
tance of each latent factor. However, in real-world RSs, R is typically
sparse and high-dimensional, making full-rank SVD computation-
ally impractical. Truncated SVD addresses this by retaining only
the top 𝑑 singular values and their corresponding vectors, yield-
ing a low-rank approximation R𝑑 ≈ U𝑑𝚺𝑑V𝑇𝑑 , where U𝑑 ∈ R𝑈 ×𝑑 ,
𝚺𝑑 ∈ R𝑑×𝑑 , andV𝑑 ∈ R𝑁×𝑑 . The rows ofV𝑑 provide dense item em-
beddings that reflect co-occurrence patterns in the interaction data.

This initialization is critical for the subsequent clustering step.
Randomly initialized embeddings are uninformative since they lack
a meaningful geometric structure. The clustering algorithm will
therefore produce clusters of poor quality, thus reducing the effec-
tiveness of downstream components. In contrast, SVD, despite be-
ing one of the simplest baseline models for recommendation, pro-
vides interaction-informed embeddings that are accurately reflect
user behavior. This ensures that items with similar profiles are em-
bedded close together, enabling the clustering process to uncover
semantically coherent groups of items, which are essential for the
group-based sampling and adaptive bandit updates that follow. An
experiment demonstrating this can be found in Section 6.3.

4.2 Clustering the Item Space

Let 𝐸cluster ∈ N denote a predefined cut-off epoch. Before each
training epoch 𝑒 ≤ 𝐸cluster, we perform clustering over the current
set of item embeddings {h𝑖 ∈ R𝑑 }𝑁

𝑖=1, where 𝑁 is the number of
items and 𝑑 is the embedding dimension. We employ HDBSCAN
[24], a hierarchical density-based clustering algorithm, which auto-
matically identifies clusters of varying shape and density without
requiring the number of clusters to be specified a priori. Applied to
the item embeddings, HDBSCAN assigns each item 𝑖 a cluster label
𝑐𝑖 ∈ N ∪ {noise}, marking a small fraction of items as noise due to
their low density. Each resulting cluster groups items that share

similar latent properties, often capturing semantic or behavioral
patterns.

For each training instance S𝑢 with a positive item 𝑖+, we use
its cluster label 𝑐𝑖+ to define three disjoint item groups used for
structured negative sampling:
• the target group, consisting of all items 𝑖 𝑗 such that 𝑐𝑖 𝑗 = 𝑐𝑖+ ;
• the neighbours group, consisting of items belonging to the two
clusters whose centroids are closest (in Euclidean distance) to
the centroid of 𝑐𝑖+ ;
• the others group, composed of all remaining items not included
in the previous two groups.

This partitioning allows us to control the semantic similarity of
negative items relative to the positive item. The clustering is re-
computed before each epoch 𝑒 ≤ 𝐸cluster using the updated embed-
dings, and then frozen for all subsequent epochs to ensure consis-
tency and computational efficiency.

4.3 Cluster-Based Thompson Sampling

To dynamically decide how likely to sample from each item group,
we leverage the principles of Thompson sampling [1], a Bayesian
algorithm widely used in online decision-making and multi-armed
bandit problems. Thompson sampling is applied in scenarios where
actions are taken sequentially in a manner that must balance be-
tween exploration, sampling from less-certain sources to gather
more information and exploitation, favouring sources known to be
effective. In our setting, this translates to learning, over time, which
item groups are most likely to provide informative, i.e., hard nega-
tive examples.

Beta Distributions. To implement Thompson sampling, we as-
sociate each item group 𝑘 (target, neighbours, and others) with a
Beta distribution Beta(𝛼𝑘 , 𝛽𝑘 ), which encodes the belief about the
group’s propensity to yield hard negatives. Initially, we set 𝛼𝑘 =

𝛽𝑘 = 1 for all groups, representing a uniform prior with maximum
uncertainty.

At the beginning of each training epoch 𝑒 , we draw a sample
𝜃𝑘 ∼ Beta(𝛼𝑘 , 𝛽𝑘 ) for each group 𝑘 . These sampled values are
then normalized to form a probability distribution over the groups,
which governs the proportion of negative examples to be drawn
from each group for the current training epoch.

The Decay Factor. To prevent over-sampling from the target clus-
ter, which could lead to an accumulation of false negatives over
time, we introduce a decay mechanism that progressively reduces
the over-sampling influence. Specifically, after each epoch 𝑒 , we
multiply the sampled value 𝜃target by a decay factor

(
1 − 𝑒

𝐸target

)
,

where 𝐸target is a hyperparameter that defines the maximum num-
ber of epochs during which sampling from the target cluster is al-
lowed. This decay encourages a gradual shift in focus toward neigh-
bours and others groups, promoting broader exploration.

Updating Group Beliefs. After the model processes a epoch, we
assess the difficulty of the sampled negatives. A negative item
𝑖 𝑗 sampled for user 𝑢 is classified as hard if its predicted score
𝑦𝑢,𝑖 𝑗 exceeds the positive ground truth score 𝑦𝑢,𝑖+ . Otherwise, the
negative is considered easy. Hard negatives are those that the model
currently misclassifies or finds ambiguous, and thus are most useful
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for learning. We use the ratio of hard to easy negatives to update
the parameters 𝛼𝑘 and 𝛽𝑘 of the Beta distribution for each group.
Let 𝑁 𝑒

𝑘
be the total number of negatives sampled from group 𝑘 in

a given epoch 𝑒 . Let ℎ𝑒
𝑘
denote the number of negatives classified

as hard, while 𝑠𝑒
𝑘
= 𝑁 𝑒

𝑘
− ℎ𝑒

𝑘
corresponds to the remaining easy

negatives. Then, ∀𝑘 ∈ {target, neighbours, others}, we apply the
following updates:

𝛼𝑒+1
𝑘
← 𝛼𝑒

𝑘
+ ℎ𝑒

𝑘
, 𝛽𝑒+1

𝑘
← 𝛽𝑒

𝑘
+ 𝑠𝑒

𝑘
.

These updates reflect standard Bayesian posterior updating for
Bernoulli trials using the Beta distribution as a conjugate prior.
Over time, groups that consistently produce hard negatives will
have a higher expected 𝜃𝑘 , increasing the probability of sampling
negatives from those groups. In contrast, negatives will be sampled
less frequently from groups that produce easy negatives, avoiding
wasting the training signal.

This adaptive sampling strategy allows the model to dynami-
cally balance exploration and exploitation throughout training. By
updating its belief about each group’s likelihood of producing hard
negatives, the model gradually increases the sampling probability
of the most informative groups. As a result, training is focused on
the regions of the item space that provide the strongest learning
signals, improving both efficiency and effectiveness in capturing
user preferences.

4.4 Training Procedure

The overall CATS algorithm is summarized in Algorithm 1. Each
component (SVD-based embedding initialization, periodic HDB-
SCAN clustering, Beta–Bernoulli Thompson sampling with decay,
and hard/easy negative updates) has been detailed in Sections 4.1
to 4.3. In brief, the algorithm starts with the initialization of item
embeddings. Then, at each epoch, CATS (1) updates item clusters
(if 𝑒 ≤ 𝐸𝑐𝑙𝑢𝑠𝑡𝑒𝑟 ), (2) draws sampling weights 𝜃𝑘 from the current
Beta priors and applies a decay to the target group, (3) allocates and
draws negatives from the target, neighbour, and other groups in
proportion to 𝜃𝑘 , (4) trains the sequential model using these nega-
tive samples using the sampled cross-entropy loss defined in 1, and
(5) revises the beta parameters based on the number of hard/easy
negatives.

5 Experiments

This work is guided by the following research questions:

(1) RQ1: Effectiveness — How does CATS perform in comparison
to standard and advanced negative sampling strategies?

(2) RQ2: Generalizability — Does CATS improve performance
consistently across a variety of widely-used sequential RSs?

(3) RQ3: Ablation Study — Are all the components of CATS
necessary to achieve its performance gains, or are some design
choices more critical than others?

5.1 Experimental Setup

5.1.1 Datasets. Experiments are conducted on three benchmark
datasets:MovieLens-1M[12], Amazon Beauty reviews[26], and Beer-
Advocate reviews[23]. We remove any users or items that do not
have associated positive feedback. In offline evaluation, prior work

Algorithm 1 Training procedure with �CATS�
Require: 𝑅, 𝑁 , 𝐸cluster, 𝐸target, 𝑑 , 𝐸
1: Initialize 𝛼0

𝑘
← 1, 𝛽0

𝑘
← 1 for 𝑘 ∈ {target, neighbours, others}

// Initialize item embeddings
2: [𝑈 , Σ,𝑉𝑇 ] ← TruncatedSVD(𝑅,𝑑)
3: for each item 𝑖 do

4: ℎ𝑖 ← 𝑉 [𝑖]
5: end for

6: for 𝑒 = 1 to 𝐸 do

7: if 𝑒 ≤ 𝐸cluster then
// Compute item clusters

8: clusters← HDBSCAN({ℎ𝑖 })
9: centroids← ComputeCentroids(clusters, {ℎ𝑖 })
10: Assign cluster 𝑐𝑖 for each 𝑖
11: end if

// Update sampling probabilities of the 3 items groups
12: for 𝑘 ∈ {target, neighbours, others} do
13: 𝜃𝑒

𝑘
∼ Beta(𝛼𝑒

𝑘
, 𝛽𝑒

𝑘
)

14: end for

15: if 𝑒 < 𝐸target then
// Apply decay factor

16: 𝜃target ← 𝜃target · (1 − 𝑒
𝐸target

)
17: else

18: 𝜃target ← 0
19: end if

20: total← ∑
𝑘 𝜃𝑘

21: for 𝑘 do

22: 𝑝𝑘 ← 𝜃𝑘/total
23: end for

// Negative sampling
24: for each training instance (𝑢, 𝑖+) do
25: 𝑐target ← cluster of 𝑖+
26: 𝑐neighbours ← two nearest clusters to 𝑐target
27: Partition items into groups: target, neighbours, others
28: 𝑁𝑘 ← ⌊𝑁 × 𝑝𝑘 ⌋
29: for 𝑘 do

30: Sample 𝑁𝑘 negatives uniformly from group 𝑘
31: end for

32: Train model and predict scores 𝑦𝑢,𝑖+ and 𝑦𝑢,𝑖 𝑗 ,∀𝑗 ∈
N𝑘
𝑢 ,∀𝑢 ∈ 𝑈

33: end for

// Update Beta distributions parameters
34: for 𝑘 do

35: ℎ𝑒
𝑘
← count hard negatives in 𝑘 (𝑦𝑢,𝑖− > 𝑦𝑢,𝑖+ )

36: 𝑠𝑒
𝑘
← count easy negatives in 𝑘 (𝑦𝑢,𝑖− ≤ 𝑦𝑢,𝑖+ )

37: 𝛼𝑒+1
𝑘
← 𝛼𝑒

𝑘
+ ℎ𝑒

𝑘

38: 𝛽𝑒+1
𝑘
← 𝛽𝑒

𝑘
+ 𝑠𝑒

𝑘
39: end for

40: end for

commonly employs a leave-one-out strategy, typically using the fi-
nal interaction of each user as the test instance. However, this can in-
troduce data leakage and compromise evaluation reliability [17, 25].
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To address this, we adopt a temporal split by selecting a global times-
tamp at the 95th percentile of all interaction times. Interactions oc-
curring before this point are allocated to training, while those after
are reserved for testing, ensuring that test users are not included
in the training set. For evaluation, we use each test user’s most re-
cent interaction, while their second-to-last interaction is used for
validation. This setup avoids training on future data and allows for
reliable model selection and early stopping. The training dataset
statistics after preprocessing are reported in Table 1. Our computa-
tional resource limitations precluded experiments on larger datasets.
Nonetheless, the datasets used in our study are standard in the lit-
erature and provide a reliable basis for comparative evaluation.

5.1.2 Models. We evaluate CATS using three sequential RSs: SAS-
Rec [18] (self-attention), BERT4Rec [33] (bidirectional transformer),
and BSARec [32] (self-attention with frequency-aware filtering).

Table 1: The datasets statistics after preprocessing

Dataset #Users #Items #Actions Sparsity

MovieLens-1M 5,227 3,411 724,964 95.93%
All Beauty 1,184 1,027 6,593 99.46%

Beer Advocate 10,700 20,588 618,003 99.72%

5.1.3 Baselines and Metrics. We compare with several negative
sampling strategies:
• Uniform [29]: samples negative items uniformly at random.
• Popularity-based [5]: samples negatives in proportion to item
popularity.
• Dynamic Negative Sampling (DNS) [43]: selects the highest-
scoring item among a set of randomly sampled candidates as the
negative example.
• DNS+ [31]: improves upon DNS by dynamically adjusting the
hardness of negative samples during training, thereby mitigating
the false negative problem.
• GNNO [9]: constructs a weighted item transition graph and sam-
ples negatives based on neighborhood overlap. Items with high
neighborhood similarity are excluded to avoid false negatives.
We report standard top-𝑘 rankingmetrics: Hit Rate (HR) and Nor-

malized Discounted Cumulative Gain (NDCG) at 𝑘 = 5, 10, 20, 50.
The ranking is performed across the entire set of items, as the sam-
pled metrics have been shown to be inconsistent with their exact
version [19].

5.1.4 Implementation details. We set themaximum sequence length
to 200 for the ML-1M and BeerAdvocate datasets, and to 20 for Ama-
zon Beauty. The item embedding dimension is fixed at 64. Models
are trained for 600 epochs.
To automatically tune hyperparameters, we adopt Hyperopt within
the RayTune framework [22]. Hyperopt leverages Bayesian opti-
mization to efficiently explore the search space, with a trial budget
of 200. The search space is defined as follows: batch size ∈ {8, 16,
32, 64, 256}; dropout rate ∈[0.1, 0.5]; learning rate for the Adam op-
timizer ∈ [10−4, 10−2]; number of negative samples ∈ {8, 16, 32, 64,
100, 150, 256, 300}; number of attention blocks ∈ {1, 2, 3, 4}; number
of attention heads ∈ {1, 2, 4}. For BSARec, we follow the original

settings: 𝛼 ∈ {0.1, 0.3, 0.5, 0.7, 0.9} and 𝑐 ∈ {1, 3, 5, 7, 9}.
For DNS+, the number of top-scoring negatives considered is cho-
sen from {2, 3, 4, 5, 8, 10, 15, 20, 30, 50}. For GNNO, the parameter 𝑐
is set to 0 (as per the original paper), while 𝜆𝑚𝑎𝑥 and 𝑐 are sampled
uniformly from [0, 1]. For CATS the 𝐸𝑡𝑎𝑟𝑔𝑒𝑡 and 𝐸𝑐𝑙𝑢𝑠𝑡𝑒𝑟 parame-
ters are both sampled from {2,5,10,15,20,30,50}.

The full set of best hyperparameters configurations and the code
are available in our GitHub repository for reproducibility: https:
//github.com/gditeodoro/CATS.

5.1.5 Software and Hardware. We implemented our experiments in
Python 3.11, primarily using PyTorch 2.6.0 for model development
and training. Clustering operations were performed using scikit-
learn 1.6.1 and data manipulation relied on Pandas 2.2.3 and NumPy
2.1.3 Evaluation metrics and logging were handled via TensorBoard
and custom utilities. All experiments were run in a reproducible
environment with fixed random seeds and deterministic settings
where applicable. The complete list of requirements and instruc-
tions to execute the code can be found in our GitHub repository:
https://anonymous.4open.science/r/CATS-1949/README.md.

Experiments were conducted on a workstation equipped with
an AMD Ryzen 9 7950X 16-core (32-thread) processor, an NVIDIA
GeForce RTX 4090 GPU, 128GB of RAM, and a 2TB NVMe SSD. The
system ran Ubuntu 24.04 with kernel version 6.11.0-25-generic.

6 Results

6.1 RQ1: Effectiveness

Table 2 summarises the HR@{ 5, 10, 20, 50} and NDCG@{5, 10, 20,
50} values for each sampling strategy, across all three datasets and
SASRec and BERT4Rec models. CATS achieves the top performance
in 44 out of 48 cases, trailing the leader by at most 5% in the other 4
cases. Uniform and popularity sampling serve as strong, albeit sub-
optimal, baselines, while advanced sampling methods sometimes
underperforms uniform sampling, highlighting the risk of overly
aggressive hard-negative mining.

With SASRec on MovieLens, CATS yields a relative improve-
ment in NDCG@10 of 21% over uniform sampling and 93% over
popularity-based sampling. Compared to DNS+ and GNNO, gains of
23% and 31% are observed, respectively. When using BERT4Rec, our
method matches GNNO’s performance (difference <3%) while sur-
passing all other baselines by 10–82% in bothHR@10 andNDCG@10.

The Amazon Beauty dataset is relatively small and dense, causing
most samplers to quickly converge to high scores. While popularity
sampling achieves competitive performance, advanced methods
such as DNS+ either tie with or slightly surpass it in a few metrics,
especially when using BERT4Rec. Nevertheless, CATS remains the
top method in 15 out of 16 metrics, with the exception of HR@20
with SASRec.

On the Beer Advocate dataset, uniform sampling performs sur-
prisingly well, outperforming most dynamic methods. However,
our method outperforms uniform by 10% in NDCG@10 with SAS-
Rec and by 6% with BERT4Rec. Advanced samplers (DNS, DNS+
and GNNO) often perform worse than uniform sampling on this
dataset, suggesting that an excessive emphasis on hard-negative
mining can reduce performance when user tastes are niche and
sparse. CATS avoids this pitfall by maintaining a calibrated balance
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Table 2: Comparison of negative sampling strategies on MovieLens, Amazon Beauty, and Beer Advocate datasets using SASRec

and BERT4Rec. The table reports Hit Rate (HR) and NDCG at cutoffs {5, 10, 20, 50}. Superscripts indicate a significant Wilcoxon

signed-rank test at level 0.01
∗∗∗

, 0.05
∗∗

or 0.1
∗
. CATS consistently achieves the best, in bold, or second-best results, underlined,

results.

Dataset Model Sampling HR@5 NDCG@5 HR@10 NDCG@10 HR@20 NDCG@20 HR@50 NDCG@50

ML-1M

SASRec

Uniform 0.0653 0.0457 0.1040 0.0580 0.1547 0.0707 0.2387 0.0874
Popularity 0.0440 0.0293 0.0653 0.0362 0.1080 0.0471 0.1813 0.0617
DNS 0.0520 0.0361 0.0773 0.0444 0.1227 0.0556 0.2333 0.0775
DNS+ 0.0640 0.0454 0.1000 0.0569 0.1547 0.0707 0.2387 0.0874
GNNO 0.0640 0.0438 0.0947 0.0536 0.1467 0.0667 0.2453 0.0862
CATS (ours) 0.0800

∗∗
0.0583

∗∗
0.1173

∗
0.0701

∗∗
0.1773

∗∗∗
0.0853

∗∗∗
0.2627

∗
0.1020

∗∗∗

BERT4Rec

Uniform 0.0573 0.0381 0.0787 0.0451 0.1067 0.0521 0.1907 0.0687
Popularity 0.0333 0.0217 0.0587 0.0298 0.0880 0.0371 0.1733 0.0538
DNS 0.0533 0.0393 0.0827 0.0486 0.1240 0.0592 0.2200 0.0779
DNS+ 0.0533 0.0384 0.0813 0.0477 0.1293 0.0598 0.2027 0.0743
GNNO 0.0613 0.0458 0.0920 0.0557 0.1253 0.0641 0.2107 0.0808
CATS (ours) 0.0667 0.0438 0.0987 0.0543 0.1413

∗∗
0.0650 0.2373 0.0841

∗

Beauty

SASRec

Uniform 0.4237 0.4133 0.4576 0.4231 0.5763 0.4519 0.5763 0.4519
Popularity 0.4915 0.4831 0.4915 0.4831 0.4915 0.4831 0.5763 0.5007
DNS 0.4746 0.4621 0.4746 0.4621 0.4746 0.4621 0.4746 0.4621
DNS+ 0.4746 0.4683 0.4746 0.4683 0.4746 0.4683 0.5932 0.4928
GNNO 0.4407 0.3720 0.4407 0.3720 0.4407 0.3720 0.5424 0.3942
CATS (ours) 0.5593

∗
0.5207

∗
0.5593

∗
0.5207

∗ 0.5593 0.5207
∗∗

0.5932 0.5277

BERT4Rec

Uniform 0.5763 0.5763 0.5763 0.5763 0.5932 0.5802 0.5932 0.5802
Popularity 0.5763 0.5763 0.5763 0.5763 0.5932 0.5810 0.5932 0.5810
DNS 0.5932 0.5870 0.5932 0.5870 0.5932 0.5870 0.5932 0.5870
DNS+ 0.5932 0.5932 0.5932 0.5932 0.5932 0.5932 0.5932 0.5932

GNNO 0.5593 0.5247 0.5763 0.5307 0.5763 0.5307 0.5932 0.5339
CATS (ours) 0.5932 0.5932 0.5932 0.5932 0.5932 0.5932 0.5932 0.5932

Beer

SASRec

Uniform 0.0250 0.0168 0.0412 0.0220 0.0622 0.0272 0.1094 0.0364
Popularity 0.0169 0.0115 0.0228 0.0133 0.0353 0.0165 0.0641 0.0221
DNS 0.0166 0.0117 0.0298 0.0160 0.0571 0.0229 0.0972 0.0308
DNS+ 0.0203 0.0131 0.0339 0.0175 0.0534 0.0223 0.0957 0.0306
GNNO 0.0232 0.0160 0.0379 0.0207 0.0604 0.0263 0.1035 0.0349
CATS (ours) 0.0287

∗
0.0193

∗
0.0442 0.0241 0.0648 0.0293 0.1086 0.0379

BERT4Rec

Uniform 0.0239 0.0157 0.0357 0.0195 0.0596 0.0255 0.1035 0.0341
Popularity 0.0085 0.0052 0.0155 0.0075 0.0247 0.0097 0.0604 0.0167
DNS 0.0195 0.0138 0.0342 0.0185 0.0563 0.0241 0.1079 0.0341
DNS+ 0.0155 0.0101 0.0309 0.0150 0.0508 0.0200 0.0972 0.0293
GNNO 0.0151 0.0101 0.0302 0.0148 0.0460 0.0187 0.0987 0.0291
CATS (ours) 0.0250 0.0159

∗
0.0398

∗
0.0206 0.0622 0.0262 0.1090 0.0354

between hard negatives (from the target and neighbouring clusters)
and broader exploration.

6.2 RQ2: Generalizability

To assess whether the benefits of CATS extend beyond those of
SASRec and BERT4Rec, we evaluate it with the recently proposed
BSARec model. Due to space constraints, we report results only on
the ML-1M and BeerAdvocate datasets, omitting Amazon Beauty,
which is the smallest among them. Table 3 reports theHR@{5,10,20,50}

andNDCG@{5,10,20,50} scores for BSARec using uniform, popularity-
based, DNS, DNS+, GNNO, and CATS sampling methods.

On MovieLens-1M, CATS once again achieves the highest scores,
with a relative gain of 5.1% in HR@10 over uniform sampling and
3.9% over popularity-based sampling. It also outperforms DNS+ by
3.0%, GNNO by 2.5%, and DNS by 1.8% in terms of NDCG@10.

Among the baselines on the Beer Advocate dataset, GNNO stands
out as the most competitive, achieving the highest performance in
NDCG@5 and HR@5. However, CATS outperforms GNNO by up
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to 7% across all remaining metrics, highlighting its superior overall
effectiveness on this dataset.

These results confirm that the cluster-aware Thompson sampling
framework is model-agnostic and consistently improves ranking
quality across different sequential architectures.

6.3 RQ3: Ablation Study

To assess the contribution of each component of CATS, we perform
an ablation study on the MovieLens-1M and Beer Advocate datasets
using SASRec (see Table 4). These two dataset-model combina-
tions were selected due to computational efficiency and space con-
straints, but they still offer a representative picture of the method’s
behaviour.

The default configuration of CATS consistently achieves the
best or near-best performance consistently across all metrics, thus
validating the effectiveness of the full method.

Clustering Dynamics. The hyperparameter 𝐸𝑐𝑙𝑢𝑠𝑡𝑒𝑟 determines
for how many epochs item clusters are recomputed based on the
updated item embeddings from the previous training epoch. This
ensures that the items groups used by CATS remain meaningful
and reflect the model’s evolving representation space before nega-
tive sampling and training resume in the next epoch.
The Full Dynamic Clustering variant, in which item clusters are re-
computed at every epoch until the end of the training, does not
provide substantial performance gains compared to our default ap-
proach (which stops clustering after a certain number of epochs
𝐸𝑐𝑙𝑢𝑠𝑡𝑒𝑟 ). While it marginally improves HR@50, it is computation-
ally expensive and not clearly superior overall. Conversely, No Dy-
namic Clustering, where the initial clustering is done on the item
embedding obtained by SVD and never updated, performs always
worst, with the exception of HR@50 on MovieLens. This generally
confirms that keeping the clustering fixed, as embeddings evolve
via gradient descent, quickly makes the initial SVD-based grouping
obsolete.

Importantly, the best-performing models across datasets always
select moderate values of 𝐸cluster (typically not exceeding 30), in-
dicating that frequent reclustering is unnecessary. In fact, after a
certain number of epochs, item representations stabilize, leading
to negligible shifts in cluster assignments. We empirically verify
this by computing a transition matrix between cluster assignments
across consecutive epochs on ML-1M. The transition matrix is plot-
ted in Fig. 2. In this matrix, rows correspond to clusters at epoch
𝑒+1 and columns to clusters at epoch 𝑒 , with each cell indicating the
proportion of items transitioning between clusters. The dominance
of high values along the diagonal demonstrates that most items re-
main in the same or similar clusters over time. This stability further
justifies limiting the frequency of reclustering, as later iterations
yield diminishing returns while incurring computational overhead.

Initialization. Disabling the SVD initialization (NO SVD Initial-
ization) for item embeddings and clustering on item embeddings
obtained by random Xavier initialization [10], results in consistent
performance drops. This suggests that a good initial representation
is necessary for meaningful clustering in early training stages.

Sampling Strategy. We testmultiple variations of the hard-negative
sampling mechanism. The hyperparameter 𝐸𝑡𝑎𝑟𝑔𝑒𝑡 determine form

Figure 2: Transition matrix of items among clusters.

how many epoch CATS is allowed to sample negative from the tar-
get cluster. Instead, the decay factor of line 16 of Algorithm 1 is
introduced to avoid to over-sample from the target cluster, which
could contain false negatives. The No Decay variant samples from
the target cluster using Thompson Sampling without adjusting the
sampling probability 𝜃𝑡𝑎𝑟𝑔𝑒𝑡 via the decay factor. Full Potential False
Negatives refers to the variant where 𝐸target = 𝐸, meaning that neg-
ative samples are drawn from the target group throughout all train-
ing epochs. Conversely, No Potential False Negatives disable sam-
pling from the target cluster entirely.
Our results show a consistent performance degradation in these
two extreme cases, either never or always sampling from the target
group, with the exception of NDCG@10 on ML-1M. This suggests
that the target cluster likely includes items that are relatively simi-
lar to the ground-truth item but not too close, thus still functioning
as valid hard negatives rather than false negatives. Therefore, sam-
pling from this cluster can be beneficial in the early stages of train-
ing. However, if such sampling persists for too many epochs, the
risk of including false negatives increases, reducing the model’s abil-
ity to generalize. These findings support the need for a controlled
and time-limited exploitation of the target cluster, as implemented
by our decaying mechanism and the 𝐸target hyperparameter.

ExplorationMechanism. No Thompson, which samples uniformly
across the three clusters while retaining the decay schedule, per-
forms reasonably well but never surpasses the full method. This con-
firms that balancing exploration via Thompson sampling is more
effective than uniform sampling, even under a decaying schedule.

Overall, the ablation study confirms that each component (dy-
namic clustering, SVD initialization, Thompson-based exploration,
and controlled hard-negative sampling) contributes to the perfor-
mance of CATS.
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Table 3: Comparison of negative sampling strategies on MovieLens, and Beer Advocate datasets using BSARec. The table reports

Hit Rate (HR) and NDCG at cutoffs {5, 10, 20, 50}. Superscripts indicate a significant Wilcoxon signed-rank test at level 0.01
∗∗∗

,

0.05
∗∗

or 0.1
∗
. CATS consistently achieves the best, in bold, or second-best results, underlined, results.

Dataset Sampling HR@5 NDCG@5 HR@10 NDCG@10 HR@20 NDCG@20 HR@50 NDCG@50

ML-1M

Uniform 0.0720 0.0509 0.1067 0.0620 0.1640 0.0763 0.2507 0.0934
Popularity 0.0573 0.0373 0.0773 0.0438 0.1213 0.0549 0.1933 0.0694

DNS 0.0507 0.0341 0.0800 0.0439 0.1173 0.0534 0.2040 0.0707
DNS+ 0.0747 0.0530 0.1107 0.0642 0.1627 0.0774 0.2533 0.0956
GNNO 0.0733 0.0495 0.1027 0.0589 0.1520 0.0715 0.2373 0.0884

CATS (ours) 0.0747 0.0514 0.1187
∗

0.0656
∗

0.1693
∗

0.0784
∗

0.2600
∗∗

0.0963
∗∗

Beer

Uniform 0.0295 0.0199 0.0427 0.0242 0.0655 0.0299 0.1116 0.0389
Popularity 0.0221 0.0144 0.0324 0.0176 0.046 0.021 0.0692 0.0256

DNS 0.0247 0.0156 0.0416 0.0211 0.0626 0.0263 0.1219 0.0379
DNS+ 0.032 0.0189 0.0438 0.0227 0.0707 0.0295 0.1274 0.0408
GNNO 0.0339 0.0217 0.0471 0.0259 0.0729 0.0323 0.1296 0.0434

CATS (ours) 0.0313 0.021 0.0493 0.0268 0.0781 0.034 0.1325 0.0447

Table 4: Ablation study on CATS using SASRec over MovieLens-1M and Beer datasets. The best result is highlighted in bold. We

analyze the impact of each component: dynamic clustering frequency, SVD initialization, sampling decay, and Thompson-

based exploration. The default CATS configuration achieves the best overall performance, while removing or altering key

components leads to dataset-specific drops in HR and NDCG, confirming the importance of all design choices.

Dataset Model HR@5 NDCG@5 HR@10 NDCG@10 HR@20 NDCG@20 HR@50 NDCG@50

Beer

Default 0.0287 0.0193 0.0442 0.0241 0.0648 0.0293 0.1086 0.0379

Full Dynamic Clustering 0.0258 0.0173 0.0401 0.0219 0.0637 0.0278 0.1105 0.0371
Full Potential False Negatives 0.0133 0.0087 0.0243 0.0123 0.0357 0.0152 0.0784 0.0236
No SVD Initialization 0.0184 0.0120 0.0335 0.0169 0.0593 0.0233 0.1082 0.0330
No Decay 0.0265 0.0181 0.0387 0.0220 0.0574 0.0267 0.1009 0.0352
No Potential False Negatives 0.0261 0.0172 0.0412 0.0220 0.0622 0.0272 0.1060 0.0358
No Dynamic Clustering 0.0085 0.0043 0.0173 0.0072 0.0269 0.0096 0.0563 0.0153
No Thompson 0.0261 0.0164 0.0357 0.0195 0.0585 0.0253 0.1013 0.0337

ML-1M

Default 0.0800 0.0583 0.1173 0.0701 0.1773 0.0853 0.2627 0.1020

Full Dynamic Clustering 0.0693 0.0541 0.1107 0.0676 0.1573 0.0793 0.2480 0.0972
Full Potential False Negatives 0.0787 0.0567 0.1140 0.0701 0.1680 0.0824 0.2640 0.1015
No SVD Initialization 0.0720 0.0533 0.1133 0.0669 0.1547 0.0772 0.2387 0.0939
No Decay 0.0747 0.0543 0.1160 0.0677 0.1613 0.0792 0.2587 0.0985
No Potential False Negatives 0.0653 0.0448 0.1080 0.0583 0.1627 0.0719 0.2467 0.0885
No Dynamic Clustering 0.0720 0.0493 0.1160 0.0634 0.1707 0.0771 0.2667 0.0958
No Thompson 0.0693 0.0472 0.1093 0.0602 0.1560 0.0721 0.2560 0.0921

7 Conclusions

In this work, we introduced CATS, a novel negative sampling frame-
work for sequential recommendation that combines hierarchical
clustering of items with Thompson sampling to adaptively select in-
formative negatives. By dynamically identifying latent item groups
and employing Beta-Bernoulli bandit updates, our approach bal-
ances exploitation of structurally similar hard negatives with explo-
ration of diverse candidates. Empirical results on standard bench-
marks show that CATS consistently improves ranking performance
of SASRec, BERT4Rec and BSARec over uniform, popularity, and
other advanced sampling strategies. Our ablation studies confirm

that each component of the method contributes to the overall im-
provement, emphasising the importance of their combined effect.
Future research directions include extending this framework to in-
corporate user-centric, i.e. tailor negative sampling to indivudual
behaviours, and content-aware, i.e. leverage item metadata, cluster-
ing features. We will also explore non-linear or data-driven decay
strategies that adapt to convergence signals. All code and experi-
mental artifacts are publicly released to foster reproducibility and
further research in adaptive negative samping for recommendation.
We believe CATS offers a versatile blueprint for integrating latent
structure and Bayesian exploration in large-scale RSs.
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8 GenAI Usage Disclosure

In accordance with ACM’s guidelines on the use of generative AI
tools, we disclose that generative AI technologies were used solely
to assist in code debugging and grammar checking during the
preparation of this paper. All research ideas, experiments, analysis,
and writing were conducted and critically reviewed by the authors.
No part of the scientific content or creative reasoning has been
generated or substantially rewritten by generative AI tools.
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