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Abstract

Negative sampling plays a critical role in sequential recommenda-
tion, providing contrastive signals that enable the model to distin-
guish between preferred and non-preferred items. Existing methods
commonly sample items with top prediction scores from a randomly
selected candidate set as hard negatives. However, such methods
suffer from: (1) early-stage training failure since introducing hard
negatives too early; (2) the lack of a global item view due to scoring
only a small candidate subset; and (3) the failure of fine-grained
control of learning difficulty due to the fixed top-ranking strategy.
To address the above challenges, we propose recall and re-ranking
of negative samples for sequential recommendation, i.e., RZNS. The
proposed method comprises three phases, including warm-start,
global recall, and curriculum re-ranking. Firstly, in the warm-start
phase, the recommender is trained with naive uniform negative
sampling to establish fundamental capability and avoid introducing
hard negatives too early. Then, in the global recall phase, candi-
date negatives are selected from the whole item space through
an efficient max-index approximation method to introduce con-
trastive signals from a global perspective. Finally, in the curriculum
re-ranking phase, a curriculum top-ranking strategy is introduced
to dynamically adjust the difficulty of negative samples. Extensive
experiments on four real-world datasets, five sequential recommen-
dation backbone models, and two commonly adopted loss functions
demonstrate that R2NS significantly outperforms state-of-the-art
negative sampling approaches, validating both the effectiveness
and generalization capability of R?NS. Our code is available at
https://github.com/Lyz103/R2NS.
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1 Introduction

Sequential Recommendation. Recommender systems play a piv-
otal role in information retrieval and are widely adopted across
domains including e-commerce [13], social media [39], and various
online platforms [23]. Within the broad spectrum of recommen-
dation tasks, sequential recommendation (SR) has emerged as a
critical focus, attracting substantial attention from both academia
and industry. Its core objective is to leverage past user interactions
to predict potential future interests. SR typically learns user pref-
erences from implicit feedback, such as clicks and purchases, thus
requiring high-quality positive and negative samples for training.
Negative Sampling for SR. Since implicit feedback usually con-
tains only positive samples, negative sampling is introduced to
provide contrastive signals to depict user interests more accurately.
Straightforward approaches include uniform sampling from un-
interacted items [26], sampling from exposed but uninteracted
items [5], or performing probability sampling based on item pop-
ularity [3, 40]. However, such samples carry limited information
and yield weak gradient signals, making it difficult for the model
to achieve effective updates, resulting in limited improvement.

Sampling Hard Negatives. To generate effective parameter up-
dates, the strategic use of hard negative samples, i.e., instances
that are difficult for the model to distinguish from positive ones,
compels the model to learn more discriminative user preference
representation. For example, for the positive item mouse, a negative
item like mouse pad is more informative than yogurt since it is a
more relevant and difficult distinction for the model to draw.
Hard negatives are usually sampled by selecting items with the
highest predicted scores [14, 41]. However, scoring and ranking of
the full item set are often computationally prohibitive due to the
large number of items. Therefore, a common workaround is to first
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Table 1: Characteristics comparison between R’°NS and existing methods. The abbreviations stand for: FNM (False Negative
Mitigation), WAS (Warm-Start), GLP (Global Perspective), DDA (Dynamic Difficulty Adjustment), and SEF (Sampling Efficiency).
The PRF column shows that the more O marks a method has, the better its performance.

Method FNM WAS GLP DDA SEF PRF
DN [41] X X v X X ©]
MixGCF [15] X X 4 X X @]
AdaSIR [1] X X X X v o}
GNNO [7] v X v v X 00
DNS+ [29] v X X X v 00
SRNS [6] v X X X v 00
R®NS v 4 4 4 v 000
o PR T ° of a global view over the entire item space, leading to insufficient
Ot ol & p &
08 P 1 008" iome ) information coverage. As a result, item rankings are susceptible to
o 007 3 o 007 ] sampling bias, causing significant fluctuations in sample difficulty,
g S o] g T which in turn hinders the enhancement of model capability.
= 2 sl ., Y (3) Fixed top-ranking rigidity. Methods such as [29] fix the can-
DS Wl b e DNS didate subset size N and the selection range M before training.
«®- Uniform || . s «®- Uniform ||
-@- U-DNS+ -@- U-DNS+ This causes the failure of fine-grained control of learning difficulty
PN w0 0 e 7 PN 0 w0 0 e 70 throughout the training process, preventing a gradual transition

Training epoch E Training epoch E

SASRec on Beauty Mamba4Rec on Beauty

Figure 1: Performance of DNS+ [29], uniform sampling, and
U-DNS+. DNS+ uniformly samples one negative example
from the top-5 ranked items among 100 randomly selected
candidate negatives. U-DNS+ first performs uniform sam-
pling for 30 epochs and then applies DNS+.

randomly sample a candidate subset of N items, and then perform
scoring and selection within this much smaller candidate set [1, 29].
Besides, such deterministic approach also suffers from the false
negative problem, where the top-ranked uninteracted item could
be potential positive. To mitigate this issue, one common approach
is to introduce stochasticity by uniformly sampling from the top-M
ranked items among the N candidate negatives [29]. Besides, Ding
etal. [6] proposed to utilize model uncertainty to identify and down-
weight false negatives. Both techniques aim to reduce the risk of
erroneously selecting false negatives while ensuring the chosen
samples remain challenging for effective training.

Remaining Limitations. Although these methods have achieved
certain progress, there still exists the following limitations:

(1) Early-stage training failure. Previous studies [29] have shown
that, within a certain range, the harder the negative samples, the
better the model performance. However, as shown in Figure 1, when
the difficulty is too high, performance of selecting hard negatives
(e.g., DNS+ [29]) can even be worse than uniform sampling. While
when we first train with uniform sampling for 30 epochs and then
switch to DNS+, the performance improves significantly. This is
because, during the early training stage, the model lacks sufficient
discriminative capability, and overly hard negative samples fail to
provide informative gradients—hindering effective learning and po-
tentially triggering a "butterfly effect” that leads to training failure.

(2) Global information loss. Candidate subset-based strategies
restrict negative sample selection to a randomly drawn subset of N
items. While this reduces computational cost, it deprives the model

from easy-to-distinguish samples in the early stage to more con-
fusing hard samples in later stages, thus limiting potential further
performance gains of the model.

Our Proposed Methods. In this work, we propose recall and re-
ranking of negative samples for sequential recommendation, i.e.,
R2NS. Specifically, R2NS addresses the aforementioned limitations
through three tailored-designed phases:

(1) Warm-start. To overcome early-stage training failure and
avoid negative samples being too difficult for the model to provide
effective gradients, RZNS adopts a uniform sampling strategy in the
early stages as a warm-start phase. This allows the model to initially
acquire fundamental discriminative capabilities, thereby laying a
more stable basement for subsequent sampling and training.

(2) Global recall. To address global information loss, R2NS con-
ducts the recall of negative candidates from the entire item space
through an efficient max-index approximation method. This ap-
proach not only enhances sampling efficiency, but also ensures
better global coverage during the sampling process.

(3) Curriculum re-ranking. To avoid fixed top-ranking rigidity
and enable dynamic difficulty adjustment during training, RZNS
performs fine-grained re-ranking on the recalled candidate nega-
tives and gradually reduces the selection range of top-M to sample
higher-ranked items. This allows the model to first learn from distin-
guishable easy samples and progressively adapt to more challenging
ones, improving learning effectiveness.

Table 1 shows the characteristics comparison between RNS and
state-of-the-art methods.

Contributions. Our contributions are as follows:

e We proposed R?NS, a novel effective and efficient negative sam-
pling framework for SR, which contains warm-start, global
recall and curriculum re-ranking.

o We effectively addressed the issue of excessive difficulty in the
early training stages through introducing the warm-start phase.
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Figure 2: An Overview of R?NS. (a) Warm-Start: R?NS first trains the recommender with uniform negative sampling for certain
epochs. (b) Global Recall: For a batch of user sequences, RZNS obtains the batch representation. Then, a candidate negative set
is recalled from the entire item space efficiently through max-index approximation for this batch. (c) Curriculum Re-ranking:
The candidate negatives are re-ranked using dot product to obtain a more precise ranking. A negative example is then selected
from the top-M re-ranked negatives, where M is dynamically adjusted by a curriculum strategy to control learning difficulty.

e We successfully obtained a global view of negative samples
while maintaining recall efficiency through an efficient max-
index approximation method in the global recall phase.

e We employed fine-grained curriculum re-ranking to dynami-
cally adjust the difficulty of hard negative samples.

e Extensive experiments on different datasets, models, and loss
functions demonstrated the effectiveness and generalization
capability of our approach.

2 Problem Formulation

In this section, we formally define the problem of sequential rec-
ommendation. Let U and V denote the sets of users and items,
respectively. For each user u € U, their interaction history is rep-
resented as a chronological sequence S, = [v1, 03, .. .,0|s,|], Where
v; € V is the item that user u interacted with at timestep ¢, and
|Sy| is the length of the sequence.

The objective of sequential recommendation is to predict the
item that user u is most likely to interact with at the next timestep
|Sy| + 1. Formally, this task is framed as finding the item v* that
maximizes the conditional probability:

argmax P (v)s,1+1 =0" | Su) (1)
v*eV

To achieve this, models are typically trained using a pairwise
ranking loss £, or a binary cross-entropy loss Ly.. The objective
of Ly, is to learn a scoring function that assigns a higher score
to the ground-truth next item (the positive sample, v*) than to
items the user has not interacted with (negative samples, v~), while
Lpce formalizes the recommendation task as a binary classification
problem with interacted items o™ as positive instances and sampled
uninteracted v~ as negative instances. The quality of these negative
samples is crucial for effective training. In this paper, we propose
R2NS, a novel method that focuses on selecting more informative

negative samples (v7) to enhance the performance of sequential
recommendation.

3 Methodology

In this section, we present details of R2NS, an effective and effi-
cient negative sampling method for sequential recommendation,
consisting of warm-start, global recall, and curriculum re-ranking.

As illustrated in Figure 2, R?NS first employs a warm-start phase
(Section 3.1) to establish fundamental capabilities and avoid early-
stage training failure. Then, in the global recall phase, a max-index
approximation method is introduced to efficiently select candidate
negatives from the entire item space, mitigating the loss of global
information. Furthermore, a curriculum re-ranking strategy (Sec-
tion 3.3) is proposed to dynamically identify top-M hard negatives
from the candidate set and enable fine-grained control of learning
difficulty. Finally, the negative example is uniformly sampled from
the re-ranked top-M items. Time complexity of the proposed R?NS
is analyzed in Appendix A.

3.1 Warm-Start

To mitigate early-stage training failure and avoid introducing hard
negatives too early, we first employ uniform negative sampling for
warm-start of the model:

vy, ~ Uniform (V \ ({o}} U S4)) 2)

where v, denotes a negative sample drawn uniformly from the item
set excluding user u’s interacted items v} and visited sequence S,,.
The recommender is optimized using the following loss function:

loss = — Z Z L (P(of1S5), P(0l71S3h)) ®)

uel t
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where £ is the loss function (e.g., Lppr or Lice). St denotes the
sequence of user u before timestamp t. 0" and v~ denote the
positive sample and negative sample for timestamp ¢, respectively.

This warm-start stage with uniform negative sampling helps the
model quickly develop basic recommendation capabilities, laying a
solid foundation for subsequent recall and re-ranking phases that
incorporate hard negative samples.

3.2 Global Recall

The global recall stage aims to recall a set of candidate negatives
from the entire item space efficiently. To achieve this, for a training
batch of user sequences, R2NS first obtains the batch representation
(Section 3.2.1), then R2NS performs the efficient rank through max-
index approximation based on the obtained batch representation
(Section 3.2.2). Finally, to further introduce more diverse negative
samples, RZNS randomly samples a subset of items (Section 3.2.3).
The top-ranked items together with the randomly sampled items
consist the candidate negative set.

3.2.1 Batch Sequence Representation. For a given batch of user
sequences, RZNS applies mean pooling to obtain the batch represen-
tation. Specifically, given a batch of user sequence representations
obtained from the hidden states of a sequential recommendation
model, denoted as:

Eg = [s1,8p,...,s5] € RBXH 4)

where s; € RF denotes the representation of the j-th sequence
S;, B is the batch size and H is the size of the hidden state. R®NS
computes the mean pooling across all representation vectors in the
batch. The resulting batch representation ep is defined as:

B
1 H
CBZE;SjER (5)

This operation produces a compact and representative summary of
a specific training batch, capturing the collective characteristics of
this batch. The pooled vector ep is subsequently used to facilitate
the selection of hard negative samples.

3.2.2 Max-Index Approximation Ranking. To introduce a global
view over the entire item space and avoid sampling bias, in this
section, we propose a max-index approximation ranking method
to efficiently recall candidate negatives from the whole item set.

Specifically, R?NS first identifies the dimension with the maxi-
mum value in the aggregated batch representation vector:

i = arg max eg[index] (6)
index

This dimension i* is interpreted as the most dominant feature in the
collective user preference within the batch. Then, R?NS extracts the
values along the i*-th dimension from the item embedding matrix
Eqy € RIVIxH,

ey =Eq[,i*] e RIVI )
where each element of eq, corresponds to the value of an item em-
bedding in the i*-th dimension, reflecting its relevance with respect
to the dominant batch sequence feature. Then, R2NS selects the
top-N items with the highest values in eq as the recalled negative
candidates:

Ctop—N = TOP_N(e(V) (8)

Yuanzi Li et al.

Algorithm 1: The training process with R2NS

Input: candidate size N, item set |'V|, interaction sequences
Output: recommender parameter

1 // Warm-Start;

2 for epoch < 1 to ¢y do

3 sample a batch of S,;

4 get v, according to Eq. (2);

5 calculate loss using Eq. (3) and update parameter 0 ;

6 end

7 for epoch «— t; to T do

8 sample a batch of S;

9 // Global Recall;

10 Select Cyop-n according to Eq.(5) to Eq.(8);

11 //Curriculum Re-Ranking;

12 foreach sequence do

13 Crand-~N ~ Uniform (V' \ ({o}:} U S,));
14 CN < Ciop-N U Crand-N;

15 Compute score r, according to Eq.(11);
16 Compute M using Eq. (12) - Eq. (15);

17 Crop-m < Top-M (r);

18 v, ~ Uniform (Ctop_M);

19 end

20 calculate loss using Eq. (3) and update parameter 6;
21 end

22 return recommender with 0

These items are considered as hard negative samples obtained
through a global perspective and at low computational cost. Note
that this Ciop-n is shared for all user sequences in this batch.

3.23 Diverse Negative Infusion. Since Ciop-n is selected as the top-
N items over the entire item set, it may pose excessive sampling
difficulty. Moreover, sharing the same negative items across mul-
tiple sequences within a batch could reduce training diversity. To
alleviate these issues, RZNS additionally sample N items' uniformly
for each user sequence, enhancing both tractability and diversity
of negative samples:

Crand-N ~ Uniform (V' \ ({o}} U S,)) 9)

The final candidate negative set Cy for a user sequence is con-
structed through merging Ciop-n and Crand-n:

Cn = Ctop-N U Crand-N (10)

Negative samples in Cy are drawn from a global perspective, en-
compassing both hard and easy negatives, while ensuring diversity.

3.3 Curriculum Re-Ranking

After obtaining the recalled negative candidate set i, R®NS per-
forms curriculum re-ranking of negative samples. Specifically, R*NS
first calculates the fine-grained relevance score for each negative

The number of randomly sampled items can be tuned for better performance. Here
we use N for simplicity.
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Table 2: Dataset statistics.

Dataset Yelp Sports Beauty Toys
# Users 30,431 35,598 22,363 19,412
# Items 20,033 18,357 12,101 11,924
# Inter 316,354 296,337 198,502 167,597
# AvgLen 10.4 83 8.8 8.6
Sparsity 99.95%  99.95%  99.93%  99.93%

item in Cy (Section 3.3.1) and gets the curriculum-based top-M se-
lection range (Section 3.3.2). These two signals are then combined
to select the final negative sample used for training (Section 3.3.3).

3.3.1 Relevance Score Calculation. For a user sequence S,, the
relevance scores for all items in the negative candidate set Cy
are calculated by taking the dot product between the sequence
representation and the item embeddings:

e = (Sy, EZ) e RIVI (11)

where E, € RISNIXH denotes the embedding matrix of items in
Cn. The larger the value of r., the more similar the item is to the
positive example, indicating a higher difficulty measure.

3.3.2  Curriculum-Based Selection Range. To dynamically control
the sampling difficulty in the training process, RZNS designs an
adaptive scheduling mechanism to control the selection range of
negative samples. RZNS first defines an annealing function:

f(x)=A-e** x=01,...,T (12)

where k is a decay constant that controls the rate of reduction, T is
the total number of training epochs, and A is a scaling factor that
normalizes the cumulative sum to 0.99:
0.99
A= —— (13)
e—kx
x=0

Then R?NS defines the cumulative function:
t
s(h) = f(x) (14)
x=0

The selection range of negative samples, denoted as M, at training
epoch t, is determined by:

M = max (Mpin, |Cn|-(1=s(t—1t))) (15)

where M,,;, is the minimum allowable selection range, and t, de-
notes the number of epochs used in the warm-start phase.

3.3.3 Final Negative Sample Selection. R®NS first selects the top-M
items from Cy based on their relevance scores:

Ctop—M = TOP‘M (rc) (16)

Then, to avoid the false negative problem and introduce stochastic-
ity, R*NS uniformly samples one item from this top-ranked set as
the final negative sample for training:

v, ~ Uniform (Ctop-m) (17)

In this manner, the negative sample is selected from a global per-
spective and ensures increasing difficulty as training progresses.
The full algorithm pipeline of R?NS is detailed in Algorithm 1.
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4 Experiments

In this work, we aim to answer the following research questions:

(RQ1) How does R®NS perform compared to existing negative
sampling methods in sequential recommendation?

(RQ2) How well does R?NS generalize across different recommen-
dation models and loss functions?

(RQ3) How do components of R?NS affect the performance?

4.1 Experiments Setup

4.1.1 Datasets. Experiments are conducted on four real-world
datasets: Sports, Beauty, and Toys are derived from Amazon
product reviews [21], corresponding to the "Sports and Outdoors”,
"Beauty" and "Toys and Games" categories, respectively. Yelp are
the second version of the Yelp dataset, released in 2020, with records
selected from January 1, 2019. For consistency with prior work [16,
43], we process the Amazon datasets by retaining only the 5-core
filtered version where each item/user appears in at least five in-
teractions. The Yelp undergoes identical preprocessing. Table 2
summarizes the key statistics of our processed datasets.

4.1.2  Evaluation Proposal. Following previous studies [16, 43], we
use widely-used Recall@K and NDCG@K as metrics to evalu-
ate performance, reporting results under different values of K €
5,10, 20. We employ the ratio-based splitting strategy, dividing the
dataset into 70% for training, 20% for validation, and the remaining
10% for testing.

4.1.3  Backbone Models. Our proposed method is model-agnostic,
making it compatible with a wide range of sequential recommen-
dation architectures. To assess its generalization capability and
effectiveness, we conduct experiments based on several representa-
tive backbone models drawn from diverse architectural paradigms:

e MLP-based model: FMLP4Rec [44] is an MLP-based model
that uses learnable filters to capture sequential dependencies.

o RNN-based model: GRU4Rec [34] utilizes gated recurrent
units to capture sequential user behavior patterns effectively.

e Transformer-based models: SASRec [16] utilizes multi-head
self-attention to capture user interaction dependencies.

e Linear Transformer-based model: LinRec [20] adopts a lin-
earized attention mechanism for efficient sequence modeling.

o Selective state space model: Mamba4Rec [19] models se-
quences efficiently using a selective state space model.

4.1.4 Baselines. We compare R2NS with various state-of-the-art
hard negative-focused methods and false negative mitigated meth-
ods on sequential recommendation models:

o RNS [26] employs a uniform distribution to select negatives.
e Hard negative-focused methods:

(1) DNS [41] is a representative dynamic hard negative sampling
method, selecting negatives with highest item score.

(2) MixGCF [15] generates hard negatives by injecting positive
signals from the interaction graph into negative samples
through positive mixing and hop mixing.

(3) AdaSIR [1] is a two-stage method that maintains a fixed size
contextualized sample pool with importance resampling.

o False negative-mitigated methods:
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Table 3: Performance comparison across four datasets. The best and the second-best scores are marked in bold and underlined
fonts. RC and NG denote Recall and NDCG. * denotes p-value < 0.05 for paired t-tests.

Method Beauty Toys
RC@5 RC@10 RC@20 | NG@5 NG@10 NG@20 | RC@5 RC@10 RC@20 | NG@5 NG@10 NG@20
RNS 0.0434 0.0612 0.0966 0.0289 0.0347 0.0435 0.0592 0.0865 0.1231 0.0406  0.0496 0.0587
DNS 0.0398 0.0545 0.0715 0.0288 0.0335 0.0378 0.0216 0.0288 0.0366 | 0.0170  0.0193 0.0213
MixGCF 0.0349 0.0550 0.0805 0.0232 0.0297 0.0361 0.0144 0.0175 0.0237 | 0.0106  0.0117 0.0132
AdaSIR 0.0590 0.0840 0.1127 0.0417 0.0497 0.0568 0.0685 0.0947 0.1241 0.0487  0.0573 0.0647

" GNNO | 0.0577 0.0854 01144 | 0.0388  0.0476  0.0550 | 0.0705 0.0989  0.1292 | 0.0475 0.0566  0.0641

DNS+ 0.0550 0.0769 0.1140 0.0355 0.0425 0.0519 0.0721 0.0963 0.1344 | 0.0503  0.0581 0.0676
MixGCF+ | 0.0532 0.0720 0.1068 0.0359 0.0418 0.0506 0.0685 0.0968 0.1282 | 0.0463  0.0554 0.0635
SRNS 0.0487 0.0742 0.1180 0.0334 0.0416 0.0527 0.0772 0.0978 0.1308 | 0.0521 0.0586 0.0668
R2NS 0.0715 0.0983 0.1381 | 0.0505 0.0593 0.0692 | 0.0839 0.1081 0.1483 | 0.0565 0.0643 0.0744
improve | 21.18%" 15.11%" 17.03%" | 21.10%" 19.32%" 21.83%" | 8.68%" 9.30%"  10.34%" | 8.45%° 9.72%"  10.06%"

Method Sports Yelp
RC@5 RC@10 RC@20 ‘ NG@5 NG@10 NG@20 | RC@5 RC@10 RC@20 ‘ NG@5 NG@10 NG@20
RNS 0.0233 0.0368 0.0587 0.0153 0.0195 0.0250 0.0145 0.0217 0.0417 | 0.0089  0.0112 0.0163
DNS 0.0048 0.0087 0.0157 0.0027 0.0039 0.0056 0.0049 0.0099 0.0145 | 0.0028  0.0044 0.0056
MixGCF | 0.0037  0.0059  0.0132 | 0.0023  0.0030  0.0048 | 0.0049  0.0102  0.0171 | 0.0033  0.0050  0.0068
AdaSIR 0.0250 0.0354 0.0522 0.0168 0.0202 0.0245 0.0168 0.0329 0.0526 | 0.0098  0.0148 0.0197

" GNNO | 0.0326 00480  0.0697 | 0.0206  0.0255  0.0310 | 0.0227 0.0371  0.0604 | 0.0133 0.0180  0.0237

DNS+ 0.0312 0.0486 0.0713 0.0202 0.0258 0.0316 0.0214 0.0371 0.0598 | 0.0140  0.0191 0.0248
MixGCF+ | 0.0323 0.0489 0.0683 0.0215 0.0269 0.0318 0.0237 0.0375 0.0539 | 0.0149  0.0193 0.0235
SRNS 0.0315  0.0478  0.0680 | 0.0212  0.0265  0.0316 | 0.0207  0.0332  0.0585 | 0.0122  0.0163  0.0226
R2NS 0.0382 0.0492 0.0742 | 0.0258 0.0292 0.0350 | 0.0266 0.0421 0.0634 | 0.0163 0.0211 0.0265
improve | 17.18%" 0.61%" 4.07%" | 20.00%° 8.55%" 10.06%" | 12.23%" 12.27%" 4.97%" | 9.39%"  9.32%" 6.85%"

(1) GNNO [7] mines negatives by neighborhood overlap, and
removes false negatives via neighborhood similarity.

(2) DNS+ [29] improves DNS by random sampling the top-M
candidates to mitigate the false negative problem.

(3) MixGCF+ [15] improves MixGCF by random sampling the
top-M candidates to mitigate the false negative problem.

(4) SRNS [6] utilizs score-based memory update and variance-
based sampling to obtain high-quality true negative samples.

4.2 Implementation Details

We implement all backbone models following their original pa-
pers and adopt the recommended hyperparameter configurations.
For negative sampling baselines, we use the implementations and
search spaces reported in their respective works. All models are
trained with Adam [17] (Ir = 0.001, f; = 0.9, S, = 0.999), using an
embedding size of 64 and batch size of 1024. The annealing factor k
is tuned via a grid search in the range [0.01,0.15], while the warm-
start epochs are set to 30. The candidate size N is 200 for Yelp and
100 for other datasets. The minimal selection range M,;,=5 are
fixed. Early stopping on the validation set (patience=50) ensures
training stability. Final results are reported on the test set as aver-
ages over three runs. Importantly, only k is tuned, rendering our
reported results conservative; nonetheless, our method consistently
yields over 10% improvements against all baselines. The perfor-
mance of R2NS throughout the training process and the impact of
the hyperparameter decay factor k are provided in Appendix B.2
and Appendix B.3.

4.3 Performance of R*NS (RQ1)

Table 3 presents the performance comparisons between different
negative sampling strategies across four benchmark datasets. Here,
we employ the widely used SASRec as the backbone model with bi-
nary cross-entropy (BCE) loss [28] for training. We observe that the
proposed R2NS consistently establishes new state-of-the-art results
under all evaluation metrics, demonstrating remarkable robust-
ness across different domains. In particular, R?NS yields substantial
gains over the strongest baselines, with improvements up to 21.8%
in NDCG@20 on Beauty, 20.0% in NDCG@?5 on Sports, and over
10% on multiple metrics in Toys and Yelp. Furthermore, RNS also
maintains consistent significant gains over other methods on all
recall metrics on all four datasets. In addition, the gains are partic-
ularly pronounced on top-ranking sensitive metrics (e.g., Recall@5,
NDCG@?5), which are crucial for real-world recommender systems.
We further compared the performance on two less popular datasets
in Appendix B.1, where the results showed that our model main-
tained a consistent lead. These observations demonstrate that our
negative sampling strategy is highly effective and robust, consis-
tently surpassing the performance of existing methods.

4.4 Generalization Evaluation (RQ2)

In this section, we demonstrate the generalization abilities of R*NS
through experiments on different recommendation backbone mod-
els and various loss functions.

4.4.1 Generalization across Different Backbone Models. Our pro-
posed R?NS is designed as a plug-and-play negative sampling method,
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Table 4: Performance of different sequential recommendation models on different real-world datasets using BCE loss [28]. The
best scores are marked in bold fonts. * denotes p-value < 0.05 for paired t-tests.

Domain | Method SASRecpcE LinRecpcr FMLP4RecpcE
RC@5 RC@10 NG@5 NG@10| RC@5 RC@10 NG@5 NG@10| RC@5 RC@10 NG@5 NG@10
RNS 0.0434  0.0612 0.0289 0.0347 0.0523 0.0751 0.0363 0.0435 0.0532 0.0800 0.0342 0.0429
Beauty | DNS+ 0.0550 0.0769 0.0355 0.0425 0.0617 0.0939 0.0420 0.0525 0.0635 0.0903 0.0432 0.0519
R®NS |0.0715* 0.0983* 0.0505° 0.0593" | 0.0796* 0.1051* 0.0555° 0.0637* | 0.0769* 0.1042* 0.0520* 0.0608*
RNS 0.0592 0.0865 0.0406 0.0496 0.0639 0.0860 0.0431 0.0505 0.0592 0.0870 0.0416 0.0505
Toys DNS+ 0.0721 0.0963 0.0503 0.0581 0.0742 0.1050 0.0521 0.0622 0.0808 0.1056 0.0522 0.0600
RZNS |0.0839* 0.1081" 0.0565° 0.0643" | 0.0886* 0.1128* 0.0612* 0.0689* | 0.0896* 0.1215* 0.0609* 0.0712*
RNS 0.0233 0.0368 0.0153 0.0195 0.0261 0.0433 0.0159 0.0215 0.0261 0.0416 0.0163 0.0213
Sports DNS+ 0.0312 0.0486 0.0202 0.0258 0.0323 0.0472 0.0220 0.0268 0.0365 0.0494  0.0236 0.0278
R®NS |0.0382* 0.0492* 0.0258° 0.0292* | 0.0410* 0.0576* 0.0258* 0.0311* | 0.0441* 0.0598* 0.0294* 0.0344*

Table 5: Performance of the other three sequential recommendation models on two real-world datasets using BPR loss [26].
The best scores are marked in bold fonts. * denotes p-value < 0.05 for paired t-tests.

Domain | Method SASRecgpr GRU4Recgpr Mamba4Recgpr

RC@5 RC@10 NG@5 NG@10| RC@5 RC@10 NG@5 NG@10| RC@5 RC@10 NG@5 NG@10

RNS 0.0416  0.0657  0.0300  0.0377 0.0241 0.0398  0.0154  0.0204 | 0.0527 0.0791 0.0343  0.0428

Beauty | DNS+ 0.0523  0.0760  0.0351 0.0427 0.0340  0.0501 0.0231 0.0283 0.0572  0.0760  0.0351  0.0427
R®NS | 0.0684* 0.0983" 0.0473" 0.0567* | 0.0496* 0.0711* 0.0298* 0.0368" | 0.0747* 0.0970* 0.0530* 0.0601*

RNS 0.0561 0.0865 0.0383  0.0481 0.0237  0.0371 0.0162  0.0205 0.0577  0.0860  0.0411  0.0501

Toys DNS+ 0.0633  0.0953  0.0445 0.0546 0.0299  0.0469 0.0170  0.0225 0.0690  0.0947 0.0484  0.0568
R®NS |0.0808° 0.1061° 0.0565° 0.0647* | 0.0433* 0.0628* 0.0315" 0.0376" | 0.0814* 0.1107* 0.0574* 0.0668*

RNS 0.0270  0.0424 0.0171  0.0220 0.0129  0.0205 0.0082  0.0106 | 0.0278 0.0390 0.0197  0.0233

Sports DNS+ 0.0284  0.0416  0.0204  0.0245 0.0171 0.0267 0.0106  0.0136 | 0.0320 0.0466  0.0215 0.0262
R®NS |0.0329* 0.0475° 0.0232° 0.0279* | 0.0253* 0.0376* 0.0155° 0.0196" | 0.0351* 0.0514* 0.0232* 0.0284*

which makes it highly adaptable to diverse sequential recommenda-
tion architectures. To rigorously evaluate this property, we integrate
R2NS into five widely adopted backbone models, including SASRec,
LinRec, FMLP4Rec, GRU4Rec, and Mamba4Rec. As summarized
in Table 4 and 5, our approach consistently delivers substantial
and statistically significant performance improvements across all
backbones, compared with widely used baselines such as RNS and
DNS+. Notably, the consistent superiority of R2NS across both
lightweight linear models (e.g., LinRec), selective state space ar-
chitectures (e.g., Mamba4Rec) and models of other architectures
clearly demonstrates its robustness and adaptability. These com-
prehensive and convincing evidences confirm that the RZNS can
be widely and reliably applied to various sequential recommender
architectures as a universal enhancement.

4.4.2 Generalization across Different Loss Functions. Beyond ar-
chitectural versatility, RZNS is also designed to be agnostic to the
choice of optimization objectives. To validate this, we examine its
performance under two dominant learning paradigms: the Binary
Cross-Entropy (BCE) loss [28], which formulates recommendation
as a classification task, and the Bayesian Personalized Ranking
(BPR) loss [26], which optimizes pairwise ranking. As reported in
Table 5 and 4, R?NS consistently achieves notable improvements
under both loss functions, significantly outperforming baseline
sampling strategies across multiple datasets and evaluation metrics.

In particular, when we apply different objective functions on the
same backbone (e.g., SASRec with BCE loss vs. BPR loss), the per-
formance improvements remain stable and consistent, confirming
that the effectiveness of R?NS is independent of the choice of train-
ing objective. These consistent and robust improvements observed
across different learning paradigms fully confirm our method’s
excellent generalization capability and its adaptability to diverse
learning goals, positioning it as a universal and powerful tool for
the field of sequential recommendation.

4.5 Ablation Study (RQ3)

In this section, we conduct extensive ablation studies to investi-
gate the impact of each component of R2NS individually, includ-
ing Warm-Start (WS), Global Recall (GR), Diverse Negative Infu-
sion (DI), and Curriculum Re-Ranking (CRR). All experiments are
performed on the SASRec backbone model using three Amazon
datasets with detailed results in Table 6. The variant models are:

e No-WS: The model is trained directly with hard negative sam-
pling from the beginning without Warm-Start initialization.

o No-GR: After the warm-start phase, the negative candidate set
is constructed directly from randomly sampled items, without
leveraging global information for filtering.

o No-DI: At the global recall stage, no randomly sampled items
are added to the negative candidate set to enhance its diversity.
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Table 6: Ablation study of R’NS on three Amazon datasets.

Variant Beauty Toys Sports
RC@5 RC@10 NG@5 NG@10 | RC@5 RC@10 NG@5 NG@10 | RC@5 RC@10 NG@5 NG@10
R2NS | 0.0715 0.0983 0.0505 0.0593 | 0.0839 0.1081 0.0565 0.0643 | 0.0382  0.0492  0.0258  0.0292
"No-WS | 00662 00907 00451  0.0528 | 0.0830  0.1077  0.0554  0.0633 | 0.0323  0.0455  0.0219  0.0262
No-GR | 0.0599  0.0894  0.0395  0.0490 | 0.0788  0.1081  0.0543  0.0635 | 0.0354 0.0517  0.0221  0.0273
No-DI | 0.0322  0.0568  0.0227  0.0308 | 0.0525  0.0783  0.0358  0.0439 | 0.0188  0.0295  0.0126  0.0159
No-CRR| 0.0560  0.0759  0.0365  0.0435 | 0.0732  0.0963  0.0512  0.0582 | 0.0343  0.0481  0.0202  0.0268

o No-CRR: The model is trained with a fixed negative sampling
difficulty throughout whole training process, instead of following
a dynamic easy-to-hard progression by Curriculum Re-Ranking.

As shown in Table 6, R?NS consistently outperforms all ablation
variants. Removing the Warm-Start phase (“No-WS”) causes a clear
drop in performance, highlighting the importance for establishing a
stable training foundation. Excluding Global Recall (“No-GR”) also
leads to noticeable degradation, which confirms its effectiveness
in filtering high-quality negatives and reducing noise. The decline
observed in the absence of Diverse Negative Infusion (“No-DI”) fur-
ther shows that introducing random items during the global recall
stage is essential for maintaining sample diversity and balancing
training difficulty. Moreover, eliminating Curriculum Re-Ranking
(“No-CRR”) results in unstable and less efficient optimization, in-
dicating that the easy-to-hard progression strategy substantially
improves convergence and robustness.

5 Related Works

In this section, we present a literature review regarding sequential
recommendation and negative sampling.

5.1 Sequential Recommendation

Sequential recommendation (SR) [8, 16, 30, 31] aims to predict a
user’s next interaction by modeling the temporal dependencies
within their historical data. The field has evolved from early proba-
bilistic and factorization-based methods, such as Markov chains [27]
and matrix factorization [12], to more sophisticated deep learning
architectures. Representative models include recurrent networks
for capturing temporal dynamics [10, 11], convolutional networks
for extracting local patterns [39], and attention mechanisms for
adaptive relevance modeling [16, 18]. Recently, the state-of-the-art
methods have been advanced by architectures with superior se-
quence modeling capabilities, such as Filter-MLP [44] and selective
state-space models like Mamba4Rec [19] and RecMamba [37]. Or-
thogonal to these architectural innovations, advanced techniques
including contrastive learning [4, 24, 33], causal inference [9], and
distributionally robust optimization (DRO) [25, 36] have been em-
ployed to further enhance model performance and robustness. Most
existing methods rely on high-quality negative sampling, which,
however, often suffers from early-stage training failure and overly
difficult negatives that impede effective gradient learning.

5.2 Negative Sampling

In sequential recommendation with implicit feedback, negative
sampling is crucial for generating informative training signals [35].

Early studies adopted static strategies, such as uniform [26] or
popularity-based sampling [3, 42]. Subsequently, the field embraced
dynamic sampling strategies, exemplified by Dynamic Negative
Sampling (DNS) [41], which adaptively selects high-scoring unob-
served items during training. More advanced methods emerged,
including GAN-based approaches (e.g., IRGAN [32], AdvIR [22]) for
generating hard negatives and those [2, 6, 15, 38] leveraging auxil-
iary information. A persistent challenge across these methods is the
“false negative” problem, which recent works such as DNS+ [29]
and GNNO [7] have specifically begun to address. However, exist-
ing methods still face three key issues: early-stage instability, global
information loss, and rigid top-ranking bias.

Different from the existing studies, we introduce a novel sam-
pling method that stabilizes early training via warm-start, enhances
global awareness through efficient global recall, and adaptively con-
trols negative difficulty with fine-grained curriculum re-ranking.

6 Conclusion

In this paper, we presented RZNS, a novel negative sampling frame-
work for sequential recommendation that effectively addresses chal-
lenges in early training instability, negative sample diversity, and
learning difficulty. R®NS integrates three key components: Warm-
Start, which stabilizes early optimization by preventing premature
hard negatives; Global Recall, which enhances sampling efficiency
while ensuring diverse and representative negatives; and Curricu-
lum Re-Ranking, which guides the model through an easy-to-hard
learning paradigm, progressively adapting from simple to challeng-
ing samples. Extensive experiments across multiple widely used
datasets, popular backbone architectures, and loss functions demon-
strate that R%NS consistently outperforms existing state-of-the-art
negative sampling methods, achieving superior accuracy, robust-
ness, and generalization. Future work includes investigating more
efficient recall and more effective re-ranking approaches.
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Table 7: Further performance comparison across two unpopular datasets. The best and the second-best scores are marked in

bold and underlined fonts. RC and NG denote Recall and NDCG. * denotes p-value < 0.05 for paired t-tests.

Method Health Home
RC@5 RC@10 RC@20 | NG@5 NG@10 NG@20 | RC@5 RC@10 RC@20 | NG@5 NG@10 NG@20
RNS 0.0360  0.0533  0.0777 | 0.0239  0.0295  0.0357 | 0.0111  0.0179  0.0271 | 0.0072  0.0094  0.0117
DNS 0.0243  0.0311  0.0388 | 0.0196  0.0217  0.0236 | 0.0029  0.0056  0.0087 | 0.0019  0.0028  0.0036
MixGCF | 0.0207  0.0274  0.0344 | 0.0165 0.0186  0.0204 | 0.0068  0.0105  0.0209 | 0.0045  0.0057  0.0083
AdaSIR | 0.0404  0.0603  0.0893 | 0.0275  0.0340  0.0413 | 0.0096  0.0144  0.0234 | 0.0063  0.0079  0.0101

" "GNNO | 00458 ~0.0653  0.0955 | 0.0309  0.0372  0.0448 | 00153  0.0221  0.0358 | 0.0109 0.0130  0.0164

DNS+ 0.0453  0.0681  0.0968 | 0.0316  0.0389  0.0461 | 0.0144  0.0218  0.0338 | 0.0093  0.0116  0.0147
MixGCF+ | 0.0492  0.0653  0.0950 | 0.0334  0.0386  0.0461 | 0.0165  0.0243  0.0371 | 0.0117  0.0141  0.0174
SRNS 0.0469  0.0668  0.0922 | 0.0328  0.0393  0.0456 | 0.0159  0.0230  0.0380 | 0.0107  0.0130  0.0167
R2NS 0.0554 0.0753 0.1028 | 0.0385 0.0449 0.0518 | 0.0194 0.0307 0.0442 | 0.0129 0.0165 0.0199
improve | 12.60%* 10.57%" 6.20%° | 15.27%° 14.25%° 16.32%" | 17.58%" 26.34%" 16.32%" | 10.26%* 17.02%° 14.36%"

Table 8: Dataset statistics.

Dataset A Health Home
# Users 66,519 38,609
# Items 28,237 18,534
# Inter 485,163 307,746
# AvgLen 7.3 8.0
Sparsity 99.97%  99.96%

A Time Complexity Analysis

In the warm-start stage, the time complexity of uniform sampling
is O(1); in the global recall phase, the time complexity of average
pooling is O(BH), finding the maximum index is O(H), extracting
all item embeddings at the i-th dimension is O(|V|), and the time
complexity for top-N recall is O(|'V|log N). Thus, the overall time
complexity of global recall is O(BH + H + |'V| + |'V|log N). Since

these operations are performed once per batch, the amortized time

BH+H+|V\+|V\logN)
B

complexity per sequence is O ( . In the curricu-

lum re-ranking phase, the time complexity of computing the inner
product scores for N items is O(NH), the time complexity of se-
lecting the top-M is O(N log M), and randomly selecting one from
M has a time complexity of O(1). Since M gradually decreases, the
overall time complexity is less than O(NH + N log M). Considering
that |'V| > N > M and ['V| > B, |'V| > H, the final overall time

complexity approximates O (M).

B Further Analysis

In this section, we provide a deeper analysis of our proposed R?NS
method. First, we benchmark R2NS against state-of-the-art negative
sampling strategies on two unpopular Amazon datasets to further
demonstrate its effectiveness (Section B.1). Next, we investigate the
evolution of evaluation metrics throughout the training process
(Section B.2). Finally, we conduct a sensitivity analysis on the key
hyperparameter, the curriculum annealing factor k, to assess its
impact on model performance (Section B.3).

B.1 Further Performance Analysis

As shown in Table 7, we further evaluate the performance of R2NS
on two subsets of the Amazon dataset that are less commonly used

in prior research: Health (Health and Personal Care) and Home
(Home and Kitchen). The statistics of these datasets are detailed
in Table 8. We continue to employ the widely adopted SASRec
as the backbone model, optimized with the binary cross-entropy
(BCE) loss. The experimental results demonstrate that on these two
less-frequented datasets, RZNS achieves a significant performance
improvement of up to 10% compared to other state-of-the-art nega-

tive sampling methods. This compelling result not only underscores
the superiority of our approach on popular benchmarks but also

validates its strong generalization capability and effectiveness on
datasets that are not as frequently benchmarked in the literature.

B.2 Metric Analysis

As illustrated in Figure 3, we present a comparative analysis of
R?NS’s performance against the RNS baseline across various train-
ing epochs. The evaluation was rigorously conducted on two dis-
tinct backbone models, SASRec and Mamba4Rec, using the Beauty
and Toys datasets, with Recall@10 serving as the key performance
indicator. A consistent trend emerges across all four experimental
configurations: RZNS consistently surpasses RNS after an initial
warm-start period of approximately 30 pre-training epochs. This
result strongly indicates that our method, following a foundational
learning phase, effectively and continuously identifies and utilizes
high-quality hard negative samples. We attribute this sustained
performance improvement to our proposed mechanism, which
leverages a global perspective to guide sample selection within a
curriculum learning framework, thereby validating the efficacy of
our approach.

B.3 Hyperparameter Analysis

This section analyzes the impact of the key hyperparameter k, the
annealing factor, on the Recall@10 performance of recommenda-
tion models under R?NS. As shown in Figure 4, the value of k
critically governs the rate at which the difficulty of negative sam-
ples increases. A small k leads to a slow escalation in difficulty,
risking overfitting to easy negatives and thereby degrading perfor-
mance. Conversely, a large k causes the difficulty to rise too abruptly,
potentially leading to training instability or failure. Performance
significantly improves as k approaches an optimal intermediate
value, where the rate of difficulty progression is well-aligned with
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Figure 3: Comparison of Recall@10 between R%NS and RNS
on the Beauty and Toys datasets using the SASRec and

Figure 4: The impact of the annealing factor k on Recall@10
Mamba4Rec models.

performance across various models and datasets. The results
are smoothed with a window size of 3.
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