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Abstract

Multi-behavior sequential recommendation aims to capture
users’ dynamic interests by modeling diverse types of user in-
teractions over time. Although several studies have explored
this setting, the recommendation performance remains sub-
optimal, mainly due to two fundamental challenges: the het-
erogeneity of user behaviors and data sparsity. To address
these challenges, we propose BLADE, a framework that en-
hances multi-behavior modeling while mitigating data spar-
sity. Specifically, to handle behavior heterogeneity, we intro-
duce a dual item-behavior fusion architecture that incorpo-
rates behavior information at both the input and intermediate
levels, enabling preference modeling from multiple perspec-
tives. To mitigate data sparsity, we design three behavior-level
data augmentation methods that operate directly on behav-
ior sequences rather than core item sequences. These meth-
ods generate diverse augmented views while preserving the
semantic consistency of item sequences. These augmented
views further enhance representation learning and generaliza-
tion via contrastive learning. Experiments on three real-world
datasets demonstrate the effectiveness of our approach.

Code — https://github.com/WindSighiii/BLADE

1 Introduction
Recommender systems have become essential components
of online platforms such as e-commerce and social media,
enabling personalized content delivery and alleviating infor-
mation overload (He et al. 2017; Lee, Park, and Lee 2025;
He et al. 2023; Cheng et al. 2025). Among various recom-
mendation paradigms, sequential recommendation (SR) has
received substantial attention due to its capability to model
the temporal dependencies within user-item interactions and
predict subsequent user actions (Fang et al. 2020; Wang et al.
2019; Rendle, Freudenthaler, and Schmidt-Thieme 2010;
Cheng et al. 2021, 2022; Luo et al. 2025; Wang, Cheng,
and Liu 2025). To better capture complex user intentions, re-
cent studies have extended SR to multi-behavior sequential
recommendation (MBSR), which incorporates diverse user
behaviors (e.g., clicks, favorites, and cart additions) to as-
sist purchase predictions in e-commerce contexts (Luo et al.
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2022; Gong et al. 2025; Zhang et al. 2025). Further extend-
ing this concept, EIDP (Chen, Pan, and Ming 2024) intro-
duced Behavior Set-informed Sequential Recommendation
(BSSR), where each interaction is represented as a set of
concurrent behaviors (e.g., likes, favorites, and shares) on
the same item. This formulation enables more expressive
and fine-grained modeling of user preferences, making it
particularly suitable for scenarios like social media where
the rich co-occurrence of behaviors is common.

Despite its enhanced modeling capacity, BSSR still faces
two key challenges. First, different behavior types have dis-
tinct semantics and complex dependencies, and the behav-
ior set format further increases the difficulty, making be-
havior heterogeneity a greater challenge in modeling user
preferences. To handle such heterogeneity, existing methods
have proposed several item-behavior fusion strategies: (1)
Early fusion integrates item and behavior representations at
the input level, enriching local semantics but potentially in-
troducing semantic interference due to differences in rep-
resentation spaces (Zhou et al. 2018; Li et al. 2018a; He,
Pan, and Ming 2022); (2) Intermediate fusion introduces be-
havioral information in intermediate layers to mitigate in-
terference, but the final user representation remains item-
dominated, missing the collaborative effect brought by di-
rect item-behavior fusion (Yuan et al. 2022a); (3) Late fusion
models each behavior separately as sub-sequences before
aggregation, preserving independence but failing to effec-
tively model cross-interactions among items and behaviors
(Cho et al. 2023). Second, the inherent data sparsity lim-
its the model’s ability to learn reliable representations. Al-
though self-supervised learning and data augmentation have
proven effective in mitigating data sparsity in SR (Xie et al.
2022; Qiu et al. 2022; Chen et al. 2022b) and MBSR (Xiao,
Pan, and Ming 2024), these methods are primarily designed
for item sequences. However, item sequences encode the
core semantics of user preferences. Operating on item se-
quences directly may distort the core semantics, causing the
contrastive views to deviate from users’ true preferences and
ultimately weakening the learned representations.

To address these challenges, we propose BLADE, a
Behavior-Level data Augmentation framework with Dual
fusion modEling, which enhances multi-behavior modeling
and simultaneously mitigates data sparsity. Specifically, we
first introduce a dual item-behavior fusion architecture to
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handle behavior heterogeneity by combining early and in-
termediate fusion, capturing both static and dynamic item-
behavior relations to enhance multi-behavior semantic mod-
eling. Then, we design three behavior-level data augmenta-
tion methods to mitigate data sparsity and diversify behav-
ioral patterns. These strategies also help reduce the dom-
inance of frequent behaviors and improve learning from
long-tail ones: (1) Co-occurrence behavior addition adds
potential co-occurring behaviors based on global statistics
to simulate realistic behavior combinations; (2) Frequency-
based behavior masking masks frequent behaviors, which
encourages the model to focus on more informative rare
behaviors; (3) Auxiliary behavior flipping randomly per-
turbs high-frequency auxiliary behaviors (e.g., clicks), re-
ducing dependence on dominant behaviors and enhanc-
ing generalization to diverse behavior combinations. Dis-
tinct from item-based augmentations, these methods diver-
sify training views without compromising the semantics of
the item sequence. Furthermore, we introduce a behavior
richness-based loss weighting, assigning higher loss weights
to prediction steps with richer behavior sets to enhance the
model’s ability to learn from complex supervisory signals.

We summarize our main contributions as follows.
• We design a dual item-behavior fusion architecture that

collaboratively leverages early and intermediate fusion
strategies to improve semantic modeling capabilities for
multiple behaviors.

• We propose three behavior-level augmentation methods
for BSSR that operate on behavior sequences to gener-
ate diverse yet semantically consistent views, alleviating
both data sparsity and behavior imbalance.

• Extensive experiments on three real-world datasets are
conducted to verify the effectiveness of BLADE.

2 Related Work
Single-Behavior Sequential Recommendation. Early
work on SR employed Markov chains (Rendle, Freuden-
thaler, and Schmidt-Thieme 2010; He and McAuley 2016) to
model item transitions. With the advancement of deep neu-
ral networks, numerous architectures have been explored,
including RNN-based (Li et al. 2017), CNN-based (Tang
and Wang 2018), and attention-based models (Kang and
McAuley 2018; Sun et al. 2019; Wang et al. 2025), which
laid the foundation for a range of follow-up improvements.
Despite their success, these methods typically model only
one type of behavior (e.g., purchases), overlooking auxiliary
behaviors such as clicks and favorites. Therefore, they may
not adapt well to real-world recommendation scenarios.

Multi-Behavior Sequential Recommendation. Most ex-
isting studies on MBSR are deep learning-based algorithms,
including RNN-based models (Cho et al. 2023; Li et al.
2018b; Liu, Wu, and Wang 2017), GNN-based models
(Chen et al. 2022a; Wang et al. 2020), Transformer-based
models (Zhan et al. 2022; Yuan et al. 2022a; Luo et al. 2022)
and hybrid techniques-based models (Xia et al. 2022, 2021;
Meng, Yang, and Xiao 2020). DyMuS (Cho et al. 2023), a
recent RNN-based framework, models each type of user be-
havior with an individual GRU, capturing behavior-specific

dynamics. It then employs a dynamic routing mechanism to
adaptively combine the resulting behavior-aware representa-
tions. MBHT (Yang et al. 2022) combines multi-scale Trans-
formers and multi-behavior hypergraph learning to model
short-term dynamics at different temporal granularities and
long-range dependencies across behavior types, effectively
enhancing user preference modeling. MB-STR (Yuan et al.
2022a) configures the weights in the classic multi-head self-
attention layer to be behavior-specific. It also introduces a
relative positional encoding scheme and uses MMoE to in-
tegrate behavior representations. To better represent social
media behavior patterns, EIDP extends MBSR to the BSSR
setting by modeling each interaction as a behavior set (Chen,
Pan, and Ming 2024), allowing one item to be linked to mul-
tiple behaviors. While this richer representation increases
expressiveness, BSSR still faces long-standing challenges
such as data sparsity and behavior heterogeneity.

3 Method
3.1 Problem Formulation
We use U = {u}, V = {v} and B to denote a set of
users, a set of items and a set of user behaviors, respec-
tively. |U|, |V| and |B| are the numbers of users, items and
behavior types, respectively. The interaction sequence with
behavior sets of a specific user u ∈ U can be represented
as: Su = {(v1u, b1

u), . . . , (v
l
u, bl

u), . . . , (v
L
u , bL

u )}. We repre-
sent the general form of a behavior set as a multi-hot vector,
bl
u = (blu,1, . . . , b

l
u,k, . . . , b

l
u,|B|) ∈ R|B|, where blu,k = 1 if

user u has interacted with item vlu with the k-th behavior at
the l-th step, and blu,k = 0 otherwise. L indicates the length
of the user sequence.

The goal is to predict the next item v ∈ V \ Su that is
likely to be interacted with under a target behavior set by
user u at the L + 1 step. The target behavior set is a vector
containing the target behaviors.

3.2 Overview of BLADE
To address behavior heterogeneity and data sparsity in
BSSR, we propose BLADE, which comprises two compo-
nents: (1) dual item-behavior fusion: We integrate item and
behavior information via early and intermediate fusion to
enhance semantic modeling of behaviors and capture multi-
granularity behavioral patterns; (2) behavior-level data aug-
mentation: We design three augmentation methods—Co-
occurrence addition, Frequency-based masking, and Aux-
iliary behavior flipping—that operate at the behavior level
while preserving item-sequence semantics.

3.3 Dual Item-Behavior Fusion
In our dual item-behavior fusion architecture, we integrate
item and behavior information at both early and interme-
diate stages, enhancing modeling capacity across multiple
semantic levels. Figure 1 illustrates the overall architecture.

Embedding Layer. An embedding matrix V ∈ R|V|×d

maps items to d-dimensional vectors. Given a sequence Su,
we obtain its item embeddings via lookup and stack them
as E = [ ev1

u
; ev2

u
; . . . ; evL

u
] ∈ RL×d. To encode temporal
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Figure 1: Overview of the proposed dual item-behavior fusion architecture, which integrates behavior information at both the
input and intermediate layers. For clarity, residual connections and normalization layers are omitted in the illustration.

order, a learnable positional encoding P ∈ RL×d is con-
structed. For behavior set encoding, following the design in
EIDP (Chen, Pan, and Ming 2024), we distinguish different
behavior types by introducing a behavior embedding matrix
G ∈ R|B|×d. Considering that different users may express
varying preference intensities towards different behaviors, a
factor matrix F ∈ R|U|×|B| is used to model user behavioral
preferences. For a given behavior set bl

u, the personalized
behavior set embedding can be computed as:

βl
u = softmax(fu ⊙ bl

u) ·G, (1)

where ⊙ is the element-wise product, fu ∈ R|B| denotes the
behavioral preference factor of user u, and βl

u ∈ Rd can be
viewed as the embedding corresponding to the behavior set
bl
u. Note that, we will use the uppercase symbols B and B

to represent the matrix forms of β and b, respectively. For
brevity, we omit the user index u in the following derivations
when there is no ambiguity.

Early Item-Behavior Fusion. We integrate the item em-
beddings E and the behavior set embeddings B at the input
layer to enable rich interactions between items and behav-
iors, as follows:

E′ = f(E,B), (2)

where the function f(·) can be instantiated as summation,
concatenation, or gating. Then we adopt a widely used
self-attentive architecture, i.e., Transformers (Vaswani et al.
2017). Specifically, it consists of stacks of multi-head self-
attention layers (denoted by MHAttn(·)) and point-wise
feed-forward networks (denoted by FFN(·)). The input and

the output can be formalized as follows:

Xe = E′ + P , (3)
F = FFN(MHAttn(Xe)). (4)

The output F ∈ RL×d serves as the contextualized repre-
sentation after early item-behavior fusion.

Intermediate Item-Behavior Fusion. To better capture
behavior semantics, we extend the Transformer with two
components: (1) a behavior-aware self-attention (BASA)
module, inspired by (Kim et al. 2025), and (2) a behavior-
guided mixture-of-experts (BGMoE) module (Jacobs et al.
1991). The input is constructed by summing the item and po-
sition embeddings, i.e., X = E+P . Meanwhile, the behav-
ior set embeddings B influence the encoding process by im-
plicitly guiding representation learning. In BASA, behavior-
informed queries and keys modulate attention scores, as-
signing higher weights to items associated with similar be-
havior sets. In BGMoE, expert weights are dynamically
computed based on behavior set embeddings, enabling the
model to adaptively highlight the representations of diverse
behavioral semantics during user modeling.

BASA. For the h-th head, the behavior-aware attention
matrix is computed by projecting X and B into query/key
spaces, respectively:

Ah = QX
h (KX

h )⊤ +QB
h (K

B
h )⊤. (5)

Then, the behavior-aware attention output is:

Rh = (softmax
(

Ah√
dh

)
⊙∆)V X

h , (6)
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Figure 2: Overview of the proposed behavior-level data augmentation methods: (a) Co-occurrence behavior addition adds an
extra behavior based on co-occurrence frequency; (b) Frequency-based behavior masking masks behaviors according to their
occurrence frequency; (c) Auxiliary behavior flipping removes or adds an auxiliary behavior.

where V X
h is the value projection from X and ∆ is the lower

triangular matrix of causality mask. Outputs from all heads
are concatenated and projected to form R.

BGMoE. To facilitate the fusion of behavior information,
we apply a MoE module where the behavior set embedding
guides expert weights. Given the behavior set embeddings
B and the attention output R, the output is computed as:

O =

n∑
i=1

ϕ(B)iei(R), (7)

where ϕ(·) computes routing weights via linear projection
followed by softmax normalization, and ei(·) denotes the i-
th expert implemented by an FFN.

User Representation. The fused representation Ǔ is ob-
tained by aggregating the outputs from early and intermedi-
ate fusion as follows:

Ǔ = αO + (1− α)F , (8)

where Ǔ ∈ RL×d and α denotes the representation
aggregating hyperparameter. To align user preferences
with the next-step behavior set semantics, we apply a
cross-attention mechanism between the fused representa-
tion Ǔ and the next-step behavior set embeddings T =
[β2; . . . ; βL,βL+1]. Specifically, we treat the T as the
query, and the fused representation Ǔ as both the key and
value to compute the final user representation U .

U = FFN(CrossAttn(T , Ǔ)), (9)

CrossAttn(T , Ǔ) = (softmax
(
Q̌Ǩ⊤
√
d

)
⊙∆)V̌ , (10)

where Q̌ = TWQ̌ ∈ RL×d, Ǩ = ǓWǨ ∈ RL×d, and
V̌ = ǓWV̌ ∈ RL×d. Here, WQ̌,WǨ ,WV̌ are learnable
projection matrices.

3.4 Behavior-Level Data Augmentation
To mitigate data sparsity, we propose three behavior-level
data augmentation methods. These operate on user behav-
ior sequences instead of core item sequences to generate
diverse interaction views, thereby enhancing model gener-
alization while preserving the semantics of item sequences.
Additionally, all three methods are frequency-aware, tending
to add low-frequency behaviors and mask high-frequency
ones, thus alleviating the effects of behavioral imbalance.

Given a behavior sequence B = [b1, b2, . . . ,bL], we first
sample a subset of steps for augmentation based on a pre-
defined operation ratio ρ ∈ (0, 1). Let I = {i1, i2, . . . , ik}
denote the sampled index set, where k = ⌊ρ · L⌋. One of
the proposed augmentation methods is then applied to the
behavior sets at these positions, yielding an augmented be-
havior sequence B∗ = [b1

∗, b2
∗, . . . ,bL

∗ ], where bl
∗ = bl if

l /∈ I, and otherwise bl
∗ is the augmented version of bl. Fig-

ure 2 illustrates the augmentation methods.

Co-occurrence Behavior Addition. To enhance the di-
versity of behavior combinations and simulate joint behav-
ior patterns (e.g., ”like + favorite”), this method supple-
ments the original behavior set with frequently co-occurring
yet currently missing behaviors. Specifically, given a co-
occurrence probability matrix M ∈ R|B|×|B| and a behavior
set b, we compute an aggregated co-occurrence vector as:

p = b ·M. (11)
To exclude the influence of already-present behaviors, we
set pk = 0 for all k where bk = 1. Then we normalize p
into a probability distribution:

p← p∑|B|
k=1 pk

. (12)

Finally, a new behavior b+ is sampled from the distribution
p and added to the set by setting bb+ = 1.
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Frequency-based Behavior Masking. To prevent the
model from overfitting to high-frequency behaviors and
thereby weakening its ability to model long-tail behaviors,
we dynamically mask frequently occurring behaviors, thus
encouraging the model to focus more on informative long-
tail behaviors. Specifically, we first compute a behavior fre-
quency vector m ∈ R|B|. For a given behavior set b, the
masking probability for behavior type i is defined as:

P (bi = 0) =
mc

i∑|B|
k=1 m

c
k

, (13)

where the exponent c is introduced to smooth the influence
of extremely high-frequency behaviors. Each behavior type
is then independently masked with its corresponding proba-
bility; if selected, we set bi = 0.

Auxiliary Behavior Flipping. Auxiliary behaviors (e.g.,
clicks) are common forms of implicit feedback, yet they may
introduce noise. To prevent the model from overfitting to
such behaviors, we flip the auxiliary behavior ba in a given
behavior set b as follows:

bba = 1− bba . (14)

3.5 Prediction and Model Training
Preferred Item Prediction. In the training phase, predict
the next item that user u may interact with under the target
behavior set at the (l+1)-th step:

ŷl+1,v = ule
⊤
v , (15)

where ul represents the user representation U at the l-th
step, ŷl+1,v is a scalar that signifies the probability score of
interacting with item v.

Training and Optimization. We utilize binary cross-
entropy (BCE) loss to optimize our model for the next-
item prediction task. Additionally, we introduce a behavior
richness-based loss weighting to assign higher loss weights
to prediction steps where the target behavior set contains
multiple behavior types. Let wu,l =

∥bu,l+1∥0

|B| , which in-
creases the penalty for prediction errors under richer behav-
ior supervision. The formula for the loss is:

Lnext = −
1

|δ(v)|
∑
u∈U

L∑
l=1

δ(vlu)wu,l

[
log σ(ŷl+1,vl

u
)

+ log
(
1− σ(ŷl+1,j)

)]
, (16)

where σ(·) denotes the sigmoid function and subscript j ∈
V \ Su denotes a randomly sampled negative item. δ(vlu) is
an indicator function: δ(vlu) = 1 if vlu is a real item and
δ(vlu) = 0 if it is a padding item. |δ(v)| represents the total
number of valid ground-truth items across all sequences.

To further enhance representation learning, we introduce
a sequence-level contrastive loss to enforce consistency be-
tween two augmented views of the same user interaction
sequence. Given an original sequence Su, we generate two
augmented sequences Saug1

u and Saug2
u , which are indepen-

dently encoded into H1
u,H

2
u ∈ RL×d. We then concatenate

the representations across all steps to obtain h1
u,h

2
u ∈ RL·d.

The contrastive learning loss is defined as:

LSeqCL = LCL(h
1
u, h

2
u) + LCL(h

2
u, h

1
u), (17)

LCL(h
1
u, h

2
u) = − log

exp
(
sim(h1

u, h
2
u)/τ

)∑
neg exp

(
sim(h1

u, hneg)/τ
) , (18)

where sim(·) denotes the dot product operation, hneg
denotes augmented representations from other sequences
within the current mini-batch and τ is a temperature param-
eter. The final objective combines both losses:

L = Lnext + λLSeqCL, (19)

where λ is a balancing hyperparameter that controls the con-
tribution of the contrastive loss.

4 Experiments
4.1 Experimental Settings
Datasets. We conduct experiments on the recommenda-
tion subset of KuaiSAR (Sun et al. 2023) and the Tenrec
dataset (Yuan et al. 2022b). i) KuaiSAR. The items are short
videos. We treat click as the auxiliary behavior, and like,
share and follow as target behaviors. ii) QK-Article. The
items are articles. We treat read as the auxiliary behavior,
and like, share, favorite and follow as target behaviors. iii)
QK-Video. The items are short videos. We treat click as the
auxiliary behavior, and like, share and follow as target be-
haviors. Dataset statistics are summarized in Table 2 and the
details of data preprocessing are provided in code link.

Evaluation Metrics. We use two widely adopted ranking-
oriented evaluation metrics, i.e., hit ratio (HR@k) and nor-
malized discounted cumulative gain (NDCG@k), where k ∈
{5, 10}. We adopt the full-ranking setting in evaluation.

Baselines. We compare BLADE with three categories of
baselines: (1) Single-Behavior Sequential Recommenda-
tion: SASRec (Kang and McAuley 2018) and CL4SRec
(Xie et al. 2022); (2) Multi-Behavior Sequential Recom-
mendation: DyMuS (Cho et al. 2023), MBHT (Yang et al.
2022) and MB-STR (Yuan et al. 2022a); (3) Behavior Set-
informed Sequential Recommendation: EIDP (Chen, Pan,
and Ming 2024). Baseline descriptions are in code link. Fol-
lowing EIDP, we retain only the most preferred behavior in
each set based on global frequency, reducing BSSR to a stan-
dard MBSR setup. Necessary adaptations for MBSR models
are detailed in code link.

Implementation Details. For a fair comparison, we fix the
embedding dimension d to 32 and the sequence length L
to 50 for all models. All models are trained on the same
truncated sequences. For BLADE, we tune the number of
stacked blocks in both early and intermediate fusion from
{2, 3}, the number of attention heads from {2, 4, 8}, the
dropout rate from {0.2, 0.3, 0.4, 0.5}, and the number of ex-
perts in BGMoE from {4, 6, 8}. More details are provided
in code link.

4.2 Overall Performance
We compare the proposed model with baseline models
across three datasets. Table 1 summarizes the overall per-
formance. Due to space limitations, the results of BLADE
reported in Table 1 are the best among the three augmen-
tations. From the results, we summarize the observations
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Dataset KuaiSAR QK-Article QK-Video
Metrics NDCG@5 HR@5 NDCG@10 HR@10 NDCG@5 HR@5 NDCG@10 HR@10 NDCG@5 HR@5 NDCG@10 HR@10

SASRec 0.0115 0.0180 0.0159 0.0320 0.0176 0.0289 0.0255 0.0534 0.0078 0.0126 0.0104 0.0204
CL4SRec 0.0096 0.0160 0.0132 0.0276 0.0187 0.0303 0.0257 0.0522 0.0082 0.0126 0.0109 0.0208

DyMuS 0.0020 0.0039 0.0030 0.0073 0.0057 0.0099 0.0075 0.0155 0.0050 0.0077 0.0072 0.0146
DyMuS+ 0.0024 0.0045 0.0036 0.0081 0.0082 0.0141 0.0113 0.0238 0.0033 0.0056 0.0058 0.0133
MBHT 0.0110 0.0181 0.0151 0.0312 0.0193 0.0314 0.0250 0.0491 0.0051 0.0081 0.0078 0.0165
MB-STR 0.0077 0.0131 0.0109 0.0228 0.0156 0.0245 0.0221 0.0449 0.0080 0.0130 0.0116 0.0243

EIDP 0.0122 0.0184 0.0169 0.0331 0.0198 0.0317 0.0288 0.0599 0.0095 0.0159 0.0137 0.0291
BLADE 0.0135 0.0218 0.0187 0.0380 0.0215 0.0354 0.0301 0.0621 0.0097 0.0161 0.0127 0.0256

Table 1: Performance comparison on KuaiSAR, QK-Article and QK-Video datasets with NDCG@5/10 and HR@5/10. The
best results are marked in bold, and the second best results are underlined.

Dataset #Users #Items #Interactions

KuaiSAR 3,812 10,653 528,242

QK-Article 5,081 13,788 252,069

QK-Video 5,081 20,494 150,396

Table 2: Statistics of datasets used in experiments

as follows: (1) Although MBSR methods introduce addi-
tional behavioral information, they do not consistently out-
perform traditional SR models. In BSSR settings, behav-
ior sets often exhibit higher-order heterogeneous depen-
dencies, which MBSR models—primarily relying on sin-
gle behavior labels—struggle to capture effectively. Among
them, DyMuS performs poorly on all three datasets, likely
due to its late fusion strategy that weakly models item-
item and behavior-behavior interactions, especially in BSSR
settings with richer behavior information. (2) Model per-
formance varies notably across datasets. MBHT excels on
KuaiSAR and QK-Article but underperforms on QK-Video,
whereas MB-STR shows the opposite trend. This suggests
that different models adapt differently to behavioral patterns
and scenario-specific characteristics. (3) EIDP, tailored for
BSSR, outperforms all MBSR baselines by fully exploit-
ing information within behavior sets, while MBSR meth-
ods simplify the behavior set into a single behavior and lose
key semantic dependencies. (4) Our BLADE achieves the
best performance on most metrics, confirming the effective-
ness of dual item-behavior fusion modeling and behavior-
level data augmentation in modeling complex user behav-
ioral preferences, alleviating data sparsity, and mitigating
behavior distribution imbalance.

4.3 Ablation Study and Component Analysis
We validate the effectiveness of the key components of
BLADE on three datasets, KuaiSAR, QK-Article, and QK-
Video, through the ablation study as shown in Table 3. (i)
The proposed dual item-behavior fusion architecture out-
performs variants using only Early Fusion (EF) or Inter-
mediate Fusion (IF), suggesting that the two strategies cap-
ture distinct yet complementary aspects of user behavior
and their combination enables more comprehensive prefer-

ence modeling. (ii) Removing the contrastive loss leads to
a substantial drop in performance, demonstrating the im-
portance of contrastive learning over augmented user se-
quences. This result also highlights the effectiveness of our
behavior-level data augmentation methods. (iii) The behav-
ior richness-based loss weighting improves performance by
assigning higher weights to target items with multiple be-
haviors. Replacing it with standard BCE results in a perfor-
mance drop, highlighting the advantage of leveraging richer
supervision for next-item prediction.

Dataset Metric w/o EF w/o IF w/o CL w/o BRW BLADE

KuaiSAR NDCG@5 0.0105 0.0120 0.0107 0.0071 0.0135
HR@5 0.0157 0.0199 0.0171 0.0128 0.0218

QK-Article NDCG@5 0.0215 0.0215 0.0189 0.0208 0.0215
HR@5 0.0352 0.0348 0.0318 0.0350 0.0354

QK-Video NDCG@5 0.0091 0.0081 0.0078 0.0074 0.0097
HR@5 0.0146 0.0138 0.0128 0.0120 0.0161

Table 3: Ablation study on KuaiSAR, QK-Article and QK-
Video datasets, where “w/o” denotes the removal of the cor-
responding module in BLADE

4.4 Augmentation Method Comparison
We analyze how different data augmentation operators and
their proportion parameters affect model performance as
shown in Figure 5. To study the effect of each augmentation
strategy, we apply only one type of augmentation at a time
during contrastive learning. The figure illustrates the per-
formance trends of the three augmentation methods as the
proportion parameter p varies from 0.1 to 0.9. We make the
following observations: BLADE with any of the proposed
augmentation methods consistently outperforms the version
without augmentation across most proportion settings and
on both datasets. This demonstrates the effectiveness and ro-
bustness of our behavior-level data augmentation methods,
as they introduce implicit self-supervised signals embedded
in the original data and enrich interaction views by operat-
ing user behavior sequences rather than core item sequences,
thereby significantly enhancing model generalization while
preserving item sequence semantics.
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Figure 3: Performance impact of different augmentation
methods and operation ratio p.

Figure 4: Performance comparison of three data augmenta-
tion methods based on the long-tail degree of user interac-
tion behaviors on the QK-Article dataset.

4.5 Impact of Behavior-Level Data Augmentation
on Long-Tail Behavior

In Figure 4, we evaluate the model’s performance on the
QK-Article dataset by dividing the test user sequences into
two groups: the tail group consists of samples where the pro-
portion of long-tail behaviors (share and follow) in users’ in-
teraction behaviors exceeds 80%, while the remaining sam-
ples are categorized into the head group. This partition al-
lows us to evaluate the model’s capability in modeling long-
tail behaviors. The experimental results show that BLADE
consistently outperforms variants without data augmentation
and contrastive learning in both groups. Notably, the per-
formance gain is more pronounced in the tail group, indi-
cating that our method is particularly effective at enhancing
the model’s capacity to model long-tail behaviors. This im-
provement is mainly due to our frequency-based augmenta-
tion methods, which add low-frequency behaviors or mask
high-frequency ones, thereby alleviating the imbalance in
the original behavior distribution and improving the mod-
eling of long-tail behaviors.

Figure 5: Performance with varying contrastive loss balanc-
ing hyperparameter λ.

Figure 6: Performance with varying representation aggrega-
tion hyperparameter α.

4.6 Hyperparameter Sensitivity Analysis
Loss Balancing Hyperparameter. Figure 5 illustrates the
impact of the contrastive loss balancing hyperparameter λ
on the KuaiSAR and QK-Article datasets. The results show
that the model achieves the best performance when λ ≈ 0.1,
while overly small or large values result in suboptimal re-
sults. A small λ introduces insufficient contrastive supervi-
sion, whereas a large λ overemphasizes the contrastive ob-
jective, thereby impairing the model’s ability to perform ac-
curate next-item prediction.
Representation Aggregating Hyperparameter. Figure 6
reports the effect of the representation aggregating hyperpa-
rameter α on model performance across both KuaiSAR and
QK-Article. We observe notable performance fluctuations as
α varies, clearly suggesting that the model is highly sensi-
tive to α. These results indicate that early and intermediate
fusion are not strictly complementary. An inappropriate set-
ting of α may lead to suboptimal aggregation of early and
intermediate fusion representations.

5 Conclusion
In this paper, we propose BLADE, a behavior-level data
augmentation framework with dual fusion modeling. To ad-
dress multi-behavior heterogeneity, BLADE introduces a
dual item-behavior fusion architecture that incorporates be-
havioral information at both the input layer and intermedi-
ate layer thereby enhancing semantic representation learning
across diverse behaviors. To mitigate data sparsity, BLADE
introduces three behavior-level data augmentation methods,
which operate on behavior sequences while preserving the
semantics of item sequences. Experiments on real-world
datasets validate its effectiveness.
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