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Abstract

Sub-sequence splitting (SSS) has been demonstrated as an effective
approach to mitigate data sparsity in sequential recommendation
(SR) by splitting a raw user interaction sequence into multiple
sub-sequences. Previous studies have demonstrated its ability to en-
hance the performance of SR models significantly. However, in this
work, we discover that (i). SSS may interfere with the evaluation
of the model’s actual performance. We observed that many re-
cent state-of-the-art SR models employ SSS during the data reading
stage (not mentioned in the papers). When we removed this opera-
tion, performance significantly declined, even falling below that of
earlier classical SR models. The varying improvements achieved by
SSS and different splitting methods across different models prompt
us to analyze further when SSS proves effective. We find that (ii).
SSS demonstrates strong capabilities only when specific split-
ting methods, target strategies, and loss functions are used
together. Inappropriate combinations may even harm performance.
Furthermore, we analyze why sub-sequence splitting yields such
remarkable performance gains and find that (iii). it evens out the
distribution of training data while increasing the likelihood
that different items are targeted. Finally, we provide sugges-
tions for overcoming SSS interference, along with a discussion on
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data augmentation methods and future directions. We hope this
work will prompt the broader community to re-examine the impact
of data splitting on SR and promote fairer, more rigorous model
evaluation. All analysis code and data will be made available upon
acceptance. We provide a simple, anonymous implementation at
https://github.com/KingGugu/SSS4SR.
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« Information systems — Recommender systems.
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1 Introduction

Sequential recommendation learns user preferences from their his-
torical interaction sequences and generates personalized sugges-
tions [9, 23, 26, 32]. Over the past several years, numerous SR mod-
els based on different architectures have been proposed, achieving
remarkable progress [9, 16, 80, 90]. However, most users tend to
interact with only a small number of items on the platform, while
most items receive very few interactions [13, 15, 77]. Consequently,
the widespread data sparsity limits the models’ performance. To
tackle this, researchers proposed many effective data augmentation
(DA) methods to generate additional training data [11, 40, 41, 47].

Data augmentation alleviates data sparsity by perturbing origi-
nal data or directly generating new samples [58, 60]. Research in
this area can be broadly categorized into two types: the first in-
volves heuristic operations based on rules and human prior knowl-
edge, such as sub-sequence splitting (also known as sliding win-
dows) [33, 62], which split one original sequence into many sub-
sequences (e.g., [1,2,3,4] — {[1,2],[1,2,3],[1,2,3,4]}), dropout
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Figure 1: An example of SSS interferes with model evaluation.

[61], cropping [70], masking [70], and insert [46]. The second cat-
egory comprises methods that leverage learnable augmentation
modules, such as extending short sequences with bidirectional
transformers [25, 47], replacing items by counterfactual thinking
[66], and directly generating new sequences with diffusion models
[41, 67]. Although DA methods are intended to better facilitate
model learning of user preferences and improve recommendation
accuracy, we find that sub-sequence splitting, one of the earliest
proposed and proven-effective DA methods [91], may not have been
applied appropriately in many recent SR models. This problem has
led to widespread issues, including misjudged performance and
unfair evaluations.

(i). SSS Interferes with Model Evaluation. (Section 3) Through an
empirical study conducted on many SR models recently published
in top-tier venues, we reveal that Sub-sequence splitting may
interfere with our evaluation of the SR models’ actual per-
formance. As shown in Figure 1, we find that many recently pro-
posed representative SR models employed SSS during data reading
without acknowledging it in their papers. When we removed their
SSS operations, the models’ performance significantly deteriorated.
Among the ten models we investigated, seven experienced perfor-
mance drops exceeding 40%. Some models even underperformed
the classic model SASRec without any data augmentation [26]. This
result indicates that SSS interfered with researchers’ accurate and
rigorous evaluation of model performance. The additional perfor-
mance gains it introduced led to an unfair comparison. Through
investigation, we discover that this phenomenon likely stems from
an earlier representative SR model that incorporated SSS into its
code pipeline without mentioning it [90]. Subsequently, many re-
searchers implemented their own models on this pipeline. Only a
handful of researchers detected the SSS and removed it.

(ii). When is SSS Effective? (Section 4) Furthermore, we observed
that SSS yields varying degrees of improvement across different
models. Given differences in loss functions (cross-entropy and
binary cross-entropy), target strategies (single-target and multi-
target), and splitting methods (prefix splitting, suffix splitting, and
sliding window) across these models, we further explored the condi-
tions under which SSS achieves its maximum effectiveness. Through
experiments on the four most representative and influential SR
models with real-world datasets, we find that SSS demonstrates
strong capabilities only when specific splitting methods, tar-
get strategies, and loss functions are used together. Perfor-
mance differences under the same model with different settings are
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significant. We also find that when employing appropriate settings,
the early classical SR model, SASRec, can achieve performance com-
parable to recently proposed SR models. This observation further
validates the findings in (i), namely that SSS interferes with our
evaluation of the actual performance of the SR model.

(iii). Why is SSS Effective? (Section 5) Inspired by previous research

on data augmentation [6, 33], we analyze why sub-sequence split-
ting yields such remarkable performance gains and find that it
evens out the distribution of training data while increasing
the likelihood that different items are targeted. After adopting
the sub-sequence splitting approach, both the absolute frequency
and probability of low-frequency and less popular items being in-
cluded in training increased. This enables the model to learn more
accurate and comprehensive item representations.

Discussions. (Section 6) Based on the above analysis, we provide
practical suggestions for overcoming SSS interference. When im-
plementing and evaluating SR models, we should ensure that data
splitting is applied consistently across all models. We can also
choose to comprehensively evaluate the model across different set-
tings. Additionally, we provide discussions for developing more
effective DA methods, the impacts of this work beyond SR, and
future directions. All analysis code and data will be made available
upon acceptance. We provide a simple, anonymous implementation
at https://anonymous.4open.science/r/SSS_Review-45C3.

2 Preliminaries

2.1 Problem Formulation

Suppose we have user set U and item set V. Each user u € U
is associated with a sequence of interacted items in chronological
order s, = [01,...,0j,...,0)s,|], Wwhere v; € V indicate the item
that user u has interacted with at time step j and |s,,| is the sequence
length. Given the sequences of interacted items s, sequential rec-
ommendation aims to accurately predict the most possible item v*
that user u will interact with at time step [s,| + 1, formulated as:

argmax P (v}s,1+1 =0" | 5u) - (1)
v eV

This equation can be interpreted as calculating the probability of all
candidate items and selecting the highest one for recommendation.

2.2 Sub-Sequence Splitting

Existing studies typically employ the leave-one-out strategy, wherein
the last item of each sequence serves as the test data, the items pre-
ceding it as validation data, and the remaining data as training data

[26, 33, 90]. We refer to the training data obtained by leave-one-out

strategy as the original sequence s,, and the sub-sequence splitting

is also performed on this training data. Given a raw sequence, the

following three common splitting methods exist:

Prefix Splitting. It starts from the first interaction v, in the original
sequence s, and divides the sequence into all possible lengths of
contiguous sub-sequences. This process can be formulate as:

sk 13 ...,sllj‘s"l} = Prefix-SSS (s,) , )

u >vu


https://anonymous.4open.science/r/SSS_Review-45C3

Pay Attention to Sequence Split: Uncovering the Impacts of Sub-Sequence Splitting on Sequential Recommendation Kodfdsence acronym °XX, June 03-05, 2018, Woodstock, NY

Table 1: Statistical data for the papers we investigated.

SSS is not used ‘ SSS is used

‘ Mentioned in the Paper Not Mentioned in the Paper

6 papers ‘ 1 paper 10 papers
[17] [19] [49] [90] [36] [39] [57] [2]
[72] [83] [45] [68] [44] [22] [S6] [20] [71]
where sf;j = [0i,0i41, . . ., v;]. After the prefix SSS, we can obtain |s,,|

sub-sequences. For example, given an original sequence [1, 2, 3, 4],
the sub-sequences after refix splitting are {[1, 2], [1, 2, 3], [1, 2,3,4]}.
Suffix Splitting. It starts from the last interaction v|s,| in the orig-
inal sequence s, and divides the sequence into all possible lengths
of contiguous sub-sequences. This process can be formulate as:

su|—1:]s, Sul|—2:]s
{SLM\ Isul_glsul=2lsul

syl } = Suffix-SSS (s.).  (3)

We can also obtain |s, | sub-sequences after the suffix splitting. For
example, given original sequence [1, 2, 3, 4], the sub-sequences after
suffix splitting are {[3,4], [2,3,4],[1,2,3,4]}.

Sliding Window. Given a window length T and T < |s,,|, it divides
the original sequence into multiple sub-sequences by sliding a
window from one end to the other [62]:

{sm sz:T+1’_”,SllfuI*Tﬂﬁ\S"'} = Sliding-SSS (s, 7). (4)

u >vu

For example, given original sequence [1,2,3,4,5] with T = 3, the
sub-sequences after suffix splitting are {[1, 2, 3], [2,3,4], [3,4,5]}.

2.3 Target Strategy
There are two commonly used training target strategies in SR.

Single-Target Strategy. It treats the last item in each sequence
as the target for prediction during training. Therefore, it can also
be referred to as the last-target strategy. For each user u € U, the
input is all but the last item, and the target is the last item [33]:

Xu = (01, Opsul-1] s Yu = sy (5)
The resulting training set for user u is D" = {(x,, y,,)}.

Multi-Target Strategy. It predicts multiple targets within each

sequence. For each position k € {2,...,|s,|}, the first k — 1 items
are used as the input and the k™ item as the target [33]:
k k
X, = [o1,.. ., 0k-1], Y, = Ok. (6)

This produces |s,| — 1 input-target pairs for each user sequence:
D = {(xh k) 12 < ke < lsul) %)

When k equals only [s,,|, the multi-target strategy degenerates into
a single-target strategy. The multi-target strategy provides more
supervision signals from earlier positions in the sequence. It should
be noted that prefix splitting and the multi-target strategy are
orthogonal. The former involves splitting the original sequence
into multiple sub-sequences, while the latter refers to a training
strategy applied to a single sequence.

3 Effects of Sub-Sequence Splitting

In this section, we present empirical research demonstrating how
SSS influences evaluation of SR models’ actual performance.

3.1 Identification of SR Models

To avoid cherry-picking individual models in our study, we sys-
tematically scan the proceedings of scientific conferences and jour-
nal publications using an approach similar to the previous works
[18, 55]. Specifically, we include papers in our analysis that ap-
peared between 2022 and 2026! in the following eight conference
series: KDD, SIGIR, WWW, NeurIPS, AAAI, WSDM, CIKM, and Rec-
Sys?. The journals include TOIS and TKDE. In the conferences and
journals, we screened papers according to the following criteria:

o The paper focuses on Classic sequential recommendation, which
is the primary direction of our investigation in this work. Subdo-
mains such as cross-domain SR [84, 86], multi-modal SR [3], and
multi-behavior SR [69], etc., will not be considered.

o The primary contribution of the paper is the proposal of a foun-
dational architecture or backbone for SR. Papers that primarily
introduce auxiliary tasks (such as contrastive learning [46, 70],
reconstruction tasks [76, 78], alignment tasks [35]) or propose
other data augmentation methods will be excluded [14, 41]3. This
condition is designed to eliminate contributions from other auxil-
iary modules and tasks to the model’s final performance, thereby
rigorously assessing the impact of SSS on performance.

o Providing publicly available codes for reproduction. If these codes
are not already publicly available, we contacted all paper authors
and waited 30 days for a response. We select reproducible code
based on the conditions established in previous work [18], i.e.,
either a working version of the source code is available or the code
only needs to be modified in minimal ways to work correctly.

Applying the above criteria yielded 17 papers. It should be noted
that we focus on the impact of SSS on evaluating the actual per-
formance of the model. Therefore, reproducibility studies on how
many papers provide or do not provide code, or whether they pro-
vide complete code, are not within the scope of our discussion.
We conduct a thorough review and examination of the complete
texts, appendices, and publicly available code of these 17 papers to
determine whether they indicate the use of SSS in their papers or
employ it in their code. The results are presented in Table 1. We also
give a real code example of using SSS during data reading phase
in Algorithm 1. We observe that 6 papers make no mention of SSS
and do not utilize it in their code. Among the 11 papers employing
SSS, only 1 explicitly incorporates SSS as part of its methodology
and analyzes it in an ablation study. The remaining ten papers use
SSS in their code but fail to mention it in either the main text or
the appendices. After carefully re-examining the code in these ten
papers, we found their overall pipelines to be remarkably similar.
Therefore, we speculate that the later works were likely based on
the earlier pipeline from [90] or on earlier pipeline improvements.
Next, we will demonstrate how SSS influences researchers’ evalua-
tion of the actual performance of the methods proposed in these
ten papers published in top-tier conferences & journals.

ITo enhance the timeliness of our research, we include conferences scheduled for 2026
but have already made their acceptance lists available.

2All of the conferences are either considered A* or A in the Australian Core Ranking.
3Some studies employed the open-source framework RecBole [88] for experimentation.
However, according to RecBole’s official documentation, it enables data augmentation
by default. To ensure more rigorous and fair analysis, these papers are also excluded.
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Algorithm 1 SSS code from the official implementation of [90]

# user_seq: A list containing all original sequences.
# max_len: Maximum Sequence Length N.

for seq in user_seq:
input_ids = seq[-(self.max_len + 2):-2]
for i in range(len(input_ids)):
self.user_seq.append(input_ids[:i + 1])

# Then the new user_seq will be used as training data.

Table 2: Statistics of datasets. The ‘AL’ denotes average length.

Dataset ‘ # Users #Items #Interactions # AL Sparsity

Beauty 22,363 12,101 198,502 8.9 99.93%
Sports 35,598 18,357 296,337 8.3 99.95%
Douyin 20,398 8,299 139,834 6.9 99.92%
LastFM 1,090 3,646 52,551 48.2 98.68%

3.2 Experimental Settings

Datasets. The experiments are conducted on four widely used
datasets from different scenarios. Beauty and Sports are obtained
from the Amazon platform [48], corresponding to the “Beauty” and
“Sports and Outdoors” categories. Douyin [82] includes short-video
watching records. LastFM* includes artist listening records and
is used to recommend musicians to users. We reduce the data by
extracting the 5-core [56, 57, 90]. Following the setup of most of
the investigated papers, the maximum sequence length is set to 50
for all datasets. The statistics are summarized in Table 2.

Other Baselines. In addition to the model mentioned earlier, we
selected four representative SR models based on different architec-
tures, including GRU4Rec (based on recurrent neural networks)
[23], SASRec [26] (based on Transformer), NextItNet (based on
convolutional neural networks) [79], and LRURec (based on linear
recurrent units) [80]. These models did not utilize SSS. Furthermore,
for comparative purposes, we selected four SR models that incor-
porate contrastive learning, including CLS4Rec [70], CoSeRec
[46], DuoRec [52], and ICSRec [51]. These methods typically em-
ploy data augmentation to generate self-supervised signals and use
contrastive objectives to learn user preferences further.

Evaluation Settings. We adopt the leave-one-out strategy to par-
tition sequences into training, validation, and test sets. We rank
predictions across the entire item set rather than using negative
sampling, which can lead to biased discoveries [29]. The evaluation
metrics include Hit Ratio@K (H@K) and Normalized Discounted
Cumulative Gain@K (N@K). We report results with K € {10, 20}.
Generally, greater values imply better ranking accuracy. We run
five trials and report the average results for all methods.

Implementation Details. For all baselines, we adopt the imple-
mentation provided by the authors. We set the embedding size to 64
and the batch size to 256. To ensure fair comparisons, we carefully
set and tune all other hyperparameters of each method as reported
and suggested in the original papers. We use the Adam [27] opti-
mizer with the learning rate 0.001, f; = 0.9, 2 = 0.999. We adopt
early stopping on the validation set if the performance does not
improve for 20 epochs, and report results on test set [46, 64].

4https://grouplens.org/datasets/hetrec-2011/
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3.3 Results Analysis

We present the performance of baselines and our investigated mod-
els in Table 3. We give the performance before and after removing
the SSS. We have the following observations and analysis:

(1) Among the four backbones without SSS, SASRec achieved
optimal performance in almost all cases, demonstrating the Trans-
former’s ability to model sequences. Contrastive learning enhances
recommendation accuracy by extracting user preference knowl-
edge from self-supervised signals. Some contrastive learning-based
methods, such as DuoRec and ICSRec, achieve better performance
by leveraging SSS to generate richer self-supervised signals.

(2) For SR models incorporating SSS, we observe that most meth-
ods achieve performance significantly better than that of contrastive
learning-based SR models (and the SR models without SSS). This
result reaffirms the conclusions drawn in prior work [91]. However,
when we removed SSS from the data reading phase of these models,
their performance declined significantly. Eight out of ten models
show an average performance drop exceeding 40%, with five models
experiencing nearly a 50% reduction. Many models proposed in the
past year or two now perform worse than SASRec (highlighted in
blue), which was introduced back in 2018.

(3) To further illustrate how SSS impacts researchers’ evaluation
of the actual performance of these latest models, Table 4 presents
the overall performance percentage relative to SASRec for these
models before and after SSS removal. We can observe that after
removing SSS, nearly all models no longer outperform SASRec.
It bears repeating that the original SASRec did not employ sub-
sequence splitting. Researchers may have mistakenly attributed
the remarkable performance gains from SSS to improvements in
model architecture. Additionally, we observed that the number of
models influenced by SSS increased in publications from 2023 to
2025, with the vast majority proposed in 2025. Considering that
conference and journal publications for 2026 have only just be-
gun, more SSS-influenced models will likely be published in 2026.
Therefore, attention to this issue is urgently needed.

4 'When is SSS Effective

In the previous section, we demonstrated how SSS interferes with
researchers’ evaluation of a model’s actual performance. Beyond
the model architecture itself, different models may employ distinct
loss functions, splitting methods (introduced in Subsection 2.2),
and target strategies (introduced in Subsection 2.3). We conducted
comprehensive experiments to reveal how SSS interacts with these
factors to jointly influence model performance.

4.1 Additional Experimental setup

Details of the Selected Models. We select four of the most rep-

resentative and influential SR models from Table 3 for exploration

in this section. Two are from SR models without SSS, two are from

SR models with SSS. These four models, spanning 2016 to 2024 and

based on different architectures, rank among the most highly cited

models published during that period.

e GRU4Rec [23]: This is the first model to apply the Gated Recur-
rent Unit (GRU) to model sequences of user behavior for SR.

e SASRec [26]: It is a representative Transformer-based model,
which leverages the multi-head self-attention for the SR task.
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Table 3: Performance comparison of baseline SR models and our investigated models. The ‘w/o SSS’ indicates removing SSS from
the official implementations of the corresponding models. The ‘Ave. Imp. indicate the average improvements after removing
SSS across four datasets. Results where performance falls below SASRec are highlighted in blue.

Beauty Sports Douyin LastFM
Model Venue | H@10 N@10 H@20 N@20 | H@10 N@10 H@20 N@20 |H@10 N@10 H@20 N@20 | H@10 N@10 H@20 N@20 | Ave. Imp.
SR Models without SSS
GRU4Rec [23] ICLR 2016 |0.0423 0.0209 0.0704 0.0279|0.0180 0.0085 0.0311 0.0118 |0.1060 0.0572 0.1480 0.0678 | 0.0385 0.0214 0.0569 0.0260 |  —

SASRec [26]

LRURec [80]

ICDM 2018 | 0.0580 0.0301 0.0910 0.0384 |0.0323 0.0179 0.0490
NextltNet [79] WSDM 2019 | 0.0324 0.0159 0.0526 0.0211 | 0.0169 0.0081 0.0305
WSDM 2024 | 0.0602 0.0310 0.0948 0.0396 | 0.0330 0.0185 0.0519

0.02220.1243 0.0739 0.1677 0.0848 [ 0.0661 0.0347 0.0982 0.0428 —
0.0115|0.0696 0.0372 0.1058 0.0464 | 0.0544 0.0293 0.0969 0.0399 -
0.02320.1239 0.0742 0.1722 0.0856 | 0.0650 0.0339 0.0958 0.0412 -

SR Models with Contrastive Learning (The asterisk * Represents the use of SSS as part of the method for constructing contrastive views)

ICDE 2022
arXiv 2021

CL4SRec [70]
CoSeRec [46]

0.0721 0.0399 0.1048 0.0481 | 0.0378 0.0206 0.0554
0.0769 0.0420 0.1102 0.0503 | 0.0409 0.0225 0.0613
DuoRec* [52] WSDM 2022 | 0.0844 0.0439 0.1208 0.0531 | 0.0456 0.0240 0.0669
ICSRec* [51] WSDM 2024 | 0.0930 0.0562 0.1271 0.0648 | 0.0548 0.0318 0.0770

0.0248 | 0.1266 0.0723 0.1707 0.0851 | 0.0628 0.0358 0.0976 0.0421 —
0.0274]0.1301 0.0742 0.1785 0.0869 | 0.0650 0.0366 0.1001 0.0434 -
0.0293 | 0.1372 0.0779 0.1894 0.0912 | 0.0587 0.0348 0.0881 0.0422 -
0.0374 | 0.1429 0.0823 0.1976 0.0943 | 0.0679 0.0415 0.1018 0.0501 —

SR Models with SSS (Using SSS in the official code implementation but not mentioned in the paper)

FMLPRec [90] 0.0331 0.0908 0.0403

0.0309 0.0161 0.0474

0.0203‘0.1245 0.0706 0.1714 0.0825 | 0.0633 0.0375 0.0982 0.0461

w/o SSS WWW 2022 ‘ 0. 0607 0.0331 0.0926 0.0411 ‘ 0.0326 0.0175 0.0507 0.0221 | 0.1316 0.0758 0.1796 0.0879 ‘ 0.0642 0.0366 0.0982 0.0452 ‘ 3.34%
DLFSRec [39] 0.0658 0.0347 0.1019 0.0439 | 0.0394 0.0216 0.0570 0.0259 ‘ 0.1523 0.0873 0.1968 0.0981 | 0.0721 0.0427 0.1060 0.0503
w/o SSS RecSys 2023 | 00593 0.0306 0.0899 0.0396 | 0.0311 0.0173 0.0479 0.0218 0.1240 0.0767 0.1779 0.0873 | 0.0625 0.0371 0.0961 0.0447 | -13.39%
DiffuRec [36] 0.0736 0.0434 0.1041 0.0514 | 0.0416 0.0227 0.0598 0.0275 ‘ 0.1541 0.0909 0.2062 0.1045 | 0.0729 0.0418 0.1089 0.0487
w/o SSS TOIS 2023 | 0,0374 0.0241 0.0504 0.0274 | 0.0208 0.0119 0.0317 0.0152 0.1178 0.0745 0.1608 0.0844 |0.0397 0.0228 0.0616 0.0273 | -40.15%
BSARec [57] 0.0987 0.0595 0.1345 0.0685 | 0.0580 0.0338 0.0820 0.0399 | 0.1882 0.1199 0.2375 0.1323 | 0.0761 0.0441 0.1073 0.0519
w/o SSS AAAL2024 | 00569 0.0349 0.0781 0.0402|0.0233 0.0143 0.0333 0.0168 |0.1379 0.0875 0.1764 0.0972 |0.0220 0.0109 0.0257 0.0118 | -50.46%
MUFFIN [2] 0.0912 0.0491 0.1283 0.0594 | 0.0568 0.0293 0.0829 0.0378 | 0.1780 0.1163 0.2203 0.1259 | 0.0759 0.0428 0.1105 0.0514
w/o SSS CIKM 2025 | 0.0571 0.0343 0.0874 0.0390 | 0.0259 0.0154 0.0367 0.0184 |0.1423 0.0950 0.1855 0.1078 |0.0265 0.0166 0.0446 0.0202| -41.11%
CSRec [44] 0.1016 0.0583 0.1372 0.0673 | 0.0565 0.0331 0.0789 0.0386 | 0.1836 0.1168 0.2311 0.1296 | 0.0792 0.0460 0.1096 0.0525
w/o SSS SIGIR 2025 | 0.0602 0.0363 0.0795 0.0413 | 0.0246 0.0147 0.0349 0.0174 | 0.1406 0.0869 0.1821 0.0975|0.0269 0.0129 0.0314 0.0152| -47.33%
WaveRec [22] 0.0871 0.0531 0.1172 0.0606 | 0.0524 0.0316 0.0708 0.0362 | 0.1502 0.0974 0.1854 0.1063 | 0.0560 0.0319 0.0817 0.0383
w/o SSS SIGIR 2025 | 0.0553 0.0334 0.0746 0.0382 | 0.0260 0.0153 0.0365 0.0179 | 0.1256 0.0816 0.1574 0.0896 |0.0193 0.0098 0.0294 0.0123 | -42.38%
TV-Rec [56] 0.1017 0.0608 0.1403 0.0705 | 0.0594 0.0345 0.0859 0.0412|0.1964 0.1254 0.2461 0.1380 | 0.0853 0.0484 0.1202 0.0572
w/o SSS NIPS 2025 | 0,0602 0.0358 0.0818 0.0412 | 0.0271 0.0159 0.0381 0.0187 | 0.1650 0.1012 0.2055 0.1114|0.0193 0.0073 0.0275 0.0094 | -48.61%
FreqRec [20] 0.0970 0.0590 0.1320 0.0678 | 0.0572 0.0336 0.0807 0.0396 | 0.1860 0.1174 0.2340 0.1296 | 0.0615 0.0378 0.0963 0.0466
w/o SSS AAAL2026 |0,0532 0.0324 0.0738 0.0375 | 0.0227 0.0137 0.0326 0.0162|0.1502 0.0941 0.1910 0.1044 |0.0183 0.0089 0.0303 0.0120 | -48.98%
WEARec [71] 0.1000 0.0591 0.1366 0.0683 | 0.0612 0.0355 0.0876 0.0421|0.1919 0.1221 0.2387 0.1340 [ 0.0761 0.0415 0.1055 0.0490
w/o SSS AAAT2026 | 0.0614 0.0368 0.0826 0.0421|0.0302 0.0176 0.0424 0.0207 | 0.1623 0.1010 0.2006 0.1107 | 0.0147 0.0078 0.0321 0.0122 | -45.65%

Table 4: Overall percentage of the recent SR models in Table 3 compared to SASRec before and after removing SSS.

Model FMLPRec [90] DLFSRec [39] DiffuRec [36] BSARec [57] MUFFIN [2]
Variant Original w/0 SSS | Original w/0SSS | Original w/oSSS | Original w/o SSS | Original w/o SSS
Comparison with SASRec 0.13% 3.28% 16.37% 0.69% 23.09% -26.34% 55.85% -20.76% 46.64% -27.29%
Model CSRec [44] WaveRec [22 TV-Rec [56] FreqRec [20] WEARec [71]
Variant Original w/0 SSS | Original w/0oSSS | Original w/oSSS | Original w/o SSS | Original w/o SSS
Comparison with SASRec | 54.54% -17.07% 31.09% -22.75% 63.40% -13.85% 50.16% -21.13% 96.61% -11.04%

o FMLPRec [90]: It is an all-MLP model using a learnable filter-
enhanced block to remove noise in the embedding matrix.

e BSARec [57]: It is a hybrid model that combines self-attention
with the Fourier Transform to address the oversmoothing.

Loss Functions and Additional Datasets. For the loss function,
we selected the binary cross-entropy loss (BCE) [23, 26] and cross-
entropy loss (CE) [56, 57], which are the most commonly used in SR.
Given the relatively small scale of the dataset used in Section 3, we
add two new, larger-scale datasets, each containing nearly 1 million
user-item interactions. MovieLens-1M (ML-1M) is a movie recom-
mendation dataset from MovieLens®. It contains 6,041 users, 3,417
items, and 999,611 interactions. The average sequence length is

Shttps://grouplens.org/datasets/movielens/

165.5, with a sparsity of 95.16%. The CDs is from the Amazon shop-
ping platform [48], corresponding to the “CDs and Vinyl” category.
It contains 75,258 users, 66,443 items, and 1,097,592 interactions.
The average sequence length is 14.6, with a sparsity of 99.97%.

4.2 Results Analysis

The performance of four backbone SR models with different loss
functions, splitting methods, and target strategies are presented in
Table 5 (four small-scale datasets) and 6 (two large-scale datasets).
From the results, we have the following observations and analysis:

(1) Overall, the multi-target strategy outperforms the single-
target strategy because the former provides more supervision sig-
nals from earlier positions in the sequence, enabling the model
to learn user preference knowledge and behavioral patterns more
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Table 5: The performance of four backbone SR models with different training settings on four small-scale datasets. The best
performance in each case is highlighted in bolded red and the second-best is highlighted in underlined blue.

. Beauty Sports Douyin LastFM
Split H@10 N@10 H@20 N@20 | H@10 N@10 H@20 N@20 | H@10 N@10 H@20 N@20 | H@10 N@10 H@20 N@20

Model ‘Target Loss

Prefix || 0.0312 0.0153 0.0493 0.0198 | 0.0207 0.0110 0.0319 0.0138 | 0.0689 0.0347 0.1072 0.0443 | 0.0321 0.0177 0.0541 0.0231
Suffix 0.0250 0.0125 0.0419 0.0167 | 0.0112 0.0054 0.0188 0.0073 | 0.0578 0.0302 0.0914 0.0387 | 0.0220 0.0157 0.0303 0.0178
BCE | glide 0.0236  0.0127 0.0412 0.0171 | 0.0162 0.0083 0.0270 0.0110 | 0.0822 0.0433 0.1203 0.0529 | 0.0339 0.0185 0.0514 0.0231
Original || 0.0152  0.0075 0.0250 0.0100 | 0.0097 0.0056 0.0173 0.0075 | 0.0258 0.0125 0.0442 0.0171 | 0.0092 0.0050 0.0220  0.0082

Single Prefix 0.0688 0.0379 0.0999 0.0458 | 0.0401 0.0215 0.0605 0.0266 | 0.1414 0.0878 0.1839 0.0986 | 0.0606 0.0315 0.0807 0.0365
Suffix 0.0343 0.0198 0.0494 0.0236 | 0.0135 0.0071 0.0216 0.0092 | 0.0966 0.0621 0.1219 0.0685 | 0.0193 0.0135 0.0275 0.0157
CE Slide 0.0616 0.0348 0.0881 0.0414 | 0.0336 0.0181 0.0512 0.0225 | 0.1271 0.0780 0.1654 0.0876 | 0.0459 0.0235 0.0725 0.0304
Original || 0.0330 0.0179 0.0485 0.0217 | 0.0183 0.0092 0.0288 0.0119 | 0.1023 0.0598 0.1322 0.0673 | 0.0257 0.0126 0.0450 0.0175

GRU4Rec Prefix 0.0444 0.0230 0.0706 0.0296 | 0.0169 0.0082 0.0285 0.0111 | 0.1079 0.0591 0.1482 0.0693 | 0.0560 0.0296 0.0862 0.0372
Suffix 0.0576 0.0306 0.0841 0.0373 | 0.0253 0.0129 0.0409 0.0168 | 0.1333 0.0788 0.1680 0.0876 | 0.0495 0.0260 0.0725 0.0318
BCE | slide 0.0528 0.0287 0.0804 0.0356 | 0.0220 0.0116 0.0358 0.0150 | 0.1235 0.0696 0.1627 0.0795 | 0.0569 0.0291 0.0853 0.0362
Original || 0.0423 0.0209 0.0704 0.0279 | 0.0180 0.0085 0.0311 0.0118 | 0.1060 0.0572 0.1480 0.0678 | 0.0385 0.0214 0.0569 0.0260

Multi Prefix || 0.0442 0.0251 0.0639 0.0300 | 0.0193 0.0109 0.0305 0.0138 | 0.0974 0.0608 0.1274 0.0684 | 0.0239 0.0115 0.0514 0.0184
Suffix 0.0526  0.0311 0.0723 0.0361 | 0.0228 0.0132 0.0352 0.0163 | 0.1222 0.0785 0.1534 0.0863 | 0.0339 0.0174 0.0596  0.0240
CE | slide 0.0775 0.0470 0.1054 0.0540| 0.0292 0.0166 0.0432 0.0201 | 0.1108 0.0689 0.1419 0.0768 | 0.0486 0.0259 0.0688 0.0309
Original || 0.0508 0.0290 0.0718 0.0343 | 0.0206 0.0106 0.0321 0.0135 | 0.1143 0.0722 0.1462 0.0803 | 0.0495 0.0258 0.0761 0.0324

Prefix 0.0455 0.0240 0.0735 0.0310 | 0.0282 0.0142 0.0477 0.0183 | 0.1095 0.0617 0.1542 0.0730 | 0.0606 0.0334 0.0872 0.0401
Suffix 0.0471 0.0254 0.0673 0.0305 | 0.0203 0.0105 0.0296 0.0129 | 0.1052 0.0628 0.1378 0.0710 | 0.0138 0.0063 0.0174 0.0072
BCE | slide 0.0529 0.0273  0.0789 0.0338 | 0.0280 0.0150 0.0427 0.0187 | 0.1078 0.0638 0.1484 0.0740 | 0.0450 0.0249 0.0688 0.0308
Original || 0.0463 0.0259 0.0657 0.0308 | 0.0100 0.0058 0.0162 0.0073 | 0.1002 0.0604 0.1291 0.0677 | 0.0138 0.0064 0.0239  0.0089

Single Prefix 0.0944 0.0572 0.1270 0.0654 | 0.0550 0.0323 0.0777 0.0380| 0.1622 0.1032 0.2030 0.1135 | 0.0661 0.0395 0.0862 0.0447
Suffix 0.0464  0.0270 0.0692 0.0327 | 0.0195 0.0107 0.0279 0.0129 | 0.1256 0.0807 0.1579 0.0889 | 0.0183 0.0087 0.0229 0.0099
CE | slide 0.0815 0.0500 0.1122  0.0577 | 0.0456 0.0266 0.0640 0.0313 | 0.1583 0.1006 0.2000 0.1111 | 0.0514 0.0305 0.0734 0.0360
Original || 0.0537 0.0321 0.0722 0.0368 | 0.0242 0.0145 0.0334 0.0168 | 0.1414 0.0901 0.1766 0.0990 | 0.0110 0.0047 0.0257 0.0084

SASRec Prefix 0.0594 0.0316 0.0868 0.0385 | 0.0301 0.0162 0.0459 0.0202 | 0.1181 0.0664 0.1608 0.0771 | 0.0615 0.0365 0.0872 0.0430
Suffix 0.0674 0.0361 0.0968 0.0434 | 0.0303 0.0162 0.0479 0.0206 | 0.1277 0.0747 0.1686 0.0850 | 0.0440 0.0255 0.0771 0.0339
BCE | slide 0.0596 0.0311 0.0863 0.0378 | 0.0278 0.0151 0.0427 0.0188 | 0.1254 0.0735 0.1689 0.0845 | 0.0358 0.0212 0.0569 0.0265
Original || 0.0580 0.0301 0.0910 0.0384 | 0.0323 0.0179 0.0490 0.0222 | 0.1243 0.0739 0.1677 0.0848 | 0.0661 0.0347 0.0982 0.0428

Multi Prefix 0.0731 0.0444 0.1002 0.0512 | 0.0385 0.0224 0.0558 0.0267 | 0.1562 0.0971 0.1987 0.1078 | 0.0596 0.0342 0.0780 0.0389
Suffix 0.0727 0.0424 0.1011 0.0496 | 0.0382 0.0213 0.0548 0.0255 | 0.1543 0.0975 0.1954 0.1078 | 0.0468 0.0231 0.0734 0.0298
CE Slide 0.0804 0.0493 0.1082 0.0564 | 0.0442 0.0263 0.0620 0.0308 | 0.1572 0.0975 0.2023 0.1089 | 0.0459 0.0290 0.0761 0.0366
Original || 0.0947 0.0569 0.1312 0.0661| 0.0527 0.0306 0.0755 0.0363 | 0.1718 0.1094 0.2146 0.1202| 0.0615 0.0338 0.0927 0.0416
Prefix 0.0564 0.0292 0.0867 0.0368 | 0.0314 0.0171 0.0505 0.0219 | 0.1272 0.0716 0.1819 0.0853 | 0.0670 0.0324 0.1000 0.0408
Suffix 0.0510 0.0284 0.0724 0.0338 | 0.0220 0.0114 0.0332 0.0142 | 0.1142 0.0669 0.1489 0.0757 | 0.0083 0.0042 0.0202 0.0072
BCE Slide 0.0554 0.0291 0.0848 0.0365 | 0.0316 0.0173 0.0484 0.0215 | 0.1261 0.0703 0.1762 0.0830 | 0.0477 0.0302 0.0752 0.0371
Original || 0.0446 0.0250 0.0632 0.0296 | 0.0096 0.0054 0.0201 0.0080 | 0.1095 0.0642 0.1417 0.0723 | 0.0147 0.0070 0.0220 0.0089

Single

Prefix || 0.0962 0.0568 0.1324 0.0660| 0.0706 0.0401 0.1128 0.0507 | 0.1957 0.1243 0.2452 0.1369| 0.0584 0.0333 0.0836 0.0397
Suffix 0.0513  0.0297 0.0718 0.0348 | 0.0183 0.0080 0.0229 0.0092 | 0.1494 0.0934 0.1854 0.1026 | 0.0223 0.0124 0.0322 0.0149
CE | slide 0.0894 0.0541 0.1236  0.0627 | 0.0615 0.0340 0.0927 0.0417 | 0.1779 0.1114 0.2217 0.1224 | 0.0513 0.0293 0.0719 0.0344
Original || 0.0557 0.0345 0.0753 0.0395 | 0.0119 0.0049 0.0257 0.0082 | 0.1592 0.0997 0.1976 0.1094 | 0.0250 0.0149 0.0349 0.0174

FMLPRec Prefix 0.0620 0.0331 0.0908 0.0403 | 0.0309 0.0161 0.0474 0.0203 | 0.1245 0.0706 0.1714 0.0825 | 0.0633 0.0375 0.0982 0.0461
Suffix 0.0658 0.0359 0.0974 0.0439 | 0.0309 0.0170 0.0478 0.0213 | 0.1301 0.0763 0.1709 0.0866 | 0.0532 0.0281 0.0835 0.0356
BCE | slide 0.0566 0.0304 0.0846 0.0374 | 0.0288 0.0154 0.0441 0.0192 | 0.1268 0.0730 0.1724 0.0845 | 0.0459 0.0255 0.0633 0.0299
Original || 0.0607 0.0331 0.0926 0.0411 | 0.0326 0.0175 0.0507 0.0221 | 0.1316 0.0758 0.1796 0.0879 | 0.0642 0.0366 0.0982 0.0452

Multi Prefix 0.0722  0.0440 0.1000 0.0510 | 0.0366 0.0212 0.0543 0.0256 | 0.1555 0.0979 0.1964 0.1082 | 0.0606 0.0355 0.0853 0.0418
Suffix 0.0737 0.0438 0.1020 0.0509 | 0.0345 0.0194 0.0513 0.0236 | 0.1525 0.0969 0.1947 0.1075 | 0.0422 0.0232 0.0743 0.0313
CE Slide 0.0811 0.0502 0.1086 0.0571 | 0.0444 0.0266 0.0632 0.0313 | 0.1583 0.0986 0.2006 0.1093 | 0.0459 0.0294 0.0651 0.0343
Original || 0.0930 0.0566 0.1273 0.0652 | 0.0511 0.0299 0.0737 0.0356 | 0.1790 0.1133 0.2272 0.1255 | 0.0670 0.0371 0.0936 0.0437

Prefix 0.0578 0.0304 0.0872 0.0378 | 0.0295 0.0158 0.0464 0.0200 | 0.1289 0.0707 0.1832 0.0843 | 0.0642 0.0397 0.0972 0.0481
Suffix 0.0503 0.0286 0.0715 0.0339 | 0.0208 0.0107 0.0305 0.0131 | 0.1143 0.0688 0.1495 0.0777 | 0.0138 0.0078 0.0239 0.0103
BCE | slide 0.0609 0.0327 0.0887 0.0397 | 0.0304 0.0162 0.0471 0.0204 | 0.1228 0.0706 0.1661 0.0816 | 0.0523 0.0279 0.0743 0.0332
Original || 0.0489 0.0273 0.0690 0.0324 | 0.0127 0.0065 0.0193 0.0081 | 0.1032 0.0618 0.1365 0.0702 | 0.0092 0.0036 0.0294 0.0086

Single Prefix 0.0987 0.0595 0.1345 0.0685| 0.0580 0.0338 0.0820 0.0399 | 0.1882 0.1199 0.2375 0.1323| 0.0761 0.0441 0.1073 0.0519
Suffix 0.0509 0.0290 0.0709 0.0341 | 0.0217 0.0120 0.0317 0.0146 | 0.1379 0.0875 0.1764 0.0972 | 0.0220 0.0109 0.0257 0.0118
CE Slide 0.0868 0.0525 0.1170 0.0602 | 0.0461 0.0275 0.0655 0.0324 | 0.1795 0.1144 0.2250 0.1258 | 0.0596 0.0341 0.0963 0.0434
Original || 0.0569 0.0349 0.0781 0.0402 | 0.0233 0.0143 0.0333 0.0168 | 0.1569 0.0981 0.1996 0.1088 | 0.0211 0.0104 0.0349 0.0139

BSARec Prefix || 0.0732 0.0402 0.1069 0.0487 | 0.0372 0.0199 0.0574 0.0250 | 0.1363 0.0789 0.1866 0.0916 | 0.0826 0.0459 0.1147 0.0539
Suffix 0.0745 0.0425 0.1057 0.0503 | 0.0346 0.0188 0.0535 0.0236 | 0.1419 0.0845 0.1843 0.0951 | 0.0615 0.0304 0.0982 0.0395
BCE| slide 0.0699  0.0387 0.0986 0.0459 | 0.0340 0.0183 0.0513 0.0227 | 0.1404 0.0813 0.1896 0.0937 | 0.0606 0.0333 0.0899 0.0407
Original || 0.0713 0.0386 0.1043  0.0469 | 0.0353 0.0190 0.0544 0.0238 | 0.1378 0.0795 0.1871 0.0920 | 0.0725 0.0418 0.1101 0.0511

Multi Prefix 0.0741 0.0451 0.1009 0.0518 | 0.0386 0.0222 0.0556 0.0265 | 0.1641 0.1023 0.2082 0.1135 | 0.0679 0.0366 0.0927 0.0428
Suffix 0.0703  0.0422 0.0990 0.0495 | 0.0366 0.0203 0.0533 0.0245 | 0.1648 0.1032 0.2094 0.1145 | 0.0358 0.0187 0.0578 0.0242
CE Slide 0.0811 0.0500 0.1101 0.0572 | 0.0430 0.0257 0.0599 0.0300 | 0.1607 0.1016 0.2030 0.1123 | 0.0578 0.0341 0.0817 0.0401
Original || 0.0827 0.0503 0.1171 0.0589 | 0.0474 0.0268 0.0689 0.0322 | 0.1683 0.1070 0.2107 0.1177 | 0.0771 0.0444 0.1073  0.0520

comprehensively. Regarding loss functions, CE loss outperforms splitting performs better overall than suffix splitting and the sliding
BCE loss overall. The former, when paired with the probability dis- window. When employing the single-target strategy (particularly in
tribution of the entire item set output by softmax, supports ranking combination with BCE loss), all three methods achieve significant
and better aligns with the multi-class next-item prediction task performance gains over the original model without SSS. Never-

in sequential recommendation. Among splitting methods, prefix theless, when employing the multi-target strategy with CE loss,
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Table 6: The performance of four backbone SR models with different training settings on two large-scale datasets. The best
performance in each case is highlighted in bolded red and the second-best is highlighted in underlined blue.
. ML-1M CDs ML-1M CDs
Target | Loss | Split || H@10 N@10 H@20 N@20 | H@10 N@10 H@20 N@20 || HO10 N@10 H@20 N@20 | HQ10 N@10 H@20 N@20
Model I GRU4Rec I SASRec
Prefix | 0.1728 0.0872 0.2725 0.1123 | 0.0197 0.0092 0.0354 0.0131 || 0.2200 0.1181 03252 0.1445 | 0.0347 0.0174 0.0573 0.0231
Suffix || 0.0614 0.0325 0.0974 0.0416 | 0.0038 0.0019 0.0072 0.0027 || 0.0902 0.0491 0.1272 0.0584 | 0.0200 0.0106 0.0297 0.0131
BCE| silde || 0.1689 0.0850 02654 0.1093 | 0.0138 0.0067 0.0247 0.0095 || 0.2136 0.1132 03101 0.1374 | 0.0362 0.0184 0.0564 0.0235
Original || 0.0556 0.0280 0.0836 0.0351 | 0.0043 0.0021 0.0076 0.0029 | 0.1008 0.0567 0.1399 0.0665 | 0.0051 0.0023 0.0085 0.0032
Single Prefix | 0.2675 0.1494 03685 0.1749 | 0.0661 0.0352 0.0987 0.0434 || 0.2937 0.1697 03944 0.1951 | 0.0918 0.0515 0.1280 0.0609
Suffix || 0.0608 0.0321 00937 0.0404 | 0.0142 0.0082 0.0210 0.0099 || 0.0848 0.0499 0.1185 0.0583 | 0.0221 00122 0.0317 0.0146
CE | Silde || 02492 01381 03538 0.1644 | 0.0518 00272 0.0790 0.0341 || 0.2853 0.1630 03811 0.1872 | 0.0749 0.0422 0.1064 0.0501
Original || 0.0566 0.0276 0.0882 0.0357 | 0.0111 0.0057 00179 0.0074 | 0.0934 00539 0.1310 0.0634 | 0.0283 0.0158 0.0403 0.0188
Prefix | 0.2373 01221 03459 0.1494 | 0.0416 0.0210 0.0661 00271 || 0.2712 01475 03821 0.1755 | 0.0527 0.0227 0.0815 0.0349
Suffix || 0.1755 0.0892 02616 0.1109 | 0.0441 00227 0.0710 0.0294 || 0.1719 0.0888 0.2765 0.1152 | 0.0501 0.0258 0.0783 0.0329
BCE| silde || 0.2550 0.1345 03719 0.1639 | 0.0341 00166 0.0562 0.0222 || 0.2353 0.1283 03376 0.1541 | 0.0402 0.0209 0.0640 0.0268
Original || 0.1902 00967 0.2993 0.1241 | 0.0321 0.0156 00548 0.0213 || 02192 0.1167 03300 0.1447 | 0.0489 0.0253 0.0766 0.0323
Multi Prefix || 02722 0.1523 0.3841 0.1805 | 0.0507 0.0270 0.0769 0.0336 || 0.3017 0.1710 0.4060 0.1972 | 0.0645 0.0348 0.0947 0.0424
Suffix || 0.1538 0.0789 0.2356 0.0995 | 0.0445 0.0241 0.0660 0.0295 || 0.1942 0.1040 0.2838 0.1266 | 0.0457 0.0238 0.0695 0.0297
CE | Silde || 0.2942 0.1654 0.4109 0.1948| 0.1108 0.0689 0.1419 0.0768 || 0.2783 0.1524 03886 0.1802 | 0.0733 0.0415 0.1030  0.0490
Original || 0.2382 01292 03434 0.1557 | 0.0489 0.0260 0.0743 0.0324 | 02818 0.1567 0.3838 0.1824 | 0.0915 0.0512 0.1293 0.0607
Model I FMLPRec I BSARec
Prefix | 0.2048 0.1057 03166 0.1338 | 0.0455 0.0230 00720 0.0296 || 0.2141 01115 03209 0.1383 | 0.0438 0.0225 0.0698 0.0290
Suffix || 0.1151 0.0648 0.1680 0.0782 | 0.0283 0.0153 0.0413 0.0186 || 0.0995 0.0553 0.1485 0.0677 | 0.0260 0.0143 0.0386 0.0175
BCE| silde || 0.2058 0.1074 03174 0.1354 | 0.0455 0.0234 0.0715 0.0299 || 0.1969 0.1043 0.2977 0.1296 | 0.0433 0.0224 0.0683  0.0287
Original || 0.0993 00553 0.1450 0.0669 | 0.0054 0.0026 0.0088 0.0034 || 0.1000 0.0557 0.1430 0.0664 | 0.0052 0.0026 0.0090 0.0036
Single Prefix | 0.2859 0.1611 0.3970 0.1890 | 0.0968 0.0535 0.1379 0.0639 || 0.2639 0.1486 0.3684 0.1749 | 0.0972 0.0537 0.1377 0.0639
Suffix || 0.1076 0.0623 0.1455 0.0718 | 0.0276 00151 0.0408 0.0184 || 0.0970 0.0559 0.1391 0.0664 | 0.0294 0.0161 0.0425 0.0194
CE | Silde || 02742 0.496 03834 0.1771 | 0.0806 0.0449 0.1152 0.0537 || 0.2704 0.1512 03679 0.1757 | 0.0853 0.0475 0.1216 0.0566
Original || 0.1043 0.0613 0.1427 0.0709 | 0.0324 0.0183 0.0463 0.0218 | 0.0977 0.0573 0.1425 0.0686 | 0.0353 0.0202 0.0503 0.0240
Prefix | 0.2440 0.1324 03530 0.1598 | 0.0536 0.0276 0.0830 0.0350 || 0.2142 01123 03222 0.1395 | 0.0586 0.0307 0.0905 0.0388
Suffix || 0.1719 0.0888 02765 0.1152 | 0.0526 0.0276 0.0800 0.0345 || 0.1896 0.0999 0.2874 0.1245 | 0.0605 0.0324 0.0897 0.0398
BCE| silde || 0.2228 0.1196 03235 0.1450 | 0.0419 0.0216 0.0650 0.0274 || 0.2159 0.1140 0.3293 0.1425 | 0.0467 0.0238 0.0743  0.0308
Original || 0.2108 0.1121 03214 0.1399 | 0.0497 0.0258 0.0772 0.0327 | 0.1987 0.1041 0.2975 0.1289 | 0.0543 0.0287 0.0825 0.0358
Multi Prefix | 0.2659 0.1462 03714 01727 | 0.0637 0.0342 0.0939 00418 || 0.2020 01077 0.2962 0.1315 | 0.0631 0.0352 0.0892 0.0418
Suffix || 0.1964 0.1038 02851 0.1260 | 0.0461 0.0245 0.0681 0.0300 || 0.1949 0.1053 0.2757 0.1255 | 0.0524 0.0290 0.0763  0.0350
CE | Silde || 0.2480 0.1376 03488 0.1630 | 0.0733 0.0415 0.1030 0.0490 || 0.2348 0.1317 03325 0.1563 | 0.0753 0.0425 0.1074 0.0505
Original || 0.2654 0.1443 03705 0.1709 | 0.0901 0.0507 0.1276 0.0602 || 0.2079 0.1166 0.3050 0.1410 | 0.0778 0.0438 0.1087 0.0515
3 300 . 6
< = SASRec (BSARec Paper) are shown in Table 2°. Our results show that the performance gap
250 E=1 FMLPRec (BSARec Paper) between models has narrowed significantly. Notably, BSARec’s ad-
@ BSARec (BSARec Paper) K .
200 SASRec (Our Results) vantage is no longer as pronounced as reported in the paper, further
FMLPRec (Our Results) : : : :
150 BSARGe (O Fobaite) corroborating the interference of SSS in performance evaluation

=
o
o

S
o
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gl .0

LastFM ML-1M

o

Figure 2: Average performance improvements compared to
the GRU4Rec reported in the BSARec [57] paper.

all three approaches yield negligible gains and may even degrade
performance. This occurs because every interaction potentially eli-
gible as a target participates in training, with ranking optimization
applied across the entire item set. Consequently, incorporating SSS
offers limited benefits in such scenarios.

(2) From a model perspective, GRU4Rec achieves the best per-
formance on CDs, SASRec wins on ML-1M, FMLPRec achieves the
best performance on Sports and LastFM datasets, while BSARec
performs best on Beauty and Douyin. Appropriate settings can
enable earlier models to outperform the recently proposed models.
Furthermore, if we consider only optimal performance, the per-
formance differences are far more minor than those reported in
the paper. Taking BSARec as an example [57], we present the av-
erage percentage improvement in model performance reported in
BSARec, along with our newly achieved best performance relative
to the GRU4Rec model described in the BSARec paper. The results

and its immense potential to enhance recommendation accuracy.

(3) The performance variations resulting from different settings
applied to the same model are significant. Table 7 presents the maxi-
mum performance differences (the average improvement of the best
case relative to the worst) for each model on each dataset, revealing
substantial disparities. On the largest CD dataset, the best perfor-
mance of the same model outperformed its worst performance by
nearly 17 times, with the greatest improvement reaching up to
24 times. Therefore, selecting appropriate target strategies, split-
ting methods (and loss functions), or conducting comprehensive
experiments and evaluations under different settings are necessary.

(4) Finally, we further tally the number of times each setting
secured the championship and runner-up positions in Figure 3.
We observe that single-target, CE loss, with the prefix SSS & slid-
ing window, achieves the best performance, followed by the two
multi-target settings. The remaining settings yield fewer total times.
Therefore, in practice, we recommend that researchers prioritize
training models using these well-performed settings.

®Following the experimental setup in the BSARec paper [57], we compared the per-
formance differences of the models across the Beauty, Sports, LastFM, and ML-1M
datasets. The BSARec paper did not utilize Douyin and CDs.
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Table 7: The maximum performance differences (the average
improvement of the best case relative to the worst).

Mtehod ‘Beauty Sports Douyin LastFM ML-IM  CDs

GRU4Rec | 424.53% 275.43% 460.78% 425.16% 441.59% 2493.27%
SASRec |109.63% 426.77% 74.09% 477.22% 244.83% 1764.68%
FMLPRec | 118.84% 568.24% 83.68% 595.48% 183.88% 1724.19%
BSARec |106.53% 373.54% 84.71% 697.43% 169.59% 1709.90%

5 Why is SSS Effective

In this section, we analyze why SSS is effective from the perspective
of reshaping the distribution of the training data.

Target Probability Distributions. Inspired by the previous work
[33, 91], we visualize the target distributions with different splitting
methods and target strategies in Figure 4, i.e., normalized frequency
with which each item appears as the prediction target during train-
ing. From the perspective of splitting methods, all three approaches
can achieve a more balanced distribution of targets. Without split-
ting, a few high-frequency items have extremely high probabilities,
while most items have extremely low or even zero probabilities.
After applying SSS, more items have the opportunity to be selected
as targets (the number of circles, triangles, and stars is greater than
that of squares). This directly provides the model training with
more supervisory signals, enabling it to learn more comprehensive
user preferences and transition patterns. From the perspective of
target strategies, a multi-target strategy largely compensates for
the scarcity of target items that arises from a single-target strategy.
Consequently, under the multi-target strategy, the differences of
overall target distributions for the original data and the three split-
ting methods become smaller. However, splitting methods can still
improve the target probabilities of different items to some extent.

Input-Target distributions. Furthermore, we demonstrate the
number of inputs associated with each target under different split-
ting methods and target strategies [33]. The results are presented
in Figure 5. We can observe that all three splitting methods signifi-
cantly increase the number of inputs for each target compared to
the original data. This quantitative improvement further enhances
the model’s ability to generalize the mapping from inputs to tar-
gets, enabling it to deliver more accurate recommendation results.
Without SSS, numerous items possess only sparse inputs, while
only a handful of high-frequency items accumulate substantial in-
put sequences. Consequently, the model can only learn to predict
these few high-frequency items, while its prediction performance
for the much larger number of low-frequency items remains prob-
lematic. Compared with the single-target strategy, the multi-target
strategy can further increase the number of inputs per target. This
enhances input-target diversity, enabling the model to learn more
comprehensive patterns of user preferences. However, as shown
in Figure 3, the multi-target strategy sometimes performs worse
than the single-target strategy. This may be because the former
fails to enhance the diversity of input-target pairs beyond the SSS,
merely increasing the number of similar pairs. In addition, under
the multi-target strategy, both prefix SSS and suffix SSS yield more
input-target pairs than the sliding window. However, based on
results from Table 5 and Table 6, prefix SSS demonstrates signif-
icantly superior overall performance compared to suffix SSS. We
attribute this to prefix SSS’s greater alignment with the temporal

Yizhou Dang, et al.

Total: 168 times
Single-CE-Prefix
(81 times, 48.2%)
Single-CE-Slide
(30 times, 17.9%)
Multi-BCE-Prefix
(14 times, 8.3%)
Multi-CE-Slide
(12 times, 7.1%)
Others (Less than 10)
(31 times, 18.5%)

48.2%

Figure 3: The number of times different settings achieve the
best performance and the second-best performance.

accumulation and repetition pattern of user behavior from past to
present [34, 75]. As this falls outside the work’s primary focus, we
will continue to explore it in the future.

6 Discussion

The Impact of SSS and Suggestions for Mitigation. Our work
demonstrates how SSS can distort researchers’ evaluations of the
sequential recommendation models’ actual performance. Many re-
cently proposed models may unknowingly incorporate SSS during
implementation, leading to falsely high performance. Although our
evaluation selected only basic SR backbone models, the impact of
SSS may extend far beyond this. Since many SR subdomain meth-
ods are based on these fundamental backbones, their implementa-
tions may also directly inherit code containing SSS. For example,
multi-modal recommendation methods may utilize these models
to encode ID sequences [24, 50], while cross-domain recommenda-
tion models may employ them to capture user preferences within
a single domain [38, 73]. The impact of SSS will correspondingly
affect our evaluation of the actual performance of them. In light of
this situation, we provide the following practical suggestions:

o Researchers are advised to carefully examine existing open-source
codes and projects they used when implementing their new mod-
els, ensuring that all baselines and proposed methods use iden-
tical splitting methods, target strategies, and other training set-
tings. These settings should be incorporated into the code with
full knowledge of their implications.

o Whether SSS is employed, the specific SSS used, and the target
strategies (along with other settings) should all be presented as
part of the implementation details in the paper. This enables
readers to more fairly and rigorously reproduce the results in the
paper or use them as a baseline for comparison.

o Another option worth considering is conducting a comprehensive
evaluation of proposed methods across diverse configurations,
particularly for foundational SR backbones. They are more likely
to serve as the core building blocks for subsequent work. As
shown in Tables 5, 6, and Figure 3, the models’ performance may
vary significantly under different training settings.

Following the above suggestions will help reduce the interference
of SSS in evaluating the actual performance of models, further
preventing its propagation into more ongoing or future research and
code projects. Additionally, exploring SSS-related training settings
may also help us further unlock the potential of existing models.

Insights for Data Augmentation Methods. The value of data
augmentation lies not in merely expanding sample size or applying
heuristic perturbations to individual samples, but in strategically
reshaping the statistical distribution of training data. This insight
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Figure 4: Illustration of target distributions with different
splitting methods and target strategies.

@ Original O  Prefix SSS A Suffix SSS *  Sliding Window

Beauty - Single-Target Beauty - Multi-Target

w0 1w
ML-1M - Multi-Target

10° 10! 102 10° 10! 10° 10°

Number of Inputs Per Target Number of Inputs Per Target

Figure 5: Illustration of input-target distributions with dif-
ferent splitting methods and target strategies.

has been validated by the recommendation performance and vi-
sualization results delivered by SSS. The reason SSS significantly
improves model performance lies in its ability to achieve a more bal-
anced target distribution through prefix SSS, suffix SSS, or sliding
window. These approaches increases exposure opportunities for
low-frequency items while enriching the diversity of input-target
pairs (matching more effective contexts to the same target), rather
than merely increasing sample quantity. Future data augmenta-
tion methods should also focus on optimizing the distribution of
training data. This involves learning more comprehensive user pref-
erences by adjusting the bias distribution of original data [4, 74], or
adapting to new distributions in the testing phase [65, 85], rather
than limiting efforts to perturbations and augmentations of indi-
vidual samples. Developing more efficient DA methods based on
the analysis in this work is also one of our areas of interest.

Beyond SR, Limitations, and Future Work. In the field of rec-
ommender systems, numerous studies have focused on the repro-
ducibility of papers and models. Such work primarily examines
whether the results reported in papers can be replicated or whether
novel approaches demonstrate progress over classical methods

[18, 55]. However, factors that appear commonplace yet signifi-
cantly impact model performance (such as SSS in our work) remain
largely unexplored. In our work, we focus solely on the impact of
SSS, a ubiquitous yet often overlooked factor, on the performance of
sequential recommendation models. We also observe that a single
factor can lead to phantom progress [18] across numerous models.
Therefore, future research should place greater emphasis on in-
vestigating these seemingly ordinary factors. These studies should
not be confined solely to SR but can be progressively extended to
domains such as cross-domain recommendation [81], multi-modal
recommendation [43], and large language models based recommen-
dation [30, 31, 42, 89], etc. Investigating and analyzing these factors
will not only facilitate fair and rigorous model evaluation but also
potentially aid in discovering and proposing new methodologies.
Additionally, we can observe that some earlier models can out-
perform the recently proposed models when appropriate training
settings are selected. However, our research does not advocate
abandoning the study of new models. Previous work has demon-
strated that complex models yield significant results in practical
applications [1], underscoring the need for continued research of
new architectures. Moreover, our work does not provide a theo-
retical analysis of how splitting methods, target strategies, and
loss functions influence data distribution and model performance.
Consequently, developing a unified theoretical framework that in-
tegrates these factors represents another area of interest for us.

7 Related Work

Sequential Recommendation. SR learns user preferences from
their historical behavior sequences and provides personalized sug-
gestions [10, 26]. Early works used Markov Chains to predict the
next item based on the most recent few interactions [21, 54]. Later,
researchers adopted RNNs [53] to capture the relationships among
items. GRU4Rec [23] trained a Gated Recurrent Unit (GRU) to model
the evolution of user interests. However, RNNs suffer from the draw-
back of poor parallelizability. Thus, researchers used CNNs to learn
sequential patterns [62] or model the dependencies in sequences
[79]. More recently, a series of attention-based models emerged
due to the success of the Transformer [63]. SASRec [26] used multi-
head self-attention to learn the importance of different interactions.
STOSA [17] embeds each item as a stochastic Gaussian distribution
and devised a Wasserstein Self-Attention to characterize item-item
relationships. Beyond the Transformer, FMLP-Rec [90] proposed
an all-MLP model with learnable filters for SR. BSARec [57] com-
bined self-attention with the Fourier Transform to address the
oversmoothing problem. LRURec [80] introduced linear recurrence
with matrix diagonalization to capture transition patterns.

Data Augmentation. Due to the widespread data sparsity in SR,
many DA methods have been proposed and have made impressive
progress [7, 8, 12, 87]. Heuristic methods generate new samples by
randomly perturbing the original sequence. Early works include
SSS [62] and Dropout [61], which split a sequence into multiple
sub-sequences or discard some items from the original data. With
the widespread use of contrastive learning in SR, several DA op-
erators have been proposed. Such as Crop, Mask, Reorder, Insert,
and Substitute [37, 46, 59, 70]. Following this idea, many works
improved operators by considering time interval [9], user intents
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[5], and relevance & diversity [14]. Furthermore, ICSRec [51] ex-
tracted coarse-grain intent signals from all users’ historical inter-
action (sub-)sequences and then used these signals to construct
auxiliary learning objectives for SR. Due to the limited controlla-
bility of heuristics, which can yield low-quality augmented data,
much works explored generative modules to produce new sequence
data [78]. DiffASR [41] adopted the diffusion model for sequence
generation with two guide strategies. ASReP [47] and BARec [25]
employed a reversely transformer to generate pseudo-prior items
for short sequences.

Although previous studies have experimentally demonstrated
that SSS significantly outperforms other DA methods or analyzed
the reasons behind SSS’s effectiveness, considering only the tar-
get strategy and the sliding window [33, 91], the interference of
SSS on rigorous model evaluation and its effective conditions have
never been revealed or explored. We show that SSS interferes with
researchers’ evaluation of SR models’ actual performance through
comprehensive experiments. Furthermore, we analyze the condi-
tions under which SSS is effective and the reasons for its effective-
ness. Based on the analysis results, we provide a discussion and
insights on rigorous evaluation of SR models and on developing
more concise and efficient augmentation methods.

8 Conclusion

In this work, we reveal the interference of SSS on the models’ ac-
tual performance evaluation through extensive experiments and
analysis. Furthermore, we explore the conditions under which SSS
is effective from the perspectives of splitting methods, target strate-
gies, and loss functions. We found that SSS achieves its maximum
efficacy only when specific settings are employed concurrently.
Additionally, we analyze why SSS is effective from the perspective
of the distribution of training data. It evens out the distribution of
training data while increasing the likelihood that different items are
targeted. Finally, we provide practical suggestions for addressing
SSS interference, discuss the development of new DA methods, the
impact of this work beyond SR, and the limitations of this work.

In addition to the future directions mentioned in Section 6, we
also plan to incorporate more types of recommendation methods
into our analysis. Over the past decade, the entire community has
made progress in code and data sharing, as well as in ensuring
reproducibility of results [18, 28, 55]. As an academic community,
we still have to strive for greater rigor in research practices.
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