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Abstract—While deep learning has greatly improved sequen-
tial recommendation, most methods still rely only on back-
propagation to learn item embeddings. When interaction data
is sparse, these models struggle to capture the relationships
between items and their semantic consistency. As a result, the
learned embeddings are not expressive enough. To address this
issue, we propose ClusRefineRec, a clustering-based framework
for embedding refinement. We introduce a clustering loss that
is separate from the main recommendation objective. This loss
encourages consistency among positive item embeddings. After
each training epoch, we further refine the embedding space using
the learned cluster centroids. We also design a dynamic state
fusion module. It adaptively combines hidden states from all time
steps. This helps produce a stronger sequential representation.
Extensive experiments show that ClusRefineRec improves both
accuracy and robustness. At the same time, it keeps a plug-
and-play design, so it can be easily integrated into many
existing sequential recommendation models. Implementation:
https://github.com/XiaoG408/ClusRefineRec.

Index Terms—Sequential recommendation, Clustering, Em-
bedding refinement, State fusion

I. INTRODUCTION

Sequential Recommendation (SR) is an important branch
of recommender systems. It has demonstrated strong potential
in e-commerce, online services, and content delivery [1]–[3].
SR aims to predict users’ future preferences and interaction
intentions. It achieves this by modeling behavioral patterns
and latent dependencies in historical interaction sequences [4].
Deep learning has driven rapid progress in this field. It has
enabled the development of a wide range of SR models. These
models are based on Recurrent Neural Networks (RNNs) [5],
Convolutional Neural Networks (CNNs) [6], Transformers [7],
[8], and State Space Models (SSMs) [9], [10]. These ad-
vanced architectures significantly enhance modeling capacity.
They also improve predictive performance. Meanwhile, many
studies aim to further boost performance. They refine existing
architectures. They also propose more expressive and robust
modeling approaches [11], [12].

Although deep recommendation models have achieved sig-
nificant progress recently, most approaches rely on back-
propagation to implicitly learn item embeddings. They do
not explicitly model or impose structural constraints on the
embedding space [7]–[10]. Under sparse interaction data, these
models often struggle to capture latent semantic characteristics
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of items, leading to insufficiently expressive embeddings. [13],
[14]. Some studies attempt to alleviate popularity bias caused
by long-tail distributions through embedding normalization or
enhancement [15], [16]. Others introduce adversarial training
to mitigate representation degradation [17]. However, these
methods largely overlook a fundamental issue: the latent
relational structure among items and their semantic consis-
tency are not sufficiently captured. Therefore, semantically
similar items are often distributed loosely in the embedding
space. Furthermore, many architectures rely solely on the
final timestep to represent user preferences, overlooking earlier
interactions and limiting sequence expressiveness.

To overcome these limitations, we propose ClusRefineRec,
a plug-and-play framework for embedding refinement. It in-
corporates a dynamic state fusion mechanism that adaptively
aggregates hidden states across all time steps, producing
richer and more informative final sequence representations.
In addition, we introduce a clustering loss that is decoupled
from the primary recommendation objective. It learns trainable
cluster centroids and encourages compactness among positive
item embeddings, thereby reinforcing their latent semantic
relations. After each training epoch, the system performs a soft
clustering based iterative refinement of all item embeddings
under the guidance of the learned centroids. This process pro-
gressively enhances the latent relational structure of the entire
embedding space, extending beyond positive items alone.

The main contributions of this work are summarized below:
• A dynamic state fusion mechanism adaptively aggregates

hidden states across all time steps, enhancing the expres-
siveness of the final sequence representation.

• By introducing a clustering loss that is fully decoupled
from the main recommendation objective during training,
the model promotes compactness among positive item
embeddings, thereby enhancing the semantic consistency
of the latent representation space.

• After each training epoch, the model performs progres-
sive refinement of the entire embedding space under the
guidance of the learned cluster centroids, continuously
enhancing the latent relational structure among items,
rather than being limited to positive items alone.

• The proposed framework, ClusRefineRec, integrates
these techniques into a unified, plug-and-play architec-
ture, demonstrating consistent gains in both accuracy and
robustness through extensive experiments.



II. RELATED WORK

A. Sequential Recommendation
With the rise of deep learning, Recurrent Neural Net-

works (RNNs) [5] and Convolutional Neural Networks
(CNNs) [6] were introduced into sequential recommendation,
laying the foundation for modeling users’ evolving interests.
Transformer-based models [7], [8] later became dominant for
their strong ability to capture long-range dependencies, but
their quadratic complexity with respect to sequence length
limits scalability. To address this, lightweight MLP-based ar-
chitectures [18] have been explored, offering linear complexity
with competitive performance. More recently, Mamba [19] has
shown strong sequence modeling capabilities across domains,
and its adaptations to recommendation [9], [10] further under-
score its efficiency and effectiveness. Unlike these methods,
we propose a plug-and-play framework that more effectively
leverages embedding information to enhance model capability.

B. Embedding Optimization in Sequential Recommendation
A growing line of research focuses on improving embedding

quality to address various representation deficiencies in SR.
TTEN [15] mitigates popularity bias caused by head items
by refining the relevance modeling process, while EGDE [16]
enhances post-trained embeddings to counteract represen-
tation quality degradation stemming from item popularity.
ATSRec [17] tackles embedding degeneration by injecting
adversarial perturbations into the embedding layer, thereby
improving robustness. However, these methods overlook the
latent relational structure among items. In contrast, ClusRe-
fineRec introduces a clustering-based perspective to explicitly
capture and exploit such inter-item semantic relationships.

III. PRELIMINARY

A. Problem Statement
Let U = {u1, u2, . . . , u|U|} denote the set of users, and V =

{v1, v2, . . . , v|V|} denote the set of items. For each user u ∈ U ,
the interaction sequence in chronological order is represented
as S(u) = [v

(u)
1 , v

(u)
2 , . . . , v

(u)
n ], where each v(u)i ∈ V denotes

the item that user u has interacted with at time step i. Given
the sequence S(u) , sequential recommendation aims to predict
the most likely next item v∗ at step n+ 1:

argmax
v∗∈V

Pθ

(
v
(u)
n+1 = v∗ | S(u)

)
, (1)

where θ represents the model parameters. This objective se-
lects the candidate item with the highest predicted probability
as the recommendation.

B. Sequential Recommendation Model
1) Embedding Layer: For each item, we initialize a train-

able embedding matrix Eitem ∈ R|V|×D, where |V| de-
notes the total number of items and D is the embed-
ding dimension. Given a user interaction sequence S(u) =

[v
(u)
1 , v

(u)
2 , . . . , v

(u)
n ] ∈ Rn, the embedding layer maps this

sequence to a corresponding sequence of item embedding
vectors E(u) = [e

(u)
1 , e

(u)
2 , . . . , e

(u)
n ] ∈ Rn×D, where e

(u)
i

denotes the embedding corresponding to item v
(u)
i .

2) Sequential Recommendation Model: To capture tem-
poral dependencies in user interaction sequences, sequential
recommendation model f(·) is applied to encode the item
embedding sequence E(u) into contextualized hidden states:

H(u) = f
(
E(u)

)
= [h

(u)
1 , h

(u)
2 , . . . , h(u)n ]. (2)

Typically, the final state h(u)n serves to summarize the user’s
current preference for the purpose of next-item prediction.

3) Prediction Layer and Training: The contextual hidden
state at the final time step, h(u)n ∈ R1×D, is used as the
input to the prediction layer to produce a probability distri-
bution over all candidate items. The next-item probability is
computed as Pθ

(
v
(u)
n+1 = v∗

)
= softmax

(
h
(u)
n E>item

)
, where

E>item ∈ RD×|V| denotes the transposed item embedding
matrix. The model parameters are optimized by minimizing
the Cross-Entropy (CE) loss [20]:

LCE = −
∑
u∈U

logPθ

(
v
(u)
n+1 = v∗

)
. (3)

IV. METHODOLOGY

Figure 1 illustrates the overall architecture of ClusRe-
fineRec. The left part, Base Recommender, presents the stan-
dard pipeline of sequential recommendation and incorporates
dynamic state fusion to enhance the final sequence repre-
sentation. The middle part, Compact Positive Embeddings,
introduces a clustering loss based on positive samples and
learnable cluster centroids to improve semantic consistency in
the embedding space. The right part, Iterative Embedding Re-
finement, progressively refines the overall embeddings under
the guidance of the learned centroids.

A. Dynamic State Fusion
Introduce a learnable weighting mechanism to enhance the

expressiveness of the final sequence representation. A linear
projection followed by a sigmoid activation is applied to the
output states H(u) to produce non-negative importance scores
for each position:

w∗ = σ
(
H(u)W> + b

)
, (4)

where σ denotes the sigmoid function. A positional mask
is then applied to remove invalid time steps introduced by
0 padding, producing the filtered weights wmask. The valid
weights are subsequently renormalized to form a stable and
uniformly scaled distribution w across the sequence:

wi =
wmaski∑n

i=1 w
mask
i + ε

, i = 1, . . . , n, (5)

where ε is a small constant added for numerical stability.
Finally, the user representation for next-item prediction is
obtained via a weighted aggregation of the hidden states:

z(u) =
∑

w �H(u). (6)

Dynamic state fusion allows the model to adaptively em-
phasize informative time steps while suppressing padding
noise, thereby producing a more expressive and discriminative
representation for next-item recommendation.
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Fig. 1: Illustration of our proposed ClusRefineRec. (1) Dynamically assign weights to and fuse the output states generated
by the SR model. (2) Introduce a clustering loss to jointly optimize positive item embeddings and cluster centroids, thereby
uncovering the underlying semantic associations. (3) After each epoch, refine the global item embeddings through slight
semantic alignment guided by the learned centroids.

B. Compact Positive Embeddings

In this module, we define positive items as the ground-
truth next items of each user sequence within a batch; con-
sequently, the clustering process is naturally dominated by
high-frequency and semantically stable items. Specifically, we
introduce a set of K learnable cluster centroids to further
enhance the structural quality of positive item representations
in the latent space. By explicitly optimizing the geometric
distance between positive item embeddings and their nearest
centroids, the model promotes stronger local compactness and
semantic coherence among positive samples. Moreover, the
clustering objective is fully decoupled from the main recom-
mendation loss and optimized using an independent optimizer.
This design effectively prevents gradient interference between
recommendation and clustering signals, thereby improving
optimization stability and enhancing target controllability.

Concretely, for a batch of positive item embeddings {ei}Bi=1,
the pairwise distances to all cluster centroids {ck}Kk=1 are
computed, and the minimum distance is used as the clustering
feedback. The resulting Clustering Loss (CL) is formulated as:

LCL =
1

B

B∑
i=1

(
min

1≤k≤K
‖ei − ck‖2

)2

, (7)

where ei denotes the embedding of the positive item vi, and
ck denotes the k-th cluster centroid. In practice, the weight of
the Clustering Loss is typically set to 0.1 to prevent drastic
shifts in the embedding space.

This design enables the model to construct a semantically
clearer and more discriminative representation subspace for
positive items without interfering with the gradient flow of
the main recommendation objective. Consequently, it provides
a more robust representational foundation for downstream
recommendation tasks. In practice, the clustering operation

is applied exclusively to positive items rather than the entire
set of item embeddings. This choice is motivated by the
presence of sparsely interacted items in the full item set, whose
embeddings are often insufficiently trained and exhibit limited
semantic consistency. Incorporating such embeddings into the
clustering process would introduce irrelevant variations and
increase optimization noise, potentially leading to centroid
drift and degraded convergence behavior.

From a representation learning perspective, embeddings of
positive items are continuously refined under consistent user
feedback, enabling them to capture stable and semantically
meaningful latent structures. In contrast, items with sparse
interactions suffer from insufficient supervisory signals, lead-
ing to under-trained and semantically ambiguous embeddings,
which consequently exhibit greater uncertainty and signifi-
cantly higher variance in the embedding space:

Var(E−) � Var(E+). (8)

Here E− denotes the embeddings of sparse items, while E+
represents the embeddings of positive items. Incorporating
embeddings with heterogeneous distributions into a unified
clustering process weakens the semantic structure learned
from positive samples and perturbs the formation of centroids,
causing the resulting cluster centers to deviate from regions
that encode meaningful item similarity. Therefore, restricting
clustering to positive items enables a more effective enhance-
ment of semantic cohesion among truly related items.

C. Iterative Embedding Refinement
In pursuit of enhancing the semantic structure of the em-

bedding space, especially for long-tail items, we propose an
iterative embedding refinement mechanism. This mechanism
leverages cluster centroids as semantic anchors and dynami-
cally aligns all item embeddings through a soft clustering strat-
egy. Additionally, a chunk-wise updating scheme is adopted to



TABLE I: Performance improvements on three datasets. The entries labeled “w/ ours” denote the results of integrating
ClusRefineRec into the corresponding models. “Improv.” represents the relative improvement over the original performance.

Dataset Metric GRU4Rec w/ours Improv. SASRec w/ours Improv. FMLP-Rec w/ours Improv. FeaRec w/ours Improv. SIGMA w/ours Improv.

Beauty

HR@5 0.3754 0.3871 3.12% 0.4075 0.4499 10.40% 0.4096 0.4397 7.35% 0.4085 0.4445 8.81% 0.4291 0.4451 3.73%
HR@10 0.4722 0.4893 3.62% 0.5037 0.5529 9.77% 0.5044 0.5376 6.58% 0.5043 0.5498 9.02% 0.5283 0.5471 3.56%

NDCG@5 0.2844 0.2935 3.20% 0.3076 0.3392 10.27% 0.3173 0.3385 6.68% 0.3118 0.3345 7.28% 0.3313 0.3406 2.81%
NDCG@10 0.3157 0.3265 3.42% 0.3387 0.3725 9.98% 0.3478 0.3701 6.41% 0.3427 0.3685 7.53% 0.3634 0.3735 2.78%

MRR@5 0.2543 0.2625 3.22% 0.2745 0.3026 10.24% 0.2867 0.3050 6.38% 0.2797 0.2980 6.54% 0.2988 0.3060 2.41%
MRR@10 0.2672 0.2761 3.33% 0.2873 0.3163 10.09% 0.2993 0.3179 6.21% 0.2924 0.3120 6.70% 0.3121 0.3195 2.37%

Sports

HR@5 0.3855 0.4064 5.42% 0.3876 0.4189 8.08% 0.4012 0.4232 5.48% 0.4185 0.4309 2.96% 0.4009 0.4394 9.60%
HR@10 0.5122 0.5364 4.72% 0.5204 0.5556 6.76% 0.5255 0.5492 4.51% 0.5471 0.5628 2.87% 0.5380 0.5700 5.95%

NDCG@5 0.2823 0.2957 4.75% 0.2763 0.3032 9.74% 0.2963 0.3101 4.66% 0.3082 0.3136 1.75% 0.2875 0.3210 11.65%
NDCG@10 0.3232 0.3377 4.49% 0.3191 0.3473 8.84% 0.3364 0.3508 4.28% 0.3498 0.3563 1.86% 0.3316 0.3631 9.50%

MRR@5 0.2482 0.2592 4.43% 0.2397 0.2651 10.60% 0.2617 0.2728 4.24% 0.2718 0.2749 1.14% 0.2600 0.2819 8.42%
MRR@10 0.2651 0.2765 4.30% 0.2572 0.2832 10.11% 0.2781 0.2895 4.10% 0.2890 0.2925 1.21% 0.2782 0.2992 7.55%

Toys

HR@5 0.3720 0.3881 4.33% 0.4086 0.4287 4.92% 0.3968 0.4264 7.46% 0.3955 0.4227 6.88% 0.4263 0.4394 3.07%
HR@10 0.4805 0.4935 2.71% 0.5116 0.5362 4.81% 0.4982 0.5278 5.94% 0.4979 0.5329 7.03% 0.5277 0.5450 3.28%

NDCG@5 0.2821 0.2927 3.76% 0.3097 0.3266 5.46% 0.3064 0.3250 6.07% 0.2974 0.3170 6.59% 0.3281 0.3337 1.71%
NDCG@10 0.3171 0.3267 3.03% 0.3431 0.3613 5.30% 0.3392 0.3577 5.45% 0.3304 0.3525 6.69% 0.3607 0.3679 2.00%

MRR@5 0.2525 0.2611 3.41% 0.2771 0.2927 5.63% 0.2765 0.2914 5.39% 0.2650 0.2820 6.42% 0.2956 0.2987 1.05%
MRR@10 0.2669 0.2750 3.03% 0.2908 0.3070 5.57% 0.2900 0.3049 5.14% 0.2786 0.2965 6.42% 0.3090 0.3128 1.23%

progressively refine all item embeddings, thereby effectively
avoiding out-of-memory (OOM) issues caused by full-batch
updates. Specifically, at the end of each training epoch, we
compute soft assignment weights based on the cosine sim-
ilarity between item embeddings and cluster centroids, and
subsequently derive a weighted centroid ci, which serves
as the directional guidance for embedding refinement. The
computation process is as follows:

ci =

K∑
k=1

wikck, wik =
exp

(
cos(ei,ck)

τ

)
∑K
j=1 exp

(
cos(ei,cj)

τ

) , (9)

where ck denotes the k-th centroid, wik is the soft assignment
weight, and τ is the temperature factor controlling distribution
sharpness — a smaller τ yields a more peaked distribution,
emphasizing the closest centroids, while a larger τ produces
a smoother, more uniform weighting across all centroids.

Rather than updating the centroids, we refine the item
embeddings in place through a controlled, small-step semantic
alignment toward their weighted centroids:

ei = (1− α)ei + αci, (10)

where α is a small alignment coefficient that ensures stable
refinement, typically set in the range 10−4 to 10−3, preventing
excessive perturbations while enabling precise adaptation of
the embedding space.

This procedure progressively imposes semantic compact-
ness and improves representation quality while maintaining di-
versity. More importantly, it particularly benefits long-tail and
infrequently interacted items, whose embeddings are generally
under-optimized in conventional training. Moreover, the refine-
ment process is computationally lightweight, differentiable-
free, and can be seamlessly integrated into existing recom-
mendation models as a plug-and-play module.

V. EXPERIMENTS

A. Experiment Setting

Datasets. We conduct comprehensive experiments on three
real-world datasets: Amazon Beauty [21] (22,363 users, 12,101
items, 198,502 interactions), Amazon Sports [21] (35,598
users, 18,357 items, 296,337 interactions), and Amazon
Toys [21] (19,412 users, 11,924 items, 167,597 interactions).
Evaluation Metrics. We evaluate model performance using
the leave-one-out strategy: for each user, we reserve the last
interaction for testing, the second last for validation, and use
the remaining interactions for training. Following common
practice [7], [22], [23], each test item is paired with 100 uni-
formly sampled negative items that the user has not interacted
with. For ranking evaluation, we report top-k recommendation
performance using Hit Rate (HR@k), Normalized Discounted
Cumulative Gain (NDCG@k), and Mean Reciprocal Rank
(MRR@k), where k is set to 5 and 10.
Baselines. We select five representative state-of-the-art deep
sequential recommendation models as baselines, including
the RNN-based model GRU4Rec [5], the pure MLP-based
model FMLP-Rec [18], the classical attention-based model
SASRec [7], the Transformer-derived model FeaRec [8], and
the Mamba-based model SIGMA [10].
Implementation Details. All baseline models are imple-
mented using the widely adopted open-source RecBole frame-
work [24]. To ensure a fair comparison, the embedding dimen-
sion is consistently set to 16 across all models. All experiments
are conducted on a single NVIDIA RTX 4090 GPU with 24
GB of memory and a batch size of 2048. Other implementation
details strictly follow the original source code.

B. Overall Performance Comparison

The experimental results for the original sequential rec-
ommendation models and their enhanced versions with our
method are reported in Table I. As shown, integrating the



TABLE II: Model performance on different interaction his-
tories. The entries labeled “w/ ours” denote the results of
integrating our proposed ClusRefineRec into the corresponding
models. “Improv.” represents the relative improvement over the
original performance. The backbone network is SASRec.

Sequence Length Sparse (|su| = 5) Dense (|su| > 5)

Dataset Metric Original w/ours Improv. Original w/ours Improv.

Beauty

HR@5 0.4062 0.4370 7.58% 0.4578 0.4761 4.00%
HR@10 0.4993 0.5392 7.99% 0.5552 0.5819 4.81%

NDCG@5 0.3120 0.3304 5.90% 0.3477 0.3482 0.14%
NDCG@10 0.3421 0.3635 6.26% 0.3791 0.3826 0.92%

MRR@5 0.2808 0.2951 5.09% 0.3112 0.3129 0.55%
MRR@10 0.2932 0.3087 5.29% 0.3241 0.3251 0.31%

Sports

HR@5 0.3714 0.4133 11.28% 0.3648 0.3887 6.55%
HR@10 0.5021 0.5487 9.28% 0.4936 0.5285 7.07%

NDCG@5 0.2640 0.2989 13.22% 0.2540 0.2757 8.54%
NDCG@10 0.3061 0.3426 11.92% 0.2955 0.3208 8.56%

MRR@5 0.2286 0.2611 14.22% 0.2175 0.2385 9.66%
MRR@10 0.2459 0.2791 13.50% 0.2346 0.2681 14.28%

Toys

HR@5 0.4036 0.4264 5.65% 0.4009 0.4221 5.29%
HR@10 0.5079 0.5328 4.90% 0.5191 0.5415 4.32%

NDCG@5 0.3064 0.3224 5.22% 0.2998 0.3070 2.40%
NDCG@10 0.3400 0.3568 4.94% 0.3396 0.3457 1.80%

MRR@5 0.2742 0.2879 5.00% 0.2610 0.2689 3.03%
MRR@10 0.2881 0.3021 4.86% 0.2785 0.2850 2.33%

proposed ClusRefineRec consistently boosts the performance
of all five backbone models across all three datasets and
evaluation metrics. Overall, ClusRefineRec delivers consis-
tent relative gains, with average improvements ranging from
3% to 10%. Notably, the performance gains are particu-
larly pronounced on attention-based models. For instance,
SASRec exhibits an average improvement of around 10%
across multiple metrics on the Beauty and Sports dataset.
In contrast, models such as GRU4Rec benefit less from our
method. We attribute this to the fact that ClusRefineRec
builds upon meaningful embedding representations and further
refines them through iterative optimization, while attention
mechanisms are inherently better at capturing rich and more
semantically meaningful information in item embeddings. This
complementary relationship enables stronger synergy between
our refinement strategy and attention-based architectures.

These observations demonstrate that ClusRefineRec not
only effectively enhances model performance but also serves
as a universally applicable and scalable refinement module
that can be seamlessly integrated into mainstream sequential
recommendation architectures.

C. Performance under Sparse and Dense Interaction Histories

In line with previous studies [25], [26], we evaluate the
effectiveness of our method under sparse and dense inter-
action history settings within the same dataset. The results
are reported in Table II. Specifically, in the sparse-history
setting (|su| = 5), all interaction sequences are truncated to
retain the most recent five items. In the dense-history setting
(|su| > 5), we exclude sequences with fewer than five interac-
tions. As shown, ClusRefineRec consistently improves model
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Fig. 2: t-SNE of Item Embeddings

TABLE III: Evaluation of local embedding quality using mean
and variance of k nearest neighbor similarity (k = 50).

Model SASRec ClusRefineRec

Metric s̄ σ2
s s̄ σ2

s

Beauty 0.7687 0.0043 0.8203 0.0047
Sports 0.8801 0.0041 0.9279 0.0033
Toys 0.7605 0.0076 0.7906 0.0065

performance across all three datasets under both settings,
demonstrating the applicability of our refinement strategy.

Moreover, performance gains are more pronounced under
sparse interaction histories, particularly on the Sports dataset,
where relative improvements exceed 10% across multiple
metrics. With limited behavioral context, recommendation
performance becomes more dependent on item embedding
quality. By explicitly refining the semantic structure of item
embeddings, ClusRefineRec captures latent item relationships
and improves embedding quality, leading to more substantial
gains in sparse-history settings.

D. Cluster Analysis

In the original embedding space, semantically or behav-
iorally similar items are often dispersed due to sparse su-
pervision and noisy co-occurrence signals. After applying
ClusRefineRec, these items are pulled into cohesive micro
clusters, indicating that our refinement process effectively
captures latent semantic relations that were previously under-
represented, as visually illustrated in Fig. 2.

Importantly, the compact clusters do not lead to over-
smoothing or loss of distinctiveness. Rather, clusters exhibit
strong internal cohesion while remaining well separated, al-
lowing the model to retain fine-grained preference distinctions
and preserve meaningful semantic boundaries.

To evaluate the local clustering quality of item embeddings
while preserving intra-cluster diversity, we compute the aver-
age similarity among each item’s k nearest neighbors. Let ei
denote the embedding of item vi, and Nk(i) denote its top-k
nearest neighbors in cosine similarity. The average neighbor
similarity for item vi is defined as:

si =
1

k

∑
j∈Nk(i)

ei · ej
‖ei‖‖ej‖

. (11)



The global metrics are then computed as the mean and
variance across all items:

s̄ =
1

|V|
∑
i∈V

si, σ2
s =

1

|V|
∑
i∈V

(si − s̄)2 (12)

where |V| is the total number of items. As shown in Table
III, when setting k = 50, the proposed method consistently
improves the average intra-neighbor similarity s̄ across all
datasets, indicating stronger local semantic coherence in the
embedding space. Meanwhile, the variance σ2

s remains com-
parable or slightly lower, demonstrating that the refinement
does not cause over-smoothing or collapse, and the item
embeddings still preserve sufficient discriminative diversity.

TABLE IV: Comparison of Positive-Only vs. Full-Item Re-
finement Approaches

Dataset Metric SASRec ClusRefineRec
(All-Item Emb.) ClusRefineRec Improv.

Beauty
HR@10 0.5037 0.5482 0.5529 0.86%

NDCG@10 0.3387 0.3696 0.3725 0.78%
MRR@10 0.2873 0.3141 0.3163 0.70%

Sports
HR@10 0.5204 0.5434 0.5556 2.25%

NDCG@10 0.3191 0.3377 0.3473 2.84%
MRR@10 0.2572 0.2743 0.2832 3.24%

Toys
HR@10 0.5116 0.5315 0.5362 0.88%

NDCG@10 0.3431 0.3551 0.3613 1.75%
MRR@10 0.2908 0.3004 0.3070 2.20%

E. Impact of Positive-Only Refinement

As shown in Table IV, refining the model using only
the item embeddings from positive interactions consistently
surpasses the use of all item embeddings across every dataset
and evaluation metric. The advantage becomes especially clear
on the sparsest dataset (Sports), where long-tail items account
for a large portion of the catalog. This observation indicates
that restricting refinement to positive samples is particularly
beneficial in settings where many items are noisy, weakly
informative, or rarely interacted with.

The performance gains are especially pronounced in MRR,
reflecting notable improvements in top-ranked prediction accu-
racy. This suggests that positive-only refinement enhances the
model’s local ranking behavior and strengthens the semantic
cohesion among frequently interacted items. In contrast, incor-
porating all item embeddings brings a large number of long-
tail items into the clustering process, causing the centroids
to drift away from semantically meaningful regions of the
embedding space and ultimately weakening the structural
consistency required for reliable recommendation.

Overall, the empirical results support the theoretical intu-
ition: focusing on positive interactions yields cleaner semantic
organization, more stable optimization, and consistently better
recommendation performance, offering a simple yet broadly
effective enhancement for sequential models.

TABLE V: Ablation study of SASRec on Beauty. Abbrevi-
ations in ”Setting”: CPE — Compact Positive Embeddings,
CPE+IER — Compact Positive Embeddings with Iterative
Embedding Refinement, DSF — Dynamic State Fusion.

Setting HR@5 HR@10 NDCG@5 NDCG@10 MRR@5 MRR@10

SASRec 0.4075 0.5037 0.3076 0.3387 0.2745 0.2873

only CPE 0.4236 0.5269 0.3203 0.3535 0.2860 0.2997
CPE + IER 0.4296 0.5331 0.3256 0.3579 0.2902 0.3026
only DSF 0.4284 0.5305 0.3233 0.3552 0.2890 0.3018

ClusRefineRec 0.4499 0.5529 0.3392 0.3725 0.3026 0.3163

F. Ablation Study

Table V reports the ablation results on SASRec using the
Beauty dataset. As shown, the full ClusRefineRec framework
achieves the best performance across all metrics, confirming
the effectiveness and complementarity of its core components.

Applying CPE alone already yields notable improvements
over the vanilla SASRec, underscoring its ability to enhance
the semantic compactness of positive item embeddings. In-
corporating IER (CPE+IER) further boosts performance by
progressively refining embedding representations through iter-
ative optimization. In addition, using DSF alone also leads to
consistent gains, indicating its effectiveness in enhancing the
expressiveness of the final sequence representations.

More importantly, integrating all components within Clus-
RefineRec results in the most substantial improvements, with
relative gains of up to 10.40% on HR@5, 10.27% on
NDCG@5, and 10.24% on MRR@5. This demonstrates that
the modules are not merely additive but synergistic: DSF
enhances the final representations by effectively extracting
and leveraging the enriched semantic information produced.
CPE then provides a compact and informative representational
foundation, upon which IER progressively refines the embed-
dings to further elevate their overall quality.

G. Hyperparameter Study
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Fig. 3: Parameter study for α on Beauty.

In the hyperparameter sensitivity analysis on the Beauty
dataset with the SASRec model, we evaluate the impact of the
refinement magnitude coefficient α, as shown in Fig. 3. Specif-
ically, α is tested with values 10−1, 10−2, 10−3, 10−4, 10−5.
The results indicate that α = 10−3 achieves the best per-
formance. It balances effective embedding refinement and
training stability. Larger values (e.g., 10−1 or 10−2) cause



overly aggressive updates. These updates may disrupt the
original semantic structure and harm convergence. Smaller
values (e.g., 10−5) provide insufficient refinement.

In practice, α can be efficiently selected via a coarse-to-fine
search on a logarithmic scale. Based on these observations, we
recommend setting α in the range of 10−4 to 10−3 to balance
stability and effectiveness.

VI. CONCLUSION

We propose ClusRefineRec, a cluster-guided embedding
refinement framework. It fuses temporal states, improves em-
bedding consistency, and iteratively refines representations to
enhance semantic coherence and preference modeling. Exper-
iments on multiple datasets show its effectiveness, robustness,
and easy integration with existing models.
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