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H I G H L I G H T S

• We propose Conan, an efficient asymmetric contrastive framework with novel session-level augmentation.

• As graph learning module, GamaFormer integrates self-attention with Mamba layers.

• As sequence learning module, Bi-Mason combines bidirectional Mamba with KAN.

• Conan outperforms 33 state-of-the-art baselines on four real-world datasets.
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A B S T R A C T

Session-based recommender systems aim to capture the latent preferences of the anonymous user and predict the 

next item based on the historical interactions within the current session. Most of existing works rely on attention-

based modules to capture item dependencies derived from graph learning or sequence learning. However, these 

works suffer from the effectiveness and efficiency dilemma regarding the design of the overall framework and the 

modules, which hinders more precise recommendations on the larger scale datasets. To address these challenges, 

we propose Conan, an asymmetric contrastive framework that uses effective session-level augmentation and gen­

erates positive and negative samples with just a single forward propagation. Conan enhances the feature learning 

capacity of the graph learning module by leveraging the meaningful contrastive signals derived from sequence 

learning. For the specific module design, we introduce the Mamba block and the Fourier Kolmogorov-Arnold 

network to further enhance both effectiveness and efficiency. Extensive experiments conducted on four real-

world datasets (Diginetica, Retailrocket, Dressipi, and KuaiRand) demonstrate the superiority of our approach 

over state-of-the-art methods, achieving average gains of 2.32% to 2.70% in Recall and 2.74% to 3.14% in two 

ranking metrics (MRR and NDCG). The ablation studies suggest the effectiveness of the overall framework and 

main components. The efficiency experiments demonstrate that our Conan achieves a well-balanced performance 

in terms of both time and space complexity. 

1 . Introduction

Session-based recommender systems (SBRSs) have become an im­

portant research topic due to their ability to provide personalized 

recommendations for anonymous users on online platforms. Unlike se­

quential recommender systems (SRSs), which often rely on long term 

user histories, SBRSs infer user preferences solely from interactions ob­

served within the current session. This setting is particularly relevant in 

scenarios where user identities are unavailable or historical records are 

sparse. As a result, SBRSs have attracted growing attention from both 

academia and industry [1].

There are two main schemes to address the session-based recom­

mendation task, including the graph-based methods and the sequence-

based methods. Specifically, the graph-based methods first transform 

the raw session sequences into various session graphs, and then adopt 

attention-based and convolution-based methods to capture the non-

sequential item dependencies. Moreover, the sequence-based methods 
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Fig. 1. Framework comparison. Red boxes indicate the same modules. DA and CL denote data augmentation and contrastive learning, respectively.

directly adopt the sequence modeling networks, such as recurrent neu­

ral networks (RNNs) and Transformers, to capture the sequential item 

dependencies. However, these works disregard the complementarity be­

tween non-sequential and sequential item dependencies, leading to a 

sub-optimal performance. Specifically, in terms of existing sequence-

based SBRSs, user preferences are inherently more complex than simple 

sequential patterns in item transitions. In addition, existing graph-based 

SBRSs struggle to capture time-aware user preferences from sessions 

with complex structures, such as the ring structures. Therefore, there is 

an urge to integrate graph learning and sequence learning for more com­

prehensive capturing of item dependencies. While some attempts have 

been made to unify graph learning and sequence learning approaches, 

their suboptimal architectures often produce biased representations of 

user preferences and suffer from low efficiency. Specifically, as shown 

in Fig. 1 (a), the parallel frameworks adopt naive methods, such as 

concatenation and summation, to fuse the features derived from graph 

learning and sequence learning. However, these approaches fail to ad­

dress potential feature conflicts between non-sequential and sequential 

item dependencies, leading to serious information loss and sub-optimal 

performance. Moreover, as shown in Fig. 1 (b), several approaches [2,3] 

adopt the cascading framework to integrate sequential information by 

applying sequence learning with positional encoding after graph learn­

ing. However, the cascading framework makes the sequential features 

overly dependent on graph features, resulting in a biased understanding 

of user preferences. Furthermore, although recent symmetric contrastive 

frameworks, as shown in Fig. 1 (c) and (d), have shown promising per­

formance [4,5], their reliance on multiple forward propagations of an 

identical network for contrastive learning and recommendation inher­

ently compromises training efficiency. In summary, it is still challenging 

for existing frameworks to balance effectiveness and efficiency.

As shown in Table 1, the effectiveness-efficiency dilemma also ex­

ists in the design of the specific modules, hindering the achievement 

of better performance on the larger scale datasets. In terms of effi­

ciency, recurrent neural network-based modules are particularly costly 

to train, as their training process cannot be parallelized across time 

steps, limiting their training efficiency. Moreover, Transformer-based 

modules benefit from the global receptive field to capture long-term se­

mantics. However, the quadratic computational complexity associated 

with self-attention limits their inference efficiency. General graph neural 

networks, including Gated Graph Neural Networks (GGNNs) and Graph 

Attention Networks (GATs), also suffer from comparable efficiency bot­

tlenecks due to the RNN-based and attention-based message passing. In 

terms of effectiveness, the convolution-based modules benefit from the 

Table 1 

Module comparison regarding effectiveness and efficiency.

Backbone Representative work Effectiveness Efficiency

Recurrent neural network GRU4Rec [6] ✓ ✘

Transformer SASRec [7] ✓ ✘

Gated graph neural networks SRGNN [8] ✓ ✘

Graph attention networks FAPAT [9] ✓ ✘

Convolutional neural network NextItNet [10] ✘ ✓

Graph convolutional network SPARE [11] ✘ ✓

Light graph convolutional network DCRec [12] ✘ ✓

Mamba Mamba4Rec [13] ✘ ✓

local receptive field and parameter sharing to capture local item de­

pendencies efficiently. However, these modules fail to understand the 

global item dependencies due to the limited receptive field, leading to 

a sub-optimal performance. Furthermore, with the linear scalability in 

sequence length, recent Mamba is more efficient to train than recur­

rent neural networks (RNNs) and offers superior inference efficiency 

compared to Transformers. However, recent works also suggest that 

Mamba demonstrates limitations in some tasks [14,15], such as learn­

ing decision trees, retrieval tasks, and image classification. Particularly, 

MambaOut [15] suggests that Mamba struggles to learn refined features 

from limited context due to its lossy memory.

To tackle these challenges, we introduce a framework and specific 

modules that achieve a balance between effectiveness and efficiency. In 

terms of framework design, we propose Conan, which leverages graph 

learning and sequence learning within an asymmetric contrastive frame­

work to capture more comprehensive item dependencies. Compared 

to the popular symmetric contrastive frameworks that depend on a 

single network [4,5], Conan adopts different networks to effectively har­

monize the representations captured by graph learning and sequence 

learning, where the diverse networks offer stronger feature learning ca­

pacity. Moreover, we employ session-level data augmentation within 

our contrastive learning (CL) framework to generate negative sam­

ples by shuffling session representations. This augmentation approach 

avoids disrupting the continuity of the original sequence and avoids 

tedious parameter tuning, which are significant limitations of existing 

data-augmentation methods [4,16]. Compared to existing contrastive 

frameworks, this framework requires only a single forward propagation 

to construct positive and negative samples rather than multiple forward 

propagations, significantly improving training efficiency. Furthermore, 

considering the recent success of graph-based recommender systems 
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[17,18], we emphasize the fundamental role of non-sequential item 

dependencies derived from graph learning. As for sequence learning, 

it contributes valuable contrastive signals that enhance the unifor­

mity and alignment of representations. In terms of module design, 

the Mamba block and the Fourier Kolmogorov-Arnold network (KAN) 

are introduced to ensure the balance of effectiveness and efficiency. 

Specifically, we employ GaMaFormer for graph learning to capture the 

non-sequential item dependencies from session graphs, which inter­

leaves self-attention layer with Mamba layer to leverage the strengths 

of both Transformer and Mamba network [19,20]. Moreover, Bi-Mason 

is proposed to highlight the sequential item dependencies derived from 

session sequences, which adopts the bidirectional Mamba with shared 

parameters as backbone. Inspired by the recent success of the KAN 

[21], we utilize the Fourier KAN to fuse bidirectional contextual fea­

tures, employing 1D Fourier coefficients instead of B-spline coefficients 

to facilitate easier optimization and reduce the number of learnable 

parameters [22].

Extensive experiments on publicly available datasets demonstrate 

Conan’s superior performance compared to 33 baseline models, with 

improvements ranging from 2.32% to 3.14% across three recommender 

system evaluation metrics. Ablation studies validate the effectiveness of 

the overall framework, the graph learning module, and the sequence 

learning module. Additionally, parameter sensitivity analyses are con­

ducted to assess Conan’s performance under different hyperparameter 

settings. Moreover, user group studies suggest that Conan can provide 

effective recommendations for users across different levels of activity. 

Furthermore, Conan’s efficiency is compared with several representative 

baseline models, demonstrating a strong balance between effectiveness 

and efficiency. Lastly, we visualize the item embeddings of Conan and 

five baseline models to evaluate how session-level augmentation-based 

contrastive learning enhances representation learning. The visualization 

confirms that Conan produces a more optimal feature space distribution. 

This work makes four key contributions. First, we propose an asymmet­

ric contrastive learning paradigm for jointly modeling graph structures 

and sequential patterns in session-based recommendation, enabling one-

pass generation of positive and negative samples for more effective and 

efficient feature learning. Second, GaMaFormer combines self-attention, 

Mamba, and Stable MLPs to achieve efficient and expressive graph repre­

sentation learning. Third, Bi-Mason employs bidirectional Mamba layers 

and Fourier KAN to capture contextual dependencies and improve se­

quence representation learning. Finally, extensive experiments on four 

benchmark datasets show that Conan consistently achieves state-of-the-

art performance, and ablation studies further validate the contribution 

of each component.

2 . Preliminaries

In this section, we first introduce the research objective and the prob­

lem definition of the session-based recommendation task. Subsequently, 

we briefly introduce the state space model and the selective mechanism 

of Mamba.

2.1 . Research objective and problem definition

Our research objective is to predict the next item of interest for users 

based on their interactions within current sessions. Formally, let 𝑉 =
{

𝑣1,… , 𝑣
|𝑉 |

}

 denote the unique item set, where |𝑉 | is the size of the 

item set. The current session of an anonymous user is defined as the 

sequential list of interacted items 𝑠 =
{

𝑣𝑠1,… , 𝑣𝑠𝑖 ,… , 𝑣𝑠𝑙
}

, where 𝑣𝑠𝑖 ∈ 𝑉
(1 ≤ 𝑖 ≤ |𝑉 |) denotes the item interacted with at the 𝑖-th time step, and 𝑙
is the length of the session. Given the current session 𝑠, the goal of SBRSs 

is to predict the next item to be interacted with, 𝑣𝑠𝑙+1. Typically, at each 

time step, a top-𝐾 recommendation list is generated, consisting of items 

with the highest likelihood of being interacted with by the user.

In our SBRS, each item 𝑣𝑖 is embedded as 𝑒𝑖 ∈ ℝ𝑑  to represent its 

initial features, where 𝑑 is the embedding dimension. Subsequently, the 

user preference representations ℎ𝑔𝑐𝑜𝑚 and ℎ𝑠𝑒𝑞𝑐𝑜𝑚 ∈ ℝ𝑑  are learned by the 

graph learning and sequence learning modules, respectively. For graph 

learning, the original session sequence 𝑠 is transformed into a directed 

session graph 𝐺𝑠 =
(

V𝑠, E𝑠
)

, where V𝑠 and E𝑠 denote the item node set 

and edge set, respectively. The edge 
(

𝑣𝑖, 𝑣𝑖+1
)

∈ E𝑠 reflects the adjacent 

transition between two items. For sequence learning, the original ses­

sion sequence 𝑠 is transformed into a fixed-length session sequence 𝑠tr , 
with a fixed-length threshold denoted as 𝐿max. If the sequence length 

exceeds 𝐿max, only the most recent 𝐿max interactions are considered. If 

the sequence length is shorter than 𝐿max, padding items are added to the 

left until the sequence reaches the fixed length.

2.2 . The state space model and the selective mechanism of mamba

The state space model (SSM) is a sequence modeling framework 

based on linear ordinary differential equations. Specifically, SSMs map 

the input sequence 𝑥(𝑡) ∈ ℝ𝑑  to the output sequence 𝑦(𝑡) ∈ ℝ𝑑  through 

hidden states ℎ(𝑡) ∈ ℝ𝑛𝑑 . The state dynamics are described by the 

first-order differential equations as follows:

ℎ′(𝑡) = 𝐴ℎ(𝑡) + 𝐵𝑥(𝑡), (1)

𝑦(𝑡) = 𝐶ℎ(𝑡), (2)

where 𝑡 denotes the time step, 𝐴 ∈ ℝ𝑛𝑑×𝑛𝑑 , 𝐵 ∈ ℝ𝑛𝑑×𝑑 , and 𝐶 ∈ ℝ𝑑×𝑛𝑑  are 

learnable matrices. Specifically, the parameter 𝐴 is the evolution matrix, 

which stores all previous historical information represented by a matrix 

of coefficients. It determines the degree of influence the previous hidden 

state has on the hidden state at the next time step, updating the spatial 

state accordingly. The projection matrix 𝐵 determines how the input 𝑥(𝑡)
affects the hidden state ℎ(𝑡). Finally, the projection matrix 𝐶 indicates 

how the hidden state ℎ(𝑡) is transformed into the output 𝑦(𝑡).
Although SSM provides a unique approach to modeling sequences, 

it still faces three key challenges. First, to compute the output sequence 

𝑦(𝑡) at time 𝑡, solving for ℎ(𝑡) is analytically difficult. Second, real-world 

data is typically discrete rather than continuous. Third, the parameters 

in traditional SSMs remain invariant with respect to the input context 

and temporal dynamics, which fails to effectively handle selective tasks 

as equal attention is given to all input elements. To address these issues, 

the Mamba architecture employs the zero-order hold (ZOH) approach 

to model discrete sequences as an alternative to continuous functions. 

Formally,

𝐴̄ = 𝑒𝐴Δ, (3)

𝐵̄ = −𝐴Δ
(

𝑒𝐴Δ − 𝐼
)

Δ𝐵, (4)

𝐵 = 𝑊1𝑥𝑡 + 𝑏1, (5)

𝐶 = 𝑊2𝑥𝑡 + 𝑏2, (6)

Δ = log
{

1 + 𝑒𝑊3𝑥𝑡+𝑏3
}

, (7)

where Δ is a scalar discretization parameter that converts the continuous 

coefficients 𝐴 and 𝐵 into 𝐴̄ and 𝐵̄. 𝑥𝑡 ∈ ℝ𝑑  denotes the discreteAfter 

discretization, the model can be computed by a linear recurrence for 

inference:

𝑦𝑡 = 𝐶ℎ𝑡 = 𝐶(𝐴̄ℎ𝑡−1 + 𝐵̄𝑥𝑡), (8)

where the hidden state ℎ𝑡 can be seen as a fixed-size memory that stores 

all historical information. To have a sufficiently large memory of the 

past, the dimension of ℎ𝑡 is usually much larger than that of 𝑥𝑡. The re­

current mode is ideal for auto-regressive inference, since in that case 

parallelization is not possible.Moreover, the models can produce the 

output by executing a global convolution for training as follows:

𝑦 = 𝑥 ⊙ 𝐾̄ = 𝑥 ⊙
(

(𝐶𝐵̄, 𝐶𝐴̄𝐵̄,… , 𝐶𝐴̄𝐿𝐵̄)
)

, (9)

where ⊙ is the Hadamard Product, 𝐿 is the length of the input sequence, 

𝐾̄ ∈ ℝ𝐿 denotes a structured convolutional kernel. Since 𝐴, 𝐵, and 𝐶
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Fig. 2. Schematic view of conan: the right side illustrates the model’s overall structure, featuring the graph learning module, sequence learning module, and pre­

diction layer. Contrastive learning with session-level augmentation is included to enhance representation quality. The left side shows the architectural details of key 

components, such as the dual soft attention network, stable MLP, and mamba block.

are constants (if the inputs are constant) and the convolutional kernel 

𝐾̄ is static, the process of recomputing the inputs to states and states to 

outputs is avoided. Thus, the convolutional mode can fully exploit the 

parallelism of modern specialized hardware for training. For simplicity, 

we define this process as 𝑦 = Mamba(𝑥).

3 . Methodology

In this section, we provide an overview of three main parts of the 

proposed Conan, as shown in Fig. 2. Specifically, the graph learning 

module captures the non-sequential item transition pattern to learn the 

session-level user preference, which consists of the GaMaFormer and the 

dual soft attention mechanism. Moreover, the sequence learning module 

captures the sequential item transition pattern to learn the session-level 

user preference, which consists of the Bi-Mason and the dual soft atten­

tion mechanism. After that, the prediction layer calculates the score of 

each candidate item and provides the top-𝐾 recommendation list. Lastly, 

we introduce how to unify all the parts by the contrastive learning with 

the session-level data augmentation, which incorporates the sequential 

item transition information into the session-level user preference derived 

from the graph learning.

3.1 . Graph learning module

Session graphs are constructed based on adjacent transitions between 

two items. The GaMaFormer is introduced to update the representations 

of item nodes, followed by the adoption of a dual attention mechanism 

to capture comprehensive user preferences by considering short-term 

interest, contextual interest, and long-term interest.

3.1.1 . GaMaFormer

It is a powerful combination of a self-attention layer, a Mamba layer, 

and a stable MLP, each contributing unique strengths. The self-attention 

layer transforms the input item nodes into query, key, and value fea­

tures. It computes long-range relationships by multiplying the similarity 

matrix, created by comparing the query and key features, with the value 

features. Specifically,

𝛼𝑖,𝑗 = Softmax

⎧

⎪

⎨

⎪

⎩

(

𝑊 𝑔
1 𝑒𝑖

)𝑇 (

𝑊 𝑔
2 𝑒𝑗

)

√

𝑑

⎫

⎪

⎬

⎪

⎭

, (10)

where 𝛼𝑖,𝑗  represents the attention weight between the target item node 

𝑣𝑖 and its neighboring item node 𝑣𝑗 . The matrices 𝑊 𝑔
1  and 𝑊 𝑔

2 ∈ ℝ𝑑×𝑑  are 

trainable parameters.After calculating these weights, a gating network 

is used to update the representation of the target item node 𝑣𝑖 as follows:

𝑒′𝑖 = 𝛽𝑖𝑊
𝑔
4 𝑒𝑖 +

(

1 − 𝛽𝑖
)

𝑛𝑒𝑖𝑔ℎ𝑖, (11)

𝑛𝑒𝑖𝑔ℎ𝑖 = 𝑊 𝑔
3

∑

𝑗∈𝑁(𝑖)
𝛼𝑖,𝑗𝑒𝑗 , (12)

𝛽𝑖 = 𝜎
(

𝑊 𝑇
𝛽
[

𝑊 𝑔
4 𝑒𝑖

|

|

|

|

𝑛𝑒𝑖𝑔ℎ𝑖||||𝑊
𝑔
4 𝑒𝑖 × 𝑛𝑒𝑖𝑔ℎ𝑖

]

)

, (13)

where 𝑒′𝑖 denotes the updated representation of the target item node 𝑣𝑖
based on the self-attention layer, [⋅||⋅||⋅] denotes the concat operation 

among three tensors, 𝜎 denotes the Sigmoid activation function, 𝑊 𝑔
3 , 

𝑊 𝑔
4 ∈ ℝ𝑑×𝑑 , and 𝑊𝛽 ∈ ℝ3𝑑  are the trainable parameters.

The self-attention layer lets each item focus on its neighboring items, 

helping to capture overall important information from the surrounding 

context. While self-attention is effective at finding relevant neighbors, 

it becomes less efficient as the number of connections grows, especially 

for items with many neighbors. To solve this, the Mamba layer is added 

to filter out unnecessary information and improve efficiency. That is

𝑒′′𝑖 = Mamba
(

𝑒′𝑖
)

, (14)

where 𝑒′′𝑖  denotes the updated representation of the target item node 

𝑣𝑖 based on the Mamba layer, which acts as a data-dependent node ex­

tractor, filtering relevant neighboring nodes at each recurrence step and 

focusing on the selected context.
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Next, a stable MLP with GELU activation and residual connection are 

used to enhance the non-linear modeling capacity, helping the model 

handle changes in user behavior more effectively. Formally,

𝑒′′′𝑖 = Drop
(

BN
(

GELU
(

BN
(

𝑒′𝑖 + 𝑒′′𝑖
)

𝑊 𝑠𝑚𝑙𝑝
1

)))

𝑊 𝑠𝑚𝑙𝑝
2 +

(

𝑒′𝑖 + 𝑒′′𝑖
)

, (15)

where 𝑒′′′𝑖  is the updated feature of the target item node 𝑣𝑖, BN(⋅) refers 

to batch normalization, Drop(⋅) is the dropout operation, and 𝑊 𝑠𝑚𝑙𝑝
1  and 

𝑊 𝑠𝑚𝑙𝑝
2 ∈ ℝ𝑑×𝑑  are trainable parameters. For simplicity, this process is 

summarized as:

𝑒′′′𝑖 = GaMaFormer
(

𝑒𝑖, 𝐸𝑛𝑒𝑖𝑔ℎ
)

, (16)

where 𝐸𝑛𝑒𝑖𝑔ℎ is the embedding matrix of the neighboring item nodes. 

The GaMaFormer layers are stacked to capture higher-order connectivity 

between item nodes.

Following the approach used in LightGCN [23], the comprehensive 

feature of the item node is learned by aggregating the representations 

across all layers. Thus

𝑒′′′𝑖,(𝑚) = GaMaFormer
(

𝑒(𝑚−1)𝑖 , 𝐸(𝑚−1)
𝑛𝑒𝑖𝑔ℎ

)

, (17)

𝑒𝑔𝑖 = 1
𝑀

𝑀
∑

𝑚=1
𝑒′′′𝑖,(𝑚), (18)

where 𝑒𝑔𝑖  denotes the final representation of the target item node 𝑣𝑖, and 

𝑀  is the number of stacked GaMaFormer layers.

3.1.2 . Dual soft attention network

After updating the item features, the dual soft attention network is in­

troduced to learn the session-level user preference based on short-term, 

contextual, and long-term interests. Specifically, the short-term interest 

is defined as the last interacted item, i.e., ℎ𝑔𝑠𝑡 = 𝑒𝑔𝑙 , while the contextual 

interest is calculated by averaging the representations of the items in the 

session, i.e., ℎ𝑔𝑐𝑡 =
1
𝑙
∑𝑙

𝑖=1 𝑒
𝑔
𝑖 . The long-term interest ℎ𝑔𝑙  is learned using 

a soft attention mechanism that assigns weights to each item depending 

on the short-term and contextual interests. Formally,

ℎ𝑔𝑙 =
∑

𝑣𝑖∈𝑆
𝜇𝑖𝑒

𝑔
𝑖 , (19)

𝜇𝑖 = Softmax
{

𝑊 𝑇
𝜇 𝜎

(

[

𝑊 𝑙
1 𝑒

𝑔
𝑖
|

|

|

|

|

|

𝑊 𝑙
2ℎ

𝑔
𝑐𝑡
|

|

|

|

|

|

𝑊 𝑙
3ℎ

𝑔
𝑠𝑡
]

)}

, (20)

where 𝑊 𝑙
1 , 𝑊 𝑙

2 , 𝑊 𝑙
3 ∈ ℝ𝑑×𝑑 , and 𝑊𝜇 ∈ ℝ3𝑑  are trainable parame­

ters.Next, the short-term, contextual, and long-term interests are adap­

tively combined into the comprehensive preference using another soft 

attention mechanism. Thus

𝐻𝑝𝑟𝑒 =
[

𝑊 𝑐𝑜𝑚
1 ℎ𝑔𝑠𝑡

|

|

|

|

|

|

𝑊 𝑐𝑜𝑚
2 ℎ𝑔𝑐𝑡

|

|

|

|

|

|

𝑊 𝑐𝑜𝑚
3 ℎ𝑔𝑙

]

𝑒𝑥𝑡𝑟𝑎_ dim
, (21)

𝜂 = Softmax
{

𝐻𝑝𝑟𝑒
}

, (22)

ℎ𝑔𝑐𝑜𝑚 = SqueezeSum
(

𝜂𝐻𝑝𝑟𝑒
)

, (23)

where 𝑊 𝑐𝑜𝑚
1 , 𝑊 𝑐𝑜𝑚

2 , 𝑊 𝑐𝑜𝑚
3 ∈ ℝ𝑑×𝑑  are trainable parameters, 

[⋅||⋅||⋅]𝑒𝑥𝑡𝑟𝑎_ dim denotes the concatenation of three tensors along the ex­

tra preference dimension, and SqueezeSum(⋅) denotes the sum along 

extra dimension and removes that dimension. Consequently, the session-

level user preference representation is computed by the graph learning 

module.

3.2 . Sequence learning module

Bi-Mason is designed to efficiently handle bidirectional context by 

using both a forward and reverse Mamba block with shared parameters. 

To enhance performance, the Fourier KAN is employed to seamlessly 

fuse contextual features from both directions. After updating the item 

features, a dual attention mechanism is applied to capture session-level 

user preferences through sequence learning.

Our Bi-Mason framework extends the standard Mamba block by 

transforming it from a unidirectional (left-to-right) structure to a bidirec­

tional one. This is accomplished by applying the Mamba module twice: 

first to the original sequence, and then to the reversed sequence. The 

output from the reversed sequence is flipped along the sequence length 

dimension to preserve the session context. Finally, the Fourier KAN 

efficiently integrates the bidirectional contextual features. Formally,

𝐸′
𝑠 = Mamba

(

𝐸𝑠
)

+ Flip
(

Mamba
(

Flip
(

𝐸𝑠
)

𝑙𝑑
))

𝑙𝑑 , (24)

𝐸′′
𝑠 =

𝑑
∑

𝑖=1

𝑔
∑

𝑘=1

(

cos
(

𝑘𝐸′
𝑠
)

𝑎𝑖𝑘 + sin
(

𝑘𝐸′
𝑠
)

𝑏𝑖𝑘
)

, (25)

where Flip(⋅)𝑙𝑑  denotes flipping the input sequence along the length 

dimension, 𝑑 represents the feature dimension, and 𝑎𝑖𝑘 and 𝑏𝑖𝑘 are train­

able Fourier coefficients, and 𝑔 refers to the grid size, which controls 

the number of terms (frequencies) used in the Fourier series expan­

sion. Specifically, 𝑔 determines the number of sine and cosine terms 

incorporated into the Fourier coefficients for each input dimension. For 

simplicity, we omit layer normalization and dropout operations in the 

equations above. The Fourier KAN excels at aggregating contextual fea­

tures, delivering substantial performance improvements and enhancing 

training efficiency. Moreover, to prevent an increase in memory usage 

and avoid doubling the number of parameters, we share the projec­

tion weights between the forward and reverse Mamba blocks. Similarly, 

we stack multiple Bi-Mason layers to capture intricate semantic rela­

tionships among items. After stacking, a readout function based on 

mean-pooling is applied to aggregate contextual features from the dif­

ferent layers. Additionally, a dual soft attention network is employed to 

capture comprehensive user preferences through sequence learning. As 

a result, the session-level user preference, denoted as ℎ𝑠𝑒𝑞𝑐𝑜𝑚, is obtained 

from the sequence learning module.

3.3 . Predicting layer

To predict the next item, the predicting layer provides the recom­

mended score for each candidate item by multiplying the representations 

of user preference and item, that is

𝑦𝑖 =
exp

{

sim
((

ℎ𝑔𝑐𝑜𝑚
)

, 𝑒𝑖
)

∕𝜏
}

∑

𝑣𝑗∈𝑆 exp
{

sim
((

ℎ𝑔𝑐𝑜𝑚
)

, 𝑒𝑗
)

∕𝜏
} , (26)

where 𝑦𝑖 denotes the score for item 𝑣𝑖, and 𝜏 denotes the temperature 

hyper-parameter. sim(⋅) denotes the similarity measurement between 

the representation of user preference and the candidate item, such as 

cosine similarity adopted here.

Inspired by CORE [24], the robust distance measuring method is 

introduced to design the loss function as follows:

ℒ𝑚𝑎𝑖𝑛 = −log

{

exp
{

sim
(

ℎ𝑔𝑐𝑜𝑚, 𝑒+
)

∕𝜏
}

∑

𝑣𝑗∈𝑆 exp
{

sim
(

ℎ𝑔𝑐𝑜𝑚, 𝑒𝑗
)

∕𝜏
}

}

, (27)

where 𝑒+ denotes the representation of the ground-truth next item 𝑣+
for the session 𝑆.

3.4 . Unifying graph learning and sequence learning with contrastive 

learning

The training process is further enhanced through an asymmetric con­

trastive learning objective. Contrastive learning encourages representa­

tions of different augmented views from the same session to be similar 

while separating representations from different sessions. In Conan, the 

graph learning module serves as the anchor branch, whereas the se­

quence learning module provides complementary supervision through 

representation alignment, thereby improving the quality of the learned 
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session-level user preferences. Existing contrastive learning methods for 

session-based recommendation predominantly rely on item-level aug­

mentations. However, the limited length of user sessions often makes 

it difficult to preserve semantic consistency under such perturbations, 

leading to suboptimal positive pairs. To address this limitation, Conan 

adopts session-level contrastive learning as an auxiliary objective, en­

abling semantically consistent augmentation while further enhancing 

the quality of session-level preference representations.

Specifically, the proposed asymmetric contrastive learning frame­

work constructs its supervisory signal within each session. The core idea 

is that the session-level representations derived from the graph learn­

ing module (ℎ𝑔𝑐𝑜𝑚) and the sequence learning module (ℎ𝑠𝑒𝑞𝑐𝑜𝑚) both model 

the same session, capturing its user preference from different views. 

Therefore, they are naturally defined as a positive pair. To provide con­

trastive signal, a corrupted representation ℎ̃𝑔𝑐𝑜𝑚 is generated by applying 

row-wise and column-wise shuffling operations to ℎ𝑔𝑐𝑜𝑚, serving as a hard 

negative sample when paired with ℎ𝑠𝑒𝑞𝑐𝑜𝑚. We then employ the InfoNCE 

loss as our learning objective, which is defined as:

ℒ𝑐𝑙 = − log
{

𝜎
(

sim
(

ℎ𝑔𝑐𝑜𝑚, ℎ
𝑠𝑒𝑞
𝑐𝑜𝑚

))}

− log
{

𝜎
(

1 − sim
(

ℎ̃𝑔𝑐𝑜𝑚, ℎ
𝑠𝑒𝑞
𝑐𝑜𝑚

))}

,
(28)

where ℎ𝑔𝑐𝑜𝑚 is the corrupted session-level user preference derived from 

the graph learning module.

Since the graph learning module and the sequence learning module 

capture user preferences from the same session, they can serve as ground 

truth for each other. The overall loss function of our Conan framework 

is defined as:

ℒ = ℒ𝑚𝑎𝑖𝑛 + 𝜆ℒ𝑐𝑙 , (29)

where 𝜆 is a hyperparameter controlling the strength of the contrastive 

learning task.

The supervised recommendation loss ℒ𝑚𝑎𝑖𝑛 optimizes ℎ𝑔𝑐𝑜𝑚 with re­

spect to the ground-truth next item, while the auxiliary contrastive loss 

ℒ𝑐𝑙 reduces the discrepancy between ℎ𝑔𝑐𝑜𝑚 and ℎ𝑠𝑒𝑞𝑐𝑜𝑚 of the same ses­

sion. Following the alignment and uniformity perspectives of contrastive 

representation learning [25], the positive term improves cross-view 

alignment by reducing the distance between complementary represen­

tations of the same session, while the corrupted negative term prevents 

the representation space from collapsing to trivial solutions. Therefore, 

the sequence view acts as a directional regularizer that transfers tempo­

ral preference representations to the graph learning-derived preference 

representations.

3.5 . Theoretical analysis

This section provides a theoretical analysis of the proposed Conan 

framework, including its time complexity, key module design, and 

asymmetric contrastive learning paradigm.

First, the learning procedure of Conan is summarized in Appendix A. 

The computational complexity of Conan is determined by four major 

components: GaMaFormer, Bi-Mason, the dual soft-attention networks, 

and the prediction layer. GaMaFormer has a complexity of 𝑂(|𝐸|𝑙(𝑑 +
5𝑑2)), where |𝐸|𝑙 denotes the number of edges in the session graph and 

𝑑 is the hidden dimension. The linear term corresponds to feature prop­

agation, whereas the quadratic term is dominated by the self-attention, 

Mamba, and Stable MLP operations. Bi-Mason has a complexity of 

𝑂(2𝑙𝑑2(1 + 𝑔)), where 𝑙 denotes the session length and 𝑔 is the Fourier 

grid size. The factor of 2 reflects bidirectional sequence modeling, while 

(1 + 𝑔) accounts for the computational cost of state-space modeling 

and Fourier transformation. The dual soft-attention networks contribute 

𝑂(2𝑙𝑑2) by integrating graph- and sequence-based session representa­

tions. The prediction layer incurs a complexity of 𝑂(|𝑉 |𝑑), where |𝑉 |

denotes the number of candidate items. Therefore, the overall computa­

tional complexity of Conan is 𝑂
(

|𝐸|𝑙(𝑑 + 5𝑑2) + 2𝑙𝑑2(2 + 𝑔) + |𝑉 |𝑑
)

. As 

the graph learning module and sequence learning module operate inde­

pendently, these computations can be parallelized, by leveraging CUDA 

infrastructure for faster processing. Therefore, the overall time com­

plexity of Conan is 𝑂((|𝐸|𝑙 + |𝑉 |)𝑑 + (5|𝐸|𝑙 + (4 + 2 g)𝑙)𝑑2), where the 

first term (|𝐸|𝑙 + |𝑉 |)𝑑 relates to linear operations, and the second term 

(5|𝐸|𝑙 + (4 + 2 g)𝑙)𝑑2 arises from the quadratic complexity of attention 

mechanisms and feature transformations.

Second, we compare the computational and memory characteristics 

of self-attention and selective state-space models to justify the pro­

posed architecture. For a session of length 𝑙 and hidden dimension 𝑑, 

self-attention requires 𝑂(𝑙2𝑑) time and 𝑂(𝑙2) memory to construct the 

attention matrix through 𝑄𝐾⊤, while the subsequent Softmax(𝑄𝐾⊤)𝑉
operation also incurs 𝑂(𝑙2𝑑) time. During auto-regressive inference, 

a key–value cache of size 𝑂(𝑙𝑑) must be maintained, causing mem­

ory consumption to grow linearly with the session length. In contrast, 

Mamba performs 𝑙 selective state updates, each requiring 𝑂(𝑑𝑛) opera­

tions for an 𝑛-dimensional hidden state, resulting in a total complexity 

of 𝑂(𝑙𝑑𝑛). Since 𝑛 is fixed, the complexity reduces to 𝑂(𝑙𝑑), achiev­

ing linear scalability with respect to the session length. Moreover, its 

memory requirement is limited to a fixed hidden state of size 𝑂(𝑑𝑛), 
independent of 𝑙. These observations highlight a fundamental trade-

off: self-attention provides global receptive fields but incurs quadratic 

computational and memory costs, whereas selective state-space mod­

els achieve linear efficiency by compressing sequential information into 

input-conditioned hidden states. Building on this advantage, Bi-Mamba 

introduces bidirectional state propagation to overcome the inherent lim­

itation of standard Mamba’s unidirectional information flow. Rather 

than replacing self-attention, GaMaFormer adopts a hybrid design in 

which self-attention captures fine-grained neighbor dependencies in 

session graphs, while Mamba efficiently filters redundant contextual 

information with superior scalability. The complementary strengths of 

these modules enable Conan to achieve an effective balance between 

recommendation accuracy and computational efficiency across sessions 

of varying lengths.

Third, unlike symmetric contrastive learning methods that align two 

equally treated augmented views generated by the same encoder, Conan 

adopts an asymmetric framework with distinct roles assigned to the 

graph and sequence branches. This design is motivated by the observa­

tion that architectural asymmetry stabilizes optimization and mitigates 

representation collapse in self-supervised learning, as demonstrated by 

the stop-gradient mechanism in SimSiam [26] and the target network in 

BYOL [27]. Rather than introducing asymmetry through weight sharing, 

momentum encoders, or gradient blocking, Conan naturally achieves 

it via two heterogeneous encoders with complementary inductive bi­

ases. Based on the alignment–uniformity perspective, the optimization 

dynamics of this asymmetric design can be characterized through gradi­

ent propagation. Let 𝜃𝑔  and 𝜃𝑠 denote the parameters of the graph and 

sequence learning modules, respectively. The gradients of the overall 

objective are

∇𝜃𝑔ℒ = ∇𝜃𝑔ℒ𝑚𝑎𝑖𝑛 + 𝜆∇𝜃𝑔ℒ𝑐𝑙 , (30)

∇𝜃𝑠ℒ = 𝜆∇𝜃𝑠ℒ𝑐𝑙 (31)

This asymmetric gradient flow brings two core advantages. First, the 

graph learning module is predominantly updated by the recommen­

dation task loss, so its representation space is always anchored to the 

downstream prediction objective. The contrastive signal only provides 

mild alignment regularization and will not dominate the optimization 

direction, avoiding representation drift caused by the contrastive loss. 

Second, the sequence learning module is trained exclusively to align its 

representations toward the graph branch. This unidirectional alignment 

avoids the mutual pulling instability in symmetric frameworks, where 

both branches simultaneously adjust toward each other and may fall 

into degenerate solutions.

In addition, our asymmetric contrastive paradigm exhibits tangible 

efficiency advantages over mainstream symmetric contrastive frame­

works. Specifically, the same encoder with parameters 𝜃 is applied to 
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two differently augmented views of the same input, requiring two sep­

arate forward propagations per training step. Although weight sharing 

keeps the parameter count unchanged at inference time, the duplicated 

forward passes effectively double the per-step training FLOPs of the en­

coder. By contrast, our asymmetric framework adopts a heterogeneous 

dual-branch architecture with total number of trainable parameters of 

𝜃𝑔 + 𝜃𝑠. Benefiting from the lightweight Mamba backbone, 𝜃𝑠 is smaller 

than 𝜃𝑔 . Accordingly, the overall parameter scale of our framework is 

lower than 2𝜃𝑔 , which is required by symmetric contrastive learning 

paradigms to achieve comparable performance.

Finally, we derive a representation error bound for the asym­

metric contrastive learning framework from an information-theoretic 

perspective. Formally, let ℎ𝑔𝑐𝑜𝑚 and ℎ𝑠𝑒𝑞𝑐𝑜𝑚 denote the graph-view and 

sequence-view representations of the same session, respectively. Under 

our framework with InfoNCE loss L𝑐𝑙 and 𝑁  negative samples, the 

mutual information between the two views satisfies:

𝐼
(

ℎ𝑔𝑐𝑜𝑚;ℎ
𝑠𝑒𝑞
𝑐𝑜𝑚

)

≥ log𝑁 − 𝔼
[

L𝑐𝑙
]

. (32)

For the downstream recommendation task with task error 𝜖𝑡𝑎𝑠𝑘, there 

exists a task-dependent constant 𝐶 such that:

𝜖𝑡𝑎𝑠𝑘 ≤ 𝐶 ⋅ exp
(

−𝐼
(

ℎ𝑔𝑐𝑜𝑚;ℎ
𝑠𝑒𝑞
𝑐𝑜𝑚

))

. (33)

The first inequality follows from the standard InfoNCE lower bound on 

mutual information. The second inequality is derived from information-

theoretic generalization bounds, which link the mutual information of 

learned representations to the upper bound on downstream task error.

We further interpret the advantage of our asymmetric design via 

the alignment-uniformity framework. Unlike symmetric contrastive 

paradigms that jointly optimize alignment and uniformity through a 

single loss, our framework implicitly decouples the two objectives. 

Specifically, the graph encoder maintains representation uniformity 

under the main recommendation loss, while the sequence encoder op­

timizes alignment toward the stable graph branch via the contrastive 

loss. This decoupled design yields a more stable training landscape and 

contributes to a tighter representation error bound.

4 . Experiments

In this section, comprehensive experiments are conducted to demon­

strate the effectiveness and efficiency of our Conan, with the aim of 

answering the following questions: Compared with 33 competitive base­

line models on four real-world datasets, how does our Conan perform 

on the task of session-based recommendation (RQ1)? How do the main 

parts improve the performance of the session-based recommendation 

(RQ2)? How does our Conan perform with different hyper-parameters 

(RQ3)? How does Conan perform in sessions of different lengths (RQ4)? 

What is the efficiency of different recommender systems (RQ5)? How 

does the contrastive learning with session-level augmentation help with 

model training (RQ6)?

4.1 . Setup

The following presents the experimental setup, including the 

datasets, preprocessing procedures, evaluation metrics, baseline models, 

and implementation details.2

4.1.1 . Datasets and preprocessing

The overall performance of our Conan and 33 competitive base­

line models is evaluated on four public real-world datasets, including 

Diginetica, Retailrocket, Dressipi, and KuaiRand. Specifically, Diginetica 

2 The source code of Conan is publicly available at https://github.com/

usernameAI/Conan.

Table 2 

Statistics of diginetica, retailrocket, dressipi, and KuaiRand.

Dataset # Sessions # Items # Interactions Avg. session 

length

Avg. action 

per item

Diginetica 204,062 42,172 989,204 4.85 23.46

Retailrocket 328,904 58,000 1,413,976 4.30 24.38

Dressipi 691,383 19,343 4,428,574 6.41 228.96

KuaiRand 25,598 7116 1,139,347 44.51 160.13

is an SBRS benchmark dataset from CIKM Cup 2016.3 The dataset con­

tains user sessions extracted from an e-commerce search engine log. 

The transaction data of the dataset is adopted for our experiments. 

Retailrocket is a popular SBRS dataset from Kaggle Competition 2016.4

It was collected from an e-commerce platform within 4.5 months. There 

are three types of user behaviors in Retailrocket, i.e., view, add to cart, 

and transaction. The view data of the dataset is adopted for our exper­

iments. Dressipi is a dataset from RecSys Challenge 2022 focused on 

fashion recommendation.5 Dressipi contains training data of 1 million 

sessions within a month, which is collected from an e-commerce plat­

form. KuaiRand is a dataset collected from the recommendation logs of 

the video-sharing mobile app named Kuaishou.6 In this study, we utilize 

the version known as KuaiRand-Pure due to the constraints of the experi­

mental conditions. Notably, the Dressipi dataset is over four times larger 

than the other three datasets, featuring more interactions and sessions.

Following related works [24,28,29], the sessions longer than 1 and

the items appearing more than 4 times are retained in all 

the datasets. Table 2 shows the statistics for the four datasets. 

For fair comparison, the data augment method [30] is adopted 

which generates the sessions and corresponding labels by split­

ting the input session. For example, for an input session 𝑆 =
{

𝑣1,… , 𝑣
|𝑆|

}

, the generated sessions and the corresponding labels are 
({

𝑣1
}

, 𝑣2
)

,
({

𝑣1, 𝑣2
}

, 𝑣3
)

,… ,
({

𝑣1,… , 𝑣
|𝑆|−1

}

, 𝑣
|𝑆|

)

. Moreover, leave-

one-out strategy is adopted to split datasets. Specifically, we preserve 

the last and the second last interactions in each session as the testing 

and validation data, while the rest is taken as the training data. 

4.1.2 . Evaluation metrics

To evaluate the performance of the baseline models and our 

Conan, we adopt three metrics, i.e., Recall@N, Mean Reciprocal 

Rank (MRR@N), and Normalized Discounted Cumulative Gain

(NDCG@N). For more detailed comparison, the N is set to 5, 10, 15, and 

20 in the experiments. Specifically, Recall@N is the metric that assesses 

the proportion of test cases in which the correct items are recommended 

within the top-N list. In addition, MRR@N is a ranking metric which 

measures the average of the reciprocal ranks of the top-ranked relevant 

item for a set of recommendations. Moreover, NDCG@N is another rank­

ing metric which takes into account both the relevance and the position 

of the recommended items. Furthermore, to avoid the potential biases, 

the rankings of all the items were calculated during the evaluation.

In terms of efficiency, we adopt five metrics, i.e., GPU memory, train­

ing time, inference time, wall time per forward pass, and number of 

epochs for training. Specifically, GPU memory evaluates the memory 

size required for model training and inference. Moreover, the training 

time and inference time quantify the time cost associated with model 

training and inference for each epoch, respectively. Additionally, wall 

time per forward pass is defined as the wall-clock time required for a 

single forward pass on one batch. Furthermore, the number of training 

epochs records the total number of epochs each model completes during 

full training.

3 http://cikm2016.cs.iupui.edu/cikm-cup.
4 https://www.kaggle.com/retailrocket/ecommerce-dataset.
5 http://www.recsyschallenge.com/2022/#participation.
6 https://kuairand.com/.
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Table 3 

Benchmarked baseline models.

Group Method

Traditional methods POP, Item-KNN [34], CORE [24]

Graph learning 

methods

SRGNN [8], GCSAN [35], TAGNN [36], LESSR [37], COTREC 

[38]

Sequence learning 

methods

RNN-based: GRU4Rec [6], NARM [39], GLINT-RU [40]

Time-unaware: STAMP [41], NextItNet [10]

Transformer-based: SASRec [7], SR-PLR [42], TiSASRec 

[43], STAR [44], AC-TSR [45], MiaSRec [46], CL4SRec [4], 

DuoRec [5], AdaMCT [47]

Fourier transform-based: FEARec [48], SLIME4Rec [49]

Mamba-based: Mamba4Rec [13], RecMamba [50], 

EchoMamba4Rec [51], MLSA4Rec [52], SIGMA [53]

Graph-sequence 

learning methods

SGNN-HN [2], GCEGNN [54], CM-GNN [55], GSAU [56]

4.1.3 . Implementation details

Our proposed Conan and all the baseline models are implemented 

based on the popular recommendation framework RecBole [31] and its 

extension RecBole-GNN [32] for easy development and reproduction. 

Following related works [8,11], the embedding dimension and batch 

size are set to 100. The initial learning rate is set to 0.001 and will de­

cay by 10% after every 3 epochs. The Adam optimizer is adopted to train 

parameters. The maximum length of session is set to 20 for all the base­

line models and our Conan. The SSM state expansion factor, the local 

convolution width, and the block expansion factor are respectively set 

to 50, 4, and 2 for all models that include Mamba blocks. The tempera­

ture parameter is set to 0.07 [33]. To alleviate over-fitting problem, the 

dropout strategy with 20% ratio is applied to our model. The stacking 

layer numbers of GaMaFormer and Bi-Mason are searched over {1, 2, 3, 

4, 5}. The loss weight 𝜆 is searched over {0.0001, 0.001, 0.01, 0.1, 1}. 

Specifically, the optimal value of 𝜆 is 0.01 for the Diginetica dataset, and 

0.1 for the Retailrocket, Dressipi, and KuaiRand datasets. The grid size 

𝑔 of Fourier KAN is searched over {1, 2, 4, 8}. For all other parameters, 

the baseline models follow the optimal configurations reported in their 

respective references. Adjustments were made when original parameter 

settings led to issues such as gradient explosion or out-of-memory errors 

during our experiments. To ensure robustness and reduce variance, all 

models were evaluated over 5 independent runs with different random 

seeds. The best results of all the models were recorded. Additionally, the 

statistically significant results (𝑝 < 0.05) were confirmed by a paired t-

test against the best baseline model on each dataset, ensuring that the 

observed improvement is not attributable to random chance. To fur­

ther demonstrate the stability and reliability of experimental results, we 

provide the standard deviations of all performance metrics across 5 in­

dependent runs for our Conan model and the strongest baseline on each 

dataset. Detailed results are organized in Table D.18 in Appendix D.

4.2 . Baseline models

Table 3 presents the baseline models, categorized into four groups, 

including 1) two traditional methods, 2) five graph learning-based meth­

ods, 3) twenty sequence learning-based methods, including two RNN-

based methods, and 4) three graph-sequence learning-based methods. 

More details about each baseline method can be found in Appendix B.

Recently, LLM-based recommender systems [57,58] have garnered 

growing attention for their promising performance in semantic un­

derstanding and cross-domain generalization, while parameter-efficient 

fine-tuning (PEFT) has yielded notable advances in reducing the adap­

tation cost of large language models for downstream recommendation 

tasks. However, LLM-based methods are excluded from our primary 

baselines for three key reasons.

First, regarding input modality adaptation, our work focuses on 

anonymous ID-only session recommendation with purely implicit 

feedback, where each session consists solely of item interaction se­

quences without auxiliary textual descriptions. In contrast, the perfor­

mance advantages of LLM-based methods are heavily contingent on rich 

textual item content and pre-trained external knowledge [59,60]. When 

such semantic information is absent or incomplete, their recommenda­

tion quality degrades noticeably, and PEFT alone cannot compensate for 

this inherent information gap.

Second, in terms of deployment costs, even with PEFT strategies such 

as LoRA [61], fine-tuned LLM-based methods still require loading the 

full billion-parameter backbone during inference (e.g., Qwen-7B-Chat 

in LLM4SBRT [62]), incurring persistently high GPU memory overhead 

and long inference latency. For real-time recommendation services, this 

translates into substantial infrastructure and operational costs. In com­

parison, our Conan model maintains a lightweight parameter scale, 

runs on a single consumer-grade GPU, and delivers significantly lower 

inference latency.

Third, for scenario-specific suitability, our method is well suited to 

anonymous session recommendation scenarios with short interaction se­

quences. In such settings, persistent user profiles are unavailable and 

interaction sequences are sparse, which limits LLMs’ ability to leverage 

user-level context and pre-trained knowledge. Conan models local item 

transition patterns and structural co-occurrence relations, capturing user 

intent more effectively from very short sessions.

4.3 . Overall performance

To address RQ1, we conduct an empirical evaluation of overall 

performance on the session-based recommendation task across four 

real-world datasets in e-commerce: Diginetica, Retailrocket, Dressipi, 

and KuaiRand. To enhance readability and facilitate cross-dataset con­

sistency assessments, the average results of our proposed Conan and 

the baseline models in terms of Recall, MRR, and NDCG with various 

lengths of top-N recommendation lists, are reported in Table 4. More 

details on each dataset are shown in Appendix C. We have the following 

observations.

On average, our Conan outperforms all the baseline models in terms 

of all the metrics on the four datasets, demonstrating its promising gen­

eralization ability. It can be explained by three facts. 1) The session-level 

augmentation-based contrastive learning method enhances the repre­

sentation quality of session-level user preferences derived from graph 

learning through sequence learning, which alleviates the feature over­

whelming caused by low-effective item-level feature fusion methods. 2) 

Our GaMaFormer learns representative item features on vanilla session 

graphs, where its message passing method benefits from both Mamba 

block and self-attention mechanism. 3) Our Bi-Mason provides meaning­

ful self-supervised training signals by capturing consistent bi-directional 

sequential item transition patterns. Moreover, as shown in the last row 

of Table 4, the improvements of Conan over the best baseline model are 

2.32% to 2.70% in terms of Recall@N with N = 5, 10, 15, and 20, while 

the respective improvements in terms of MRR@N and NDCG@N with N 

= 5, 10, 15, and 20 are 2.74% to 2.86% and 2.97% to 3.14%. It shows 

that our Conan contributes more to ranking the target item at a high 

position than hitting it in the recommendation list.

In most cases, it is found that the traditional methods achieve 

worse performance than the neural network-based methods, as they 

are too simple to capture the complex item transition patterns. In ad­

dition, with the increasing amount of interaction data, the inference 

efficiency of these methods will continue to decrease, which restricts 

large-scale real-world deployment. Graph learning-based methods and 

sequence learning-based methods generally outperform traditional ap­

proaches, indicating the necessity of session modeling. Specifically, 

graph learning-based methods first transform session sequences into var­

ious session graphs to retain complex item dependencies, such as the 

vanilla session graphs [8] and the edge-order preserving multigraphs 

[37]. After that, graph neural networks, such as gated graph neural 

networks, are adopted to update item node features. Subsequently, 
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Table 4 

Average performance of the examined models across the used datasets. For each column, the best performance and the second best performance methods are denoted 

in bold and underlined fonts respectively. * indicates that the improvement over the strongest baseline is statistically significant (𝑝 < 0.05) based on a paired t-test.

Model Category @5 @10 @15 @20

Recall MRR NDCG Recall MRR NDCG Recall MRR NDCG Recall MRR NDCG

Pop Traditional Method 1.26 0.69 0.82 2.00 0.78 1.06 2.71 0.84 1.25 3.29 0.87 1.38

Item-KNN 12.05 7.12 8.24 17.68 7.86 10.05 21.55 8.17 11.08 24.47 8.33 11.77

CORE 27.35 18.06 20.38 34.67 19.04 22.74 39.36 19.41 23.98 42.75 19.60 24.78

SRGNN Graph Learning Method 27.75 18.59 20.87 35.06 19.57 23.23 39.60 19.92 24.43 43.00 20.11 25.23

GCSAN 28.37 19.15 21.44 35.59 20.11 23.78 40.14 20.47 24.98 43.52 20.66 25.78

TAGNN 29.00 19.34 21.74 36.40 20.32 24.13 41.01 20.75 25.35 44.47 20.88 26.17

LESSR 28.07 18.79 21.10 35.42 19.77 23.47 39.99 20.13 24.68 43.43 20.32 25.50

COTREC 22.08 17.82 18.89 24.71 18.16 19.71 26.41 18.29 20.14 27.77 18.36 20.45

GRU4Rec Sequence Learning 

Method

27.54 18.44 20.70 34.99 19.44 23.11 39.73 19.81 24.37 43.23 20.01 25.19

NARM 27.72 18.55 20.82 35.17 19.54 23.23 39.93 19.91 24.49 43.43 20.11 25.32

GLINT-RU 28.62 19.40 21.69 35.99 20.38 24.07 40.64 20.75 25.30 44.14 20.95 26.13

STAMP 25.44 17.55 19.50 32.29 18.46 21.72 36.79 18.81 22.91 40.16 19.00 23.70

NextItNet 22.75 14.93 16.87 29.64 15.85 19.09 34.14 16.20 20.29 37.49 16.39 21.08

SASRec 27.50 18.73 20.91 35.06 19.73 23.34 39.93 20.12 24.63 43.60 20.32 25.50

SR-PLR 26.13 17.89 19.94 33.13 18.82 22.19 37.64 19.17 23.39 41.06 19.36 24.19

TiSASRec 28.46 19.12 21.44 35.84 20.10 23.83 40.56 20.48 25.08 44.12 20.68 25.92

STAR 25.66 18.33 20.15 31.48 19.10 22.03 35.21 19.39 23.02 38.01 19.55 23.67

AC-TSR 26.61 18.31 20.38 33.85 19.27 22.71 38.59 19.65 23.96 37.33 19.85 24.80

MiaSRec 25.55 17.52 19.52 31.56 18.32 21.46 35.35 18.61 22.46 38.24 18.78 23.14

CL4SRec 25.29 17.30 19.28 32.12 18.21 21.49 36.58 18.56 22.67 39.95 18.75 23.47

DuoRec 26.91 18.46 20.56 34.14 19.42 22.89 38.85 19.79 24.14 42.39 19.99 24.97

FEARec 26.94 18.48 20.58 34.05 19.42 22.87 38.58 19.78 24.07 41.97 19.97 24.87

SLIME4Rec 28.59 19.24 21.57 36.18 20.25 24.01 40.97 20.63 25.29 44.58 20.83 26.13

AdaMCT 27.64 18.95 21.10 34.92 19.91 23.45 39.61 20.28 24.70 43.10 20.48 25.52

Mamba4Rec 28.41 19.09 21.40 35.88 20.08 23.81 40.61 20.45 25.06 44.17 20.65 25.90

RecMamba 28.87 19.53 21.85 36.18 20.51 24.22 40.78 20.87 25.44 44.21 21.06 26.24

EchoMamba4Rec 28.61 19.54 21.79 35.64 20.47 24.06 40.12 20.82 25.25 43.35 21.01 26.01

MLSA4Rec 28.16 19.05 21.32 35.29 20.01 23.62 39.75 20.36 24.80 43.04 20.54 25.58

SIGMA 27.94 18.78 21.06 35.35 19.77 23.45 40.07 20.14 24.70 43.54 20.33 25.52

GCEGNN Graph-Sequence 

Learning Method

29.06 19.30 21.73 36.61 20.30 24.16 41.28 20.67 25.40 44.75 20.86 26.22

SGNN-HN 28.78 18.89 21.35 36.43 19.91 23.83 41.14 20.28 25.07 44.62 20.48 25.89

CM-GNN 28.53 18.86 21.27 36.05 19.86 23.70 40.76 20.23 24.94 44.31 20.43 25.78

GSAU 25.88 17.46 19.55 33.09 18.42 21.88 37.76 18.79 23.11 41.27 18.99 23.94

Conan (ours) 29.85* 20.07* 22.50* 37.50* 21.09* 24.98* 42.25* 21.47* 26.23* 45.78* 21.66* 27.07*

Improv. 2.70% 2.74% 2.97% 2.43% 2.84% 3.14% 2.35% 2.86% 3.14% 2.32% 2.85% 3.14%

some follow-up neural networks are introduced to learn the session-

level representations, such as self-attention blocks [35] and target-

aware attention mechanism [36]. By contrast, sequence learning-based 

methods directly adopt sequential neural networks, like RNNs [6] and 

Transformers [7], to capture contextual features from session sequences. 

Particularly, inspired by Mamba’s success [19], new Mamba-based 

methods are emerging, like MLSA4Rec [52], which integrates Mamba 

blocks with LightSANs. Moreover, EchoMamba4Rec [51] introduces bi-

directional feature learning and gated linear units for fusion. Despite 

certain successes, these single view-based methods face challenges in 

fully capturing users’ comprehensive preferences. Additionally, both the 

learning method and the feature fusion method can be further optimized 

to improve their efficiency and effectiveness.

Graph-sequence learning-based methods simultaneously benefit 

from various data structures, where session graphs and session se­

quences contain the spatial and temporal item transition information 

respectively. Specifically, GCEGNN [54] and SGNN-HN [2] first em­

ploy graph learning to update item representations, and subsequently 

adopt sequence learning to capture the session-level sequential behav­

ioral patterns. Specifically, for graph learning, GCEGNN [54] introduces 

the global session graph to consider cross-session item transitions, while 

SGNN-HN [2] adopts the session star graph to facilitate the long-distance 

message passing. Although GCEGNN [54] achieves the best perfor­

mance among all the baseline models, its memory-inefficient global 

session graph restricts large-scale deployment. Additionally, CM-GNN 

[55] introduces the session-level augmentation-based contrastive learn­

ing task built upon GCEGNN [54]. However, CM-GNN [55] achieves 

sub-optimal performance. This indicates that the stacking architecture 

fails to decouple the features respectively derived from graph learn­

ing and sequence learning, resulting in the capture of biased user 

preferences. Furthermore, GSAU [56] adopts a parallel framework to 

organize graph learning and sequence learning, enabling separate pref­

erence modeling. However, its suboptimal backbone prevents it from 

achieving promising performance.

4.4 . Ablation study

To address RQ2, we conduct four groups of ablation studies compar­

ing our Conan with its variants. This analysis focuses on the effectiveness 

of the graph-sequence contrastive learning framework, as well as each 

component of the graph and sequence learning modules. The abla­

tion studies are based on Recall@N, MRR@N, and NDCG@N on the 

Diginetica, RetailRocket, Dressipi, and KuaiRand datasets, where the N 

is set to 5, 10, 15, and 20.

4.4.1 . The effects of graph-sequence contrastive learning framework

The first group of ablation studies aims to demonstrate the effective­

ness of the graph-sequence asymmetric contrastive learning framework. 

Specifically, we produce eleven variants for comparison, including: (1) 

w/o GL, which only retains the sequence learning module. (2) w/o SL, 

which only retains the graph learning module. (3) w/o CL, which re­

moves the contrastive learning and sums the features derived from graph 

learning and sequence learning. For fair comparison, it only utilizes the 

features derived from graph learning for final prediction, without incor­

porating sequence learning features. (4) w/o CL (sum), which removes 
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the contrastive learning module and fuses graph and sequence learn­

ing features via element-wise summation for training. For prediction, it 

sums the features derived from graph learning and sequence learning. 

(5) w/o CL (concat), which removes the contrastive learning module 

and fuses graph and sequence learning features via concatenation fol­

lowed by a linear projection layer for training. For prediction, it sums 

the features derived from graph learning and sequence learning. (6) 

SL with Data-level CL, which adopts the data-level contrastive learn­

ing [4] to enhance w/o GL. (7) SL with Model-level CL, which adopts 

the model-level contrastive learning [5] to enhance w/o GL. (8) GL 

with Feature-level CL, which adopts the feature-level contrastive learn­

ing [63] to enhance w/o SL. (9) Mirroring Conan, which enhances the 

representation of session-level user preferences derived from sequence 

learning via graph learning. (10) Dual GL with SDA, which employs two 

identical GaMaFormer encoders as the main branch and the auxiliary 

contrastive branch, respectively, and uses the session-level shuffling aug­

mentation for view construction. (11) Dual SL with SDA, which adopts 

two identical Bi-Mason encoders as the main and auxiliary branches, and 

uses the same session-level shuffling augmentation for view construc­

tion. For fair comparison, we keep the best configurations as the same 

as CL4SRec [4], DuoRec [5] and XSimGCL [63] when applying the data-

level, the model-level, and the feature-level augmentations, respectively. 

Specifically, we choose the item cropping as the data-level augmentation 

operator. Moreover, the cropping proportion and the loss weight of con­

trastive learning task are set to 0.2 and 0.1, respectively. For model-level 

augmentation, we set the dropout ratio and the loss weight of contrastive 

learning task to 0.2 and 0.1, respectively. For feature-level augmenta­

tion of the variant called GL with Feature-level CL, the weight of the 

uniform noise and the loss weight of contrastive learning task are set to 

0.2 and 0.2, respectively. The results are shown in Table 5.

As shown in Table 5, it is observed that our proposed Conan outper­

forms seven variant models in all cases on four datasets, demonstrating 

the effectiveness of the graph-sequence contrastive learning framework. 

Specifically, removing each part of our framework consistently results 

in a performance drop, indicating the essential roles of the graph learn­

ing, the sequence learning, and the contrastive learning. Particularly, we 

observe that Conan consistently outperforms w/o CL and its two vari­

ants, suggesting that the contrastive self-supervised signal is essential for 

our model to improve the quality of representations. One of the reasons 

is that the contrastive learning effectively unifies graph learning and se­

quence learning, alleviating the hidden conflicts between sequential and 

non-sequential item dependencies. Furthermore, w/o GL outperforms 

SL with Data-level CL and SL with Model-level CL, showing that it is 

challenging for these augmentations to cope with the session-based rec­

ommendation task due to the limited contextual information. Similar 

trend is found in the comparison between w/o SL and GL with Feature-

level CL, implying that the noise-based embedding augmentation is still 

unsuitable for session-based recommendation. On the one hand, directly 

applying invasive augmentation [4] will destroy the semantic informa­

tion of the original data, which is ineffective and even detrimental in 

some cases. On the other hand, other augmentations [5,63] heavily rely 

on parameter tuning to fit various datasets, which restricts their gen­

eralization ability. In addition, comparing Conan to Mirroring Conan, 

we observe that Mirroring Conan does not achieve satisfactory per­

formance. The key reason is that the feature learning capacity of the 

hybrid network in the graph learning module is stronger than that of the 

Mamba-oriented network in the sequence learning module, enabling it 

to effectively handle the rich contextual information present in session 

graphs. Finally, experimental results demonstrate that our asymmetric 

heterogeneous framework consistently achieves better recommendation 

performance than both symmetric variants on all four datasets and eval­

uation metrics. Specifically, our approach outperforms Dual GL with 

SDA and Dual SL with SDA by harnessing the complementary induc­

tive biases from graph and sequence branches for more comprehensive 

session representation learning.

To validate the effectiveness of the asymmetric contrastive learning 

method, we conduct experiments on two representative classical back­

bones, SRGNN and SASRec, and evaluate their performance with the 

asymmetric contrastive learning method. We test four dual-branch con­

figurations, including two homogeneous settings (SRGNN + SRGNN, 

SASRec + SASRec) and two heterogeneous settings (SRGNN as the main 

branch with SASRec as the auxiliary branch, SASRec as the main branch 

with SRGNN as the auxiliary branch). The vanilla single-branch SRGNN 

and SASRec are included as baselines, and our Conan model is pre­

sented as a reference for performance comparison. The full results on 

four benchmark datasets are reported in Table 6.

We find that the models with the asymmetric contrastive learning 

achieve consistent performance improvements over their vanilla models 

in most cases. For example, in the Diginetica dataset, the homogeneous 

SRGNN dual-branch setting yields a 3.86% gain in Recall@20 compared 

with vanilla SRGNN, and the homogeneous SASRec dual-branch setting 

improves Recall@20 by 1.71% over vanilla SASRec. The consistent im­

provements across different backbones and datasets demonstrate that 

the asymmetric contrastive learning is a general and effective method 

that can be readily adapted to various backbones.

In summary, the components of the Conan framework exhibit a 

synergistic relationship derived from two design principles. Graph 

learning captures non-sequential item co-occurrence patterns through 

message passing on session graphs, while sequence learning captures 

temporal dependencies via bidirectional sequential modeling. These 

two views provide complementary information about user preferences. 

Specifically, the graph view reveals structural patterns, while the se­

quence view uncovers temporal patterns. Furthermore, directly fusing 

graph and sequence features, such as simple summation, can lead to 

feature conflicts, as graph and sequence representations are distributed 

across separate representation spaces. The asymmetric contrastive learn­

ing framework effectively unifies the two modules by aligning sequence 

representations with graph representations during training, which alle­

viates the underlying conflicts between sequential and non-sequential 

item dependencies.

4.4.2 . The effects of graph learning module

The second group of ablation studies aims to demonstrate the 

effectiveness of the message passing method in our GaMaFormer. 

Specifically, we produce three variants for comparison, including: (1) 

w/o SAN, which combines the basic Mamba block with the stable MLP 

for message passing; (2) w/o Mamba, which combines the self-attention 

layer with the stable MLP for message passing; and (3) w/o stable MLP, 

which removes only the stable MLP for message passing. The results are 

shown in Table 7.

From Table 7, we observe that three variant models show worse 

performance than Conan, which demonstrates the effectiveness of each 

component in GaMaFormer. Specifically, the fundamental novelty of 

GaMaFormer is its hybrid Transformer-Mamba architecture for graph 

learning. Although Transformer outperforms RNNs in terms of training 

efficiency and has a global receptive field compared to convolutional 

neural networks (CNNs), the quadratic bottleneck limits its inference ef­

ficiency. Recent Mamba demonstrates promising results in terms of both 

efficiency and performance, while still lagging behind the performance 

of comparably sized Transformer-based models. Taking advantage of 

both Transformer and Mamba, GaMaFormer combines both of them to 

improve the efficiency and context learning capability. Comparing w/o 

SAN and w/o Mamba on the four datasets, we can observe that w/o SAN 

outperforms w/o Mamba on Diginetica, Dressipi, and KuaiRand, while 

w/o Mamba outperforms w/o SAN on Retailrocket. This suggests that 

the self-attention layer and the Mamba layer have advantages in han­

dling session sequences of different lengths. Specifically, Retailrocket 

is the sparsest dataset with the shortest average session length among 

the four datasets. The self-attention mechanism memorizes all histor­

ical interactions to learn session-level user preferences, demonstrating 

Applied Soft Computing 204 (2027) 116430 

10 



W
. L

i, M
. G

a
o
, B

. C
h
en

 et a
l.

Table 5 

Effects of graph-sequence contrastive learning framework. For the experimental results on each dataset, the bold-faced number is the best score.

Models Graph Learning Sequence Learning Contrastive Learning @5 @10 @15 @20

Recall MRR NDCG Recall MRR NDCG Recall MRR NDCG Recall MRR NDCG

Diginetica

Conan (ours) ✓ (main) ✓ Feature-level 32.13 19.00 22.26 43.53 20.52 25.94 50.64 21.08 27.82 55.73 21.37 29.02

w/o GL ✘ ✓ Feature-level 25.97 14.86 17.61 36.67 16.28 21.06 43.55 16.82 22.88 48.55 17.10 24.06

w/o SL ✓ ✘ Feature-level 31.99 18.90 22.14 43.45 20.43 25.85 50.60 20.99 27.74 55.68 21.28 28.94

w/o CL ✓ ✓ w/o 27.05 15.79 18.58 37.58 17.19 21.97 44.35 17.72 23.76 49.27 18.00 24.93

w/o CL (concat) ✓ ✓ w/o 31.15 18.74 21.81 41.91 20.17 25.29 48.53 20.69 27.04 53.32 20.96 28.17

w/o CL (sum) ✓ ✓ w/o 30.91 18.55 21.61 41.65 19.98 25.09 48.38 20.52 26.87 53.24 20.79 28.02

SL wtih Data-level CL ✘ ✓ Data-level 20.85 13.96 15.68 25.68 14.60 17.23 28.60 14.83 18.01 30.82 14.95 18.53

SL wtih Model-level CL ✘ ✓ Model-level 14.74 7.94 9.62 22.70 8.99 12.18 28.32 9.43 13.66 32.73 9.68 14.71

GL wtih Feature-level CL ✓ ✘ Feature-level 31.17 18.50 21.64 42.11 19.96 25.18 48.95 20.50 26.99 53.83 20.77 28.14

Mirroring Conan ✓ ✓ (main) Feature-level 31.18 18.77 21.84 41.78 20.18 25.27 48.44 20.7 27.03 53.27 20.98 28.17

Dual GL with SDA ✓ (dual) ✘ Feature-level 30.22 16.97 20.25 42.63 18.62 24.26 50.35 19.23 26.30 55.80 19.54 27.59

Dual SL with SDA ✘ ✓ (dual) Feature-level 29.34 16.89 19.97 40.92 18.43 23.71 48.20 19.00 25.64 53.43 19.30 26.87

Retailrocket

Conan (ours) ✓ (main) ✓ Feature-level 57.32 43.48 46.95 63.99 44.38 49.12 67.32 44.64 50.00 69.46 44.76 50.51

w/o GL ✘ ✓ Feature-level 56.92 43.48 46.86 63.28 44.35 48.93 66.48 44.60 49.77 68.57 44.72 50.27

w/o SL ✓ ✘ Feature-level 57.17 43.35 46.81 63.84 44.25 48.98 67.24 44.52 49.88 69.43 44.64 50.40

w/o CL ✓ ✓ w/o 53.90 41.12 44.33 60.34 41.99 46.42 63.60 42.25 47.28 65.85 42.38 47.82

w/o CL (concat) ✓ ✓ w/o 56.29 43.32 46.58 61.83 44.06 48.38 64.56 44.28 49.10 66.32 44.38 49.52

w/o CL (sum) ✓ ✓ w/o 56.36 43.16 46.47 62.36 43.97 48.43 65.36 44.21 49.22 67.35 44.32 49.70

SL wtih Data-level CL ✘ ✓ Data-level 46.96 39.64 41.52 48.27 39.82 41.94 48.92 39.87 42.12 49.39 39.90 42.23

SL wtih Model-level CL ✘ ✓ Model-level 37.82 33.37 34.49 40.07 33.67 35.22 41.40 33.78 35.57 42.31 33.83 35.79

GL wtih Feature-level CL ✓ ✘ Feature-level 56.68 43.49 46.80 62.85 44.32 48.80 65.97 44.57 49.63 67.96 44.68 50.10

Mirroring Conan ✓ ✓ (main) Feature-level 56.41 43.23 46.54 62.21 44.02 48.43 65.07 44.25 49.19 66.94 44.35 49.63

Dual GL with SDA ✓ (dual) ✘ Feature-level 55.06 40.90 44.44 62.54 41.91 46.88 66.43 42.22 47.90 68.95 42.36 48.50

Dual SL with SDA ✘ ✓ (dual) Feature-level 54.37 40.74 44.16 61.14 41.65 46.36 64.79 41.94 47.32 67.07 42.07 47.86

Dressipi

Conan (ours) ✓ (main) ✓ Feature-level 23.77 14.14 16.52 32.19 15.27 19.25 37.39 15.67 20.62 41.15 15.89 21.51

w/o GL ✘ ✓ Feature-level 22.53 13.31 15.59 30.71 14.40 18.24 35.85 14.81 19.60 39.57 15.02 20.48

w/o SL ✓ ✘ Feature-level 23.67 14.07 16.45 32.11 15.19 19.17 37.35 15.60 20.56 41.10 15.82 21.44

w/o CL ✓ ✓ w/o 7.14 3.66 4.52 10.88 4.15 5.72 13.68 4.37 6.46 15.98 4.50 7.01

w/o CL (concat) ✓ ✓ w/o 22.30 13.02 15.32 30.51 14.11 17.97 35.62 14.52 19.32 39.38 14.73 20.21

w/o CL (sum) ✓ ✓ w/o 22.40 13.09 15.39 30.60 14.18 18.04 35.76 14.59 19.41 39.51 14.80 20.29

SL wtih Data-level CL ✘ ✓ Data-level 12.17 7.54 8.69 16.63 8.14 10.13 19.59 8.37 10.91 21.86 8.50 11.44

SL wtih Model-level CL ✘ ✓ Model-level 9.14 4.91 5.95 13.79 5.53 7.45 17.09 5.79 8.32 19.74 5.93 8.95

GL wtih Feature-level CL ✓ ✘ Feature-level 23.64 14.09 16.46 31.87 15.19 19.12 36.92 15.59 20.45 40.69 15.80 21.34

Mirroring Conan ✓ ✓ (main) Feature-level 23.22 14.02 16.30 31.20 15.08 18.88 36.15 15.47 20.19 39.78 15.68 21.05

Dual GL with SDA ✓ (dual) ✘ Feature-level 22.03 12.93 15.18 30.06 14.00 17.78 35.15 14.40 19.12 38.91 14.61 20.01

Dual SL with SDA ✘ ✓ (dual) Feature-level 21.46 12.63 14.82 29.37 13.69 17.38 34.41 14.08 18.71 38.08 14.29 19.57

KuaiRand

Conan (ours) ✓ (main) ✓ Feature-level 6.73 3.98 4.66 10.80 4.51 5.96 14.05 4.77 6.82 17.09 4.94 7.54

w/o GL ✘ ✓ Feature-level 6.61 3.89 4.56 10.48 4.40 5.80 13.89 4.67 6.70 16.83 4.83 7.40

w/o SL ✓ ✘ Feature-level 6.51 3.81 4.47 10.37 4.31 5.71 13.64 4.57 6.57 16.65 4.74 7.28

w/o CL ✓ ✓ w/o 2.05 1.10 1.33 3.45 1.28 1.78 4.79 1.38 2.13 5.88 1.45 2.39

w/o CL (concat) ✓ ✓ w/o 6.56 3.85 4.51 10.47 4.36 5.77 13.54 4.60 6.58 16.40 4.76 7.25

w/o CL (sum) ✓ ✓ w/o 6.31 3.77 4.40 10.13 4.27 5.62 13.48 4.54 6.51 16.17 4.69 7.14

SL wtih Data-level CL ✘ ✓ Data-level 3.49 1.77 2.19 5.89 2.08 2.96 8.09 2.25 3.54 9.98 2.36 3.98

SL wtih Model-level CL ✘ ✓ Model-level 3.34 1.92 2.27 5.54 2.21 2.97 7.42 2.35 3.47 9.18 2.45 3.89

GL wtih Feature-level CL ✓ ✘ Feature-level 6.37 3.81 4.44 10.17 4.30 5.65 13.23 4.54 6.46 16.08 4.71 7.14

Mirroring Conan ✓ ✓ (main) Feature-level 6.34 3.88 4.49 10.25 4.39 5.74 13.47 4.64 6.59 16.48 4.81 7.30

Dual GL with SDA ✓ (dual) ✘ Feature-level 6.37 3.79 4.42 10.37 4.32 5.71 13.90 4.60 6.64 16.95 4.77 7.37

Dual SL with SDA ✘ ✓ (dual) Feature-level 6.37 3.75 4.39 9.93 4.21 5.53 13.12 4.46 6.38 15.86 4.62 7.02
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Table 6 

Effects of asymmetric contrastive learning method. For the experimental results for each dataset, the bold-faced number is the best score.

Models @5 @10 @15 @20

Recall MRR NDCG Recall MRR NDCG Recall MRR NDCG Recall MRR NDCG

Diginetica

Conan (ours) 32.13 19.00 22.26 43.53 20.52 25.94 50.64 21.08 27.82 55.73 21.37 29.02

SRGNN (main) + SASRec 30.45 17.01 20.33 42.76 18.64 24.31 50.20 19.23 26.27 55.67 19.54 27.57

Homogeneous SRGNN 30.12 16.92 20.18 42.25 18.52 24.10 49.59 19.10 26.04 54.96 19.40 27.30

SRGNN + SASRec (main) 29.64 16.71 19.91 41.68 18.31 23.80 49.12 18.90 25.76 54.28 19.19 26.98

Homogeneous SASRec 29.56 16.68 19.86 41.33 18.24 23.67 48.72 18.83 25.62 53.94 19.12 26.86

SRGNN 27.85 16.23 19.10 38.91 17.70 22.67 45.93 18.25 24.53 51.10 18.54 25.75

SASRec 28.76 16.91 19.85 39.93 18.40 23.45 47.04 18.96 25.33 52.23 19.25 26.56

Retailrocket

Conan (ours) 57.32 43.48 46.95 63.99 44.38 49.12 67.32 44.64 50.00 69.46 44.76 50.51

SRGNN (main) + SASRec 55.32 40.99 44.58 62.57 41.97 46.93 66.43 42.27 47.95 68.90 42.41 48.54

Homogeneous SRGNN 55.12 40.96 44.51 62.25 41.93 46.83 65.96 42.22 47.81 68.35 42.36 48.38

SRGNN + SASRec (main) 56.43 43.31 46.60 62.37 44.11 48.53 65.41 44.35 49.34 67.36 44.46 49.80

Homogeneous SASRec 54.45 40.76 44.19 61.32 41.69 46.43 64.91 41.97 47.38 67.28 42.11 47.94

SRGNN 54.65 40.90 44.35 61.56 41.84 46.60 65.05 42.11 47.52 67.40 42.25 48.07

SASRec 53.18 41.11 44.12 60.45 42.08 46.48 64.37 42.40 47.52 67.02 42.54 48.15

Dressipi

Conan (ours) 23.77 14.14 16.52 32.19 15.27 19.25 37.39 15.67 20.62 41.15 15.89 21.51

SRGNN (main) + SASRec 22.02 12.92 15.18 30.03 13.99 17.76 35.06 14.39 19.10 38.80 14.60 19.98

Homogeneous SRGNN 22.29 13.00 15.30 30.40 14.09 17.92 35.36 14.48 19.24 39.15 14.69 20.13

SRGNN + SASRec (main) 21.85 12.89 15.11 29.78 13.95 17.67 34.72 14.34 18.98 38.40 14.55 19.85

Homogeneous SASRec 21.82 12.88 15.09 29.70 13.93 17.64 34.68 14.32 18.96 38.32 14.53 19.82

SRGNN 22.19 13.33 15.52 29.93 14.36 18.02 34.81 14.74 19.31 38.34 14.94 20.15

SASRec 21.58 12.96 15.09 29.41 14.00 17.62 34.47 14.40 18.96 38.21 14.61 19.84

KuaiRand

Conan (ours) 6.73 3.98 4.66 10.80 4.51 5.96 14.28 4.77 6.82 17.33 4.94 7.54

SRGNN (main) + SASRec 6.52 3.86 4.52 10.47 4.38 5.78 13.96 4.65 6.71 17.07 4.83 7.44

Homogeneous SRGNN 6.56 3.86 4.52 10.66 4.40 5.84 14.05 4.68 6.79 17.09 4.85 7.51

SRGNN + SASRec (main) 6.65 3.95 4.61 10.48 4.46 5.85 13.89 4.72 6.75 16.79 4.89 7.43

Homogeneous SASRec 6.50 3.90 4.54 10.59 4.43 5.85 13.90 4.69 6.72 16.80 4.86 7.41

SRGNN 6.32 3.90 4.49 9.84 4.36 5.62 12.61 4.57 6.35 15.14 4.72 6.95

SASRec 6.49 3.93 4.56 10.43 4.44 5.82 13.85 4.71 6.72 16.92 4.88 7.45

Table 7 

Effects of graph learning module. For the experimental results on each dataset, the bold-faced number is the best score.

Models Self-attention

Layer

Mamba

Layer

Stable

MLP

@5 @10 @15 @20

Recall MRR NDCG Recall MRR NDCG Recall MRR NDCG Recall MRR NDCG

Diginetica

Conan (ours) ✓ ✓ ✓ 32.13 19.00 22.26 43.53 20.52 25.94 50.64 21.08 27.82 55.73 21.37 29.02

w/o SAN ✘ ✓ ✓ 31.86 18.89 22.10 43.31 20.42 25.81 50.32 20.97 27.67 55.50 21.26 28.89

w/o Mamba ✓ ✘ ✓ 31.66 18.69 21.90 43.05 20.21 25.58 50.18 20.77 27.47 55.37 21.06 28.70

w/o stable MLP ✓ ✓ ✘ 31.87 18.90 22.12 43.48 20.45 25.87 50.57 21.01 27.74 55.59 21.29 28.93

Retailrocket

Conan (ours) ✓ ✓ ✓ 57.32 43.48 46.95 63.99 44.38 49.12 67.32 44.64 50.00 69.46 44.76 50.51

w/o SAN ✘ ✓ ✓ 56.87 43.27 46.68 63.38 44.15 48.80 66.72 44.42 49.68 68.84 44.53 50.18

w/o Mamba ✓ ✘ ✓ 57.04 43.30 46.74 63.74 44.20 48.92 67.10 44.47 49.81 69.23 44.59 50.31

w/o stable MLP ✓ ✓ ✘ 57.16 43.34 46.80 63.85 44.25 48.98 67.22 44.51 49.87 69.43 44.64 50.39

Dressipi

Conan (ours) ✓ ✓ ✓ 23.77 14.14 16.52 32.19 15.27 19.25 37.39 15.67 20.62 41.15 15.89 21.51

w/o SAN ✘ ✓ ✓ 23.56 14.05 16.40 31.91 15.16 19.10 37.10 15.57 20.47 40.86 15.78 21.36

w/o Mamba ✓ ✘ ✓ 23.43 13.94 16.29 31.71 15.05 18.97 36.85 15.45 20.33 40.61 15.66 21.22

w/o stable MLP ✓ ✓ ✘ 23.75 14.12 16.50 32.10 15.24 19.20 37.27 15.64 20.57 41.04 15.85 21.46

KuaiRand

Conan (ours) ✓ ✓ ✓ 6.73 3.98 4.66 10.80 4.51 5.96 14.05 4.77 6.82 17.09 4.94 7.54

w/o SAN ✘ ✓ ✓ 6.59 3.92 4.58 10.54 4.43 5.84 13.94 4.70 6.74 16.93 4.87 7.44

w/o Mamba ✓ ✘ ✓ 6.39 3.78 4.43 10.49 4.32 5.74 13.79 4.58 6.61 16.77 4.74 7.31

w/o MLP ✓ ✓ ✘ 6.34 3.79 4.42 10.43 4.33 5.73 13.89 4.60 6.64 16.87 4.76 7.34

distinct advantages in processing short session sequences. In addition, 

the Mamba block introduces the unique selection mechanism to fil­

ter out irrelevant information and compress the previous context into 

fixed-size hidden state, which performs better than self-attention for 

the long sequence feature learning. Moreover, we propose a dual layer 

norm enhanced MLP 𝑠𝑡𝑎𝑏𝑙𝑒𝑀𝐿𝑃  to capture deeper semantic features 

and improve training stability. To further improve its performance, we 

employ the GaMaFormer for graph learning instead of sequence learn­

ing, as session graphs contain more contextual information than session 

sequences.

4.4.3 . The effects of sequence learning module

The third group of ablation studies aims to demonstrate the effec­

tiveness of each component in our Bi-Mason. Specifically, we produce 
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Table 8 

Effects of sequence learning module. For the experimental results on each dataset, the bold-faced number is the best score.

Models Shared 

Parameter

Feature fusion 

method

Bidirectional 

Mechanism

@5 @10 @15 @20

Recall MRR NDCG Recall MRR NDCG Recall MRR NDCG Recall MRR NDCG

Diginetica

Conan (ours) ✓ Fourier KAN ✓ 32.13 19.00 22.26 43.53 20.52 25.94 50.64 21.08 27.82 55.73 21.37 29.02

w/o Shared Parameter ✘ Fourier KAN ✓ 31.96 18.96 22.18 43.29 20.46 25.84 50.34 21.02 27.70 55.47 21.31 28.91

MLP fusion ✓ MLP ✓ 31.99 18.89 22.14 43.31 20.40 25.79 50.52 20.97 27.70 55.65 21.25 28.91

Gating fusion ✓ Gating network ✓ 31.11 18.63 21.72 41.66 20.03 25.13 48.22 20.55 26.87 52.86 20.81 27.96

w/o Bidirectional Mechanism ✓ Fourier KAN ✘ 31.89 18.88 22.11 43.39 20.41 25.82 50.52 20.98 27.71 55.51 21.26 28.89

Retailrocket

Conan (ours) ✓ Fourier KAN ✓ 57.32 43.48 46.95 63.99 44.38 49.12 67.32 44.64 50.00 69.46 44.76 50.51

w/o Shared Parameter ✘ Fourier KAN ✓ 57.20 43.42 46.87 63.83 44.31 49.03 67.15 44.58 49.91 69.37 44.70 50.43

MLP fusion ✓ MLP ✓ 57.13 43.39 46.84 63.81 44.29 49.01 67.22 44.56 49.91 69.42 44.69 50.43

Gating fusion ✓ Gating network ✓ 56.83 43.44 46.80 62.98 44.28 48.80 66.08 44.52 49.63 68.09 44.64 50.10

w/o Bidirectional Mechanism ✓ Fourier KAN ✘ 57.04 43.34 46.78 63.61 44.23 48.91 66.92 44.49 49.79 69.06 44.61 50.29

Dressipi

Conan (ours) ✓ Fourier KAN ✓ 23.77 14.14 16.52 32.19 15.27 19.25 37.39 15.67 20.62 41.15 15.89 21.51

w/o Shared Parameter ✘ Fourier KAN ✓ 23.68 14.08 16.46 32.12 15.20 19.18 37.35 15.62 20.57 41.14 15.83 21.46

MLP fusion ✓ MLP ✓ 23.70 14.09 16.47 32.05 15.21 19.17 37.16 15.61 20.52 40.89 15.82 21.40

Gating fusion ✓ Gating network ✓ 22.29 13.03 15.32 30.51 14.13 17.98 35.64 14.53 19.34 39.38 14.74 20.22

w/o Bidirectional Mechanism ✓ Fourier KAN ✘ 23.58 14.05 16.41 31.95 15.17 19.12 37.06 15.57 20.47 40.79 15.78 21.35

KuaiRand

Conan (ours) ✓ Fourier KAN ✓ 6.73 3.98 4.66 10.80 4.51 5.96 14.05 4.77 6.82 17.09 4.94 7.54

w/o Shared Parameter ✘ Fourier KAN ✓ 6.38 3.84 4.46 10.41 4.36 5.75 13.81 4.63 6.65 16.84 4.80 7.36

MLP fusion ✓ MLP ✓ 6.42 3.85 4.48 10.44 4.37 5.77 13.86 4.64 6.67 16.78 4.80 7.36

Gating fusion ✓ Gating network ✓ 6.51 3.89 4.53 10.61 4.42 5.84 14.07 4.69 6.75 16.98 4.85 7.44

w/o Bidirectional Mechanism ✓ Fourier KAN ✘ 6.52 3.89 4.53 10.51 4.41 5.81 13.86 4.67 6.69 16.89 4.84 7.41

four variants for comparison, including: (1) w/o Shared Parameters, 

which removes the parameter sharing between the forward Mamba layer 

and the reverse Mamba layer; (2) MLP fusion, which adopts the vanilla 

feed-forward network with GELU activation to fuse the bidirectional 

contextual features; (3) Gating fusion, which adopts the vanilla gating 

network to perform adaptive fusion of bidirectional contextual features; 

and (4) w/o Bidirectional Mechanism, which adopts basic Mamba block 

and the vanilla feed-forward network with GELU activation for sequence 

learning. The results are shown in Table 8.

From Table 8, we can observe that altering each part of our Bi-

Mason leads to a performance decrease and the complete Conan achieves 

peak performance, demonstrating the effectiveness of the parameter-

sharing mechanism, the Fourier KAN-based feature fusion method, and 

the bidirectional mechanism. Specifically, comparing Conan to w/o 

Bidirectional Mechanism, we can observe that Conan achieves better 

performance in most cases, indicating that it is challenging to capture 

user preferences by simply stacking the basic Mamba blocks. Left-to-

right causal modeling falls short in learning optimal representations of 

session-level user preferences, as each item only captures information 

from preceding interactions. This approach introduces a rigid order as­

sumption, which may not accurately reflect user behaviors in real-world 

scenarios. Moreover, the parameter-sharing mechanism is crucial for 

consistent feature learning.

Furthermore, it is found that Fourier KAN plays a vital role in effi­

cient and effective feature fusion. By adopting 1D Fourier coefficients 

instead of B-spline coefficients, Fourier KAN offers easier optimization 

due to the denser nature of Fourier coefficients, which operate on a 

global scale, in contrast to the local nature of splines. Furthermore, the 

use of Fourier coefficients benefits from periodicity, making the func­

tions more numerically bounded and helping to avoid issues related to 

going outside the grid.

4.4.4 . The effects of preference learning module

The dual soft attention network is adopted in both the graph learning 

module and the sequence learning module for session-level preference 

modeling. The fourth group of ablation studies aims to demonstrate the 

effectiveness of our dual soft attention network compared to vanilla 

methods, such as vanilla soft attention network and mean-pooling. 

Specifically, we produce two variants for comparison, including: (1) 

Vanilla soft attn, which retains the item-level soft attention mecha­

nism to learn long-term interests based on short-term and contextual 

references. However, it replaces the second preference-level attention 

fusion layer with a simple concatenation followed by a linear projec­

tion; and (2) Mean-pooling, which computes the average of all updated 

item representations within a session as the final session-level user 

preference.

The experimental results on four benchmark datasets are presented 

in Table 9. It can be observed that the full Conan model equipped with 

the dual soft attention network consistently outperforms both baseline 

variants across all evaluation metrics on all datasets. In particular, the 

performance gap is more prominent on the Diginetica and KuaiRand 

datasets. For example, on the KuaiRand dataset, our full model achieves 

16.2% relative improvement on Recall@5 compared with the mean-

pooling method, and also outperforms the vanilla soft attention variant 

by 11.6% on Recall@5.

The consistent performance gains verify the rationality of our dual 

attention design. On one hand, unlike the mean-pooling strategy that 

treats all interacted items equally, the item-level soft attention can dy­

namically assign differentiated weights to each item according to its 

relevance to the user’s current interest state, which effectively amplifies 

the influence of core interactive items and suppresses the noise caused 

by accidental clicks. On the other hand, compared with the fixed fu­

sion paradigm of vanilla soft attention, the additional preference-level 

attention layer enables the model to adaptively adjust the contribution 

ratios of short-term, contextual, and long-term interests according to 

specific session characteristics. Specifically, for sessions with clear se­

quential intent, the model automatically emphasizes short-term interest. 

Additionally, for sessions with scattered interaction behaviors, it relies 

more on contextual and long-term interests. In summary, this two-layer 

adaptive weighting mechanism endows the model with finer-grained 

preference modeling capability.

4.5 . Parameter sensitivity

To address RQ3, we examine the impact of the key hyper-parameters 

on the performance of Conan, including the number of stacking layers 
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Table 9 

Effects of preference learning module. For the experimental results on each dataset, the bold-faced number is the best score.

Models @5 @10 @15 @20

Recall MRR NDCG Recall MRR NDCG Recall MRR NDCG Recall MRR NDCG

Diginetica

Conan (ours) 32.13 19.00 22.26 43.53 20.52 25.94 50.64 21.08 27.82 55.73 21.37 29.02

Vanilla soft attn 30.48 17.31 20.57 42.70 18.93 24.51 50.39 19.54 26.54 55.71 19.84 27.80

Mean-pooling 30.41 16.97 20.30 42.80 18.62 24.30 50.28 19.21 26.28 55.67 19.51 27.55

Retailrocket

Conan (ours) 57.32 43.48 46.95 63.99 44.38 49.12 67.32 44.64 50.00 69.46 44.76 50.51

Vanilla soft attn 57.05 43.25 46.71 63.71 44.15 48.87 67.00 44.41 49.74 69.20 44.53 50.26

Mean-pooling 57.04 43.24 46.70 63.75 44.14 48.88 67.15 44.41 49.78 69.38 44.54 50.31

Dressipi

Conan (ours) 23.77 14.14 16.52 32.19 15.27 19.25 37.39 15.67 20.62 41.15 15.89 21.51

Vanilla soft attn 22.39 13.09 15.39 30.60 14.18 18.04 35.72 14.59 19.40 39.51 14.80 20.29

Mean-pooling 22.42 13.10 15.41 30.61 14.19 18.06 35.71 14.59 19.41 39.48 14.81 20.29

KuaiRand

Conan (ours) 6.73 3.98 4.66 10.80 4.51 5.96 14.05 4.77 6.82 17.09 4.94 7.54

Vanilla soft attn 6.03 3.60 4.20 9.49 4.06 5.31 12.39 4.29 6.08 14.90 4.43 6.67

Mean-pooling 5.79 3.61 4.14 8.92 4.02 5.15 11.29 4.20 5.77 13.49 4.33 6.29

Fig. 3. Performance of conan when varying GaMaFormer layer number on diginetica (Digi.) and dressipi (Dres.).

Fig. 4. Performance of conan when varying bi-mason layer number on diginetica (Digi.) and dressipi (Dres.).

and the grid size. Moreover, the loss weight that controls the influ­

ence of contrastive learning task is also taken into consideration. Due to 

the limited space, we only report the results of Recall@10, Recall@20, 

MRR@10, and MRR@20 for the Diginetica and Dressipi datasets. Similar 

trends can be observed across other metrics and datasets.

4.5.1 . The impact of different numbers of stacking layers

As shown in Figs. 3 and 4, to investigate the influence of the number 

of stacking layers on the model performance, we tune it to {1, 2, 3, 4, 5}
for GaMaFormer and Bi-Mason, respectively. For GaMaFormer, we 

observe that our Conan achieves optimal performance with varying pa­

rameters. Specifically, stacking additional layers with GaMaFormer does 

not enhance performance on Diginetica, while the peak performance on 

Dressipi is obtained by stacking 2 layers. We attribute the reason to over-

smoothing problem which causes homogenization of the information. In 

other words, it leads to the representations of different items to finally 

contain the similar information. Moreover, Conan benefits from stacking 

more layers with Bi-Mason, especially on Diginetica and Dressipi. This 

is because the complex semantic features derived from deep layers are 

crucial for delivering self-supervised training signals.

4.5.2 . The impact of different grid sizes

As shown in Fig. 5, we evaluate the impact of the grid size from 

{1, 2, 4, 8}. It is observed that the best grid size is set to 1 on Diginetica 

and Retailrocket, while the optimal grid size is set to 2 on Dressipi. The 

grid size dictates the number of sine and cosine terms included in the 

Fourier coefficients for each input dimension, which affects the difficulty 

of training. A larger grid size is essential for longer session sequences 

on Dressipi to capture complex patterns, while a smaller grid size is 

sufficient for shorter session sequences on Diginetica.

4.5.3 . The impact of different loss weights

In Conan, the hyper-parameter is adopted to scale the contrastive 

loss for self-supervised task. As shown in Fig. 6, to demonstrate the 
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Fig. 5. Performance for conan with varying grid sizes on diginetica (Digi.) and dressipi (Dres.).

Fig. 6. Performance of conan with varying loss weights on diginetica (Digi.) and dressipi (Dres.).

Table 10 

Statistics of the three sub-datasets.

Dataset # Sessions # Items # Interactions Avg. session 

length

Avg. action 

per item

Cold-start group 144,939 40,782 444,678 3.07 10.90

Common group 54,984 41,011 462,360 8.41 11.27

Active group 4141 23,071 82,166 19.85 3.56

contribution of each task, we compare the experimental results by tun­

ing the values from {0.0001, 0.001, 0.01, 0.1, 1}. We observe that Conan 

consistently achieves the peak performance when the loss weight is set 

to 0.01 in most cases, while smaller or larger loss weight does not show a 

tendency toward better performance. The reason is that the incorporated 

self-supervision signals are insufficient to improve the representations of 

session-level user preferences when the loss weight is small. By contrast, 

the large loss weight will force Conan to consider excessive sequential in­

formation, thereby preventing non-sequential signal modeling in graph 

learning module.

4.6 . User group study

The user group study addresses RQ4, demonstrating that Conan can 

deliver effective recommendations for users with varying levels of ac­

tivity. Specifically, we categorize the users in the Diginetica dataset 

into three groups based on their activity levels: cold-start users (ses­

sion length of 5 or fewer), common users (session length of 5 to 15), 

and active users (session length greater than 15). The dataset statis­

tics are presented in Table 10, which indicate that 71.03% of the users 

are classified as cold-start users, 26.94% as common users, and 2.03% 

as active users. This distribution reveals that most real-world sessions 

are short, making it challenging to capture user behavioral patterns due 

to limited contextual information. Subsequently, we explore the perfor­

mance of our model, Conan and seven representative baseline models, 

i.e., TAGNN [36], SASRec [7], SGNN-HN [2], NARM [39], CORE [24], 

GCEGNN [54], and CM-GNN [55]. Consistent with the settings of the 

overall experiment, all models in this user group study are evaluated 

over 5 independent runs with different random seeds. We perform paired 

t-tests against the strongest baseline within each user group.

Table 11 shows that Conan outperforms the seven baseline models 

on all the three sub-datasets. In particular, the performance gains on 

the cold-start user group also reach statistical significance. These results 

highlight the effectiveness of Conan in session-based recommendation 

tasks, even with limited session lengths. Specifically, Conan benefits 

from the graph learning to extract representative non-sequential item 

dependencies. Moreover, the sequence learning facilitates Conan in cap­

turing fine-grained temporal item transition patterns. Furthermore, it 

is found that the graph-sequence learning-based methods achieve bet­

ter performance than the single learning-based methods in most cases. 

Specifically, SGNN-HN [2], GCEGNN [54], and CM-GNN [55] consis­

tently outperform TAGNN [36], NARM [39], and SASRec [7]. We also 

note that the performance of all the models deteriorates as the session 

length increases. This decline can be attributed to the presence of a 

greater number of noisy clicks and multiple user intents in longer ses­

sions. Therefore, it is challenging for these models to precisely predict 

user behaviors under such complex circumstances.

4.7 . Model efficiency

The model efficiency experiment addresses RQ5 by comparing the 

efficiency between our Conan model and four representative baseline 

models, i.e., MLSA4Rec [52], TAGNN [36], GCEGNN [54], and CM-

GNN [55]. We train these models on a server equipped with an Intel(R) 

Xeon(R) Platinum 8375 C CPU (RAM: 755.51 GB) and a single NVIDIA 

GeForce RTX 3090 GPU. Moreover, for these models, we maintain the 

configuration where the embedding dimension and the batch size are set 

to 100, with the maximum session length fixed at 20. For each epoch, 

we evaluate and record the computational costs, including GPU memory 

consumption, training duration, inference time, wall time per forward 

pass, and number of epochs for training as shown in Table 12.

We can observe that our Conan optimally balances space com­

plexity and time complexity, while achieving promising performance. 

Specifically, compared to the representative graph-sequence learning-

based baseline model GCEGNN [54], our Conan reduces GPU memory 

consumption by about 94.47% training duration by 52.08%, and infer­

ence time by 43.77% on average. The similar trends can be observed in 

the comparison with another representative graph-sequence learning-

based baseline model CM-GNN [55], where our Conan reduces GPU 
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Table 11 

Model performance on the three sub-datasets. For each column, the best performance and the second best performance methods are denoted in bold and underlined

fonts respectively. * indicates that the improvement over the strongest baseline is statistically significant (𝑝 < 0.05) based on a paired t-test.

Model Cold-start group Common group Active group

@10 @20 @10 @20 @10 @20

Recall MRR NDCG Recall MRR NDCG Recall MRR NDCG Recall MRR NDCG Recall MRR NDCG Recall MRR NDCG

Conan (ours) 40.82* 20.36* 25.20* 50.34* 21.02* 27.61* 38.41* 17.37* 22.30* 50.65* 18.21* 25.39* 30.29* 13.85* 17.71* 39.11* 14.46* 19.94*

TAGNN 36.14 18.11 22.38 44.58 18.70 24.51 34.21 15.23 19.67 45.40 16.00 22.50 24.35 11.52 14.53 32.00 12.06 16.47

SASRec 36.51 18.30 22.58 46.14 18.96 25.01 33.60 14.98 19.33 45.70 15.82 22.39 27.13 12.63 16.03 36.14 13.24 18.30

CORE 39.16 18.85 23.65 49.48 19.57 26.26 35.88 16.47 21.02 47.04 17.24 23.85 29.23 12.93 16.73 38.09 13.54 18.98

NARM 33.40 15.91 20.03 42.32 16.53 21.41 33.07 14.42 18.78 44.50 15.22 21.67 25.07 11.15 14.42 32.42 11.65 16.27

GCEGNN 38.86 19.36 23.97 48.51 20.03 26.41 37.04 16.26 21.14 48.94 17.09 24.14 29.03 13.73 17.33 35.92 14.21 19.08

SGNN-HN 38.80 19.14 23.78 48.24 19.79 26.17 35.48 15.74 20.36 47.14 16.54 23.31 29.11 13.33 17.03 36.79 13.86 18.97

CM-GNN 38.10 18.93 23.47 47.17 19.56 25.76 35.62 15.61 20.30 47.31 16.41 23.25 28.55 13.12 16.76 36.50 13.67 18.77

Table 12 

Efficiency performance across the four datasets.

Dataset Method GPU memory (MB) Training time 

(s/epoch)

Inference time 

(s/epoch)

Wall time per forward 

pass (s/batch)

# epochs for 

training

Diginetica MLSA4Rec 820 289.99 55.46 0.17 25

TAGNN 7456 586.11 99.04 0.34 9

GCEGNN 13,286 958.99 107.86 0.52 22

CMGNN 13,288 1323.16 111.21 0.70 12

Conan (Ours) 858 391.76 63.75 0.22 18

Retailrocket MLSA4Rec 988 460.41 58.65 0.16 20

TAGNN 10,124 1155.33 97.45 0.38 9

GCEGNN 13,286 960.46 108.76 0.32 22

CMGNN 12,304 2075.36 120.65 0.67 12

Conan (Ours) 1020 614.98 66.01 0.21 17

Dressipi MLSA4Rec 584 1537.98 233.28 0.26 32

TAGNN 3604 1477.09 338.51 0.26 11

GCEGNN 13,272 4961.69 490.18 0.79 23

CMGNN 15,480 8201.25 549.19 1.27 34

Conan (Ours) 598 2058.37 274.36 0.34 18

KuaiRand MLSA4Rec 450 592.31 10.97 2.36 25

TAGNN 1558 312.48 11.81 1.27 14

GCEGNN 13,268 1704.95 25.78 6.76 34

CMGNN 12,374 2616.58 26.01 10.32 14

Conan (Ours) 462 772.81 12.67 3.07 19

memory consumption by about 94.41% training duration by 71.53%, 

and inference time by 47.32% on average. Notably, GCEGNN and CM-

GNN adopt a global session graph design, with their memory footprint 

scaling with the total number of items in the dataset. In contrast, our 

Conan eliminates this architectural limitation by replacing the global 

session graph with the lightweight session graph. Moreover, we find 

that our Conan achieves superior performance while maintaining a com­

parable computational cost to the representative graph learning-based 

baseline model TAGNN [36], particularly regarding memory cost and in­

ference time. In addition, although MLSA4Rec [52] requires less training 

and inference time, our Conan model achieves comparable GPU memory 

consumption while delivering better performance. To further elaborate 

the efficiency advantage of the asymmetric contrastive paradigm, we 

provide parameter counts of the two core modules under the default 

experimental configuration (embedding dimension = 100). In terms of 

parameter scale, the graph learning module contains 176,400 parame­

ters, while the sequence learning module contains 148,800 parameters. 

This verifies that the sequence learning module serving as the con­

trastive view has a smaller parameter scale than the main graph learning 

module.

The overall efficiency advantage of Conan stems from the joint opti­

mization of the asymmetric contrastive framework and the lightweight 

Mamba backbone. On one hand, the proposed asymmetric contrastive 

learning paradigm reduces redundant computational overhead at the 

framework level. Conventional symmetric contrastive learning frame­

works typically require two independent forward propagations of the 

same encoder over two augmented views in each training step. By con­

trast, our heterogeneous dual-branch design performs only one forward 

pass for each branch, and the sequence learning branch serving as the 

contrastive view has a much smaller parameter scale. This design yields 

tangible training efficiency gains. On the other hand, the Mamba-based 

encoder backbone brings inherent efficiency advantages. As validated by 

a series of recent works on Mamba-based recommender systems [53,64], 

the selective state-space model enjoys linear time complexity and con­

stant memory footprint relative to sequence length, which is superior to 

the quadratic complexity of self-attention architectures.

4.8 . Visualized case study

Contrastive learning concentrates on learning a general feature func­

tion which maps items to features residing on a hypersphere space 

[33]. As suggested by Wang and Isola [25], alignment and unifor­

mity of feature distributions are two key properties related to the 

contrastive loss. In particular, uniformity prefers a feature distribution 

that preserves maximal information, i.e., the uniform distribution on 

the unit hypersphere. In this section, the visualized case study addresses 

RQ6, illustrating the strong capacity for feature learning by our Conan. 

Specifically, the item embedding weights of each model are projected 

into two-dimensional feature space by SVD decomposition. Due to the 

space limit, we conduct all the visualized experiments on the Diginetica 

dataset, as shown in Fig. 7. The similar trends can be found in two other 

datasets.
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Fig. 7. Distribution visualizations of normalized item embeddings on diginetica dataset. SRGNN with feature-level CL adopts the feature-level contrastive learning 

[63] to enhance vanilla SRGNN [8].

Comparing (b) to (c) and (b) to (d) in Fig. 7, we observe the dis­

tinct feature shift in (c) and (d), showing that traditional CL-enhanced 

SASRec struggles to exhibit better uniformity than vanilla SASRec. This 

is because short session sequences are sensitive to the data-level aug­

mentations, while some neural layers are sensitive to the perturbations 

of neurons. Moreover, comparing (a) to (e), we observe that the item 

features tend to be concentrated in a limited feature space, demon­

strating that the CL-enhanced SRGNN shows worse uniformity than 

vanilla SRGNN. Although the effective feature-level augmentation [63] 

is applied, the recommender system is still sensitive to the disturbed 

representations of items. Furthermore, comparing (e) to (f), we observe 

that our Conan achieves better uniformity than CL-enhanced SRGNN, 

indicating that the session-level feature disturbance is more effective at 

generating the uniform distribution of item features.

5 . Related work

This section reviews SBRS based on graph learning, sequence learn­

ing, graph-sequence learning, and contrastive learning. Table 13 sum­

marizes these studies in terms of backbone network, session processing 

strategy, architecture, and the use of contrastive learning.

5.1 . Graph learning-based methods

To capture the non-sequential item transition patterns, the GNN-

based methods [8,29,35–37,65,67] have been proposed for session-

based recommendation. Specifically, the raw session sequences are 

transformed into various session graphs to represent the complex tran­

sitions among items, such as the vanilla session graph [78], the session 

star graph [79], the global session graph [80], and the session hyper­

graph [81]. Specifically, the vanilla session graph [78] views items 

as nodes and constructs edges based on the adjacent item transitions. 

Furthermore, the session star graph [79] introduces the virtual star 

node for each session to solve the long-range information propagation 

problem. Moreover, the global session graph [80] considers the rich 

inter-session information, while the session hypergraph [81] regards the 

item transitions as high-order relations. Subsequently, GNNs are adopted 

to update the features of each item node, such as GGNN [82], GAT 

[83], and GCN [12]. After that, the readout functions are introduced 

to learn the session-level user preference by gathering item node fea­

tures. The popular approach [8] is soft attention which assigns weights 

to different items and aggregates item features to adaptively infer the 

comprehensive user intention. Recently, MSERS [68] captures both long-

term and latent item dependencies by employing supernode-enhanced 

GGNN, while CapsGSR [66] combines GraphSAGE with the capsule net­

work to learn multi-faceted item features. Despite their success, it is 

challenging for these models to capture the sequential item transition 

patterns because the session-level sequential cues are overlooked during 

session graph construction.

5.2 . Sequence learning-based methods

Considering that user-item interactions are chronologically ordered, 

various sequential methods are applied to model sequential dependen­

cies. Specifically, RNN-based methods, such as GRU4Rec [6] and HRNN 

[84], model each ordered session context as a sequence of interactions 

within the context. Moreover, CNN-based methods, such as Caser [85] 

and NextItNet [10], treat a batch of session sequences as a session 

image and focus on capturing local item transition patterns with convo­

lutional filters. Furthermore, attention-based methods, such as SASRec 

[7] and Bert4Rec [86], assign large weights to items of interest and 

aggregate item features to learn user preferences. From the neurody­

namic optimization perspective, Kong et al. [87] propose a general 

linear three-step predictor–corrector discretized zeroing neural network 

for time-varying optimization, which achieves a wider stable stepsize 

domain and provides methodological reference for stable time-varying 

preference modeling in sequential recommendation.

However, these methods face several disadvantages. Specifically, 

compared to Markov chains [88], RNN-based methods [6,84] handle 

temporal features across more time steps. Unfortunately, due to the 

recurrent structure, these methods still suffer from sub-optimal train­

ing efficiency and gradient problems. CNN-based methods [10,85] are 

friendly to the modern accelerators, which maintain the high train­

ing efficiency for large-scale deployment. However, these methods tend 

to excessively emphasize the local contextual features, overlooking the 

session-level user behavioral patterns. Attention-based methods [7,86] 
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Table 13 

Overview of representative related works. We summarize them along five dimensions: view (graph learning, sequence learning, or graph-sequence learning), main backbone network, data processing method, 

main architecture (stacking or parallel), and whether it adopts contrastive learning. CNN denotes convolutional neural network. GRU denotes gate recurrent unit. LSTM denotes long short-term memory 

network. GCN denotes graph convolutional network. GAT denotes graph attention network. GGNN denotes gated graph neural network. SSM denotes state space model.

View Models Main Architecture Contrastive 

Learning

Main Backbone Network Data Processing Method

Graph Learning SRGNN [8] Stacking ✘ GGNN Vanilla Session Graph

PosRec [29] Stacking ✘ GGNN Vanilla Session Graph

FGNN [65] Stacking ✘ GAT Global Session Graph, Vanilla Session Graph

CapsGSR [66] Stacking ✘ GraphSAGE, Capsule network Vanilla Session Graph

CGL [67] Parallel ✓ GGNN, Attention Global Session Graph, Vanilla Session Graph

LESSR [37] Parallel ✘ GGNN, GAT, Attention Edge-order Preserving Session Graph, Shortcut Session Graph

MSERS [68] Parallel ✘ Supernode-enhanced GGNN, GGNN, Attention Global Session Graph, Supernode-enhanced Global Graph

Sequence Learning GRU4Rec [6] Stacking ✘ GRU Session Sequence

NextItNet [10] Stacking ✘ Dilated CNN Session Sequence

NARM [39] Stacking ✘ GRU, Attention Session Sequence

GLINT-RU [40] Stacking ✘ Dense Selective GRU, Linear Attention, Gated MLP Session Sequence

MMSBR [69] Stacking ✓ Attention Session Sequence

SLIME4Rec [49] Stacking ✓ Fourier Transform Session Sequence

Mamba4Rec [13] Stacking ✘ Mamba Session Sequence

RecMamba [50] Stacking ✘ Mamba Session Sequence

EchoMamba4Rec [51] Stacking ✘ Bi-Mamba, Fourier Transform-based Filter Session Sequence

MLSA4Rec [52] Stacking ✘ Mamba, Mamba-LightSANs Session Sequence

SIGMA [53] Stacking ✘ Partially Flipped Mamba, Feature Extract GRU Session Sequence

SS4Rec [70] Stacking ✘ Time-aware SSM, Relation-aware SSM Session Sequence, Timestamp sequence

MAINT [71] Parallel ✘ LSTM, Attention Session Sequence

CL4SRec [4] Parallel ✓ Attention Session Sequence

DuoRec [5] Parallel ✓ Attention Session Sequence

Student [72] Parallel ✓ Attention Session Sequence

FEARec [48] Parallel ✓ Attention, Fourier Transform Session Sequence

Graph-Sequence 

Learning

FAPAT [9] Stacking ✘ GAT Heterogeneous Session Graph, Session Sequence

HIDE [73] Stacking ✘ GAT, Attention Heterogeneous Session Hypergraph, Session Sequence

SPARE [11] Stacking ✓ GCN, Attention Global Session Graph with Shortest-path

GES-SASRec [3] Stacking ✘ LightGCN, Attention Vanilla Session Graph, Session Sequence, Co-occurrent Item Graph

SGNN-HN [2] Stacking ✘ GGNN, Attention Session Star Graph, Session Sequence

CoHHN [74] Parallel ✘ GAT, Attention Heterogeneous Session Hypergraph, Session Sequence

GCARM [28] Parallel ✓ GAT, Attention Global Session Graph, Session Sequence, Vanilla Session Graph

RESTC [75] Parallel ✓ GAT, Attention Global Session Graph, Session Sequence, Vanilla Session Graph

STGCR [76] Parallel ✓ GCN, Attention Session Hypergraph, Session Sequence, Vanilla Session Graph

MI-GNN [77] Parallel ✘ GGNN, Attention Global Session Graph, Vanilla Session Graph, Session Hypergraph, Session Sequence

CM-GNN [55] Parallel ✓ GAT, GCN, Attention Global Session Graph, Vanilla Session Graph, Session Hypergraph, Session Sequence

GSAU [56] Parallel ✓ LightGCN, Attention Vanilla Session Graph, Session Sequence

Ours Parallel ✓ GAT, Attention Vanilla Session Graph, Session Sequence
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focus on relatively interesting items to capture the long-term seman­

tic features and maintain the high training efficiency. However, these 

methods rely on explicitly storing the entire context for context-based 

reasoning, resulting in quadratic computational complexity. There is still 

a lack of efforts to propose more effective and efficient models to solve 

the session-based recommendation task.

Recently, Mamba [19,89] has already shown its potential in differ­

ent applications, such as image segmentation [90], in-context learning 

[14], and sequential recommendation [13]. The Mamba architecture 

is a linear time varying SSM which overcomes this limit via a selec­

tion mechanism allowing the latent state dynamics to change with 

the current input, thus enabling selective retention of information 

[91]. In particular, it simultaneously maintains the high training and 

evaluation efficiency for long sequence modeling [92]. For example, 

SIGMA [53] leverages a partially flipped Mamba to construct a bidirec­

tional architecture specifically tailored to improve contextual modeling, 

while an input-sensitive dense selective gate is employed to optimize 

directional weights and enhance the processing of sequential informa­

tion. Therefore, it is promising to consider Mamba-based methods for 

session-based recommendation.

5.3 . Graph-sequence learning-based methods

Considering that graph learning and sequence learning focus on 

different aspects respectively, some efforts are devoted to aggregating 

their complementary information into a uniform parallel or stacking 

framework. Specifically, SGNN-HN [2] and FAPAT [9] introduced the 

stacking framework to learn the sequential and non-sequential item tran­

sition patterns, which updates item representations via graph learning 

and subsequently captures the temporal features via sequence learning. 

Moreover, MRGSRec [93] adopted the parallel framework to capture the 

local and global enriched item features by sequential encoder and graph 

encoder. Recently, IMNE [94] first designs global hypergraph and local 

heterogeneous hypergraph to capture various higher-order correlations 

between items, then adopts position-aware attention network to learn 

session representations. Furthermore, TSREC [95] adaptively transfers 

semantic information preferences into the item transition module, while 

the two introduced forms of self-supervised learning further enrich the 

learned representations.

However, the existing stacking architecture-based methods latently 

assume that the sequential item transitions captured from sequence 

learning depend on the non-sequential item transitions captured from 

graph learning, which leads to the insufficient extraction of temporal 

features and the biased user preferences. Additionally, the insufficient 

sequential feature learning [55] and the sub-optimal contrastive learn­

ing [75,93] limit the satisfactory performance achievable by many 

parallel architecture-based methods. Specifically, it is challenging for 

the mean-pooling approach to provide meaningful session-level repre­

sentations [55], which restricts the quality of positive and negative sam­

ples generated from it. Analysis regarding various contrastive learning 

methods will be explored in Section 5.4.

5.4 . Session-based recommender systems based on contrastive learning

Nowadays, contrastive learning, which deals with massive unlabeled 

data, has been adopted as an aid to improve session-based recommen­

dation performance. It aims to improve the quality of representations 

by reducing the distance between positive samples while separating 

them from negative views in the latent feature space. Therefore, the 

quality of positive and negative samples influences the effectiveness of 

contrastive learning. The popular data augmentation methods [4,16] 

are item masking, item reordering, and cropping. However, TiCoSeRec 

[96,97] suggested that directly applying invasive augmentation to stan­

dard contrastive learning may be useless and even harmful in some 

scenarios. It is assumed that these data-level augmentations may re­

duce the amount of critical information, leading to the large difference 

in quality between the augmented session sequence and the original 

session sequence. Moreover, some works [5,49] adopted model-level 

augmentations, such as neuron masking [5], which dynamically mod­

ifies the model architecture to augment view pairs on-the-fly. However, 

these methods face challenges with parameter tuning, as their perfor­

mance heavily relies on the dropout rate and the number of neurons in 

each layer. Furthermore, the feature-level augmentation has been pro­

posed to smoothly adjust the uniformity of learned representations via 

noise injection [63,98]. However, this method also suffers from chal­

lenging parameter tuning, particularly regarding noise intensity and 

the prior distribution of noise. Recently, KAMVG [99] exploits item 

attributes and keywords through a multi-view graph neural network 

for session-based recommendation, demonstrating the value of incor­

porating diverse information sources. Additionally, SCL [100] applies 

self-supervised contrastive learning to itinerary recommendation, val­

idating the broad applicability of contrastive learning paradigms in 

recommendation tasks.

To solve these problems, the session-level augmentation [55,101] is 

introduced for effective contrastive learning. These methods shuffle the 

session features to generate the session-level negative samples, avoiding 

tedious parameter tuning and repetitive inefficient session-level feature 

learning.

6 . Conclusion, implications, and future work

This paper presents Conan, a lightweight session-based recommen­

dation framework built on a graph-sequence asymmetric contrastive 

learning paradigm. It integrates a Mamba-enhanced graph learning 

module and a bidirectional sequence learning module, and aligns the 

two views via session-level augmentation to learn comprehensive user 

preference representations. Extensive experiments on four real-world 

datasets verify that Conan achieves state-of-the-art recommendation 

performance while maintaining competitive computational efficiency, 

and ablation studies further confirm the effectiveness of each core 

component.

In terms of research implications, this work provides two-fold the­

oretical insights for session-based recommendation. On one hand, the 

unified graph-sequence learning framework aligned by asymmetric con­

trastive learning jointly models sequential and non-sequential item 

dependencies within a single forward pass, which mitigates the prefer­

ence bias of single-view modeling and avoids information loss in stacked 

cascaded architectures. On the other hand, the application of state-space 

models in both sequence and graph modeling verifies that Mamba’s se­

lective mechanism and bidirectional state propagation can serve as an 

efficient alternative backbone to RNNs and Transformers, supporting 

linear-complexity long-sequence modeling with competitive representa­

tion capacity. In practical applications, the proposed Conan framework 

achieves a favorable balance between recommendation accuracy and 

computational efficiency on multiple real-world datasets, making it well 

suited for large-scale dynamic recommendation scenarios such as e-

commerce and streaming media platforms that require low inference 

latency and high throughput, and it can provide technical support for 

optimizing core business metrics of industrial recommendation systems.

Despite the promising performance, this work still has several lim­

itations that need to be further addressed. First, the current model 

is designed for ID-only session recommendation and does not incor­

porate multi-modal item attributes such as text and images, which 

limits its ability to leverage rich semantic information when such 

data is available. Moreover, all experiments are conducted on pub­

lic benchmark datasets, and the stability and efficiency of the model 

under an industrial-scale item corpus and real-time traffic still need 

to be validated through online A/B testing. In the future, we plan to 

explore the impact of multi-behavior and multi-modality on the perfor­

mance of recommender systems in session-based recommendation tasks. 

Additionally, we are interested in evaluating the performance of our 

Conan in real-world application scenarios through A/B testing.
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Appendix A . The learning process of conan

Algorithm 1 The forward propagation flow of conan.

Input: The session sequences 𝑆 and the unique item set 𝑉 .

Output: Top-k recommendation items at the next time step.

1: Initialize the item embedding matrix 𝐸;

∕ ∗ Graph Learning Process ∗ ∕
2: Construct the session graph 𝐺𝑠 =

(

V𝑠, E𝑠
)

3: for each layer of GaMaForemr do

4:  for each item node 𝑣𝑖 in 𝐺𝑠 do

5:  𝑒′𝑖 ← Update item node features based on the self-attention 

layer; ⊳ Eqs. (10)-(13)

6:  𝑒′′𝑖 ← Update item node features based on the Mamba layer; 

⊳ Eq. (14)

7:  𝑒′′′𝑖 ← Update item node features based on the stable MLP;

⊳ Eq. (15)

8:  end for

9: end for

10: 𝑒𝑔𝑖 ← Summarize all the GaMaFormer layers; ⊳ Eq. (18)

11: for each session sequence 𝑠 do

12:  ℎ𝑔𝑐𝑜𝑚 ← Learn the session-level user preference based on dual soft 

attention network; ⊳ Eqs. (19)-(23)

13: end for

∕ ∗ Sequence Learning Process ∗ ∕
14: for each layer of Bi-Mason do

15:  for each session sequence 𝑠 do

16:  𝐸′
𝑠 ← Update item features based on the forward and reverse 

Mamba blocks; ⊳ Eq. (24)

17:  𝐸′′
𝑠 ← Update item features based on the Fourier Kolmogorov-

Arnold network;

⊳ Eq. (25)

18:  end for

19: end for

20: Summarize all the GaMaFormer layers to get the refined item 

features;

(Continued on next column)

21: for each session sequence 𝑠 do

22:  Learn the session-level user preference based on another dual 

soft attention network;

23: end for

∕ ∗ Prediction layer ∗ ∕
24: for each candidate item 𝑣𝑖 ∈ 𝑉  do

25:  𝑦𝑖 ← Calculate the interaction probability; ⊳ Eq. (26)

26: end for

∕ ∗ Training loss calculation ∗ ∕
27: ℒ𝑚𝑎𝑖𝑛 ← Calculate the recommendation loss; ⊳ Eq. (27)

28: ℒ𝑐𝑙 ← Calculate the contrastive learning loss; ⊳ Eq. (28)

29: ℒ ← Aggregate to get the total loss; ⊳ Eq. (29)

30: Get predicted interaction probability list: [𝑦1, 𝑦2,…];
31: Select the items with top-K predicted interaction probabilities to 

form the recommendation list.

Appendix B . Baseline models

1. Traditional Methods

• POP is a non-neural approach recommending the most popular 

items across the entire training set. Despite its simplicity, POP 

often serves as a formidable benchmark.

• Item-KNN [34] recommends items similar to the last session 

item based on cosine similarity between binary item vectors.

• CORE [24] is a simple yet effective framework for session-

based recommendation that maintains a consistent representa­

tion space throughout encoding and decoding, addressing the 

issue of inconsistent predictions.

2. Graph Learning-based Methods

• SRGNN [8] transforms session sequences into session graphs 

and applies a gated graph neural network to capture pairwise 

item transition relations.

• GCSAN [35] enhances SRGNN by adopting self-attention for 

capturing long-range item dependencies.

• TAGNN [36] strengthens SRGNN with a target-aware atten­

tion network to generate user preferences tailored to different 

candidate items.

• LESSR [37] addresses information loss in GNN-based SBRSs 

with lossless edge-order preserving aggregation and shortcut 

graph attention.

• COTREC [38] is a self-supervised graph co-training framework 

that iteratively selects evolving pseudo-labels as informative 

self-supervision examples for enhancing session-based recom­

mendations.

3. Sequence Learning-based Methods

• RNN-based Methods

– GRU4Rec [6] stacks multiple gated recurrent unit (GRU) lay­

ers to encode the session sequence into a final state. It also 

applies the ranking loss to train the model.

– NARM [39] is the RNN-based method using GRUs for se­

quential signal capture and attention for emphasizing user 

intent.

– GLINT-RU [40] leverages a single-layer dense selective GRU 

module to accelerate inference.

• Time-unaware Methods

– STAMP [41] replaces all RNN encoders with attention layers, 

focusing on the representation of the last item in the session. 

It does not use any kind of positional encoding.

– NextItNet [10] is the CNN-based method that adopts dilated 

convolutions to increase receptive fields instead of suboptimal 

pooling operation.
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• Transformer Encoder-based Methods

– SASRec [7] is the self-attention based sequential recom­

mender capturing long-term semantic features.

– SR-PLR [42] combines deep learning with symbolic learning 

and employs Beta embeddings to model logical relationships. 

Here we adopt the SASRec-based version.

– TiSASRec [43] improves upon SASRec by incorporating both 

position information and time interval information.

– STAR [44] improves recommendations by leveraging tem­

poral information in session data, embedding items based 

on co-occurrence in sub-sessions, and adjusting item weights 

according to time intervals between events.

– AC-TSR [45] calibrates unreliable attention weights from 

existing Transformer-based models. Here we adopt the 

TiSASRec-based version.

– MiaSRec [46] captures various user intents by generating 

multiple session representations for each item and dynami­

cally selecting the most relevant ones.

– CL4SRec [4] leverages contrastive learning with various 

data augment methods to capture item content-collaborative 

signal dependencies.

– DuoRec [5] introduces the contrastive regularization to 

reshape sequence representation distributions.

– AdaMCT [47] explicitly learns personalized behavior prefer­

ences to effectively utilize locality inductive bias and model 

global interactions.

• Fourier Transform-based Methods

– FEARec [48] is the contrastive learning based model adopted 

time domain attention and auto-correlation.

– SLIME4Rec [49] proposes the dynamic frequency selection 

and the static frequency split module to capture user dynamic 

preferences.

• Mamba-based Methods

– Mamba4Rec [13] enhances the basic Mamba block with 

Transformer techniques for efficient sequential recommenda­

tion.

– RecMamba [50] adopts the basic Mamba block to capture 

long-term user preferences.

– EchoMamba4Rec [51] enhances Mamba-based models with 

Fourier transform layer, GLU, and bi-directional mechanism.

– MLSA4Rec [52] combines the basic Mamba block with low-

rank decomposition self-attention to leverage complementary 

advantages.

– SIGMA [53] introduces a bidirectional PF-Mamba to allo­

cate the weights for each direction and address the context 

modeling challenge.

4. Graph-Sequence Learning-based Methods

• SGNN-HN [2] extends SRGNN by introducing session star 

graph for long-distance information exploration and mitigates 

over-fitting based on highway networks.

• GCEGNN [54] unifies global-level and session-level transition 

patterns between items in both the global and session graphs.

• CM-GNN [55] introduces a contrastive multi-level framework 

to learn session representations from various perspectives.

• GSAU [56] adopts two sub-modules based on graph learning 

and sequence learning, respectively. Moreover, the two sub-

modules share a unified embedding space which is optimized 

jointly.
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Appendix C . Overall performance with baseline models on four datasets

The comparative performance of various competitive baseline models and our Conan on Diginetica, Retailrocket, Dressipi, and KuaiRand are 

presented in Tables C.14, C.15, C.16, and C.17, respectively.

Table C.14 

Recommendation performance of examined models on the Diginetica dataset. For each column, the best performance and the second best performance methods are 

denoted in bold and underlined fonts respectively. * indicates that the improvement over the strongest baseline is statistically significant (𝑝 < 0.05) based on a paired 

t-test.

Model Category @5 @10 @15 @20

Recall MRR NDCG Recall MRR NDCG Recall MRR NDCG Recall MRR NDCG

Pop Traditional Method 0.52 0.23 0.30 0.95 0.29 0.44 1.29 0.32 0.53 1.59 0.33 0.60

Item-KNN 19.27 11.05 13.01 28.34 12.25 15.94 34.48 12.73 17.56 38.99 12.98 18.63

CORE 30.65 18.27 21.34 41.39 19.70 24.81 48.21 20.23 26.61 53.02 20.51 27.75

SRGNN Graph Learning Method 27.85 16.23 19.10 38.91 17.70 22.67 45.93 18.25 24.53 51.10 18.54 25.75

GCSAN 29.00 17.16 20.09 39.90 18.61 23.61 46.77 19.15 25.43 51.83 19.43 26.62

TAGNN 29.55 17.30 20.33 40.51 18.76 23.87 47.67 19.61 25.77 52.80 19.61 26.98

LESSR 28.42 16.55 19.49 39.73 18.05 23.13 46.70 18.60 24.98 51.80 18.89 26.19

COTREC 24.23 17.02 18.83 27.62 17.48 19.93 29.41 17.62 20.41 30.66 17.69 20.70

GRU4Rec Sequence Learning 

Method

26.98 15.57 18.39 37.98 17.03 21.94 45.00 17.58 23.80 50.14 17.87 25.01

NARM 27.68 15.99 18.88 38.88 17.48 22.50 45.93 18.04 24.37 51.04 18.33 25.57

GLINT-RU 28.62 16.99 19.87 39.61 18.45 23.41 46.47 18.99 25.23 51.57 19.27 26.43

STAMP 25.55 14.87 17.51 35.76 16.23 20.81 42.38 16.75 22.56 47.33 17.03 23.73

NextItNet 20.11 11.10 13.33 29.74 12.38 16.43 36.16 12.89 18.13 40.92 13.15 19.25

SASRec 28.76 16.91 19.85 39.93 18.40 23.45 47.04 18.96 25.33 52.23 19.25 26.56

SR-PLR 27.65 16.38 19.17 38.18 17.78 22.57 45.03 18.32 24.38 50.02 18.60 25.56

TiSASRec 28.42 16.59 19.52 39.70 18.09 23.16 46.92 18.66 25.07 52.26 18.96 26.33

STAR 29.30 18.49 21.17 38.66 19.74 24.19 44.50 20.20 25.74 48.75 20.44 26.74

AC-TSR 26.63 15.80 18.48 37.37 17.22 21.94 44.39 17.77 23.79 49.59 18.06 25.02

MiaSRec 25.16 15.53 17.92 33.20 16.60 20.52 38.28 17.00 21.86 41.95 17.21 22.73

CL4SRec 26.15 15.49 18.13 36.42 16.85 21.44 43.30 17.39 23.26 48.38 17.68 24.46

DuoRec 27.68 16.32 19.13 38.40 17.75 22.59 45.50 18.30 24.47 50.70 18.60 25.70

FEARec 28.36 16.78 19.64 39.18 18.21 23.13 46.20 18.76 24.99 51.38 19.05 26.21

SLIME4Rec 29.93 17.51 20.59 41.50 19.05 24.32 48.74 19.62 26.24 54.05 19.92 27.49

AdaMCT 28.71 16.97 19.87 39.79 18.43 23.44 46.83 18.99 25.31 51.96 19.28 26.52

Mamba4Rec 28.31 16.46 19.39 39.43 17.94 22.98 46.36 18.48 24.81 51.44 18.77 26.01

RecMamba 30.07 17.71 20.77 41.17 19.18 24.35 48.19 19.73 26.21 53.12 20.01 27.37

EchoMamba4Rec 29.49 17.67 20.60 40.03 19.07 24.00 46.62 19.59 25.74 51.38 19.85 26.87

MLSA4Rec 28.62 16.86 19.77 39.37 18.29 23.24 46.11 18.82 25.03 50.94 19.09 26.17

SIGMA 27.05 15.88 18.64 37.84 17.31 22.12 44.92 17.87 23.99 50.03 18.15 25.20

GCEGNN Graph-Sequence 

Learning Method

30.42 17.84 20.96 41.71 19.34 24.60 48.66 19.89 26.44 53.72 20.17 27.64

SGNN-HN 30.31 17.65 20.78 41.42 19.13 24.38 48.39 19.68 26.22 53.44 19.97 27.42

CM-GNN 29.34 17.06 20.10 40.63 18.56 23.75 47.65 19.12 25.60 52.73 19.40 26.80

GSAU 27.55 16.08 18.92 38.48 17.53 22.45 45.62 18.09 24.34 50.79 18.39 25.56

Conan (ours) 32.02* 18.95* 22.19* 43.42* 20.47* 25.88* 50.59* 21.04* 27.77* 55.69* 21.32* 28.98*
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Table C.15 

Recommendation performance of examined models on the Retailrocket dataset. For each column, the best performance and the second best performance methods 

are denoted in bold and underlined fonts respectively. * indicates that the improvement over the strongest baseline is statistically significant (𝑝 < 0.05) based on a 

paired t-test.

Model Category @5 @10 @15 @20

Recall MRR NDCG Recall MRR NDCG Recall MRR NDCG Recall MRR NDCG

Pop Traditional Method 0.44 0.23 0.28 0.72 0.27 0.37 0.90 0.29 0.42 1.24 0.31 0.50

Item-KNN 9.75 6.36 7.08 13.35 6.83 8.22 15.53 7.00 8.80 17.05 7.09 9.15

CORE 54.60 40.49 44.03 61.92 41.48 46.40 65.73 41.78 47.41 68.22 41.92 48.00

SRGNN Graph Learning Method 54.65 40.90 44.35 61.56 41.84 46.60 65.05 42.11 47.52 67.40 42.25 48.07

GCSAN 55.56 42.09 45.47 61.92 42.94 47.53 65.21 43.20 48.40 67.44 43.33 48.93

TAGNN 56.72 42.52 46.08 63.35 43.42 48.24 66.58 43.67 49.10 68.72 43.79 49.60

LESSR 55.79 41.76 45.28 62.33 42.64 47.40 65.67 42.91 48.29 67.88 43.03 48.81

COTREC 44.32 40.92 41.79 45.21 40.99 41.95 45.77 41.01 42.03 46.20 41.03 42.08

GRU4Rec Sequence Learning 

Method

54.44 41.17 44.50 61.14 42.08 46.67 64.58 42.35 47.59 66.89 42.48 48.13

NARM 54.88 41.43 44.80 61.63 42.34 46.99 65.19 42.62 47.94 67.49 42.75 48.48

GLINT-RU 56.06 42.69 46.04 62.54 43.57 48.15 65.91 43.83 49.04 68.12 43.96 49.56

STAMP 49.02 38.70 41.27 55.57 39.58 43.40 59.24 39.87 44.37 61.77 40.01 44.97

NextItNet 45.36 33.61 36.54 52.45 34.56 38.84 56.27 34.86 39.85 58.79 35.00 40.45

SASRec 53.18 41.11 44.12 60.45 42.08 46.48 64.37 42.40 47.52 67.02 42.54 48.15

SR-PLR 52.64 40.82 43.78 59.59 41.76 46.03 63.32 42.05 47.02 65.80 42.19 47.60

TiSASRec 56.14 42.33 45.79 62.96 43.25 48.01 66.48 43.53 48.94 68.80 43.66 49.49

STAR 48.73 39.13 41.53 54.26 39.87 43.32 57.37 40.12 44.15 59.35 40.23 44.61

AC-TSR 52.33 40.65 43.57 59.50 41.61 45.89 63.34 41.92 46.91 66.05 42.07 47.55

MiaSRec 51.81 39.76 42.79 56.94 40.45 44.46 59.65 40.67 45.18 61.38 40.77 45.59

CL4SRec 51.29 39.78 42.65 58.22 40.71 44.90 61.95 41.01 45.89 64.53 41.15 46.50

DuoRec 52.53 40.66 43.62 59.80 41.64 45.98 63.79 41.95 47.04 66.45 42.10 47.66

FEARec 52.87 40.77 43.80 60.18 41.76 46.17 64.08 42.06 47.20 66.69 42.21 47.82

SLIME4Rec 55.71 42.17 45.56 62.97 43.14 47.91 66.76 43.44 48.92 69.28 43.59 49.51

AdaMCT 54.20 41.82 44.92 61.20 42.77 47.19 64.90 43.06 48.17 67.34 43.20 48.74

Mamba4Rec 55.80 42.27 45.66 62.26 43.14 47.76 65.66 43.41 48.66 67.87 43.54 49.18

RecMamba 56.65 43.17 46.55 63.11 44.05 48.65 66.37 44.31 49.52 68.55 44.43 50.03

EchoMamba4Rec 55.51 42.77 45.97 61.26 43.54 47.83 64.24 43.78 48.63 66.19 43.89 49.09

MLSA4Rec 55.70 42.43 45.76 61.91 43.27 47.78 65.04 43.52 48.61 67.14 43.63 49.10

SIGMA 55.25 41.77 45.15 61.87 42.66 47.30 65.31 42.93 48.21 67.55 43.06 48.74

GCEGNN Graph-Sequence Learning Method 56.43 42.02 45.64 63.26 42.94 47.85 66.74 43.22 48.78 69.07 43.35 49.33

SGNN-HN 55.84 41.01 44.73 63.00 41.98 47.06 66.59 42.26 48.01 68.92 42.40 48.56

CM-GNN 55.46 41.14 44.73 62.40 42.07 46.98 65.92 42.35 47.91 68.30 42.48 48.47

GSAU 49.97 37.95 40.95 57.47 38.96 43.38 61.45 39.27 44.43 64.14 39.43 45.07

Conan (ours) 57.02* 43.30* 46.74* 63.83* 44.22* 48.95* 67.21* 44.49* 49.85* 69.45* 44.61* 50.38*
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Table C.16 

Recommendation performance of examined models on the Dressipi dataset. For each column, the best performance and the second best performance methods are 

denoted in bold and underlined fonts respectively. * indicates that the improvement over the strongest baseline is statistically significant (𝑝 < 0.05) based on a paired 

t-test.

Model Category @5 @10 @15 @20

Recall MRR NDCG Recall MRR NDCG Recall MRR NDCG Recall MRR NDCG

Pop Traditional Method 1.30 0.74 0.87 2.17 0.85 1.14 2.84 0.91 1.32 3.39 0.94 1.45

Item-KNN 13.30 7.94 9.06 19.35 8.76 11.03 23.38 9.09 12.11 26.40 9.26 12.83

CORE 20.44 11.89 14.01 27.99 12.90 16.45 32.66 13.27 17.69 36.10 13.46 18.50

SRGNN Graph Learning Method 22.19 13.33 15.52 29.93 14.36 18.02 34.81 14.74 19.31 38.34 14.94 20.15

GCSAN 23.05 13.74 16.05 31.06 14.81 18.64 36.11 15.21 19.97 39.77 15.41 20.84

TAGNN 23.35 13.72 16.10 31.60 14.82 18.77 36.69 15.22 20.11 40.38 15.42 20.99

LESSR 21.55 13.01 15.13 29.18 14.03 17.59 33.95 14.40 18.85 37.52 14.60 19.70

COTREC 17.08 12.06 13.31 21.12 12.59 14.61 23.84 12.80 15.33 25.97 12.92 15.83

GRU4Rec Sequence Learning 

Method

22.18 13.12 15.36 30.36 14.21 18.01 35.49 14.61 19.36 39.23 14.82 20.24

NARM 21.79 12.90 15.10 29.90 13.98 17.72 35.02 14.38 19.07 38.79 14.59 19.96

GLINT-RU 23.12 13.95 16.22 31.17 15.02 18.82 36.22 15.42 20.16 39.91 15.63 21.03

STAMP 20.91 12.78 14.80 27.98 13.73 17.08 32.52 14.08 18.28 35.87 14.27 19.07

NextItNet 19.68 11.67 13.66 27.11 12.66 16.05 31.91 13.04 17.32 35.47 13.24 18.17

SASRec 21.58 12.96 15.09 29.41 14.00 17.62 34.47 14.40 18.96 38.21 14.61 19.84

SR-PLR 18.53 11.08 12.92 25.72 12.03 15.24 30.43 12.40 16.49 33.98 12.60 17.33

TiSASRec 23.08 13.99 16.24 31.05 15.05 18.82 36.11 15.45 20.16 39.82 15.66 21.03

STAR 19.89 12.48 14.32 26.16 13.31 16.34 30.20 13.63 17.41 33.24 13.80 18.13

AC-TSR 20.93 12.95 14.93 28.25 13.92 17.29 33.03 14.30 18.56 17.29 14.50 19.40

MiaSRec 20.01 11.94 13.94 27.45 12.93 16.34 32.18 13.30 17.59 35.72 13.50 18.43

CL4SRec 19.30 11.73 13.60 26.33 12.66 15.87 30.99 13.03 17.10 34.48 13.22 17.93

DuoRec 21.17 13.15 15.14 28.42 14.11 17.48 33.16 14.49 18.73 36.66 14.68 19.56

FEARec 20.47 12.71 14.63 27.39 13.62 16.86 31.90 13.98 18.06 35.26 14.17 18.85

SLIME4Rec 22.40 13.61 15.79 30.18 14.64 18.30 35.13 15.03 19.61 38.79 15.24 20.47

AdaMCT 21.26 13.14 15.15 28.70 14.13 17.55 33.59 14.51 18.85 37.19 14.72 19.70

Mamba4Rec 23.08 13.71 16.03 31.40 14.82 18.72 36.59 15.23 20.09 40.36 15.44 20.98

RecMamba 22.47 13.44 15.67 30.54 14.51 18.28 35.57 14.91 19.61 39.31 15.12 20.49

EchoMamba4Rec 23.17 13.85 16.16 31.34 14.94 18.80 36.45 15.34 20.15 40.10 15.55 21.01

MLSA4Rec 21.96 13.09 15.29 29.87 14.15 17.84 34.84 14.54 19.16 38.47 14.74 20.01

SIGMA 22.90 13.60 15.91 31.20 14.71 18.59 36.28 15.11 19.93 40.04 15.32 20.82

GCEGNN Graph-Sequence Learning Method 23.81 14.10 16.51 31.95 15.18 19.14 36.92 15.58 20.45 40.58 15.78 21.32

SGNN-HN 22.64 13.14 15.49 30.88 14.24 18.15 36.03 14.64 19.52 39.78 14.85 20.40

CM-GNN 23.61 13.93 16.35 31.78 15.01 18.97 36.78 15.41 20.29 40.48 15.62 21.17

GSAU 20.22 12.53 14.43 27.00 13.43 16.62 31.42 13.78 17.79 34.77 13.97 18.58

Conan (ours) 23.62 14.05 16.42 31.94 15.16 19.11 37.16* 15.57 20.49* 40.90* 15.78* 21.37*
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Table C.17 

Recommendation performance of examined models on the KuaiRand dataset. For each column, the best performance and the second best performance methods are 

denoted in bold and underlined fonts respectively. * indicates that the improvement over the strongest baseline is statistically significant (𝑝 < 0.05) based on a paired 

t-test.

Model Category @5 @10 @15 @20

Recall MRR NDCG Recall MRR NDCG Recall MRR NDCG Recall MRR NDCG

Pop Traditional Method 2.77 1.54 1.84 4.15 1.71 2.28 5.82 1.84 2.72 6.94 1.91 2.98

Item-KNN 5.86 3.11 3.79 9.68 3.61 5.01 12.79 3.85 5.83 15.42 4.00 6.45

CORE 3.72 1.60 2.12 7.36 2.07 3.28 10.84 2.34 4.20 13.67 2.50 4.87

SRGNN Graph Learning Method 6.32 3.90 4.49 9.84 4.36 5.62 12.61 4.57 6.35 15.14 4.72 6.95

GCSAN 5.85 3.61 4.16 9.47 4.08 5.32 12.47 4.32 6.11 15.02 4.46 6.72

TAGNN 6.39 3.80 4.44 10.15 4.29 5.64 13.10 4.51 6.41 15.98 4.68 7.09

LESSR 6.52 3.85 4.50 10.45 4.36 5.76 13.64 4.61 6.60 16.50 4.77 7.28

COTREC 2.68 1.29 1.63 4.89 1.58 2.34 6.61 1.71 2.79 8.24 1.80 3.18

GRU4Rec Sequence Learning 

Method

6.55 3.91 4.56 10.49 4.43 5.83 13.86 4.70 6.72 16.65 4.85 7.38

NARM 6.51 3.86 4.51 10.27 4.35 5.72 13.58 4.61 6.59 16.38 4.77 7.25

GLINT-RU 6.67 3.98 4.64 10.63 4.49 5.91 13.94 4.75 6.78 16.94 4.92 7.49

STAMP 6.28 3.83 4.43 9.83 4.30 5.57 13.03 4.55 6.42 15.67 4.69 7.04

NextItNet 5.83 3.35 3.96 9.24 3.79 5.05 12.22 4.02 5.84 14.77 4.17 6.44

SASRec 6.49 3.93 4.56 10.43 4.44 5.82 13.85 4.71 6.72 16.92 4.88 7.45

SR-PLR 5.71 3.27 3.87 9.03 3.70 4.93 11.79 3.92 5.66 14.43 4.06 6.28

TiSASRec 6.19 3.57 4.21 9.66 4.02 5.32 12.73 4.26 6.13 15.59 4.42 6.81

STAR 4.73 3.20 3.58 6.83 3.47 4.25 8.77 3.62 4.76 10.70 3.73 5.21

AC-TSR 6.56 3.85 4.52 10.29 4.34 5.71 13.60 4.60 6.59 16.38 4.75 7.24

MiaSRec 5.23 2.83 3.42 8.64 3.28 4.51 11.28 3.48 5.21 13.89 3.63 5.82

CL4SRec 4.43 2.20 2.75 7.52 2.61 3.74 10.06 2.81 4.41 12.41 2.94 4.97

DuoRec 6.27 3.70 4.33 9.94 4.18 5.51 12.94 4.42 6.30 15.74 4.57 6.96

FEARec 6.07 3.64 4.24 9.45 4.09 5.32 12.15 4.30 6.04 14.54 4.43 6.61

SLIME4Rec 6.30 3.67 4.32 10.05 4.16 5.52 13.24 4.41 6.37 16.18 4.58 7.06

AdaMCT 6.38 3.85 4.47 9.99 4.32 5.63 13.13 4.56 6.46 15.92 4.72 7.11

Mamba4Rec 6.46 3.90 4.53 10.41 4.41 5.79 13.83 4.68 6.69 17.02 4.85 7.44

RecMamba 6.28 3.81 4.42 9.90 4.29 5.58 12.99 4.53 6.40 15.87 4.69 7.08

EchoMamba4Rec 6.27 3.85 4.44 9.92 4.33 5.62 13.17 4.58 6.48 15.74 4.73 7.08

MLSA4Rec 6.34 3.83 4.45 9.99 4.31 5.62 12.99 4.54 6.41 15.61 4.69 7.03

SIGMA 6.56 3.87 4.53 10.47 4.38 5.79 13.78 4.64 6.66 16.54 4.80 7.31

GCEGNN Graph-Sequence Learning Method 5.59 3.22 3.80 9.51 3.73 5.06 12.81 3.99 5.93 15.61 4.15 6.59

SGNN-HN 6.32 3.77 4.39 10.41 4.30 5.71 13.53 4.55 6.53 16.32 4.71 7.19

CM-GNN 5.70 3.31 3.90 9.40 3.80 5.08 12.67 4.05 5.95 15.71 4.22 6.67

GSAU 5.79 3.29 3.90 9.42 3.76 5.06 12.56 4.01 5.89 15.37 4.17 6.56

Conan (ours) 6.73* 3.98* 4.66* 10.80* 4.51* 5.96* 14.05* 4.77* 6.82* 17.09* 4.94* 7.54*
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Appendix D . Detailed results of recommendation performance

Table D.18 

Performance comparison (mean  ±  standard deviation) between the proposed conan and the strongest baseline for each 

dataset across 5 independent runs.

Dataset Model @5 @10

Recall MRR NDCG Recall MRR NDCG

Diginetica STAR 29.3 ± 0.1 18.49 ± 0.7 21.17 ± 0.91 38.66 ± 0.42 19.74 ± 0.43 24.19 ± 0.03

Conan (ours) 32.02 ± 0.47 18.95 ± 0.23 22.19 ± 0.32 43.42 ± 0.62 20.47 ± 0.44 25.88 ± 0.2

Retailrocket RecMamba 56.65 ± 0.18 43.17 ± 0.11 46.55 ± 0.23 63.11 ± 0.29 44.05 ± 0.64 48.65 ± 0.45

Conan (ours) 57.02 ± 0.51 43.3 ± 0.27 46.74 ± 0.7 63.83 ± 0.47 44.22 ± 0.03 48.95 ± 0.12

Dressipi GCEGNN 23.81 ± 0.77 14.1 ± 0.05 16.51 ± 0.74 31.95 ± 1.06 15.18 ± 0.41 19.14 ± 0.63

Conan (ours) 23.62 ± 0.55 14.05 ± 0.61 16.42 ± 0.14 31.94 ± 0.69 15.16 ± 0.47 19.11 ± 0.44

KuaiRand GLINT-RU 6.67 ± 0.31 3.98 ± 0.08 4.64 ± 0.73 10.63 ± 0.73 4.49 ± 0.39 5.91 ± 0.6

Conan (ours) 6.73 ± 0.58 3.98 ± 0.11 4.66 ± 0.35 10.8 ± 0.51 4.51 ± 0.11 5.96 ± 0.65

Dataset Model @15 @20

Recall MRR NDCG Recall MRR NDCG

Diginetica STAR 44.5 ± 0.67 20.2 ± 0.05 25.74 ± 0.26 48.75 ± 0.31 20.44 ± 0.31 26.74 ± 0.95

Conan (ours) 50.59 ± 0.37 21.04 ± 0.58 27.77 ± 0.27 55.69 ± 0.09 21.32 ± 0.16 28.98 ± 0.96

Retailrocket RecMamba 66.37 ± 0.91 44.31 ± 0.07 49.52 ± 0.83 68.55 ± 1 44.43 ± 0.16 50.03 ± 0.16

Conan (ours) 67.21 ± 0.92 44.49 ± 0.04 49.85 ± 0.68 69.45 ± 0.21 44.61 ± 0.12 50.38 ± 0.24

Dressipi GCEGNN 36.92 ± 0.05 15.58 ± 0.85 20.45 ± 0.33 40.58 ± 0.49 15.78 ± 0.05 21.32 ± 0.17

Conan (ours) 37.16 ± 0.75 15.57 ± 0.02 20.49 ± 0.61 40.9 ± 0.08 15.78 ± 0.36 21.37 ± 0.49

KuaiRand GLINT-RU 13.94 ± 0.24 4.75 ± 0.42 6.78 ± 0.43 16.94 ± 0.05 4.92 ± 0.19 7.49 ± 0.17

Conan (ours) 14.05 ± 0.44 4.77 ± 0.46 6.82 ± 0.34 17.09 ± 0.05 4.94 ± 0.68 7.54 ± 0.25

Data availability

Data will be made available on request.
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