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H I G H L I G H T S

∙ Introduce a novel multi-granularity cascading graph convolutional network.

∙ Propose a behavior consistency-guided alignment strategy to maintain both intra- and inter-behavior consistency.

∙ Conduct extensive experiments on four real-world datasets to examine model’s effectiveness.
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A B S T R A C T

Multi-behavior recommendation (MBR) has garnered growing attention recently due to its ability to mitigate 

the sparsity issue by inferring user preferences from various auxiliary behaviors to improve predictions for the 

target behavior. Although existing research on MBR has yielded impressive results, it still faces two major limita-

tions. First, previous methods mainly focus on modeling fine-grained interaction information between users and 

items under each behavior, which may suffer from sparsity issue. Second, existing models usually concentrate 

on exploiting dependencies between two consecutive behaviors, leaving intra- and inter-behavior consistency 

largely unexplored. To this end, we propose a novel approach named Consistent Multi-Granularity Cascading 

Graph Convolution Network for Multi-Behavior Recommendation (CMC-GCN). To be specific, we first explore 

both fine- and coarse-grained correlations among users or items of each behavior by simultaneously modeling the 

behavior-specific interaction graph and its corresponding hypergraph in a cascaded manner. Then, we propose a 

behavior consistency-guided alignment strategy that preserves consistent representations between the interaction 

graph and its associated hypergraph for each behavior, while also maintaining representation consistency across 

different behaviors. Extensive experiments and analyses on four real-world benchmark datasets demonstrate that 

our proposed approach is consistently superior to previous state-of-the-art methods due to its capability to ef-

fectively attenuate the sparsity issue as well as keep both intra- and inter-behavior consistencies. The code is 

available at https://github.com/marqu22/CMCGCN.git.

1. Introduction

Multi-behavior recommendation (MBR) has emerged as an important 

research problem in recent years and has garnered significant attention 

across various communities. Compared to traditional recommendation

methods [1–3], which depend exclusively on one behavior pattern, MBR 

makes recommendations by leveraging diverse and detailed interaction 

information between users and items to alleviate the data sparsity issue. 

Besides the target behavior (e.g., buy), multiple supporting behaviors
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(e.g., view, click and cart) contribute to improving recommendation 

effectiveness.

Early studies [4,5] can be regarded as straightforward extensions 

of single-behavior recommendation models, aiming to better represent 

users and items in the target behavior by utilizing shared embeddings 

across various behaviors. Meanwhile, some findings [6,7] reveal that 

certain sampling strategies can boost model recommendation perfor-

mance. Later, many research efforts have been devoted to leveraging 

Deep Neural Networks (DNNs) for the MBR task due to their strong ca-

pability to capture the complex relationships between users and items, 

resulting in encouraging performance. These include methods that em-

ploy hierarchical attention mechanism to model inner parts within 

a behavior as well as inter-view relations between different behav-

iors [8], or transfer the prediction of low-level behaviors to high-level 

behaviors [9].

Recently, a number of graph convolutional networks (GCNs) based 

methods have been proposed to explicitly capture the high-order depen-

dencies between diverse types of user-item interaction data by utilizing 

the graph-based message passing mechanism. For example, MBGCN [10] 

leverages multi-behavior data to construct a unified graph, and ap-

plies both user-item propagation and item–item propagation to learn 

behavior strength and behavior semantics, respectively. GNMR [11] 

builds a multi-behavior interaction graph and performs embedding 

propagation to capture complex relationships among different types of 

user behaviors. S-MBRec [12] introduces a supervised signal to con-

sider the differences among various behaviors and develops a target 

behavior-centered contrastive learning approach to capture common-

ality between auxiliary and target behaviors. MB-HGCN [13] learns 

behavior-specific and global embeddings based on each individual be-

havior graph and a unified homogeneous graph. The multi-task learning 

strategy is leveraged for joint optimization. BCIPM [14] considers the 

variation of user preferences across different behaviors and distills item-

aware preferences from user-item interactions. Some studies [15–18] 

propose exploiting the cascading relationship in diverse behavioral pat-

terns to enhance the performance of recommendation, where useful 

information learned from preceding behaviors is utilized to refine the 

learned embeddings of successive behaviors.

Despite the encouraging progress obtained by conventional meth-

ods, there are still two key issues limiting their efficacy. Firstly, since 

user interaction data exhibits sparsity and the bipartite graph rep-

resenting user-item relationships has inherent structural constraints, 

employing multi-layer graph message propagation can easily lead to 

the over-smoothing problem, resulting in model performance degra-

dation. Existing research works mainly rely on modeling fine-grained 

interactions between users and items under specific behaviors, while 

they overlook exploring the coarse-grained information existing in the 

interaction graph, e.g., certain users may have similar interest prefer-

ences, or specific items may belong to the same category. Since the 

coarse-grained information can effectively complement the fine-grained 

interaction information, leveraging both simultaneously is valuable for 

capturing more accurate user preferences. Secondly, previous cascad-

ing based models [16,18] emphasize exploiting dependencies in the 

sequence of behaviors for embedding learning, where the embeddings 

derived from preceding behaviors serve as input for subsequent behavior 

representation learning. Although they can effectively capture the de-

pendency among two consecutive behaviors, the rich global consistency 

among different behaviors as well as the intra-behavior dependency 

signals is largely ignored.

In response to the previously identified limitations, we de-

velop an innovative approach designated as Consistent Multi-

Granularity Cascading Graph Convolution Network for Multi-Behavior 

Recommendation (CMC-GCN). Specifically, we first propose a multi-

granularity cascading graph convolution network by introducing a 

user-item interaction graph and a hypergraph for each behavior. The 

behavior-specific hypergraph is developed to capture coarse-grained 

correlations among users or items, which can alleviate the sparsity issue

within the user-item interaction graph. Then, we develop a behavior 

consistency-guided contrastive learning module, which consists of an 

intra-behavior consistency contrastive learning submodule and a cross-

behavior consistency contrastive learning submodule. The former aims 

to align user and item embeddings inferred from an interaction graph 

to their counterparts learned from the corresponding hypergraph. The 

latter attempts to align embeddings of users and items from each behav-

ior towards the common embeddings derived from a global graph with 

user-item interactions from all behaviors. Our method is rigorously eval-

uated using four real-world datasets: Beibei, Taobao, Tmall and QKV. 

CMC-GCN shows superior results compared to all baseline approaches, 

demonstrating HR@10 improvements of 19.20 %, 37.45 %, 13.43 % and 

13.57 % relative to the best baseline on these four datasets.

In conclusion, the key contributions include:

• We introduce a novel multi-granularity cascading graph convolution

network, which explores both fine- and coarse-grained correlations 

among users or items by simultaneously modeling the user-item in-

teraction graph and its corresponding hypergraph for each behavior.

• We propose a behavior consistency-guided alignment strategy to

maintain both intra- and inter-behavior consistency based on con-

trastive learning.

• We perform detailed empirical studies on four real-world datasets to

verify CMC-GCN’s capabilities. The obtained results exhibit substan-

tial progress relative to advanced baseline models.

2. Related work

Multi-behavior recommendation seeks to utilize valuable signals 

from auxiliary behaviors to mitigate the sparsity issue in the tar-

get behavior. Early methods [4,5,19] mainly rely on extending the 

single-behavior recommendation technique such as matrix factoriza-

tion by introducing shared embeddings across different behaviors. Some 

research [6,7,20] applies sampling strategies to incorporate informa-

tion from multiple auxiliary behaviors, which are tailored to inherent 

characteristics in multi-behavior scenarios.

With the remarkable success of deep neural networks (DNNs) in 

recommendation systems, numerous approaches leveraging DNNs have 

been developed to capture user preferences through identifying sophis-

ticated associations among users and items [21]. For instance, DIPN [8] 

develops a hierarchical modeling approach composed of dual attention 

layers: the lower layer captures intra-behavior part-level interactions, 

while the upper layer learns the inter-view relations across distinct 

behaviors. EHCF [9] attempts to transfer the prediction of low-level be-

haviors to high-level behaviors to capture the complicated relationships 

among different behaviors. ARGO [22] captures the characteristics of 

each user by developing a neural collaborative filtering model and mod-

els the ordinal relation among multiple behaviors by correlating each 

behavior’s prediction.

Lately, graph convolutional networks (GCNs) have received sig-

nificant attention in multi-behavior recommendation research [23– 

26]. These models typically represent user-item interactions through 

graph-based structures and employ message propagation mechanisms 

to learn node representations. For instance, MBGCN [10] integrates 

multi-behavior data through a unified graph structure and develops a 

multi-behavior graph convolutional network. It utilizes dual propaga-

tion mechanisms between user-item and item–item to learn behavioral 

intensity and semantic patterns, respectively. GNMR [11] captures la-

tent relationships between behaviors using a relational dependency 

encoder, and represents graph-structured interactions through propa-

gated embeddings across a heterogeneous behavior graph. Inspired by 

the success of contrastive learning in representation learning [27–29], 

S-MBRec [12] incorporates both a supervised task for capturing embed-

ding discrepancies and a target behavior-centered contrastive learning 

mechanism to model the commonalities between auxiliary and target 

behaviors. MB-HGCN [13] employs a hierarchical graph convolutional
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network which consists of global embedding learning and behavior-

specific embedding learning. Since direct information transfer between 

auxiliary and target behaviors may introduce noise given the diver-

gence in user preferences among distinct behavior types. KMCLR [30] 

introduces a dual contrastive learning framework, complemented by a 

knowledge-enhanced module that optimizes item representation learn-

ing. KDMBR [31] utilizes a behavior-aware attention mechanism to 

weigh auxiliary behaviors dynamically and integrates knowledge graphs 

to enrich item representations. BCIPM [14] proposes deriving item-

aware preferences from user-item interactions over various behavior 

types, while only considering preferences associated with the target 

behavior in recommendation. DeMBR [32] employs a pruning-based de-

noising module to eliminate data-level noise, coupled with a semantic 

guidance denoising module that suppresses representation-level noise 

while preserving true user preferences.

As there are usually certain orders between different behaviors, some 

research work concentrates on capturing such behavior dependencies 

to learn better user preferences. NMTR [15] learns user preferences 

by assuming that there is a shared embedding across different behav-

iors, and explores the ordinal relationship information by correlating 

the model prediction in a cascaded manner. CRGCN [18] proposes a 

cascading residual graph convolutional network to model user prefer-

ences by exploiting the connections between consecutive behaviors, and 

adopts the multi-task learning to conduct joint optimization by com-

prehensively exploiting supervision signals from different behaviors. 

MB-CGCN [16] explicitly models the behavior dependencies for learn-

ing user preferences, and their aggregation facilitates the final behavior 

prediction. PKEF [17] extends the cascade paradigm by incorporating 

parallel knowledge to learn better representations for different behav-

iors, simultaneously acquiring hierarchical correlation information to 

mitigate challenges posed by imbalanced behavior distribution. COPF 

[33] introduces a combinatorial optimization graph convolutional net-

work to correct behavior pattern modeling errors from limited views, 

and employs a distribution-fitting expert network to reduce negative 

transfer from uncoordinated tasks.

Unlike the aforementioned studies, our approach introduces several 

key innovations to comprehensively model user preferences. First, exist-

ing methods primarily rely on pairwise user-item interactions within a 

single graph structure to learn fine-grained user preferences, while often 

overlooking the coarse-grained correlations inherent within each be-

havior. To address this, we incorporate a behavior-specific hypergraph 

to explicitly capture these coarse-grained correlations among users or 

items for each behavior type. This enables our model to simultaneously 

leverage both fine-grained interaction signals and coarse-grained rela-

tional information for a more comprehensive representation. Second, 

differing from methods concentrating solely on target-auxiliary behavior 

consistency (e.g., S-MBRec [12]) or employing sequential dependency 

modeling via a cascading structure (e.g., CRGCN [18], PKEF [17]), we 

develop a novel behavior consistency-guided contrastive learning mech-

anism. This mechanism is designed to simultaneously maintain both 

intra-behavior consistency (within each individual behavior) and global 

inter-behavior consistency (across all behaviors), leading to more robust 

and informative preference representations.

3. Problem formulation

In this work, we concentrate on constructing an innovative recom-

mendation framework that leverages auxiliary behaviors to improve 

the acquisition of more accurate user preferences for the target behav-

ior. We describe the basic notations frequently used in this paper. Let

 = {𝑢 1 

, 𝑢 2 

,… , 𝑢 𝑀 

} and  = {𝑖 1 

, 𝑖 2 

,… , 𝑖 𝑁 

} denote the set of users and 

items, where 𝑀 and 𝑁 denote the number of users and items, respec-

tively. We use 𝑘 (1 ≤ 𝑘 ≤ 𝐾) to denote the 𝑘-th behavior, where 𝐾 

denotes the number of users’ behaviors.  𝑘 

is the user-item interaction 

graph for the 𝑘-th behavior, and  

𝑘 is the interaction matrix of the cor-

responding behavior. For 𝑟 

𝑘
𝑢𝑖 ∈  

𝑘 , 𝑟 

𝑘
𝑢𝑖 = 1 indicates that there is an

interaction between user 𝑢 and item 𝑖 under the 𝑘-th behavior, other-

wise 𝑟 

𝑘 

𝑢𝑖 = 0. In addition, we define a global graph  𝑔 = ∪ 

𝐾
𝑘=1 𝑘 and its

corresponding interaction matrix is  

𝑔 . For 𝑟 

𝑔
𝑢𝑖 ∈  

𝑔 , 𝑟 

𝑔
𝑢𝑖 = 1 means that 

user 𝑢 and item 𝑖 have interacted at least once in these 𝐾 behaviors. The 

MBR task is then formulated as follows:

Input: A user set  , an item set , a list of behavior interaction 

graphs [ 1 

, 2,… , 𝐾 ], and a global graph  𝑔  

 

.

Output: A predicted score that estimates the interaction probability 

between user 𝑢 and item 𝑖 for the designated 𝐾-th behavior.

4. Proposed method

We propose a Consistent Multi-Granularity Cascading Graph 

Convolution Network (CMC-GCN) for multi-behavior recommendation, 

with four core modules including: (1) A Global Graph Learning module, 

which is dedicated to acquiring insights into users’ general prefer-

ences across distinct behaviors. (2) A Multi-Granularity Cascading Graph 

Convolution Network, which follows the cascading paradigm and incor-

porates behavior hypergraphs to strengthen behavioral-specific repre-

sentation quality. (3) A Behavior Consistency-Guided Contrastive Learning 

module encompassing both intra- and inter-behavior intrinsic consis-

tency. (4) A Prediction module that employs multi-task learning to 

conduct joint optimization (Fig. 1).

4.1. Global graph learning

We introduce the global graph  𝑔 

to serve as an indicator of whether 

user 𝑢 and item 𝑖 have interacted at least once across all behaviors, i.e.,

 𝑔 

contains all user interactions across multiple behaviors. We utilize 

Xavier [34] to initialize user 𝑢 and item 𝑖 as 𝑑-dimensional embeddings, 
denoted as 𝑒 

0
𝑢 ∈ R 

𝑑 , 𝑒 

0
𝑖 ∈ R 

𝑑 , respectively. Then, we employ LightGCN

[1] to refine the representations of both users and items as follows:

𝑒 

(𝑙)
𝑢 = 

∑

𝑖∈ 𝑢

1
√

|

| 

𝑢
|

|

√

|

| 

𝑖
|

|

𝑒 

(𝑙−1)
𝑖 , (1)

𝑒 

(𝑙)
𝑖 = 

∑

𝑢∈ 𝑖

1
√

|

| 

𝑖
|

|

√

|

| 

𝑢
|

|

𝑒 

(𝑙−1)
𝑢 , (2)

where  𝑢 represents all items with which user 𝑢 has engaged, while  𝑖 

corresponds to all users who have interacted with item 𝑖. 𝑒 

(𝑙)
𝑢 and 𝑒 

(𝑙) 

𝑖
denote the embeddings of user 𝑢 and item 𝑖 after the graph convolution

of the 𝑙-layer, respectively. 𝑒 

(0)
𝑢 and 𝑒 

(0) 

𝑖 are initialized with 𝑒 

0
𝑢 and 𝑒 

0
𝑖 

,

respectively.

We obtain the global embedding representations of user 𝑢 and item 

𝑖 by aggregating the outputs of all layers:

𝑒𝑔𝑢 =
𝐿
∑ 

𝑙=0
𝑒 

(𝑙)
𝑢 , (3)

𝑒𝑔𝑖 =
𝐿
∑ 

𝑙=0
𝑒 

(𝑙)
𝑖 , (4)

where 𝐿 is the total number of graph convolutional layers. 

4.2. Multi-granularity cascading graph convolution network

Our framework introduces a multi-granularity cascading graph con-

volutional network to learn fine- and coarse-grained user and item 

representations from the user-item interaction graph and its associated 

hypergraph for each behavior in a cascaded manner.

4.2.1. Behavior-specific interaction graph learning

For the 𝑘-th behavior, we employ LightGCN on its correspond-

ing user-item interaction graph  𝑘 

to produce node representations. 

Specifically, we update node representations by aggregating information 

from their neighbors as follows:
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Fig. 1. The overall architecture of CMC-GCN. We utilize three behaviors (i.e., view, cart and buy) as an example, wherein buy is the target behavior.

e 

𝑘,(𝑙)
𝑢 

= 

∑

𝑖∈ 𝑢

1
√

|𝑢|
√

|𝑖|
e 

𝑘,(𝑙−1)
𝑖 

, (5)

e 

𝑘,(𝑙)
𝑖 = 

∑

𝑢∈ 𝑖

1
√

|𝑖 

|

√

|𝑢|
e 

𝑘,(𝑙−1)
𝑢 , (6)

𝑘,(𝑙) 𝑘,(𝑙)
where e and e respectively denote the updated representations of𝑢 𝑖   

user 𝑢 and item 𝑖 after 𝑙 layer propagation on the 𝑘-th interaction graph. 

Note that for the 𝑘-th behavior-specific interaction graph, we initialize 

the embeddings for both users and items using those obtained from their 

prior behavior:

𝑒 

𝑘,(0)
𝑢 

= 𝑒 

𝑘−1
𝑢 , (7)

𝑒 

𝑘,(0)
𝑖 = 𝑒 

𝑘−1
𝑖 , (8)

where 𝑒𝑘−1𝑢 and 𝑒 

𝑘−1
𝑖 indicate the user and item vector representa-

tions generated by the preceding behavior-specific interaction graph. 

Meanwhile, we initialize the embeddings for the first behavior using 

the learned user and item embeddings that originate from global graph 

learning. We then calculate the embedding vectors for user 𝑢 and item 𝑖 

specific to the 𝑘-th behavior:

𝑒𝑏,𝑘𝑢 =
𝐿
∑ 

𝑙=0
𝑒 

𝑘,(𝑙)
𝑢 , (9)

𝑒𝑏,𝑘𝑖 =
𝐿
∑ 

𝑙=0
𝑒 

𝑘,(𝑙)
𝑖 . (10)

4.2.2. Behavior-specific hypergraph learning

In traditional bipartite graphs, edges are confined to pairwise in-

teractions. This constraint impedes the learning of high-order correla-

tions, consequently masking meaningful patterns like shared preferences 

among user groups or category relationships among items. To capture 

the complex high-order correlations among users or items, we aug-

ment our approach by introducing additional learnable behavior-specific

hypergraphs. Unlike conventional graph structures, a hypergraph en-

ables each edge to associate with multiple nodes [35], thus modeling 

latent relationships among groups of users or items beyond hop distance 

limit.

For hypergraph construction, we employ a parameterized hyper-

graph structure learning method, which dynamically learns hyperedge 

representations during training to adaptively capture the hypergraph de-

pendency structure among users and items. Specifically, we first define 

a set of hyperedge representations  

𝑘
𝑈 ∈ R 

𝑀×𝑆 for all 𝑀 users on the 

𝑘-th behavior, in which 𝑆 indicates the total hyperedges. Similarly, the 

hyperedge representations for all 𝑁 items are defined as  

𝑘
𝐼 ∈ R 

𝑁×𝑆 . 

Inspired by the prior work [36], we address computational efficiency 

and mitigate overfitting concerns within the hypergraph learning mod-

ule. Specifically, we employ parameterized hyperedges, which facilitate 

hyperedge parameter optimization in a low-rank manner. This operation 

is formulated as:

 

𝑘
𝑈 = 𝐸 

𝑏,𝑘
𝑈 ⋅ 𝑊 

ℎ,𝑘
𝑈 , (11)

 

𝑘 

𝐼 = 𝐸 

𝑏,𝑘
𝐼 ⋅ 𝑊 

ℎ,𝑘
𝐼 , (12)

where 𝑊 

ℎ,𝑘
𝑈 ∈ R 

𝑑×𝑆 and 𝑊 

ℎ,𝑘 

𝐼 ∈ R 

𝑑×𝑆 are the learnable parameters,

𝐸 

𝑏,𝑘
𝑈 = [𝑒𝑏,𝑘 

𝑢 1
,… , 𝑒𝑏,𝑘 

𝑢 𝑀
] ∈ R 

𝑀×𝑑 and 𝐸 

𝑏,𝑘
𝐼 = [𝑒𝑏,𝑘𝑖1 ,… , 𝑒𝑏,𝑘 

𝑖 𝑁
] ∈ R 

𝑁×𝑑 repre-

sent the embeddings of all users and items corresponding to the 𝑘-th
behavior-specific interaction graph, respectively. For hypergraph learn-

ing in the 𝑘-th behavior, we utilize a simplified hypergraph convolution

network (HGCN) [37] for the user-side and item-side hypergraphs of

each behavior:

𝐸 

ℎ,𝑘
𝑈 

= (𝑘
𝑈 ⋅ (𝑘

𝑈 ) 

𝖳) ⋅ 𝐸 

𝑏,𝑘
𝑈 , (13)

𝐸 

ℎ,𝑘
𝐼 = (𝑘

𝐼 ⋅ (𝑘
𝐼 ) 

𝖳) ⋅ 𝐸 

𝑏,𝑘
𝐼 , (14)

where ( 

𝑘
𝑈 ⋅ (𝑘

𝑈 ) 

𝖳) ∈ R 

𝑀×𝑀 and (𝑘
𝐼 ⋅ (𝑘

𝐼 ) 

𝖳) ∈ R 

𝑁×𝑁 correspond to the

user-side and item-side hypergraph dependency matrices, respectively.
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-

-

-

-

-

𝑔,𝑏 

𝑐𝑙,𝑢𝑠𝑒𝑟 

=
𝐾
∑

𝑘=1

∑

𝑢∈
− log

exp(𝜙(𝑒𝑔𝑢 

, 𝑒𝑏,𝑘𝑢 )∕𝜏)
∑ 

𝑣∈ exp(𝜙(𝑒𝑔𝑢 

, 𝑒𝑏,𝑘𝑣 )∕𝜏)
, (17)

Given the variations in behavioral patterns, directly constraining 

the embedding consistency of users or items across different behav

iors may hinder the exploration of common information across them. 

Consequently, we employ the global graph as an intermediary and align 

embeddings of nodes learned from each behavior graph towards those 

from the global graph. Specifically, we enhance the similarity of em

beddings for the same node under both the global graph  and𝑔   

 

the 𝑘-th 

behavior graph  𝑔
 

 

(i.e., 𝑏,𝑘positive while𝑘  sample pairs (𝑒 )), the embed𝑢 ,  

 

𝑒𝑢    

dings for different users are encouraged to diverge from each other (i.e., 
𝑔

negative sample 

𝑏,𝑘pairs (𝑒𝑢 , 𝑒 )).𝑣   

 

], we formalize 

the inter-behavior contrastive loss 𝑔,𝑏
 between the global graph and𝑐𝑙,𝑢𝑠𝑒𝑟  

all 𝐾 behavior-specific interaction graphs on the user-side as follows:

Similar to InfoNCE [27

4.3.1. Inter-behavior consistency contrastive learning

Although the cascading architecture effectively captures dependen

cies between consecutive behaviors, it falls short in fully exploring 

users’ shared interest preferences across different behaviors and their 

multi-granularity interest preferences within behavior-specific interac

tion graphs and hypergraphs. To address this, we introduce inter- and 

intra-behavior consistency constraints through a contrastive learning 

framework, enabling a more comprehensive modeling of users’ interest 

preferences from multiple perspectives.

4.3. Behavior consistency-guided contrastive learning

 

 

−1where 𝑒 

𝑘 and𝑢  𝑒 

𝑘−1 are𝑖  residual-connected embeddings derived from

the previous behavior, 𝑒 

𝑘 and 𝑒 

𝑘 denote𝑢 𝑖  the updated embeddings for user 

𝑢 and item 𝑖 from the 𝑘-th behavior, which will be utilized as initializa

tion embeddings for the subsequent behavior. Note that we initialize 

the embeddings of user 𝑢 and item 𝑖 for the first behavior with the 

𝑔 𝑔
corresponding global embedding representations 𝑒 and 𝑒 , respectively.𝑢 𝑖  

-

𝑒 

𝑘
𝑖 = 𝑒 

𝑏,𝑘
𝑖 ⊕ 𝑒 

ℎ,𝑘
𝑖 ⊕ 𝑒  

𝑘−1
𝑖 , (16)

−1𝑒 

𝑘 =𝑢  𝑒 

𝑏,𝑘
𝑢 ⊕ 𝑒 

ℎ,𝑘
𝑢 

⊕ 𝑒 

𝑘
𝑢 

, (15)

4.2.3. Behavior-specific embedding integration

With the learned embeddings of users and items from the 𝑘-th 

behavior-specific interaction graph and behavior-specific hypergraph, 

we integrate them to obtain their corresponding behavior-specific em-

beddings:

After hypergraph learning in the 𝑘-th behavior, the hypergraph em-

beddings of  
 

 user 𝑢 and item 𝑖 are represented as 𝑒ℎ,𝑘 ∈ R 

𝑑
 𝑒 

ℎ,𝑘and ∈ R𝑑 ,𝑢 𝑖   

respectively. Notably, the hypergraph learning proposed in this study 

distinguishes itself from previous studies [36]. First, to incorporate more 

user interaction information during the hypergraph convolution, we in-

ject the learned embeddings from the behavior interaction graph into the

process of hypergraph learning. Second, to preserve the independence of 

behavior interaction graph learning, we adopt a stop-gradient strategy 

to ensure unidirectional information propagation from behavior-specific 

interaction graph learning to behavior-specific hypergraph learning. 

Third, to simplify the process of information propagation in the hyper-

graph learning, we remove activation functions from the hypergraph 

convolution.

-

 

𝑏,ℎ
𝑐𝑙,𝑢𝑠𝑒𝑟 =

𝐾
∑

𝑘=1

∑

𝑢∈
− log 

exp(𝜙(𝑒𝑏,𝑘𝑢 , 𝑒ℎ,𝑘𝑢 )∕𝜏)
∑ 

𝑣∈ 

exp(𝜙(𝑒𝑏,𝑘𝑢 , 𝑒ℎ,𝑘𝑣 )∕𝜏)
, (20)

The intrinsic consistency between every user-item interaction graph 

and its corresponding hypergraph is maintained through our specially 

designed intra-behavior contrastive learning approach, which preserves 

mutual dependencies across both graph representations. Specifically, 

the intra-behavior contrastive loss for the user-side can be formally 

expressed as follows:

4.3.2. Intra-behavior consistency contrastive learning

𝑔,ℎ
where

 𝑔,ℎ
  and  represent the contrastive losses on the user-side𝑐𝑙,𝑢𝑠𝑒𝑟 𝑐𝑙,𝑖𝑡𝑒𝑚       

and item-side, respectively.

 

𝑔,ℎ
𝑐𝑙 =  

𝑔,ℎ
𝑐𝑙,𝑢𝑠𝑒𝑟 +  

𝑔,ℎ
𝑐𝑙,𝑖𝑡𝑒𝑚, (19)

𝑔,ℎ
Similarly, we obtain the inter-behavior contrastive loss

 

  between𝑐𝑙
the global graph and all 𝐾 behavior-specific hypergraphs as follows:

 

𝑔,𝑏
𝑐𝑙 =  

𝑔,𝑏
𝑐𝑙,𝑢𝑠𝑒𝑟 +  

𝑔,𝑏
𝑐𝑙,𝑖𝑡𝑒𝑚. (18)

where 𝜏 denotes the temperature coefficient, and 𝜙(⋅) is the similarity 

function. The computation of 𝑔,𝑏
 on the item-side adopts an analo𝑐𝑙,𝑖𝑡𝑒𝑚      

𝑔,𝑏
gous approach. The comprehensive contrastive loss   

      𝑐 is𝑙  obtained by

combining the user-side and the item-side losses:

-

𝑒  

𝑘
𝑢 = softmax 

(

𝑒 

𝑘
𝑢 ⋅ 𝐸 

𝑏
𝑢

√ 

𝑑 

)

⋅ (𝐸 

𝑏 

𝑢 ) 

𝖳, 

𝑒  

𝑘
𝑖 = softmax 

(

𝑒 

𝑘
𝑖 ⋅ 𝐸 

𝑏
𝑖

√ 

𝑑 

)

⋅ (𝐸𝑏
𝑖 ) 

𝖳, 

(22)

We propose a behavior mutual enhancement module to refine current 

behavior by extracting and integrating information from other behav

iors. For the 𝑘-th behavior, we update the representations of users and 

items as follows:

4.4. Model prediction

 

𝑏,ℎ
𝑐𝑙 =  

𝑏,ℎ
𝑐𝑙,𝑢𝑠𝑒𝑟 +  

𝑏,ℎ
𝑐𝑙,𝑖𝑡𝑒𝑚. (21)

 

𝑏,𝑘where (𝑒 𝑢 , 𝑒ℎ,𝑘𝑢 ) denote the positive sample pairs under the 𝑘-th 

 

be

havior and (𝑒𝑏,𝑘𝑢 , 𝑒ℎ,𝑘𝑣 ) are the negative sample pairs. The calculation of

intra-behavior contrastive loss on the item-side 𝐿 

𝑏,ℎ follows𝑐𝑙,𝑖𝑡𝑒𝑚  a similar

process. Finally, the overall intra-behavior contrastive loss is defined as 

follows:

-

-

where  𝑘 = {(𝑢, 𝑖, 𝑗) ∣ (𝑢, 𝑖) ∈ +
 , (𝑢, 𝑗) ∈  

−} indicates the positive and 

negative samples  

  +in the training set,  ( 

−) denotes the sample set 

with observed (unobserved) interaction in the 𝑘-th behavior.

 𝑘 

= 

∑

(𝑢,𝑖,𝑗)∈ 𝑘

− ln 𝜎(𝑦𝑘𝑢𝑖 − 𝑦𝑘𝑢𝑗 ), (26)

] serving as the optimization target defined 

in the following manner:

39

] to explore the information across multiple 

behaviors. Specifically, each behavior is handled as a distinct prediction 

task, with the BPR loss [

38

In the training phase, we employ a joint learning framework based 

on multi-task learning [

4.5. Joint optimization

𝑦𝑘𝑢𝑖 = (𝑒 

𝑘
𝑢 ) 

𝖳 

⋅ 𝑒 

𝑘
𝑖 . (25)

The ultimate prediction score 𝑦𝑘 indicates𝑢𝑖  the engagement probability 

for user-item pair (𝑢, 𝑖) under 𝑘-behavior, formulated as:

𝑒 

𝑘
𝑖 = 𝑒  

𝑘
𝑖 ⊕ 𝑒 

𝑔
𝑖 . (24)

𝑒 

𝑘
𝑢 = 𝑒  

𝑘
𝑢 ⊕ 𝑒 

𝑔
𝑢 , (23)

. 𝐸 

𝑏
𝑢 = [𝑒 

1
𝑢 , 𝑒 

2
𝑢 ,… , 𝑒 

𝐾
𝑢 ] ∈ R 

𝑑×𝐾 , 𝐸 

𝑏
𝑖 = [𝑒1𝑖 , 𝑒

2
𝑖 ,… , 𝑒𝐾𝑖 ] ∈ R 

𝑑×𝐾
 

To obtain comprehensive representations from both global and local 

perspectives, we integrate the 𝑘-th behavior-specific user/item em

beddings with their corresponding global user/item embeddings as

follows:

 

where 
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Accordingly, we formulate the loss function  for the complete task

as:

 =
𝐾
∑

𝑘=1
 𝑘 

⏟⏟⏟
𝑝𝑟𝑒𝑑𝑖𝑐𝑡𝑖𝑜𝑛

+ 𝛼(𝜆 1 

𝑔,𝑏
𝑐𝑙 + 𝜆 2 

 

𝑔,ℎ
𝑐𝑙

⏟⏞⏞⏞⏞⏞⏞⏞⏞⏟⏞⏞⏞⏞⏞⏞⏞⏞⏟
𝑖𝑛𝑡𝑒𝑟−𝑏𝑒ℎ𝑎𝑣𝑖𝑜𝑟

+ 𝜆 3 

𝑏,ℎ
𝑐𝑙

⏟⏟⏟
𝑖𝑛𝑡𝑟𝑎−𝑏𝑒ℎ𝑎𝑣𝑖𝑜𝑟

) + 𝛽‖Θ‖ 2 

, 

(27)

where 𝛼 is the coefficient of the overall consistency loss, 𝛽 denotes the 

weighting factor for regularization, Θ stands for all learnable parame

ters, and 𝜆 1, 𝜆2 and  

  

𝜆3 

are the coefficients of three individual consistency

losses, respectively.

-

4.6. Complexity analysis

We analyze the computational complexity of CMC-GCN’s key com

ponents. For the global graph learning component, the computational 

complexity is (𝐿 × | 

 

| × 𝑑), where | | 

 

denotes the𝑔 𝑔   number of edges 

in the global graph 𝑔 . The multi-granularity cascading graph convolu

tion module comprises two parts: (1) Behavior-specific interaction graph
∑

 

      ( 

𝐾learning has a computational complexity of =1 𝐿×| | 𝑘 𝑘 ×𝑑), with |  

  

|𝑘
being the edge count of the 𝑘-th behavior graph. (2) Behavior-specific 

hypergraph learning, utilizing low-rank implementation and optimized 

    𝐸 

ℎ,𝑘 𝖳
computation order (e.g., the computation  =𝑈  (𝑘 ⋅𝑈  ( 

𝑘 )𝑈  ) ⋅ 𝐸 

𝑏,𝑘
𝑈

can be optimized as 𝐸 

ℎ,𝑘 =𝑈   𝖳

𝑈 
𝑘 ⋅ ((𝑘 )𝑈  ⋅ 𝐸 

𝑏,𝑘)),𝑈  has complexity (𝐾 × 

𝐿 × (𝑀 + 𝑁) × 𝑆 × 𝑑). The behavior-consistency guided contrastive 

learning module operates at batch-level with computational complexity 

(𝐾 × 𝐵 × (𝑀 + 𝑁) × 𝑑), where 𝐵 is the batch size.

-

-

5. Experiments 

5.1. Experimental settings 

5.1.1. Datasets

Consistent with prior research [13,16,17], we evaluate our approach 

on four real-world benchmark datasets: Beibei, Taobao, Tmall, and QKV. 

The complete statistical breakdown appears in Table 1.

Beibei 

1 serves as a common benchmark for multi-behavior recom-

mendation tasks. The underlying data originates from its namesake 

platform - China’s premier infant product e-commerce platform, which 

holds a huge market share in its specialized domain.

Taobao 

2 dataset originates from its namesake e-commerce platform, 

a dominant force in China’s online retail sector. The collection spans 

11,953 items and 15,449 users.

Tmall 

3 is built from consumption records of its platform, a leading 

Chinese e-commerce hub. The curated dataset includes interactions with 

11,953 merchandise items and 41,738 distinct users.

QKV is constructed using the QK-Video data from Tenrec [40], which 

comprises various user interaction records during video browsing, with 

the “share” action designated as the target behavior.

5.1.2. Baselines

The CMC-GCN framework developed in this study was evaluated 

through comparative experiments against two categories of recommen-

dation methods.

Table 1 

Overview of experimental datasets.

Dataset Users Items Interaction Behavior type

Beibei 21,716 7977 3,338,068 {View, Cart, Buy}

Taobao 15,449 11,953 1,161,610 {View, Cart, Buy}

Tmall 41,738 11,953 2,292,594 {View, Collect, Cart, Buy}

QKV 11,870 18,074 464,213 {Click, Like, Share}

1 https://www.beibei.com/.
2 https://www.taobao.com/.
3 https://www.tmall.com/.

Single-behavior recommendation methods:

• MF-BPR [39]. It introduces BPR-Opt, a general-purpose training ob-

jective specifically designed for matrix factorization architectures,

which employs both observed and unobserved interaction samples 

through a maximum posterior estimation paradigm.

• NeuMF [41]. This neural recommendation framework employs a

hybrid architecture that combines GMF with MLP components to 

capture complex user-item relationships through collaborative filter-

ing.

• LightGCN [1]. This GCN-driven method focuses on capturing user

and item characteristics by propagating information through a bi-

partite interaction structure.

Multi-behavior recommendation methods:

• RGCN [42]. RGCN is designed to handle graph learning tasks with

multiple types of edges, enabling the propagation of type-specific 

graph information by distinguishing various types of edges.

• GNMR [11]. This method employs heterogeneous graph neural

networks to model collaborative signals across diverse categories 

of interactions among users and items, while capturing behavior 

dependency through recursive embedding propagation.

• NMTR [15]. It simultaneously models user preferences under dif-

ferent user behaviors by using cascaded prediction, and adopts a 

multi-task optimization framework.

• MBGCN [10]. MBGCN leverages a unified multi-behavior graph

that quantifies behavioral influences across interaction types for tar-

get prediction, and introduces an item–item graph to extract richer 

interaction information.

• S-MBRec [12]. This model introduces a supervised task that dis-

tinguishes the significance of various behaviors and captures com-

monality through a target behavior-centered contrastive learning 

framework.

• CRGCN [18]. CRGCN explicitly exploits the dependencies among

sequential behaviors and develops a cascading residual module to 

gradually learn and refine user preferences.

• MB-CGCN [16]. MB-CGCN explicitly models dependencies between

behaviors by introducing a feature transformation module in the 

chaining pass of behaviors.

• MB-HGCN [13]. This model utilizes a hierarchical graph convo-

lutional network that generates representation vectors for both 

users and items from a global perspective to local behavior-specific 

perspective to jointly model user preferences.

• PKEF [17]. PKEF leverages a parallel knowledge architecture to

strengthen the hierarchical information propagation for mitigat-

ing skewed interaction distribution across varied behavioral pat-

terns. Moreover, it incorporates a projection-based decomposition 

approach to distinguish between shared and distinctive feature 

representations among different behaviors.

• BCIPM [14]. BCIPM introduces a behavior-aware preference mod-

eling framework that contextualizes item preferences based on 

interaction patterns across different behavior types.

• DeMBR [32]. DeMBR eliminates hard noise via pruning-based de-

noising with a memory bank and suppresses soft noise through 

semantic guidance from strongly expressive behaviors, thereby more 

accurately capturing user preferences.

5.1.3. Implementation details

To ensure fairness in comparison, the configuration settings from 

[17] were adopted, which adopt an embedding size from {64, 128}. The 

learning rate is initialized to 5𝑒 

−4 , and the regularization coefficient 𝛽 is 

set to 1𝑒 

−3 . We utilize Adam [43] to optimize the model parameters. For 

the number of GCN layers in each behavior, we consider options among 

{1, 2, 3}. The coefficient 𝛼 is tuned within {0.1, 0.5}. Additionally, co-

efficients 𝜆 1 

, 𝜆 2 

, and 𝜆 3 

are adjusted in {0, 0.5, 1.0, 1.5, 2.0, 2.5}, with 

the constraint that their sum equals 3. The temperature coefficient 𝜏

Neurocomputing 651 (2025) 130952 

6 

https://www.beibei.com/
https://www.taobao.com/
https://www.tmall.com/


Y. Yin, X. Zhu, K. Huang et al.

Table 2 

Performance of CMC-GCN compared to baseline as measured using HR@10 and NDCG@10. The top two results for each column are highlighted in bold and underlined, 

respectively. (‘Rel Impr.’ indicates the percentage gain achieved by CMC-GCN in comparison with the most competitive baseline.)

Type Method Beibei Taobao Tmall QKV

HR@10 NDCG@10 HR@10 NDCG@10 HR@10 NDCG@10 HR@10 NDCG@10

Single-behavior MF-BPR 0.0284 0.0142 0.0128 0.0059 0.0154 0.0072 0.0287 0.0154

NeuMF 0.0231 0.0124 0.0077 0.0035 0.0100 0.0049 0.0223 0.0115

LightGCN 0.0318 0.0174 0.0381 0.0224 0.0450 0.0249 0.0327 0.0163

Multi-behavior RGCN 0.0363 0.0188 0.0215 0.0104 0.0316 0.0157 0.0755 0.0435

GNMR 0.0413 0.0221 0.0368 0.0216 0.0393 0.0193 0.0971 0.0557

NMTR 0.0429 0.0198 0.0282 0.0137 0.0536 0.0286 0.1153 0.0664

MBGCN 0.0470 0.0259 0.0509 0.0294 0.0549 0.0285 0.0991 0.0542

S-MBRec 0.0489 0.0253 0.0662 0.0353 0.0694 0.0362 0.1169 0.0704

CRGCN 0.0459 0.0324 0.0855 0.0439 0.0840 0.0442 0.1783 0.1004

MB-CGCN 0.0579 0.0381 0.1233 0.0677 0.0984 0.0558 0.1805 0.1033

MB-HGCN 0.0744 0.0369 0.1380 0.0728 0.1470 0.0784 0.2070 0.1266

PKEF 0.1130 0.0582 0.1385 0.0785 0.1277 0.0721 0.1456 0.0729

BCIPM 0.0816 0.0406 0.1426 0.0807 0.1512 0.0803 0.2239 0.1359

DeMBR 0.1046 0.0585 0.1392 0.0806 0.1458 0.0840 0.2440 0.1416

CMC-GCN 0.1347 0.0675 0.1960 0.1061 0.1715 0.0922 0.2771 0.1610

Rel Impr. 19.20 % 15.38 % 37.45 % 31.47 % 13.43 % 9.76 % 13.57 % 13.70 %

is fixed at 0.1. The number of hyperedges 𝑆 is tuned in {32, 64}. The 

optimal settings for the consistency constraints 𝜆 1 

, 𝜆 2 

, and 𝜆 3 

, the tem-

perature coefficient 𝜏, and the number of hyperedges 𝑆 are discussed in 

Section 5.9.

5.1.4. Evaluation metrics

Following [1,41,44], our evaluation adopts the leave-one-out strat-

egy: (1) the test set comprises users’ latest interactions, while (2) the 

validation set utilizes their penultimate interactions. To assess the ef-

fectiveness of our model, we adopt Hit Ratio (HR@𝑛) and Normalized 

Discounted Cumulative Gain (NDCG@𝑛) as evaluation metrics.

5.2. Performance evaluation

Table 2 displays the measured performance metrics in our com-

parative study. The analysis reveals these key findings: First, among 

all approaches focusing on single-behavior modeling, LightGCN consis-

tently outperforms MF-BPR and NeuMF across all datasets. The reason 

for the performance improvement is that LightGCN effectively captures 

high-order interaction information, whereas both MF-BPR and NeuMF 

focus solely on information from direct neighbors. Second, among all 

multi-behavior methods, RGCN shows the lowest performance across all 

cases. This is because it combines information from different behaviors 

through simple summation, which overlooks the unique characteristics 

of each behavior. GNMR achieves better performance than RGCN by em-

ploying heterogeneous graph neural networks, which can distinguish the 

unique characteristics of different behaviors. NMTR obtains a compet-

itive performance, similar to GNMR and also outperforms RGCN since 

it explores the sequential dependency between behaviors by indirectly 

modeling the interaction scores associated with each behavior.

MBGCN outperforms both GNMR and NMTR as it further captures the 

contribution degree of different behaviors and assigns specific weights 

to them. Compared to MBGCN, S-MBRec demonstrates enhanced per-

formance through the introduction of a supervised learning objective 

that more effectively captures the significance of various interaction 

types. CRGCN and MB-CGCN achieve superior performance by lever-

aging cascading graph convolutional networks to capture the cascade 

relationships among multiple behaviors. MB-HGCN yields a better per-

formance than CRGCN and MB-CGCN. The reason is that MB-HGCN 

effectively leverages multi-behavior information through its hierarchi-

cal learning and aggregation strategies. PKEF outperforms MB-HGCN 

as it can learn complex interactions across multiple behaviors by in-

tegrating both cascade and parallel paradigms. BCIPM demonstrates 

strong performance, particularly in capturing nuanced item-specific 

preferences within specific behaviors via its behavior-contextualized 

item preference network. Relative to other baseline methods, DeMBR

demonstrates superior performance across the majority of experimental 

scenarios, attributed to its soft and hard denoising mechanisms, which 

jointly optimize cross-behavior semantics.

By a wide margin, our proposed method CMC-GCN surpasses the 

best performing baseline. For instance, CMC-GCN achieves performance 

gains of 19.20 %, 37.45 %, 13.43 % and 13.57 % in HR@10 compared 

to the strongest baseline across Beibei, Taobao, Tmall and QKV datasets 

respectively. This is because CMC-GCN captures both fine- and coarse-

grained hierarchical correlations by incorporating the user-item inter-

action graph along with a behavior-specific hypergraph. Additionally, it 

ensures inter- and intra-behavior consistency in representations through 

a contrastive learning framework.

5.3. Ablation study

To further elaborate on reasons for the performance gain and validate 

the design rationalization of key components in CMC-GCN, we introduce 

additional variants as follows:

• 𝑤∕𝑜 𝑔𝑙𝑜𝑏𝑎𝑙: We remove the global graph as well as the cross-

behavior contrastive loss associated with it.

• 𝑤∕𝑜 ℎ𝑦𝑝𝑒𝑟: We discard behavior-specific hypergraphs from the

multi-granularity cascading graph convolution network module.

• 𝑤∕𝑜 𝑠𝑡𝑜𝑝: The stop-gradient strategy between the interaction graph

and the hypergraph across behaviors is removed.

• 𝑤∕𝑜 𝑐𝑎𝑠𝑐𝑎𝑑𝑖𝑛𝑔: The cascading architecture is eliminated, and em-

beddings for multiple behaviors are all initialized based on the global 

graph.

• 𝑤∕𝑜 𝑚𝑢𝑡𝑢𝑎𝑙: We remove the behavior mutual enhancement mod-

ule, and directly adopt embeddings learned from each behavior for 

prediction.

As presented in Table 3, it is evident that all components play 

important roles in improving the effectiveness of our method. To be 

specific, we observe that: First, removing the global graph (𝑤∕𝑜 𝑔𝑙𝑜𝑏𝑎𝑙) 

leads to a significant performance degradation. This is attributable to 

its essential function in capturing the user’s overall preferences across 

various behaviors. Moreover, it acts as a mediator for cross-behavior 

contrastive learning, which imposes an inherent constraint to maintain 

consistency across different behaviors. Second, abandoning hypergraphs 

(𝑤∕𝑜 ℎ𝑦𝑝𝑒𝑟) causes a notable performance deterioration, highlighting 

the importance of incorporating learnable hypergraphs. This result is 

attributed to the hypergraph’s ability to capture implicit high-order cor-

relations among users or items, thereby complementing the behavior 

interaction graph. Third, discarding the stop-gradient strategy causes a 

performance drop in the proposed model, which reveals the importance
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Table 3 

Performance comparison of different CMC-GCN variants on all datasets.

Methods Beibei Taobao Tmall QKV

HR@10 NDCG@10 HR@10 NDCG@10 HR@10 NDCG@10 HR@10 NDCG@10

CMC-GCN(full) 0.1347 0.0675 0.1960 0.1061 0.1715 0.0922 0.2771 0.1610

𝑤∕𝑜 𝑔𝑙𝑜𝑏𝑎𝑙 0.0664 0.0342 0.1493 0.0861 0.0678 0.0359 0.1913 0.1206

𝑤∕𝑜 ℎ𝑦𝑝𝑒𝑟 0.1220 0.0616 0.1699 0.0910 0.1607 0.0861 0.2410 0.1417

𝑤∕𝑜 𝑠𝑡𝑜𝑝 0.1157 0.0592 0.1820 0.0978 0.1714 0.0921 0.2630 0.1550

𝑤∕𝑜 𝑐𝑎𝑠𝑐𝑎𝑑𝑖𝑛𝑔 0.1243 0.0630 0.1766 0.0949 0.1633 0.0873 0.2544 0.1489

𝑤∕𝑜 𝑚𝑢𝑡𝑢𝑎𝑙 0.1076 0.0550 0.1768 0.0946 0.1585 0.0860 0.2280 0.1362

The bold values indicate the best performing results.

Table 4 

Performance comparison of different contrastive learning variants for CMC-GCN on all datasets.

Methods Beibei Taobao Tmall QKV

HR@10 NDCG@10 HR@10 NDCG@10 HR@10 NDCG@10 HR@10 NDCG@10

CMC-GCN (full) 0.1347 0.0675 0.1960 0.1061 0.1715 0.0922 0.2771 0.1610

𝑤∕𝑜 𝐶𝐿 𝑖𝑛𝑡𝑟𝑎 0.1200 0.0605 0.1886 0.1013 0.1681 0.0902 0.2664 0.1544

𝑤∕𝑜 𝐶𝐿 𝑖𝑛𝑡𝑒𝑟 0.0970 0.0498 0.1671 0.0877 0.1531 0.0794 0.2601 0.1516

𝑤∕𝑜 𝐶𝐿 𝑎𝑙𝑙 0.0854 0.0438 0.1343 0.0709 0.1400 0.0745 0.2093 0.1272

The bold values indicate the best performing results.

of maintaining the unidirectional information propagation from fine-

grained interaction graph learning to coarse-grained behavior-specific 

hypergraph learning. Fourth, the results of the variant 𝑤∕𝑜 𝑐𝑎𝑠𝑐𝑎𝑑𝑖𝑛𝑔 

validate the benefits of modeling the dependencies among sequential 

behaviors, which is consistent with previous work. Finally, the vari-

ant 𝑤∕𝑜 𝑚𝑢𝑡𝑢𝑎𝑙, which excludes behavior mutual enhancement, shows 

a significant performance decline, highlighting the effectiveness of 

integrating information from other behaviors.

5.4. Effectiveness analysis of behavior consistency-guided contrastive 

learning

To investigate the contribution of the inter- and intra-behavior 

consistency constraints based on contrastive learning, we conduct ex-

periments by removing the constraints from CMC-GCN and obtain the 

following variants:

• 𝑤∕𝑜 𝐶𝐿 𝑖𝑛𝑡𝑟𝑎 

: We discard the consistency constraint between each

user-item interaction graph and its corresponding hypergraph in 

the same behavior, i.e., the intra-behavior contrastive loss  

𝑏,ℎ 

𝑐𝑙 is

removed.

• 𝑤∕𝑜 𝐶𝐿 𝑖𝑛𝑡𝑒𝑟 

: We remove the consistency constraint across different

behaviors, i.e., the inter-behavior contrastive loss ( 

𝑔,𝑏
𝑐𝑙 and  

𝑔,ℎ
𝑐𝑙 ) is

ignored.

• 𝑤∕𝑜 𝐶𝐿 𝑎𝑙𝑙 

: Both intra- and inter-behavior contrastive losses are

simultaneously removed.

As shown in Table 4, our findings demonstrate that both intra-

and inter-behavior contrastive constraints play a crucial role in CMC-

GCN, and removing the inter-behavior contrastive constraint results 

in a greater decline in model performance than removing the intra-

behavior contrastive constraint on all datasets. Furthermore, discarding 

both constraints leads to an even more severe performance degradation, 

indicating that the intra- and inter-behavior contrastive constraints can 

complement each other.

5.5. Model performance under different interaction densities

To assess CMC-GCN’s performance at varying interaction densities, 

the test set users are categorized into five distinct categories according to 

their interaction frequency within the Taobao dataset. Specifically, we 

separate users into five categories: G1 (1–3 interactions), G2 (4–6 inter-

actions), G3 (7–9 interactions), G4 (10–12 interactions) and G5 (over 12 

interactions). We illustrate our proposed model’s performance for each 

category in Fig. 2.

In comparison with the four most advanced baselines (e.g., MB-

HGCN, PKEF, BCIPM and DeMBR), our method consistently demon-

strates the optimal recommendation performance across all categories. 

Furthermore, the CMC-GCN’s performance gain over these strong base-

lines grows as the interaction density levels increase. The experimental 

outcomes affirm the efficacy of incorporating learnable hypergraphs 

combined with intra- and inter-behavior contrastive constraints within 

our proposed CMC-GCN.

5.6. Model performance in cold-start scenario

This section examines the efficacy of CMC-GCN in addressing cold-

start challenges. To analyze how different cold-start degrees affect the 

proposed model’s performance, we implement controlled experiments 

on the Taobao dataset by randomly selecting 50 % of users and sys-

tematically removing portions of their interaction history (10 %, 20 %, 

30 %, 40 %, and 50 % deletion ratios). We compare CMC-GCN with MB-

HGCN, PKEF, BCIPM and DeMBR. Fig. 3 shows the relative performance 

degradation of different methods in terms of HR@10 compared to the 

performance on full interaction data. Our approach demonstrates less 

performance degradation compared to other baselines. This is primar-

ily due to the following reasons: (1) The behavior-specific hypergraph 

in CMC-GCN is effective in capturing complex high-order correlations 

among users and items, which complements its corresponding behavior-

specific interaction graph to mitigate the cold-start issue. (2) CMC-GCN 

incorporates the inter-behavior consistency constraint which can further 

strengthen the representation learning in each behavior by incorporating 

information from other behaviors.

5.7. Impact of auxiliary behaviors

To examine how auxiliary behaviors affect model performance, we 

gradually remove these behaviors and assess the CMC-GCN’s perfor-

mance alongside four competitive baselines: MB-HGCN, PKEF, BCIPM 

and DeMBR. Fig. 4 demonstrates the experimental outcomes using the 

Taobao dataset.

Our findings indicate that eliminating the auxiliary behavior “view” 

causes a notable degradation in performance across all methods. In ad-

dition, a further performance drop can be observed if we continue to 

discard the auxiliary behavior “cart”. Experimental findings reveal the 

beneficial effects of integrating additional auxiliary behaviors across dif-

ferent methods, where our proposed approach demonstrates superior 

utilization efficiency of these behaviors. Moreover, among different set-

tings of auxiliary behaviors, CMC-GCN consistently outperforms all four
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Fig. 2. The performance of our method versus baseline methods at different interaction densities.

Fig. 3. The impact of different cold-start ratios on model performance.

Fig. 4. The Impact of auxiliary behaviors on performance.

strong baselines, which suggests the better capability of CMC-GCN for ef-

fectively exploring multi-behavior information. Additionally, when only 

utilizing the target behavior “buy”, all recommendation models that in-

corporate multiple behaviors, including our proposed CMC-GCN, are 

lower than a single-behavior recommendation model like LightGCN [1]. 

This may be ascribed to the intricate architecture of such multi-behavior 

methods that could exhibit enhanced susceptibility to overfitting.

5.8. Impact of behavior chain order

Within a sequence of behaviors, subsequent behaviors typically pro-

vide a more pronounced reflection of user preferences compared to 

earlier ones [16], where we refer to the earlier behavior as causal be-

havior. To investigate the impact of sequential behavior patterns within

the framework on CMC-GCN’s effectiveness, we adjust the order of be-

haviors in the Taobao dataset, and the corresponding outcomes are 

displayed in Fig. 5.

As shown, the original behavior chain [view → cart → buy] results 

in the best performance, whereas its reverse order yields the worst per-

formance, even worse than the variant without a cascading architecture 

(i.e., variant 𝑤∕𝑜 𝑐𝑎𝑠𝑐𝑎𝑑𝑖𝑛𝑔). In addition, placing more casual behav-

iors later in a behavior chain leads to a performance decline of our 

proposed model. For example, the model performance on the behav-

ior chain [buy → view → cart] is inferior to that on the behavior chain 

[view → buy → cart]. This result indicates that the sequence of behav-

iors serves as a critical determinant in the effectiveness of CMC-GCN. 

The primary reason lies in the fact that casual behaviors, such as ‘view’,
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Fig. 5. Impact of behavior sequence order on performance in the cascading architecture.

Table 5 

Performance differences when assigning varying weights to consistency constraint terms in training.

[𝜆 1 

, 𝜆 2 

, 𝜆 3 

] Beibei Taobao Tmall QKV

HR@10 NDCG@10 HR@10 NDCG@10 HR@10 NDCG@10 HR@10 NDCG@10

[0.5, 0.5, 2.0] 0.1173 0.0591 0.1804 0.0964 0.1615 0.0877 0.2673 0.1561

[0.5, 2.0, 0.5] 0.1347 0.0675 0.1941 0.1032 0.1634 0.0884 0.2695 0.1571

[1.0, 1.0, 1.0] 0.1249 0.0631 0.1888 0.1001 0.1574 0.0856 0.2566 0.1499

[1.0, 0.5, 1.5] 0.1287 0.0653 0.1814 0.0970 0.1680 0.0914 0.2540 0.1493

[1.5, 0.5, 1.0] 0.1310 0.0662 0.1838 0.0978 0.1686 0.0914 0.2771 0.1610

[1.5, 1.0, 0.5] 0.1293 0.0658 0.1960 0.1061 0.1715 0.0922 0.2737 0.1600

[2.0, 0.5, 0.5] 0.1266 0.0644 0.1937 0.1036 0.1665 0.0906 0.2657 0.1558

The bold values indicate the best performing results.

Fig. 6. The Impact of temperature coefficient 𝜏.

often contain more noise. By positioning these casual behaviors earlier 

in the sequence, the cascading architecture can progressively refine the 

learning of user preferences, allowing a more effective transfer of user 

preferences from auxiliary behavior to the target behavior.

5.9. Impact of hyperparameter setting

To investigate the impact of different consistency weight combina-

tions (𝜆 1 

, 𝜆 2 

, and 𝜆 3 

) on model performance across datasets, we tested 

various configurations without exhaustively enumerating all possible 

combinations. The experimental results are shown in Table 5. From 

the tested combinations, we observed that no single weight configu-

ration achieves optimal performance across all datasets. This indicates 

that while introducing inter-behavior and intra-behavior consistency 

constraints positively impacts model performance, weight adjustment 

remains necessary to account for data and scenario variations. We leave

the study of automatically balancing behavior consistency constraints 

for future research.

The hyperparameter 𝜏 controls the smoothness of embedding similar-

ity, i.e., a small 𝜏 results in sharper similarity, while a larger 𝜏 produces 

a smoother similarity. We tune 𝜏 from the set of values {0.05, 0.075, 0.1, 

0.25, 0.5, 1.0} and present the corresponding findings for four datasets 

in Fig. 6. The experimental outcomes demonstrate that as 𝜏 increases, 

the performance of CMC-GCN initially exhibits a steady improvement, 

peaking at 𝜏=0.1, followed by a decline with further augmentation of 𝜏.
The hyperparameter 𝑆 indicates the number of hyperedges utilized 

in a behavior-specific hypergraph. Each hyperedge serves as a mediator 

to connect users (items), and reflects a specific semantic dependency 

between users (items). We investigate the effect that the number of 

hyperedges has on the performance of CMC-GCN. To be specific, we 

vary the value of 𝑆 in {16, 32, 64, 128, 256}, with the corresponding

Neurocomputing 651 (2025) 130952 

10 



Y. Yin, X. Zhu, K. Huang et al.

Fig. 7. The Impact of hyperedge number 𝑆.

Table 6 

Model computational cost with running time (seconds).

Methods Beibei Taobao Tmall QKV

Training Inference Training Inference Training Inference Training Inference

MB-HGCN 6.9 6.5 4.6 4.2 13.1 9.2 5.4 3.5

PKEF 40.1 13.9 36.7 10.5 54.4 15.6 25.1 9.1

BCIPM 217.5 27.0 280.3 14.0 431.5 32.7 111.8 18.1

DeMBR 65.3 7.7 24.6 5.3 271.7 23.1 8.4 5.2

CMC-GCN 8.9 7.5 8.5 5.1 15.2 9.7 7.0 4.5

outcomes presented in Fig. 7. Note that when 𝑆 is small, CMC-GCN 

performs poorly. This could be due to the insufficient number of 

hyperedges, which limits the model’s ability to adequately represent the 

complex semantic dependencies among users (items). As 𝑆 gets larger, 

the model performance improves progressively. Model performance be-

gins to degrade as we gradually increase the 𝑆 parameter beyond a 

certain threshold. This phenomenon occurs because excessive values of 

𝑆 may suffer from over-fitting issues and harm model performance.

5.10. Model training and inference efficiency study

To evaluate training and inference efficiency, we compare the 

per-epoch time consumption of CMC-GCN with other multi-behavior 

methods under same experimental conditions, as shown in Table 6. 

Specifically, MB-HGCN achieves superior efficiency due to its simple 

hierarchical architecture and reliance solely on multi-behavior graph 

convolutional networks. PKEF incurs additional computational costs 

from its parallel knowledge enhancement and multi-expert network, 

while BCIPM suffers from prolonged training time caused by its com-

plex yet essential embedding pre-training operations. DeMBR’s semantic 

guidance denoising requires pairwise behavior difference computation, 

leading to high time costs. As behavior types grow (e.g., Tmall’s 4 

behaviors), the combinatorial explosion of behavior pairs significantly 

increases computational complexity. While our method introduces ad-

ditional computational costs by incorporating behavior-specific hyper-

graphs within each behavior and implementing inter- and intra-behavior 

consistency contrastive learning, the low-rank implementation of hyper-

graphs maintains overall computational efficiency. Consequently, our 

approach achieves efficiency comparable to the optimal MB-HGCN while 

outperforming other methods.

6. Conclusion

In this paper, we present a novel model CMC-GCN for multi-behavior 

recommendation. CMC-GCN examines both fine- and coarse-grained 

correlations among users or items for each behavior by jointly mod-

eling the behavior-specific interaction graph and its corresponding

hypergraph, where the latter is designed to capture coarse-grained cor-

relations among users or items, helping to mitigate the sparsity issues 

inherent in the interaction graph. Additionally, it develops a behav-

ior consistency-guided alignment strategy that ensures representation 

consistency between the interaction graph and its corresponding hyper-

graph within each behavior, while also maintaining consistency across 

different behaviors. Extensive experiments on four real-world bench-

mark datasets demonstrate that our proposed method considerably 

outperforms state-of-the-art baseline methods.
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