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ARTICLE INFO ABSTRACT
Keywords: Session-based recommendation systems (SBRSs) predict the next item in a session by analyzing
Session-based recommendation user interactions. While current methods emphasize sequential item relationships, they often

Collaborative effect
Graph neural network
Disentangled attention

overlook temporal information that highlights subtle shifts in user preferences. This gap
can limit their ability to adapt to dynamic user behavior, and recent advances have yet to
effectively integrate both sequential and non-sequential item transitions, which may lead to
biased modeling. To address these limitations, this paper introduces Coase, a novel SBRS model
that unifies local and global context modeling to capture fine-grained dynamic user preferences.
Coase transforms session sequences into session star graphs, employing a Bi-Gated Graph
Self-Attention Network for local context modeling, and introduces SudokuFormer to model time-
aware sequential transitions within a global session context through disentangled attention and
stable feature fusion. A triple attention mechanism is then utilized to fully integrate local and
global contextual features. Comprehensive experiments conducted on four publicly available
datasets demonstrate that Coase improves Recall by 1.71%-1.83%, Mean Reciprocal Rank
(MRR) by 2.73%-2.80%, and Normalized Discounted Cumulative Gain (NDCG) by 2.32%-2.43%
across the top 5, 10, 15, and 20 items. Ablation studies validate the framework and components
of Coase, while additional analyses examine the effect of session length, and visualization studies
illustrate diverse attention patterns. This research contributes a novel approach to SBRS, offering
promising advancements in recommendation accuracy and user experience.

1. Introduction

Recommender systems play a crucial role in modern information filtering and decision-making by helping to alleviate information
overload and facilitating efficient navigation on online platforms (Fang et al., 2020; Wu et al., 2023). Their widespread adoption
across various platforms underscores their significant business value, particularly in managing and marketing customer relation-
ships (Karimi et al., 2018). For example, Amazon attributes 35% of its product sales to recommendations (Hosanagar et al., 2014),
while YouTube reports that 60% of clicks on its home screen are driven by its recommendation system (Davidson et al., 2010).
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Furthermore, personalized recommendations on Netflix are estimated to generate over $1 billion in annual value (Gomez-Uribe &
Hunt, 2016).

Significant efforts have been made to design recommender systems across various contexts to provide personalized services, such
as in point-of-interest recommendation (Zeng et al., 2025) and travel recommendation (Chen et al., 2024). However, many of these
systems heavily depend on abundant side information to achieve satisfactory performance (Chen et al., 2024; Wei et al., 2024;
Zeng et al., 2025). Acquiring such diverse side information can be challenging, which limits the scalability of these recommender
systems. Additionally, many e-commerce recommender systems, especially those run by small retailers, as well as most news and
media websites, typically do not track user IDs over extended periods to gather long-term interaction histories (Hidasi et al., 2016).
While cookies and browser fingerprinting can provide some level of user recognition, these technologies are often unreliable and
raise privacy concerns (Strycharz et al., 2021), leading to a lack of historical data. Furthermore, even when historical data is
available for certain visitors, user preferences can be quickly influenced by external factors, making this historical data potentially
unrepresentative of the user’s current interests (Landia et al., 2022). As a result, delivering accurate recommendations during short
user sessions becomes particularly challenging when both side information and historical data are limited.

To date, many SBRSs have been developed to deliver personalized content based solely on user behaviors within an ongoing
anonymous session (e.g., recently viewed or purchased items). These systems enhance user satisfaction and engagement by adapting
to rapidly changing preferences (Wang, Cao, et al., 2022). While existing SBRSs typically focus on understanding user preferences
through the analysis of item transition sequences, they often overlook the temporal features embedded in the user’s session
context (Hidasi et al., 2016; Shalaby et al., 2022; Zhang, Xu, Ma, et al., 2024). Time-aware contextual features, such as dwell time
on each item, serve as strong indicators of user preferences and content relevance (Fang et al., 2020), capturing levels of engagement
without requiring additional external data. These insights not only enrich the context of a session but also help alleviate scalability
issues associated with reliance on external data. Moreover, the variability in temporal features can significantly impact the accuracy
of user modeling due to shifts in preferences (Dang et al., 2023, 2024). Although recent efforts have attempted to integrate temporal
features into these models (Li et al., 2020; Wang et al., 2022), the methods employed often involve invasive techniques that fail to
adequately capture the nuanced semantic relationships between items.

Several recent studies have transformed raw session sequences into various session graphs to model the underlying relationships
between items within session contexts, achieving promising performance improvements (Chen & Wong, 2020; Wu et al., 2019; Xu
et al.,, 2019; Yu et al., 2020). In particular, these graph learning-based methods effectively capture union-level and skip-behavior
patterns, as demonstrated in Tang and Wang (2018), while sequence learning-based SBRSs struggle to identify these patterns.
However, most graph learning-based SBRSs fail to account for the temporal dynamics of user sessions, specifically the sequence
of item interactions and how these interactions influence evolving user preferences. Although absolute position encoding has been
employed to address this issue (Pan et al., 2020), it relies on ineffective bootstrapping methods to combine contextual features
extracted from both local and global context modeling. This results in a critical shortcoming: essential interactions lose their
influence in the final recommendation process. Furthermore, users often engage in short sessions with limited interaction (Wang
et al., 2019), leading to data sparsity in SBRSs. To mitigate this issue, leveraging cross-session data has been shown to improve
performance (Wang, Chen, et al.,, 2023; Yu et al.,, 2023). However, despite the performance gains, these memory-based SBRS
approaches require substantial memory resources, making them impractical for large-scale deployment in real-world scenarios.

To address the aforementioned challenges, we define a novel taxonomy to categorize existing SBRS research from the perspectives
of local and global context modeling. Guided by the path modeling framework (Hui et al., 2009), we introduce a collaborative
local-global contextual feature learning model named Coase, which effectively captures dynamic user preferences from different
perspectives to tackle the next item prediction task. For local context modeling, we construct a session graph that preserves sequential
transitions between adjacent items while also considering non-sequential transitions. The central node in each session graph is
crucial, as it gathers contextual features and facilitates message passing among item nodes. We then employ the Bi-gated Graph
Self-Attention Network (Bi-Gated GSAN) to learn the representations of both item nodes and the central node. In the realm of
global context modeling, we incorporate learnable position encoding and time interval encoding to capture temporal dynamics. We
also introduce the SudokuFormer, which analyzes temporal item transition relationships to account for user preferences. This model
computes context-sensitive, disentangled attention weights based on item content, position encoding, and time intervals. To enhance
model stability and effectively leverage temporal information, we have developed a stable, non-invasive fusion method. Additionally,
our triple attention mechanism is designed to identify session-level preferences by considering the collaborative impact of both local
and global context learning. This includes a mutual attention mechanism for learning long-term preferences by assigning weights
to items based on their representations, collaborative impact, and the most recent interactions. Moreover, we employ two holistic
attention networks to adaptively learn comprehensive preferences for both local and global context learning paths, with each path’s
preference influenced by long-term preferences, short-term preferences, and the overall collaborative effect.

Our study introduces several significant advancements in SBRSs:

» We propose a novel collaborative framework guided by the path modeling framework (Hui et al., 2009) that integrates graph
and sequence learning paradigms. This unified approach not only enhances the accuracy of item recommendations but also
emphasizes the collaborative effects essential for capturing fine-grained session-level user preferences.

» We introduce the Bi-Gated GSAN for the graph learning on the session star graphs, which highlights the feature of the node
itself to alleviate information overwhelming.

» We present SudokuFormer, a novel approach that effectively analyzes the intricate contextual relationships between items,
their positions within the session sequence, and the timing of interactions. This leads to more precise and stable attention
weights.
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» The effectiveness of Coase is rigorously evaluated across four datasets against 25 popular baseline models, consistently
demonstrating superior performance. Additionally, ablation studies confirm the effectiveness of its framework and individual
components.

The rest of the paper is organized as follows: Section 2 reviews the related literature; Section 3 presents our research objective
and formalizes the session-based recommendation problem; Section 4 introduces technical details of the proposed Coase; Section 5
introduces our experimental setup and presents the results analysis; Section 6 concludes the paper by highlighting the theoretical
contributions and practical implications of our work, as well as outlining potential future directions for research.

2. Related work

Recommender systems have made substantial progress in mitigating information overload. However, many users lack accessible
external data, such as profiles or past interactions. To address this, SBRSs have been developed to generate recommendations based
solely on dynamic, in-session preferences. In this section, we provide a comprehensive review of related SBRS research and outline
the key insights that have shaped the development of our proposed Coase model.

2.1. Sequential and temporal information in session-based recommendation

The sequential order of user behaviors is crucial for tracking the evolution of user preferences, and existing SBRSs have adopted
various methods to capture these preferences. For example, RNN-based methods (Hidasi et al., 2016; Li et al., 2017) track user
preferences through causal learning, while transformer-based methods (Qiu, Huang, Chen, & Yin, 2022; Yin et al., 2024) introduce
various position encodings to enhance the context-aware capacity. Moreover, GNN-based methods (Pan, Cai, Chen, Chen, & Chen,
2022; Wan et al., 2024; Wu et al., 2019) transform session sequences into graphs to capture complex item dependencies beyond
simple sequential patterns. Furthermore, Transformer-based methods (Kang & McAuley, 2018; Xie et al., 2022) rely on explicit
position encoding to maintain the notion of order (Huang et al., 2020), such as the absolute learnable position encoding (Gehring
et al., 2017). However, these position-aware methods generally assume that the time intervals between items are the same and
focus mainly on item sequence and position, without considering the different amounts of time users spend on each item, which
can signal varying interest levels.

Recently, several time-aware methods have been proposed to capture temporal information from time intervals (Dang et al.,
2023, 2024; Guo, Zhang, et al., 2022; Li et al., 2020; Wang et al., 2022; Wang, Yan, et al., 2023). For example, sequence data is
augmented by incorporating time intervals (Dang et al., 2023, 2024), while sessions are segmented into specific time slices to capture
dynamic user preferences (Wang, Yan, et al., 2023). Additionally, sequence positions are dynamically adjusted based on timestamps,
using sinusoidal transformations to represent both absolute order and relative temporal proximity among points of interest (Wang
et al., 2022). Compared to position-aware methods that focus solely on the sequential order of items, time-aware methods further
emphasize the time intervals between those items. These time intervals reinforce the understanding of local user preferences,
providing deeper insights into how users interact with items over time. However, many of time-aware methods rely on invasive
and unstable methods for fusing item and temporal features, which can overwhelm the information and reduce training stability.
Specifically, item features often lose significance when mixed with auxiliary temporal features using methods like summation or
attention. Furthermore, the large volume of feature inputs can destabilize training, leading to suboptimal performance.

Various methods have been proposed to efficiently incorporate positional and temporal information into transformer mod-
els (Dufter et al., 2022). In this research, we focus on the methods for manipulating attention matrices, which refine attention weight
calculations and lead to notable performance enhancements. For example, Shaw et al. (2018) split the computation of original
attention weights to prevent broadcasting relative position representations. Chen, Tsai, et al. (2021) found that adding position
encoding at the input stage resulted in poorer performance and separated the impact of incorporating relative position features. Dai
et al. (2019) re-parameterized the four terms decomposed by the vanilla attention score to enhance generalization. Wu et al. (2021)
employed re-scaled coefficients to adjust the raw attention weights computed by the dot product of query and key. Dufter et al.
(2020) eliminated word-position terms and substituted the position—position term with a learnable matrix. However, these methods
either overlook the efficacy of multiple temporal information sources or fail to address the intricate relationship between different
temporal information and input elements. Different from the above methods, DeBERTa (He et al., 2021) computed attention weights
among input elements using disentangled matrices based on their content and relative positions. However, it overlooked the critical
impact of absolute position on self-attention weights.

The above challenges motivates the design of our SudokuFormer. Specifically, recent marketing literature (Ursu et al., 2023) finds
that consumers may take breaks from information acquisition because of fatigue. Similarly, another study (Li et al., 2024) claims
that users may be tired of the recommendations that are too similar to content they have been exposed to in a short historical
period. Therefore, we introduce learnable position encoding to track the subtle changes in user preferences over time. Moreover,
the time cues, such as dwell time on each item and switching time between item-pairs, may reflect the user’s degree of interest (Fang
et al., 2020). For example, the more time a user spends on an item, the more likely they are to be satisfied with its contents (Kim
et al., 2014; Zhang et al., 2014). Additionally, some works believe that items within a close time interval usually have a similar
user interest involving a smaller interest drift (Tang et al., 2022; Wang, Zeng, et al., 2023). Therefore, we parameterize time cues
as time interval encoding to capture the user’s unique taste for items. Furthermore, we extend the original disentangled attention
mechanism to account for complex relations among various inputs. Drawing inspiration from Press et al. (2021), Liu et al. (2021),
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Table 1
Summary of key techniques of the related literature and our study.

Orientation ~ Models Backbone Position-aware  Time-aware  Sequence-based  Graph-based
NextItNet (Yuan et al., 2019) CNN v
Grec (Yuan et al., 2020) CNN v
MIHSG (Guo, Yang, et al., 2022) GNN v

Local FineRec (Zhang, Xu, Wu, et al., 2024) GNN v
SRGNN (Wu et al., 2019) GNN + Attention v
CGL (Pan, Cai, Chen, Chen, & Chen, 2022) GNN + Attention v
GCARM (Pan, Cai, Chen, & Chen, 2022) GNN + Attention v
TASER (Ye et al., 2020) GNN + Attention v v
GRU4Rec (Hidasi et al., 2016) RNN v
NARM (Li et al., 2017) RNN + Attention v
TiSASRec (Li et al., 2020) Attention v v v

Global STiSAN (Wang et al., 2022) Attention v v v
RETR (Yao et al., 2024) Attention v v
MEGAN (Wang, Zhang, et al., 2024) GNN + Attention v
HIDE (Li et al.,, 2022) GNN + Attention v v
TARN (Zhang, Cao, et al., 2022) CNN v v v
CM-GNN (Wang, Gao, et al., 2023) GNN v v
AdaMCT (Jiang et al., 2023) CNN + Attention v v
H3GNN (Yin et al., 2024) GNN + Attention v v

Dual PTGCN (Huang et al., 2023) GNN + Attention v v v
EMBSR (Yuan et al., 2022) GNN + RNN + Attention v v v
RESTC (Wan et al., 2024) GNN + Attention v v v
GES-SASRec (Zhu et al., 2023) GNN + Attention v v v
Coase (Our study) GNN + Attention v v v v

we combine item encoding with position encoding and time interval encoding as keys and queries, while retaining item encoding
as values. This method effectively leverage the rich temporal and positional information without increasing parameters or runtime.
After that, we propose the stable non-invasive feature fusion method to integrate various temporal features without compromising
the consistency of the item feature space, while the additional normalization enhances training stability.

2.2. Revisiting sequence-based and graph-based SBRSs from a context modeling view

Existing SBRSs have shown promising results but the factors contributing to their performance improvements remain poorly
understood as current taxonomies based on neural network backbones fail to provide a comprehensive view of the elements
influencing SBRS performance. Depending on the data structure, SBRSs can be categorized into sequence-based and graph-based
approaches. Sequence-based SBRSs typically use fixed-length session representations, where longer sessions are truncated and shorter
ones are padded. These methods are divided into three main groups based on the backbone network: CNN-based, RNN-based,
and transformer-based. CNN-based methods focus on extracting local context using convolutional layers to hierarchically aggregate
patterns into a global understanding of user preferences (Tuan & Phuong, 2017; Yuan et al., 2020). RNN-based methods capture
long-term user preferences by learning sequential dependencies throughout the session (Hidasi et al., 2016; Li et al., 2017), while
transformer-based methods model global relationships via self-attention and position encoding (Li et al., 2020; Sun et al., 2019).
Graph-based SBRSs, on the other hand, transform session sequences into session graphs to capture item relationships. These methods
include vanilla item transition graphs, heterogeneous item transition graphs, and hyper-graphs. Vanilla methods focus on sequential
item transitions within sessions , while heterogeneous graphs add session nodes for global contextual learning (Pan et al., 2020;
Yuan et al., 2022). Hyper-graphs go beyond pairwise item relationships to capture complex interactions by aggregating features
from hyper-nodes to hyper-edges (Xia et al., 2021; Yin et al., 2024).

As summarized in Table 1, we offer a new perspective to explore how context modeling orientation affects the effectiveness
of SBRSs. Here the term context captures all session information used for recommendations (Wang, Cao, et al., 2022), such as
item contents and their sequential order. We classify existing work into three categories based on the contexts that different models
primarily focus on, including local-oriented methods, global-oriented methods, and dual-oriented methods. The local context refers to
item transitions contained within a session fragment or the neighborhood of a session graph, highlighting the immediate interactions
and dependencies between items that are closely related in time or interaction sequence. By contrast, the global context encompasses
item transitions across the entire session, highlighting long-range dependencies and overall patterns that span beyond immediate
interactions.

Both local-oriented and global-oriented SBRSs aim to discern user preferences, offering distinct perspectives. Local-oriented
methods excel at extracting detailed user intents from session segments and aggregating them to form a coherent understanding
of preferences within the current session. However, while they allow for fine-grained analysis, they can suffer from over-reliance
on local context, potentially missing long-term consistency and stable preferences. In contrast, global-oriented methods focus on
comprehensive user preferences to guide interactions, adapting to interest drift and prioritizing core needs. However, they often
struggle to capture the nuances of local context and rapid preference changes. Thus, integrating both approaches offers a more



W. Li et al. Information Processing and Management 62 (2025) 104196

complete and adaptive understanding of user behavior. CM-GNN (Wang, Gao, et al., 2023) and H3GNN (Yin et al., 2024) are
representative multi-graph methods that learn local item features from vanilla session graphs and global item transitions, refining
global features using learnable position encoding and hyper-graph set relations. AdaMCT (Jiang et al., 2023), a sequence-based
method, incorporates locality bias into Transformers by combining global attention with local convolutional filters. GES-SASRec (Zhu
et al.,, 2023) integrates local and global context modeling by considering semantic item relations. However, the bootstrapping
frameworks used by CM-GNN, H3GNN, and GES-SASRec struggle to distinguish independent item relations, while AdaMCT faces
challenges in separating sequential and non-sequential dependencies due to feature mixture at each layer. Overall, while SBRSs have
progressed in capturing local and global contexts, challenges remain in effectively integrating contextual features and balancing
short-term adaptability with long-term consistency.

2.3. Insights for the development of coase

Our review identifies key limitations in existing SBRSs, which often fail to differentiate between local and global item
dependencies. To address these challenges, we propose the Coase model, drawing on the path modeling framework (Hui et al.,
2009). This framework emphasizes the value of user path data, which in this case refers to non-physical, discrete interactions of
anonymous users on online platforms. Based on this, Coase adopts a dual-path approach to capture both local and global contextual
features. The Bi-Gated GSAN module is employed for local context modeling, capturing non-sequential item dependencies within
session star graphs, while SudokuFormer handles global context by modeling sequential item transitions across sessions. To align
these perspectives, Coase integrates a triple attention mechanism that harmonizes user preferences across local and global paths,
considering a wide range of contextual features and their collaborative effects. The path modeling framework also highlights that
user paths alone may not reliably indicate their true intentions, as users with different goals follow distinct paths (Hui et al., 2009).
To tackle this issue, Coase employs an end-to-end method that continuously tracks dynamic user preferences by updating user and
item representations in real-time based on their interactions. This approach avoids the potential biases of self-reported data (de
Reuver & Bouwman, 2015), allowing the model to adapt to users’ evolving interests more effectively. Finally, the path modeling
framework underscores the importance of accounting for user heterogeneity to understand fine-grained preferences (Larsen et al.,
2020). Coase addresses this by analyzing several key factors, such as user—item interactions, time cues, and both sequential and
non-sequential behavior patterns. Notably, while social effects are considered minimal in some cases (Hui et al., 2009), Coase
focuses solely on user—item interaction data due to the anonymity of users, which aligns with prior research that excludes social
cues when studying anonymous behavior patterns (Chen, Burke, Hui, & Leykin, 2021; Fisher & Woolley, 2024; Larsen et al., 2020).
By focusing on these key elements, Coase provides a robust framework for capturing both immediate and evolving user preferences
in session-based recommender systems.

3. Research objective

The objective of this study is to capture user preferences within a time-sensitive session context to recommend the next item
aligned with the user’s evolving, fine-grained intentions. To achieve this, we outline a general mathematical framework. The model
first identifies all unique items, represented as the set V' with size |V|, and tracks an anonymous user’s current session as a
sequence of interacted items s with size |s|. Given this session history, our model aims to predict the next item U\Sx\+1 that the
user will interact with. To achieve this, our model first creates a numerical representation (embedding) for each item ¢; € R,
where d represents the embedding dimension, and refines these embeddings according to session context and item relationships.
The model further incorporates mutual preference, short-term preference, and long-term preference to refine its understanding
of user preferences. Ultimately, it recommends items by calculating a score that integrates the user’s comprehensive preferences
and candidate item representations, presenting the top items with the highest scores as recommendations. Table 2 summarizes the
fundamental notations, while the subsequently derived notations are omitted.

4. Coase

Fig. 1 illustrates the architecture of the proposed Coase, which includes several key components. The embedding module
generates initial representations for items, their session positions, and the time intervals between interactions. The local contextual
feature extractor constructs a session-specific graph and employs a Bi-Gated GSAN to capture item relationships and their
significance. The global contextual feature extractor models the order of interactions by incorporating learnable position and
time interval encodings, allowing for a better understanding of how sequence affects user preferences. The SudokuFormer refines
item representations using a disentangled attention mechanism and a stable, non-invasive feature fusion approach, enhancing the
understanding of each item’s role. The session-level co-learning module integrates local and global context modeling through a triple
attention mechanism, capturing comprehensive user preferences by considering short-term, contextual, and long-term preferences.
Finally, the prediction layer generates scores for candidate items and produces the top items recommendation list. The learning
process of Coase is summarized in Algorithm 1.
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Table 2
Summary of key notations.
Notation Description
v, S Item set, session sequence set
ey E Item embedding vector, item embedding matrix
d Embedding dimension
G, Session star graph of session s
€] The edge number in the session star graph
v, Unique item node set of session s

acys By Yy Ocys Hiys Py o

Attention weight

c Sigmoid activation function
[-111 Concat operation
W((>> Learnable parameter
headf:; Attention head
N Attention head number
centerij central node feature
L Stacking layer number
Pf, P¥ Learnable position embedding matrices for queries and keys
P,?, PE Learnable time interval embedding matrices for queries and keys
79 Timestamp of interaction with the item
span, Time interval
m The predefined maximum session length
u The number of unique item within the session
LN(») Layer normalization
MLP() Multi-Layer perceptron
B hS s h;;}ng Representations of short-term preference, contextual preference, and long-term preference
ho Comprehensive preference
T Temperature hyper-parameter
Yo The recommendation score for the item
A The hyper-parameter to balance the weights of different losses
Embedding Module Context Learning Modules Session-level Co-learning Module Prediction Layer
—_————— s e . ontext earnh Dotues | omRioneme o e YR — e Ay
i : [ ——— Local Short- I I
| ¢ 7:,1 777777777 \‘ | : /  Bi-gated term Interest | |
| I I | GSAN > |
| v e I & | ¢ :
I Time I 1 Positi Iy, ! | | > T Q
| tem Time Interval Position | n . ] | | I v 1 | 2 Local Long- z | —_— = |
: ‘14 Posi | HemIDEmbedding ! ||| (€ | : 5| tormInterst | B I — 2|1
spam; T T T T TTTTTTT Y B 5 |
| Vs Posy I : 11 ; | o |
| I span, 3 I | Local | : g | g |
A pos; I | Contextual | | g | = |
1z | span; S N I | Feature | | | s |
12 Vs Posy I span; 1 \  Extractor | Q | s =)
» I I | 8 — PRIR% S |
|32 ! spang s 5| | ——== | @ | = || 2 =
2 5 | span, | | | = = =d = |
I Vs poss . L | | E Mutual | —||E 5 |
A spans g } span, . } : : 1 _ @ | Interest | g || % 2 |
& 1 R
1B Vi Poss I I - (] Mean Q | g
|t:‘> 1 spang; | Time Interval Embedding! | | | A T Poolin Z > T 2 |
2 g o 2 SudokuFormer | g 2 g |
18 Vs pos; | | | l ES | e 101
| i spanyg I | | 11 s | = |
| Vs posg il | | I § | 5 |
| i spang g 1 | E ; I 1! Global Long- 8 | = |
2 N I =3 -
| \14 an Posy } pos; . } : : >: | : i E term Interest 2 | { ) E._ |
| e I pos; \ | I g Pl ol |
o)
I e PO : LT Global ’ g I =
I : gl I I g bl s
| } posi . } 1 I Contextual | 1 a Lo 2 |
: L1 | Feature O g L |
: ! AT, ' || Global Short- Lo |
l 1 —_—_—— 1 term Interest | | |

Fig. 1. Schematic view of the proposed Coase, featuring key modules: the embedding module for generating item, session, and time interval representations;
the context learning modules including local and global contextual feature extractors to capture non-sequential dependencies and sequential transitions among
items; the session-level co-learning module, which integrates short- and long-term user interests through a triple attention mechanism; and the prediction layer
that ranks items and outputs the top recommendations.

4.1. Local contextual feature extractor

As shown in Fig. 2, the local contextual feature extractor is designed to learn item representations within the session star graph
using the Bi-Gated GSAN. This module consists of two main components: session star graph construction and the Bi-Gated GSAN.
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Algorithm 1 The forward propagation flow of Coase

Input: The session sequences .
Output: Top-k recommendation items at the next time step.

w

10:
11:

12:
13:
14:
15:
16:
17:
18:
19:

20:
21:

22:

23:
24:
25:

26:
27:
28:
29:
30:

O XN DR

/ = Embedding module = /

: Initialize the item embedding matrix E, two time interval embedding matrices PRQ and P1§ , and two position embedding matrices

P/? and PX;
/ * Context learning modules = /
/ =+ Local contextual feature extractor = /

: Construct session star graph G;
: Initialize the feature of the central node v,: center® = % Y e

v;Es

: for each layer of Bi-Gated GSAN do

for each session sequence s € S do
Update the features of each item node based on the neighbor item node features with Eq. (1) to Eq. (5);
Update the features of each item node based on the central node features with Eq. (6) and Eq. (7);
Update the central node features based on item node features with Eq. (8) and Eq. (9);
end for
end for
Summarize all the Bi-Gated GSAN layers to get the local context-aware item features with Eq. (10) and Eq. (11);
/ =+ Global contextual feature extractor s /
for each layer of SudokuFormer do
for each session sequence s € .S do
Get the three query matrices, the three key matrices, and the value matrix with Eq. (14) to Eq. (16);
Calculate the multi-head disentangled attention weights with Eq. (17) to Eq. (19);
Update the item features with Eq. (20);
end for
end for
Summarize all the SudokuFormer layers to get the global context-aware item features;
/ * Session-level co-learning module = /
for each session sequence s € .S do

Get the short-term preferences: h°, =e¢® and h*¢ =e% ;
short last short last .
.- L8 — g se _ se.
Extract the contextual preferences: ;= center; and b3S~ = IS Zs el
V;E

Calculate the long-term preferences hfong and hfjng with Eq. (22) to Eq. (27);
Fuse the various preferences by holistic attention mechanism with Eq. (28) to Eq. (30);
end for
/ = Prediction layer * /
for each candidate item v; € V do
Calculate the interaction probability: y; < Eq. (31);
end for
Get predicted interaction probability list: [§;, §,, ... ];
Select the items with top-K predicted interaction probabilities to form the recommendation list.
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Fig. 2. Schematic view of the local contextual feature extractor, in which the session star graph is constructed based on the raw session sequence and the
additional session center node; the stacking Bi-Gated GSANs are adopted to learn the representations of item nodes; and the readout function is introduced to
aggregate the features learned by each Bi-Gated GSAN layer.
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The session star graph organizes items into a structured graph, while the Bi-Gated GSAN processes this graph to capture and refine
item relationships, enhancing each item’s representation in the session context.

4.1.1. Session star graph construction

As shown in the upper left part of Fig. 1, given the current session sequence s = {04, vs, Uy, Uy, Ug, U1, U3, Vg, Uy, Uy }, the unique
item node set V, = {v}, v),v3, 04, U5, vg } is derived from the session sequence, while directed edges are created based on the pairwise
transition relationships between adjacent items. Furthermore, the central node v, is introduced to enhance the connectivity of the
vanilla session graph (Guo et al., 2019). It serves as an intermediary node, facilitating the propagation of information from items
that do not have a direct connection in a two-hop manner. Specifically, bidirectional edges are added between the central node and
each item node in the session star graph G, to improve connectivity (Pan et al., 2020).

4.1.2. Graph-based item representation learning
After constructing the session star graph, the bi-gated graph self-attention network is adopted to update the representation of the
item nodes and the central node. Firstly, the item node representation is initialized based on the item embedding, while the dropout
layer (Srivastava et al., 2014) is performed to alleviate the over-fitting and improve the robustness (Du, Yuan, Zhao, Fang, et al.,
2023; Du, Yuan, Zhao, Qu, et al., 2023). Subsequently, the central node representation is initialized by the average pooling on the
item nodes. After that, the self-attention mechanism is adopted to compute the influence of the neighbor item nodes as follows:
o sopmae| ) (W)

ij \/Z

where o, ; denotes the attention weight of the target item node v; and one of its neighbor item nodes v;, I/Vlg and VV;" € R¥4 are
the trainable matrices. The bias term is omitted for briefly.
Then the first gating network is used to update the representation of the target item node v; as follows:

, @

e = ﬂ‘.Ver[ + (1= B,) neigh;, 2)

Bi=c (WﬂT [Wie; ||neigh;|| Wie; — neigh;] ) , 3

neigh; = VVf Z e, @
JEN(®)

where ¢ denotes the sigmoid activation function, e] denotes the updated representation of the target item node v; based on the
item transition relationships, [H . ”] denotes the concat operation among three tensors, Wf, Wf e R and Wy e R34 are the
trainable parameters.

Subsequently, the multi-head mechanism is employed to capture the multi-aspect transition relationships among item nodes. For

brevity, we denote the above process as e/ = head® (e;, E, ), where E, ., is the embedding matrix of the neighbor item nodes.
The multi-head mechanism is defined as follows:
N
& = headsW¢, (5)

n=1

where n denotes the number of attention heads, ng € R denotes the trainable parameter.
The representation of the target node is further updated based on the central node feature by the second gating network as
follows:

~8
e, = y,-I/V6gél- +(1-7%) Wicenter,, (6)

T N
v,=o0 (I/Vy [Ver[ ”VVfcenterS

wie o I/V7gcenterx] ) , @)

~& . .
where e, denotes the local contextual representation of the target item node, center, € R? denotes the central node feature of the
session s, © denotes the Hadamard product, W, W € R4, and W, € R* are the trainable parameters.
Next, the central node feature can be updated:

1 ~g
& = — Z
center; = » 5i’se[ ) ©
v;ES
~
;s = softmax (centersTe[ ) s ©

where centert denotes the updated central node representation, « denotes the number of unique item within the session. For brevity,
we denote the above process as Ef = GSAN (e;, E,p;gp. center). Then, the bi-gated graph self-attention network can be stacked to
capture the distant item transitions. Finally, we adopt the simple but effective readout function (He et al., 2020) to learn the final
item node feature:

Zig,(l) =GSAN (e‘(.lfl), Ef::gli)z’ center([_l)) s (10)
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Disentangled Multi-head Attention
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Fig. 3. Schematic view of SudokuFormer. Instead of mixing various encodings as input, the proposed SudokuFormer captures the fine-grained correlation between
any two of the item content, item position, and the time interval based on the disentangled attention weights. Moreover, the dual layer norm method and the
non-invasive fusion method is introduced to improve the quality of the item representations.
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where eig’(” denotes the target item node representation involved in /-order local contextual information.
4.2. Global contextual feature extractor

The global contextual feature extractor is designed to update item representations by incorporating positional and temporal
information. Specifically, it assumes that interactions with an item are influenced by the item’s content, position in the session,
and the time cues. These factors are parameterized as learnable item encoding, position encoding, and time interval encoding,
respectively. Following this, the proposed SudokuFormer works to disentangle the hidden relationships among these factors and
updates the item representation using a stable, non-invasive fusion method, as illustrated in Fig. 3.

4.2.1. Input encodings provided by embedding module

Let E,, € RI5X¢ denotes the embedding matrix of the items involved in the session. The dropout layer (Srivastava et al., 2014)
is performed to stabilize the training process (Du, Yuan, Zhao, Fang, et al., 2023; Du, Yuan, Zhao, Qu, et al., 2023). Furthermore,
the learnable position embedding is performed to consider the positional information, which accounts for how the user’s progress
through the session impacts their interaction with the item. Inspired by Li et al. (2020) and Shaw et al. (2018), two distinct learnable
position embedding matrices PAQ e R"™ and Pf € R™“ are adopted for queries and keys in the disentangled attention mechanism
of the proposed SudokuFormer, respectively.

PO= (ot gy PR = {0 ) (12)

where m denotes the predefined maximum session length. Conceptually, the positional encoding gives the model a temporal clue
or “bias” about how information should be gathered, i.e., where to attend (Dai et al., 2019). Moreover, the learnable time interval
embedding captures the levels of user engagement on the item by mapping time cues onto a low-dimensional space. Formally, we
model the time interval span; ; = |t; —1; (j > i) as the representation of the time cues on the item v;, where ¢; and ¢ f denotes the
timestamp of the item v; and the next interacted item v;, respectively.

Although a longer dwell time increases the hkehhood of visiting detailed modules such as reading comments and specifica-
tions (Gong & Zhu, 2022), precise dwell time is not useful beyond a certain threshold (Li et al., 2020). Because excessive dwell
time implies some abnormal behavior such as prolonged inactivity and background usage. Moreover, considering excessive dwell
time also complicates calculations and introduce unnecessary parameters, which improves the risk of over-fitting. Therefore, the
maximum time interval between two items is clipped to the specified threshold (Li et al., 2020; Shaw et al., 2018), denoted as z.

Formally, the clip operation spand'p = min (z, |t - t,~| is applied to each time interval.
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Next, two distinct learnable time interval embedding matrices PE € R™mxd and P1§ € R™mXd are similarly adopted for queries
and keys in the disentangled attention mechanism of the proposed SudokuFormer, respectively.

r.q . r.q r.k . r.k
0 by Pim X by Pym
Pg = r.q. .. .r.q. , Pk =]. k - .r.k. (13)
L L U o
pm,l e Pm,m pm,l Tt Pm,m

Subsequently, the embedding matrix of the items E,, the learnable position and time interval embedding matrices for queries
and keys, i.e., PAQ, Pf s PS, and P}f , are adopted as the initial input of proposed SudokuFormer.

4.2.2. Sequence-based item representation learning

Our SudokuFormer is adopted to capture the time-aware sequential item transition patterns based on the item encoding, the
position encoding, and the time interval encoding. Specifically, the disentangled attention mechanism (Wang, Ma, et al., 2024, 2023)
is introduced to understand the mutual effect among item content, position, and time interval. Moreover, the dual layer norm is
employed to improve the stability of the attention mechanism (Wang, Ma, et al., 2024, 2023). Furthermore, the non-invasive fusion
method (Liu et al., 2021) is adopted to avoid temporal information overwhelms item representation, which maintains the consistency
of embedding space and updates the item representation more efficiently. Formally,

Qc =LN (E, )W,  Kc=LN(E,)W;*,  Vo=LN(E,)W>*, 14)
Q,=LN (Pf) Wi, K,y=LN(PS)ws, (15)
Or=1LN (PE)W,  Kn=LN (PK)W;, (16)
E,, = multihead (Qc¢. K¢, Q4. K 4. Qr. K. V) = dropout (LN (concat (head,, ... head ;))) Wy, a7)
head, = softmax (%) Ve, (18)
A=(0c,04.0r)" (KL KT, KE), (19)

where LN(-) denotes the layer normalization, dropout(-) denotes the dropout (Srivastava et al., 2014), multihead(-) denotes the
multi-head mechanism and the computation of head i is denoted as head;. The scale factor V/d is used to avoid large values of the
inner product. Wl“, WZS‘?, W;e s W4“, W;e, WG“, Wi e R*dhead | and W8” € R¥%4 denote trainable parameters.

Inspired by Dai et al. (2019), each term has its intuitive meaning under the new parameterization: (i) The content-to-content term
QCKg represents content-based addressing; (ii) The content-to-position term QCKZ captures a position-dependent content bias; (iii)
The content-to-time interval term Q. Kg captures a time interval-dependent content bias; (iv) The position-to-content term Q , Kg
captures an content-dependent positional bias; (v) The position-to-position term O, K; represents position-based addressing; (vi)
The position-to-time interval term Q 4K RT captures an time interval-dependent positional bias; (vii) The time interval-to-content term
(0] RKg captures a content-dependent time interval bias; (viii) The time interval-to-position term Q RKX captures a position-dependent
time interval bias; (ix) The time interval-to-time interval term Q RK£ represents time interval-based addressing.

In comparison, the formulation in Shaw et al. (2018) has terms (i) and (iii); the formulation in Chen, Tsai, et al. (2021) has
terms (i) and (v); the formulation in Yuan et al. (2022) has terms (i), (iii), and (vii); the formulation in Li et al. (2020) has terms
(i), (ii), and (iii); the formulation in Dai et al. (2019) has terms (i), (iii), (vii), and (ix); the formulation in Vaswani et al. (2017) has
terms (i), (ii), (iv), and (v). It can be assumed that the superior performance of self-attention comes from multiplicative interaction
which provides the powerful inductive bias (Jayakumar et al., 2020). We argue that all the terms are significant since the attention
weight of item-pairs depend on the involvement of the item content, the positional information, and the time interval. Therefore,
we keep all the interaction terms among the three types of encoding.

Also, Chen, Tsai, et al. (2021), Shaw et al. (2018), and Li et al. (2020) merge the linear projection PEW into a single trainable
matrix f’RQ, which eliminated the helpful inductive bias (Dai et al., 2019). However, retaining the inductive bias facilitates the
learning of robust and transferable patterns during model training, which improves resilience when dealing with novel items and
noisy data during evaluation. Therefore, we keep all linear projections when computing the query, key, and value.

Similar to the traditional self-attention mechanism, the disentangled attention mechanism in our SudokuFormer remains a
linear model, lacking the ability to capture non-linear relationships. Therefore, the feed-forward network is considered after
the self-attention mechanism, which comprises a Multi-Layer Perceptron (MLP) with GELU activation and the dual layer norm
method (Wang, Ma, et al., 2024, 2023) as follows:

E,, = MLP (E,) =dropout (LN (GELU (LN (E,,) W5*))) W;%. (20)

where W;¢ € R4 and W}¥ € R**? denote the trainable parameters. Subsequently, we stack the attention blocks and adopt the
similar readout function in Eq. (11) to capture high-order sequential item transition relations. The updated item representation is
defined as E,.

10
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4.3. Session-level co-learning module

After respectively updating the item representations in local and global context modeling paths, the session-level co-learning
module is adopted to learn the comprehensive preferences. Specifically, for each path, the short-term preference is denoted as the
last item. Moreover, the central node feature and the average of the item features within the current session are viewed as the
representations of the contextual preferences for local and global context modeling, respectively. Furthermore, the triple attention
mechanism is adopted to learn the comprehensive preference of each path. Specifically, the mutual attention mechanism is adopted
to learn the long-term preference with the consideration of the short-term preference and the collaborative effect. After that, the
holistic attention mechanism learns the comprehensive preference by integrating collaborative effect, short-term preference, and
long-term preference.

Following Pan, Cai, Chen, Chen, and Chen (2022) and Pan, Cai, Chen, and Chen (2022), we consider the representation of the
last item to reflect the short-term preference, i.e., h® ¢f and h*¢ ie» for graph and sequential learning, respectively.
Furthermore, the center node representation is considered as the local contextual preference, i.e., h% . = centers, while the global

short — Clast short e
contextual preference hse is learned based on averaging the representation of the interacted items as follows:

context

hcontext |S| Z (21)

v,ES
The contextual preferences offer a stable perspective for representing a user’s general interests, mitigating the effects of accidental

behaviors and interest drift. To capture this, we extract the representation of the collaborative effect between the local and global
context modeling paths, based on these contextual preferences. Following this, a mutual attention mechanism is applied to learn
long-term preferences while accounting for the collaborative effect:

hlgzmg = 2 Mietg’ (22)
v;ES

H; = softmax (W”TG ([W’U"g o HW’anghm,d l‘mghfhort] )) s (23)

Hions = 2, Pi€]"s 24)
v;eES

0, = softmax (Wl o ([W," et [ W hy | W15, ) ) (25)

hmul = nhcam‘ext + (1 ”)hzfmtext’ (26)

_ T
n= (W [hcomexr ” context“ context © hiintext] ) ’ (27)

where h,,,, € RY denotes the mutual preference representation. hf € R? and h*¢ € RY denote the long-term preferences for graph
on, lon

and sequential learning, respectively. Wll‘”'g , Wz[‘”'g , W;‘”’g, W4[""g, WS]""g, and W6""3 € R9%4 denote the trainable parameters. W”T
and W € R3 denote the trainable vectors. The mutual attention mechanism accentuates complementary information to improve
the performance, while mitigates the impact of redundant information from local and global context modeling paths.

The comprehensive preference for each path is then learned by adaptive aggregating the short-term, long-term, and collaborative
effect based on holistic attention mechanism. Here is the example of learning the comprehensive preference for local context
modeling path, i.e., %, as follows:

Hy,, = concat (W‘””’hfhm, W3 Ry W“’”’hlgmg) (28)
& =softmax (era) (29
hé , =squeeze_sum (§H/-M) s (30)

where squeeze_sum(-) denotes a dimension reduction operation based on sum fusion. Unlike traditional fusion methods that use a
shallow feed-forward network, the holistic attention mechanism dynamically assigns weights to various preferences, reducing the

risk of over-reliance on any single preference. Similarly, the comprehensive preference for local context modeling is denoted by

se
com”®

4.4. Prediction layer

To predict the next item, the prediction layer provides the recommended score for each candidate item by multiplying the

representations of user preference and item as follows:
exp (sim ((Aéom + h3;,) - i) /7)
Yi = - z o 5 (3D
ZvjES exp (Slm ((hcom hcam) ’ ej) /T)

where y; denotes the recommendation score for item v;, © denotes the temperature hyper-parameter, sim(-) denotes the similarity
between the representation of user preference and the candidate item, e.g., cosine similarity.

Considering both tasks provide significant supervised signals for model training, the total loss is

loss = (1 = A)loss, + Aloss (32)

se’

11
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where 1 is a hyper-parameter to balance the weights of different losses, and the losses of local and global context modeling are
constructed as follows:

loss. — —log { exp (sim (héom-e4) /7) } (33)
¢ Zv/-GS exp (Sim (hfom’ej)/T)

loss.. = —tog { exp (sim (g5, .) /7) } 34
* ZUI-ES exp (Sim (hgf)m’ej) /T)

and e, denotes the representation of ground-truth next item v, for session S. To mitigate overfitting, we apply dropout to candidate
item encoding (Hou et al., 2022). The normalized temperature-scaled cross-entropy loss (Chen et al., 2020) incorporates cosine
similarity to enhance feature alignment and uniformity, which helps the model learn more discriminative feature representations.
The temperature hyperparameter scales similarity between samples, ensuring consistent importance for comparisons across batches.

4.5. Time complexity analysis

The time complexity of the proposed Coase stems from four key components: local contextual feature extractor, global contextual
feature extractor, session-level co-learning module, and prediction layer. For the local contextual feature extractor, the time
complexity primarily comes from Bi-gated GSAN. For each layer of Bi-gated GSAN, the time complexity for message passing and node
feature fusion involving the neighbor nodes and the central nodes are respectively O(ud?+(N +1)|€|d) and OQ|€ || S|(d?+d)), where
|€| denotes the edge number in the session star graph and |.S| denotes the number of sessions. Therefore, the overall time complexity
of the local contextual feature extractor is O(L,,,(2(I€ || S| + wd? + |E|(2|S| + N + 1)d)), where L,,, denotes the layer number of
Bi-gated GSAN. For the global contextual feature extractor, the time complexity primarily comes from SudokuFormer. For each layer
of SudokuFormer, the time complexity for the linear projections of the query, key, and value is O(7md?), while the time complexity
of attention score calculation is O(10m>d). For the MLP, the time complexity is O(8md?). Therefore, the overall time complexity of
the global contextual feature extractor is O(L,,,,(15md> + 10m*d)), where L,,, denotes the layer number of SudokuFormer. For the
session-level co-learning module, the time complexity of the long-term preference learning for local and global context modeling
is 0(2(3md?* + Tmd)), while the time complexity of the preference fusion is O(10d). Therefore, the time complexity of the whole
session-level co-learning module is O(6md? + (14m + 10)d). Moreover, the time complexity of prediction layer is O(ud). Considering
all the above modules, the overall time complexity of Coase is O((2L,,,(I€ || S| + u) + 15L,,,,m + 6m)d® + (L,,,,|1E|2|S| + N + 1) +
10L,,,,m* + (14m + 10) + u)d), which remains at an acceptable level.

gnn gnn

5. Experiments

In this section, we evaluate the effectiveness of the Coase model by exploring several key research questions: How does Coase
compare to 20 baseline models across four real-world datasets (RQ1)? What impact does the collaborative parallel framework
have on performance (RQ2)? How do the components of the local contextual feature extractor and SudokuFormer contribute
to recommendation performance (RQ3, RQ5)? What effect do temporal elements and hyperparameter settings have on Coase’s
performance (RQ4, RQ6)? How does Coase perform in sessions of different lengths (RQ7)? How efficient is Coase compared to
representative baseline models (RQ8)?

5.1. Datasets

Four publicly available datasets are used in our experiments:

Yoochoose is a dataset from RecSys Challenge 2015.% It contains a collection of sessions from an online retailer in Europe
during several months in the year of 2014. Each session is encapsulating the click events that the user performed in the session.
Due to the large size of Yoochoose, we extracted the most recent 1/64 of the dataset based on the timestamp following Pan
et al. (2020), Qiu, Huang, Chen, and Yin (2022), Qiu et al. (2020), and Wu et al. (2019).

Diginetica is a dataset from CIKM Cup 2016.° The dataset contains user sessions extracted from an e-commerce search engine
log. The transaction data of the dataset is adopted to conduct our experiments.

Retailrocket is a dataset from Kaggle Competition 2016.* 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 to conduct our experiments.

Dressipi is a dataset from RecSys Challenge 2022 focused on fashion recommendation.® Dressipi contains training data of 1
million sessions within a month, which is collected from an e-commerce platform.

https://recsys.acm.org/recsys15/challenge
http://cikm2016.cs.iupui.edu/cikm-cup
https://www.kaggle.com/retailrocket/ecommerce-dataset

oA W N

https://www.recsyschallenge.com/2022
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Table 3

Summary of the used datasets.
Dataset # Sessions # Items # Interactions Avg. session length Avg. action per item Sparsity
Yoochoose 1/64 124724 17 606 528858 4.24 30.04 99.9759%
Diginetica 204062 42172 989204 4.85 23.46 99.9885%
Retailrocket 328904 58000 1413976 4.30 24.38 99.9926%
Dressipi 691 383 19343 4428574 6.41 228.96 99.9669%

Following related studies (Chen & Wong, 2020; Hou et al., 2022; Li et al., 2017; Liu et al., 2018; Pan, Cai, Chen, & Chen, 2022;
Pan et al., 2020; Qiu, Huang, Chen, & Yin, 2022; Qiu et al., 2020; Wu et al., 2019; Xu et al., 2019), sessions longer than 1 and items
appearing more than 4 times are reserved in all the datasets. Table 3 shows the summary statistics for the used four datasets. For
fair comparison, the data augment method (Tan et al., 2016) is adopted which generates the sessions and corresponding labels by
splitting the input session. For example, for an input session S = {v, ... JUps| }, the generated sessions and the corresponding labels
are ({v,}.02). ({v1.v2}.03) .. ({10 ..., 015121 } - U} )- 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.

5.2. Evaluation metrics

Three metrics are used to evaluate the performance of the model for the top recommended items, with size 5, 10, 15, and 20 in
our experiments:

» Recall@N assesses the proportion of cases in which the correct items are recommended within the top item list:

M
1
Recall @ N = — Y hit(i), 35
M ; @) (35)
where M denotes the number of sessions in test set, hit(i) denotes whether the candidate item i is the correct recommendation
so hit(i) = 1 if correct otherwise hit(i) = 0.
+ MRR@N measures the average of the reciprocal ranks of the top-ranked relevant item in the recommendations:

1 1

MRR@N = — ' —, (36)
meM rank(i)<N rank(l)
where rank(i) denotes the position of recommended item i in the top item list.
+ NDCG@N takes into account both the relevance and the position of the recommended items:
NpeGan = L 3 3 201 37)
M & Slog(1+i)

where rel(i) denotes the relevance of the recommended item at position i in the top item list.

5.3. Baseline models and implementation settings

Table 4 summarizes the baseline models, which can be broadly categorized into four groups: traditional methods, local-oriented
methods, global-oriented methods, and dual-oriented methods. Our proposed Coase and all the baseline models are implemented
based on the popular recommendation framework RecBole (Zhao et al., 2021) and its extension RecBole-GNN (Zhao et al., 2022)
for easy development and reproduction. Following Peintner et al. (2023), and Wu et al. (2019), the embedding dimension and
batch size is set to 100. The initial learning rate is set to 0.001 and will decay by 10% after each 3 epochs. Following Yang et al.
(2023), AdamW optimizer (Loshchilov & Hutter, 2019) is adopted to train the parameters. Following Wang and Liu (2021), the
temperature parameter is set to 0.07. To alleviate the overfitting problem, the dropout strategy with 20% ratio has been applied
to our model. The max length of session is set to 20. The attention head number of bi-gated graph self-attention network and
SudokuFormer is searched among {1, 2, 4, 5}, respectively. The stacking layer number of the bi-gated graph self-attention network
and SudokuFormer is searched among {1, 2, 3, 4}, respectively. The loss weight A is searched among {0, 0.3, 0.5, 0.7, 1}. The
number of time intervals is searched among {8, 16, 32, 64}. For all baseline models, we follow the best parameter settings presented
in the original papers in most cases. If the parameter configurations are found to be infeasible or unsuitable for our experiment
environment, e.g., gradient exploding and out-of-memory errors, we tune the parameters to ensure effective performance. The best
results of all baseline models are recorded. For the reader’s reference, the implementation of our Coase model is publicly shared
at https://anonymous.4open.science/r/Coase-CA97.
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Table 4
Summary of the baseline models.
Category Method Description
Traditional POP POP is a non-neural approach recommending the most popular items across the
methods entire training set. Despite its simplicity, POP often serves as a formidable
benchmark.

Item-KNN (Sarwar et al., 2001) Item-KNN recommends items similar to the last session item based on cosine
similarity between binary item vectors.

NextItNet (Yuan et al., 2019) NextItNet is the CNN-based method that adopts dilated convolutions to increase

Local receptive fields instead of suboptimal pooling operation.
oriented SRGNN (Wu et al., 2019) SRGNN transforms session sequences into session graphs and applies graph gated
methods neural network to capture pairwise item transition relations.

GCSAN (Xu et al., 2019) GCSAN enhances SRGNN by adopting self-attention for capturing long-range item
dependencies.

TAGNN (Yu et al., 2020) TAGNN strengthens SRGNN with a target-aware attention network to generate user
preferences tailored to different candidate items.

LESSR (Chen & Wong, 2020) LESSR addresses information loss in GNN-based SBRSs with lossless edge-order
preserving aggregation and shortcut graph attention.

GRU4Rec (Hidasi et al., 2016) GRU4Rec stacks multiple gated recurrent unit (GRU) layers to encode the session
sequence into a final state. It also applies the ranking loss to train the model.

NARM (Li et al., 2017) NARM is the RNN-based method using GRUs for sequential signal capture and
attention for emphasizing user intent.

Global STAMP (Liu et al., 2018) STAMP replaces all RNN encoders with attention layers, focusing on the
oriented representation of the last item in the session. It does not use any kind of positional
methods encoding.

STAR (Yeganegi et al., 2024) STAR improves recommendations by leveraging temporal information in session data,
embedding items based on co-occurrence in sub-sessions, and adjusting item weights
according to time intervals between events.

RepeatNet (Ren et al., 2019) RepeatNet captures the repeat-explore recommendation intent in a session by
incorporating a repeat-explore mechanism into RNNs.

CORE (Hou et al., 2022) CORE is a simple yet effective framework for session-based recommendation that
maintains a consistent representation space throughout encoding and decoding,
addressing the issue of inconsistent predictions.

SASRec (Kang & McAuley, 2018) SASRec is the self-attention based sequential recommender capturing long-term
semantic feature.

TiSASRec (Li et al., 2020) TiSASRec improves upon SASRec by incorporating both position information and
time interval information.

AC-TSR (Zhou et al., 2023) AC-TSR calibrates unreliable attention weights from existing Transformer-based
models. Here we adopt the TiSASRec-based version.

CL4SRec (Xie et al., 2022) CL4SRec leverages contrastive learning with various data augment methods to
capture item content-collaborative signal dependencies.

DuoRec (Qiu, Huang, Yin, & Wang, 2022) DuoRec introduces the contrastive regularization to reshape sequence representation
distributions.

TCP-SRec (Tian et al., 2022) TCP-SRec segments interaction sequences into coherent subsequences based on
temporal intervals and defines pretraining objectives accordingly.

Dual COTREC (Xia, Yin, Yu, Shao, et al., 2021) COTREC is a self-supervised graph co-training framework that iteratively selects
oriented evolving pseudo-labels as informative self-supervision examples for enhancing
methods session-based recommendations.

SGNN-HN (Pan et al., 2020)
GCEGNN (Wang et al., 2020)
CMGNN (Wang, Gao, et al., 2023)

FEARec (Du, Yuan, Zhao, Qu, et al., 2023)

SLIME4Rec (Du, Yuan, Zhao, Fang, et al., 2023)

SGNN-HN extends SRGNN by introducing session star graph for long-distance
information exploration and mitigates over-fitting based on highway networks.
GCEGNN proposes a unified model that leverages both global and session-level
transition patterns between items within global and session graphs.

CMGNN is a novel contrastive multi-level graph neural network that captures
complex and high-order item transition information.

FEARec is the contrastive learning based model adopted time domain attention and
auto-correlation.

SLIME4Rec proposes the dynamic frequency selection and the static frequency split
module to capture user dynamic preferences.

5.4. Overall performance

Table 5 presents the average results of our proposed Coase and baseline models in terms of Recall, MRR, and NDCG with
various length of top items recommendation list. For the reader’s reference, details for each dataset are provided in Appendix.
For significance testing, we used a paired t-test with p-value < 0.05. To address RQ1, we have the following observations.

Traditional methods, such as Pop and Item-KNN (Sarwar et al., 2001), disregard contextual information within sessions, leading
to suboptimal performance compared to other groups of methods. The naive patterns captured by these traditional approaches
are insufficient for representing complex personalized preferences. Furthermore, methods that incorporate temporal information,
such as GRU4Rec (Hidasi et al., 2016) and SRGNN (Wu et al., 2019), generally outperform those that neglect it, like STAMP (Liu
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Table 5
Summary of the average performance of examined models across four datasets. The best-performing score in each case is highlighted in bold, while the second-best
is underlined. A superscript * indicates that Coase significantly outperforms the second-best result, based on a paired t-test with a p-value < 0.05.

Models Category @5 @10 @15 @20
Recall MRR NDCG Recall MRR NDCG Recall MRR NDCG Recall MRR NDCG

Pop Traditional 183 097 118 2.95 113 1.54 3.78 1.20 1.76 473 1.25 1.98
Ttem-KNN methods 17.26 1055 1208 2411 1146 1430 2834  11.80 1542 3133 1197  16.13
NextItNet 31.31 2000 2281 4036 21.21 2573 4564 2163 2713 4931  21.83  28.00
SRGNN Local 3772 2465 2790 4721 2592 3097 5251 2634 3238 5616 2654  33.24
GCSAN oriented 3872 2545 2876 4814 2672  31.81 5340 2713 3320 57.04  27.34  34.06
TAGNN methods 39.32 2564  29.04 4885 2692 3213 5415 27.41 3354 5776  27.54  34.39
LESSR 38.16  24.95 2824  47.61 2622  31.29 5282 2663  32.68 5642  26.83  33.53
GRU4Rec 3733 2445 2765 4684 2572 3073 5219 2614 3215 5587 2635  33.02
NARM 37.62 2463  27.86  47.24 2592 3097 5264 2635 3241 5629 2655  33.27
STAMP 35.08 2357 2643 4384 2475 2927 4891 2515  30.61 5248 2535  31.46
STAR 3610 2490  27.88 4390 2619  30.40 4835 2654 3158  51.37 2671  32.29
RepeatNet Global 3736  24.80 2793 4524 2586  30.49 4950 2619  31.61 5237 2636  32.30
CORE oriented 37.62 2431  27.63  47.09 2558  30.69 5245 2601 3211 5604 2621 3296
SASRec methods 37.65 2499 2813 4731 2628  31.26 5283 2672 3272 5662 2693  33.62
TiSASRec 38.87 2552  28.84 4846 2681  31.95 5390  27.24 3339  57.62  27.45  34.27
AC-TSR 36.93 2469 2774 4640 2595  30.80  51.85 2639 3224  50.84 2660  33.14
CLA4SRec 3571 2385 2680 4476 2506 2073  50.11 2549  31.14  53.81 2569  32.02
DuoRec 36.93 2471 2774 4618 2594 3074 5161 2637 3217 5537 2658  33.06
TCP-SRec 32.65 21.40 2419 4151 2259  27.06  46.69  23.00 2844  50.30  23.20  29.29
COTREC 31.06 2467 2627 3471 2514  27.42 3684 2530  27.96 3843 2539  28.32
SGNN-HN Dual 38.81 2500 2850 4846 2639  31.63 5383 2681  33.06 5751  27.02  33.93
GCEGNN e 39.66 2580 2925 4919  27.08 3234 5452  27.50 3375 5814 2771 3461
CMGNN 3006 2537 2877 4871 2666 3190 5401  27.08 3330 57.68  27.29 3417
FEARec methods 3708 2476  27.83 4627 2599  30.80  51.61 2641 3221 5530  26.62  33.09
SLIME4Rec 39.03 2573 29.04 4873 2703 3218 5421  27.46  33.63 5797  27.67  34.52
Coase (Ours) 40.35 26.53* 20.96° 50.09° 27.83° 33.12° 55.49° 28.25° 34.55° 59.13° 28.46° 35.41°
Improvement 173% 2.80%  2.43%  1.83%  277%  2.40%  1.79%  273%  2.36%  1.71%  2.73%  2.32%

et al., 2018) and NextItNet (Yuan et al., 2019). This underscores the importance of temporal information in understanding behavior
patterns and effectively modeling user preferences within a session.

It has been observed that SRGNN (Wu et al., 2019) outperforms NextItNet (Yuan et al., 2019), indicating that the session
graph contains more local contextual information than the raw session sequence. Specifically, the session graph provides a unique
perspective to represent both direct and indirect transition relationships between items, while the session sequence retains only
simplistic sequential transition relationships. Additionally, most transformer-based methods (Kang & McAuley, 2018; Li et al., 2020)
consistently outperform RNN-based methods (Hidasi et al., 2016; Li et al., 2017), highlighting the superiority of transformers in
capturing item dependencies within sequential data. Furthermore, TiSASRec (Li et al., 2020) consistently outperforms SASRec (Kang
& McAuley, 2018), demonstrating the benefits of incorporating various temporal information. In other words, users’ choices
regarding items are influenced not only by their long-term and short-term preferences but also by time-sensitive contexts (Wang,
Cao, et al., 2022). However, the performance of AC-TSR (Zhou et al., 2023), which builds upon TiSASRec (Li et al., 2020), falls
short compared to its base model. This discrepancy underscores the importance of effectively managing temporal information in
session-based recommendation tasks.

Most dual-oriented methods outperform the other three groups, demonstrating the effectiveness of integrating both local and
global context modeling. In particular, our Coase approach exhibits superior performance compared to many baseline methods across
various metrics. The improvements can be categorized into three key aspects. Firstly, Coase utilizes the session star graph to illustrate
both direct and indirect transitions among items, effectively addressing the challenge of long-range information propagation. By
employing a bi-gated graph self-attention network on this graph, Coase enhances its ability to capture local contextual features.
Secondly, Coase incorporates both positional and time interval information through explicit encoding methods, enriching the
characterization of user behaviors. Position encoding helps to understand the order of interactions, while time interval encoding
reveals the level of user interest in items. Additionally, the SudokuFormer architecture accommodates data heterogeneity, providing
the flexibility and expressive power needed to adaptively learn item representations. It computes disentangled attention weights and
employs a stable, non-invasive fusion method to capture global contextual information. Lastly, Coase introduces a triple attention
mechanism to learn diverse session-level representations. This mechanism considers the collaborative effects between local and
global context modeling, enabling the model to effectively capture comprehensive behavioral patterns.

5.5. Ablation studies
Four groups of ablation studies are conducted to assess the effectiveness of key components in Coase by comparing it with its

variants. These studies evaluate the unified collaborative parallel framework, the local context modeling components, the impact
of various encodings for global context modeling, and each component of the proposed SudokuFormer.
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Table 6
Effects of unified collaborative parallel framework. For each dataset, the bold-faced number is the best score.
Models Graph Sequential Collaborative @5 @10 @15 @20

learning learning effect Recall MRR NDCG Recall MRR NDCG Recall MRR NDCG Recall MRR NDCG

Yoochoose 1/64

Coase v v v 49.05 30.45 35.07 61.25 32.09 39.03 67.12 32.55 40.59 70.50 32.75 41.39
w/o local context modeling X v v 48.91 30.33 34.95 60.85 31.94 38.82 66.60 32.39 40.35 70.00 32.58 41.15
w/o global context modeling X v 48.50 30.13 34.70 60.65 31.77 38.64 66.32 32.22 40.15 69.84 32.42 40.98
w/o collaborative effect v v x 49.05 30.41 35.05 61.21 32.05 38.99 66.87 32.50 40.50 70.28 32.69 41.30
Degenerate learning and fusion v v x 48.76 30.39 34.96 60.73 32.00 38.84 66.37 32.45 40.34 69.77 32.64 41.14
Diginetica

Coase v v v 31.79 18.75 21.98 43.33 20.29 25.71 50.46 20.85 27.60 55.53 21.14 28.80
w/o local context modeling X v v 31.58 18.68 21.87 42.94 20.18 25.54 50.14 20.75 27.45 55.18 21.04 28.64
w/o global context modeling « x v 31.06 18.08 21.30 42.50 19.60 24.99 49.57 20.16 26.86 54.67 20.44 28.07
w/o collaborative effect v v x 31.58 18.54 21.77 42.93 20.05 25.44 50.08 20.62 27.33 55.17 20.90 28.53
Degenerate learning and fusion v v x 29.81 16.66 19.91 41.67 18.24 23.74 49.05 18.82 25.69 54.30 19.11 26.93
Retailrocket

Coase v v v 56.90 42.91 46.42 63.73 43.83 48.63 67.16 44.10 49.54 69.47 44.23 50.09
w/o local context modeling X v v 54.57 40.72 44.19 61.70 41.68 46.50 65.49 41.98 47.50 67.95 42.12 48.09
w/o global context modeling x v 54.89 40.07 43.78 62.49 41.10 46.25 66.51 41.41 47.32 69.15 41.56 47.94
w/o collaborative effect v v x 55.06 40.80 44.37 62.53 41.81 46.80 66.34 42.11 47.80 68.96 42.25 48.42
Degenerate learning and fusion v v x 55.05 40.72 44.31 62.51 41.73 46.73 66.35 42.04 47.75 68.89 42.18 48.35
Dressipi

Coase v v v 23.65 13.99 16.38 32.03 15.11 19.09 37.23 15.51 20.46 41.03 15.73 21.36
w/o local context modeling x v v 22.21 13.13 15.38 30.31 14.21 18.00 35.38 14.61 19.34 39.10 14.82 20.22
w/o global context modeling « x v 21.32 12.39 14.60 29.38 13.46 17.21 34.48 13.87 18.55 38.23 14.08 19.44
w/o collaborative effect v v x 20.89 12.21 14.36 28.68 13.25 16.87 33.61 13.63 18.18 37.33 13.84 19.06
Degenerate learning and fusion v v x 20.25 12.06 14.09 27.56 13.03 16.45 32.14 13.39 17.66 35.60 13.59 18.48

5.5.1. Impact of unified collaborative parallel framework

The first group of ablation studies addresses RQ2 and demonstrates the effectiveness of the unified collaborative parallel
framework in Coase. Specifically, we generate four variants for comparison: (i) w/o local context modeling, which removes the
session star graph and bi-gated graph self-attention network for local context modeling; (ii) w/o global context modeling, which
excludes the dual global position encoding and SudokuFormer used for global context modeling; (iii) w/o collaborative effect, which
learns long-term and comprehensive preferences without considering the collaborative effect; and (iv) Degenerate learning and
fusion, which learns short-term and long-term preferences similar to SRGNN (Wu et al., 2019), then fuse both preferences by naive
concat operation. The results, shown in Table 6, consistently indicate a performance drop when any part of the collaborative parallel
framework is removed, highlighting the importance of local context modeling, global context modeling, and the collaborative effect
in capturing comprehensive preferences. In particular, the w/o global context modeling variant underperforms Coase, underscoring
the critical role of SudokuFormer in learning user preferences from a global context. Similarly, the w/o local context modeling variant
also underperforms, suggesting that non-sequential transitions between items are crucial for capturing user preferences. Notably, the
performance drop in w/o global context modeling is more pronounced than in w/o local context modeling, demonstrating that global
contextual features are more significant in session-based recommendation tasks. This finding reveals that user preferences exhibit
discernible continuity and coherence within sessions, implying that user behaviors in both datasets follow predictable temporal
patterns. As a result, understanding user preferences through global context modeling proves more advantageous.

Comparing to the w/o collaborative effect variant and the degenerate learning and fusion variant, our Coase achieves better
performance in the most cases, demonstrating the effectiveness of the preference learning methods and the preference fusion method
in the session-level co-learning module. We also observe that the w/o collaborative effect variant performs worse than Coase in larger
datasets (Retailrocket and Dressipi), indicating that the collaborative effect refines user preference representation. However, in the
two smaller datasets (Yoochoose 1/64 and Diginetica), the coase model only achieved a slight advantage over the w/o collaborative
effect variant. To demonstrate the effectiveness of our model design, we conduct statistical significance tests by comparing our
model against the w/o collaborative effect variant in the two smaller datasets. Similar to the settings of the baseline experiments,
we conducted paired t-tests using five different random seeds to evaluate the statistical significance of our improvements. The results
of these additional experiments show that Coase significantly outperforms the w/o collaborative effect variant with a p-value < 0.05.
It indicates that while the performance advantage of our proposed method is subtle on smaller datasets, it is statistically significant.
One reason is that the local contextual feature extractor and the global contextual feature extractor tend to learn similar patterns due
to the limited diversity in user interactions within smaller datasets. Therefore, the simple preference learning method can achieve
acceptable performance. However, as the dataset size increases, user behavior patterns become more diverse. In these cases, if
the local and global contextual feature extractors operate independently, they may capture significantly different user behavioral
patterns. When applied to larger datasets, the simple method leads to feature conflicts, as the differences between locally and globally
learned features become more pronounced, resulting in a substantial drop in performance.

5.5.2. Impact of local context modeling components

The second group of ablation studies addresses RQ3, demonstrating the effectiveness of the session star graph and the Bi-Gated
GSAN in local context modeling. We compare four variants: (i) GAT with SG on SSG, which removes the gating network and updates
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Table 7
Effects of components in local context modeling. For each dataset, the bold-faced number is the best score.
Models Dual gate Message Star session =~ @5 @10 @15 @20
passing graph

Recall MRR NDCG Recall MRR NDCG Recall MRR NDCG Recall MRR NDCG
Yoochoose 1/64
Coase v Attention v 49.05 30.45 35.07 61.25 32.09 39.03 67.12 32.55 40.59 70.50 32.75 41.39
GAT with SG on SSG % Attention v 48.29 29.82 34.42 60.25 31.43 38.29 66.15 31.90 39.86 69.56 32.09 40.67
GGNN with SG on SSG % GRU v 48.67 30.16 34.77 60.82 31.79 38.71 66.50 32.24 40.21 69.98 32.44 41.03
GAT with SG on VSG X Attention X 48.38 29.82 34.43 60.67 31.47 38.42 66.56 31.94 39.98 70.03 32.14 40.80
GGNN with SG on VSG % GRU x 48.99 30.37 35.00 61.19 32.01 38.96 66.87 32.46 40.47 70.34 32.66 41.29
Diginetica
Coase v Attention v 31.79 18.75 21.98 43.33 20.29 25.71 50.46 20.85 27.60 55.53 21.14 28.80
GAT with SG on SSG % Attention v 30.87 18.23 21.36 42.04 19.72 24.97 48.94 20.26 26.80 53.90 20.54 27.97
GGNN with SG on SSG % GRU v 31.79 18.62 21.89 43.25 20.15 25.59 50.34 20.71 27.46 55.44 20.99 28.67
GAT with SG on VSG X Attention X 31.22 18.47 21.63 42.56 19.98 25.29 49.62 20.54 27.16 54.70 20.82 28.36
GGNN with SG on VSG % GRU x 31.71 18.23 21.36 43.14 19.72 24.97 50.23 20.26 26.80 55.30 20.54 27.97
Retailrocket
Coase v Attention v 56.90 42.91 46.42 63.73 43.83 48.63 67.16 44.10 49.54 69.47 44.23 50.09
GAT with SG on SSG % Attention v 54.38 40.14 43.71 61.72 41.13 46.09 65.69 41.45 47.14 68.27 41.59 47.75
GGNN with SG on SSG % GRU v 55.10 40.73 44.32 62.56 41.73 46.75 66.27 42.03 47.73 68.79 42.17 48.33
GAT with SG on VSG X Attention X 54.85 40.53 44.12 62.10 41.51 46.47 66.06 41.82 47.52 68.64 41.97 48.13
GGNN with SG on VSG % GRU x 55.08 40.66 44.27 62.52 41.66 46.69 66.46 41.97 47.73 68.95 42.11 48.32
Dressipi
Coase v Attention v 23.65 13.99 16.38 32.03 15.11 19.09 37.23 15.51 20.46 41.03 15.73 21.36
GAT with SG on SSG % Attention v 21.67 12.59 14.84 29.77 13.67 17.45 34.92 14.07 18.81 38.67 14.28 19.70
GGNN with SG on SSG % GRU v 21.92 12.83 15.08 29.98 13.90 17.68 35.05 14.30 19.03 38.82 14.52 19.92
GAT with SG on VSG x Attention x 21.65 12.65 14.88 29.84 13.74 17.52 34.97 14.15 18.88 38.74 14.36 19.77
GGNN with SG on VSG % GRU x 22.34 13.14 15.42 30.54 14.23 18.07 35.64 14.63 19.42 39.39 14.84 20.30

the item features based solely on neighboring items; (ii) GGNN with SG on SSG, which replaces the graph self-attention network
(GAT) with a gated graph neural network (GGNN); (iii) GAT with SG on VSG, which replaces the session star graphs with vanilla
session graphs compared to (i); and (iv) GGNN with SG on VSG, which replaces the GAT with GGNN compared to (iii). Table 7
presents the results, leading to several key observations. In most cases, GGNN-based methods outperform GAT-based ones, suggesting
that gating mechanisms are effective in filtering out noisy features from neighboring nodes. Additionally, the informative session
star graph does not consistently enhance performance, and GGNN appears to be more compatible with this structure compared to
vanilla GAT. The virtual central node establishes bidirectional connections with each item node, thereby improving the connectivity
of the session graph and facilitating message passing among item nodes. However, treating the central node as an ordinary item
node can introduce excessive contextual information, potentially overwhelming the target item node—particularly in GAT-based
models. This highlights the need for a tailored gating mechanism to selectively absorb information from the central node. Such an
approach mitigates the influence of noisy features originating from distant item nodes, preserving the integrity of the target item’s
representation. Finally, Coase consistently outperforms all four variants. This can be attributed to its bi-gated graph self-attention
network, which enhances vanilla GAT by integrating two gating mechanisms that effectively filter and select relevant features from
different nodes.

5.5.3. Impact of encodings for global context modeling

The third group of ablation studies addresses RQ4, aiming to demonstrate the effectiveness of different encodings in global context
modeling. Specifically, we produce two variants for comparison: (i) w/o time interval encoding, which removes the time interval
encoding as the input of our SudokuFormer; and (ii) w/o position encoding, which removes the position encoding as the input of our
SudokuFormer. The results, shown in Table 8, indicate that both variants perform worse than Coase, underscoring the effectiveness
of both position and time interval encodings. The core of SudokuFormer is a multi-head disentangled self-attention mechanism,
a variant of the vanilla self-attention network. While powerful in capturing dependencies between elements in a sequence, the
vanilla self-attention network lacks positional awareness due to permutation equivalence (Liu et al., 2020; Raffel et al., 2020). This
means it treats all elements equally, regardless of their position, which can result in sub-optimal performance. In session-based
recommendation tasks, permutation equivalence implies that the order of items could be randomized without affecting the learned
features, which contradicts the assumption that the order of items is crucial for capturing user preferences. While position encoding
is useful for understanding the order of interactions, it does not reveal the level of interest in each interaction. Time interval encoding
addresses this by parameterizing time cues, providing fine-grained insights into how user interest evolves over time. As a result, both
position and time interval encodings are essential for learning comprehensive dynamic preferences. Furthermore, the results show
that w/o time interval encoding performs worse than w/o position encoding in most cases, indicating that the degree of user interest
in items (captured through time interval encoding) plays a more critical role than the sequential order of items in understanding
behavioral patterns.
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Table 8
Effects of encodings in global context modeling. For each dataset, the bold-faced number is the best score.
Models Time interval Position @5 @10 @15 @20

information information

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

Yoochoose 1/64

Coase v v 49.05 30.45 35.07 61.25 32.09 39.03 67.12 32.55 40.59 70.50 32.75 41.39
w/o time interval encoding % v 48.36 30.12 34.66 60.39 31.74 3857 6593 32.18 40.04 69.51 32.39 40.88
w/o position encoding v x 48.84 30.24 34.87 61.06 31.89 38.84 6691 3236 40.39 70.20 32.54 41.17
Diginetica
Coase v v 31.79 1875 21.98 43.33 20.29 25.71 50.46 20.85 27.60 55.53 21.14 28.80
w/o time interval encoding % v 31.39 18.49 21.69 42.92 20.03 2541 50.05 20.59 27.30 55.20 20.88 28.52
w/0 position encoding v x 31.79 18.69 21.93 43.14 20.20 25.60 50.31 20.76 27.50 55.41 21.05 28.70
Retailrocket
Coase v v 56.90 42.91 46.42 63.73 43.83 48.63 67.16 44.10 49.54 69.47 44.23 50.09
w/o time interval encoding % v 54.78 40.57 44.13 62.23 41.58 46.55 66.13 41.88 47.58 68.61 42.02 48.17
w/o position encoding v x 54.74 40.51 44.07 62.09 41.50 46.46 65.88 41.80 47.47 68.32 41.94 48.04
Dressipi
Coase v v 23.65 13.99 16.38 32.03 15.11 19.09 37.23 15.51 20.46 41.03 15.73 21.36
w/o time interval encoding % v 21.62 12.65 14.87 29.69 13.73 17.48 3477 14.13 18.82 38.52 14.34 19.71
w/o position encoding v x 21.90 12.83 15.08 30.04 1392 17.71 3512 14.32 19.05 38.86 14.53 19.93
Table 9
Effects of SudokuFormer. For each dataset, the bold-faced number is the best score.
Models Disentangled Non-invasive Dual layer norm @5 @10 @15 @20

representation method

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

Yoochoose 1/64

Coase v v v 49.05 30.45 35.07 61.25 32.09 39.03 67.12 32.55 40.59 70.50 32.75 41.39
w/o disentangled representation % v v 48.88 30.33 34.94 60.98 31.96 38.87 66.72 32.41 40.39 70.19 32.61 41.21
w/o non-invasive method v x v 48.84 30.32 34.93 61.08 31.97 38.90 66.76 32.42 40.41 70.24 32.62 41.23
w/o dual layer norm v v x 48.95 30.39 35.01 61.24 32.05 39.00 66.96 32.50 40.52 70.34 32.69 41.32
Diginetica

Coase v v v 31.79 18.75 21.98 43.33 20.29 25.71 50.46 20.85 27.60 55.53 21.14 28.80
w/o disentangled representation %X v v 31.67 18.63 21.86 43.00 20.14 25.52 50.18 20.71 27.42 55.27 20.99 28.62
w/o non-invasive method v x v 31.72 18.72 21.94 43.23 20.25 25.66 50.31 20.81 27.53 55.49 21.10 28.76
w/o dual layer norm v v X 31.41 18.53 21.72 42.89 20.06 25.44 49.91 20.62 27.29 54.97 20.90 28.49
Retailrocket

Coase v v v 56.90 42.91 46.42 63.73 43.83 48.63 67.16 44.10 49.54 69.47 44.23 50.09
w/o disentangled representation X v v 54.93 40.50 44.11 62.23 41.49 46.48 66.20 41.80 47.54 68.65 41.94 48.12
w/o non-invasive method v x v 54.74 40.44 44.02 62.27 41.46 44.02 66.10 41.76 47.48 68.58 41.76 48.07
w/o dual layer norm v v X 54.93 40.51 44.12 62.41 41.52 46.55 66.38 41.83 47.60 68.95 41.98 48.21
Dressipi

Coase v v v 23.65 13.99 16.38 32.03 15.11 19.09 37.23 15.51 20.46 41.03 15.73 21.36
w/o disentangled representation X v v 22.01 12.86 15.13 30.16 13.95 17.76 35.32 14.35 19.13 39.11 14.57 20.02
w/o non-invasive method v x v 21.72 12.67 14.91 29.81 13.74 17.52 34.94 14.15 18.87 38.70 14.36 19.76
w/o dual layer norm v v x 21.93 12.81 15.07 30.05 13.89 17.69 35.20 14.30 19.05 38.99 14.51 19.95

5.5.4. Impact of each component in SudokuFormer

The last group of ablation studies addresses RQ5, aiming to demonstrate the effectiveness of each component in the proposed
SudokuFormer. Specifically, we compare three variants: (i) w/o disentangled representation, which combines position and time
interval encodings as a single input to SudokuFormer; (ii) w/0 non-invasive method, which fuses position and time interval encodings
into the Values using a mean pooling operation; and (iii) w/o dual layer norm, which removes the sub-layer norm operations and
retains only the original post-layer norm. The results, shown in Table 9, reveal that removing any of these components results in
a performance drop, with the full Coase model achieving the best performance, highlighting the importance of the disentangled
attention mechanism and the stable non-invasive fusion method. SudokuFormer represents each item using three distinct vectors
that encode its content, position, and time cues, which are used to compute disentangled attention weights between items. In the
w/o disentangled representation variant, the position and time interval encodings are combined, leading to biased attention matrices
that fail to capture their distinct roles in modeling temporal information. Additionally, the non-invasive method treats positional and
time interval information as auxiliary features to improve the attention mechanism’s distribution, effectively reducing information
overload (Liu et al., 2021). Finally, similar to its successful application in natural language processing tasks (Wang, Ma, et al., 2024,
2023), the dual layer norm method enhances the stability of learned attention weights by incorporating additional normalization,
which contributes to more robust and stable learning.
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Fig. 5. Coase performance with varying SudokuFormer stacking layers on Yoochoose 1/64 (Yoo) and Diginetica (Digi).

5.6. Parameter sensitivity analysis

To address RQ6, we investigate the impact of key hyperparameters on the performance of Coase, such as the number of
stacking layers, attention heads, and the time interval. Additionally, we assess the influence of the loss weight, which balances the
contributions of both tasks in the model. Furthermore, we examine the influence of the temperature parameter in the loss function,
which controls the strength of penalties on hard negative samples. Finally, we investigate the scalability of Coase by tuning the

embedding dimension. For the sake of efficiency, we report results from the Yoochoose 1/64 and Diginetica datasets, while the
similar trends are observed in the other two datasets.

5.6.1. Impact of different number of stacking layers

Figs. 4-5 illustrate the impact of the number of stacking layers on model performance, tuned in {1,2,3,4} for the bi-gated
graph self-attention network and SudokuFormer, respectively. We observe that Coase achieves the best performance with 1 layer,
and performance steadily decreases as the number of layers increases. This demonstrates that Coase does not benefit from deeper
networks, likely due to the over-smoothing problem, where the representations of different items become too similar as the layers
increase, leading to homogenization of information and reduced distinction between item representations.

5.6.2. Impact of different number of attention heads

As shown in Figs. 6-7, we increase the number of attention heads in both the bi-gated graph self-attention network and
SudokuFormer, tuning values in the set {1,2,4,5}, to improve the model’s stability and effectiveness. However, this approach proves
time-consuming and does not enhance performance—rather, it results in a decline. We attribute this diminished performance to the
limited amount of information in the datasets, which may not fully benefit from the multi-head mechanism. While adding more
attention heads can theoretically increase model stability and enable learning from diverse sub-spaces, it also leads to inefficiencies
due to redundant information, making the mechanism cumbersome and less effective (Yin et al., 2023).

5.6.3. Impact of different number of time intervals

Fig. 8 evaluates the impact of the time interval numbers in {8, 16,32, 64}. It is observed that Coase benefits from a larger maximum
interval on the Yoochoose 1/64 dataset, while it achieves higher performance with a smaller maximum interval on the Diginetica
dataset. Specifically, Coase performs best with 16 or 32 time intervals on Yoochoose 1/64, whereas the most suitable value is 8
on Diginetica. This variation can be attributed to differences in the distribution of time intervals across datasets. Generally, users

in the Yoochoose 1/64 dataset tend to make decisions quickly, with rapidly shifting preferences. In contrast, Coase encodes fewer
time intervals for Diginetica, where users typically take longer to make decisions.
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5.6.4. Impact of different loss weight

In Coase, a hyperparameter is used to balance the two-part cross-entropy loss from local and global context modeling,
respectively. As shown in Fig. 9, to demonstrate the contribution of each task, we compare the experimental results by tuning
the values from {0,0.3,0.5,0.7,1}. We observe that Coase shows worse performance when loss weight is 0 and 1, indicating that
both preferences are critical for model training. Furthermore, it is found that Coase achieves its best performance on the Yoochoose
1/64 dataset when the loss weight is 0.5, while the best loss weight is 0.3 on the Diginetica dataset. We attribute the reason that the
Diginetica dataset contains rich local contextual information, which enables the local context modeling to offer more supervision

signals for training. By contrast, local and global context modeling tend to be equally crucial in learning the user behavioral patterns
on the Yoochoose 1/64 dataset.

5.6.5. Impact of different temperature parameter

As shown in Fig. 10, we tune 7z from {0.01,0.07,0.2,0.5,1} to evaluate its impact. It is observed that the performance improves
with an increase in 7 across both datasets, reaching its peak at = = 0.07. However, further increasing r significantly degrades the
performance. It is attributed that the temperature parameter plays a crucial role in regulating the strength of penalties on hard
negative samples (Wang & Liu, 2021). Specifically, a small = tends to impose greater penalties on the hardest negative samples,
resulting in a more distinct separation of the local structure around each sample and a more uniform embedding distribution.
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Fig. 11. Coase performance with varying embedding dimensions on Yoochoose 1/64 (Yoo) and Diginetica (Digi).

Moreover, a large 7 tends is less sensitive to hard negative samples, improving the tolerance to the semantically similar samples.
Therefore, fine-tuning the temperature parameter is essential for achieving an optimal balance between uniformity and tolerance.

5.6.6. Impact of different embedding dimensions

As shown in Fig. 11, we vary the embedding dimension across 50, 100,200,400 to evaluate the scalability of Coase. The results
show that Coase’s performance — measured by Recall@10, Recall@20, NDCG@10, and NDCG@20 - improves as the embedding
dimension increases from 50 to 100. However, further increasing the embedding size leads to a decline in performance. This suggests
that while a smaller embedding dimension may constrain the model’s representational capacity, excessively large embeddings may
introduce overfitting. These findings demonstrate Coase’s scalability and the importance of selecting an appropriate embedding size.

5.7. Impact of the session length

The session length is a key factor that influences model performance of a SBRS, since that it signifies how much information the
model can rely on to capture user preference. To address RQ7, we explore the performance of our Coase, the two variant models of
Coase (w/o local context modeling and w/o global context modeling), and seven representative baseline models, i.e., TAGNN (Yu
et al., 2020), SASRec (Kang & McAuley, 2018), SGNN-HN (Pan et al., 2020), NARM (Li et al., 2017), CORE (Hou et al., 2022),
GCEGNN (Wang et al., 2020), and CMGNN (Wang, Gao, et al., 2023), under different session lengths in the Diginetica dataset.
We categorize sessions into short, middle, and long groups with thresholds of 5 and 15 items (short: 5 or fewer, middle: 5 to
15, long: more than 15). The dataset statistics are presented in Table 10, showing that 71.03% of the sessions are short, 26.94%
are middle-length, and 2.03% are long. This distribution reveals that most real-world sessions are short, making it challenging
to capture user behavioral patterns due to limited contextual information in short and middle sessions. Despite these challenges,
Table 11 shows that Coase outperforms the five baseline models on both the Diginetica-short and Diginetica-middle datasets, while

achieving comparable performance on the Diginetica-long dataset. These results highlight the effectiveness of Coase in session-based
recommendation tasks, even with limited session lengths.
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Table 10

Statistics of Diginetica-short, Diginetica-middle, and Diginetica-long.
Dataset # Sessions # Items # Interactions Avg. session length Avg. action per item
Diginetica-short 144939 40782 444678 3.07 10.90
Diginetica-middle 54984 41011 462360 8.41 11.27
Diginetica-long 4141 23071 82166 19.85 3.56

Table 11

Model performance on short, middle, and long sessions. For each dataset, the bold-faced number is the best score and the second performer is underlined.
Model Diginetica-short Diginetica- middle Diginetica- long

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

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

Coase 40.47 20.43 25.18 49.86 21.08 27.55 37.94 17.03 21.94 50.16 17.88 25.03 30.51 13.94 17.82 39.25 14.54 20.02
w/o graph learning 40.25 20.15 24.91 49.68 20.80 27.29 37.28 16.83 21.63 49.54 17.69 24.73 29.78 13.97 17.67 37.83 14.52 19.70
w/o sequence learning 40.19 20.25 24.98 49.59 20.91 27.35 37.44 16.52 21.43 49.34 17.35 24.44 30.41 14.00 17.85 38.70 14.57 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
SGNN-HN 38.80 19.14 23.78 4824 19.79 26.17 3548 15.74 20.36 47.14 16.54 23.31 29.11 13.33 17.03 36.79 13.86 18.97
NARM 33.40 15.91 20.03 42.32 16.53 21.41 33.07 14.42 18.78 44.50 1522 21.67 25.07 11.15 14.42 3242 11.65 16.27
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 1293 16.73 38.09 13.54 18.98
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 3592 14.21 19.08
CMGNN 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

Moreover, compared w/o local context modeling to NARM (Li et al., 2017), SASRec (Kang & McAuley, 2018), and CORE (Hou
etal., 2022), we argue that our SudokuFormer benefits from the disentangled attention mechanism and the stable non-invasive fusion
method to learn more advanced temporal item transition patterns. Similarly, w/o global context modeling outperforms TAGNN (Yu
et al., 2020) demonstrates that our Bi-Gated GSAN captures representative non-sequential item dependencies by adopting bi-gated
graph self-attention network on session star graphs. Furthermore, it is found that the local-global context modeling-based methods
achieves better performance than the single learning-based methods in most cases. Specifically, SGNN-HN (Pan et al., 2020),
GCEGNN (Wang et al., 2020), and CMGNN (Wang, Gao, et al., 2023) consistently outperforms TAGNN (Yu et al., 2020), NARM (Li
et al., 2017), and SASRec (Kang & McAuley, 2018). Meanwhile, our Coase outperforms its two variant models in most cases. It can
be attributed that the features derived from local and global context modeling are complementary, thus the learning process in dual
context modeling-based methods is enhanced by local-view and global-view simultaneously. 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 (Zhang, Lin, et al., 2022) and multiple user intents (Zhang et al., 2023) in longer sessions. Therefore, it is challenging
for these models to precisely predict user behaviors under such complex circumstances.

5.8. Model efficiency

To address RQ8, we compare the efficiency of Coase with six representative baseline models: RepeatNet (Ren et al., 2019),
TiSASRec (Li et al., 2020), CL4SRec (Xie et al., 2022), TAGNN (Yu et al., 2020), GCEGNN (Wang et al., 2020), and CMGNN (Wang,
Gao, et al., 2023). All models are trained on a single Nvidia 3090 GPU, with the embedding dimension and batch size set to 100.
For each epoch across the four datasets, we evaluate GPU memory consumption, training time, and inference time, as summarized
in Table 12. The results suggest that Coase achieves a strong balance between space and time efficiency while maintaining
competitive performance. Specifically, compared to dual-context modeling methods GCEGNN and CMGNN, Coase reduces GPU
memory consumption by 93.67% and 93.68%, training time by 36.45% and 60.56%, and inference time by 7.20% and 13.57%
on average. In addition, Coase requires less GPU memory, training time, and inference time than RepeatNet. While maintaining
similar GPU memory consumption as TiSASRec, Coase achieves shorter inference times. It also demonstrates lower training times
compared to CL4SRec and TAGNN. In summary, Coase offers a more effective trade-off between efficiency and performance than
existing baselines, highlighting its potential for scalable and efficient deployment in real-world applications.

5.9. Visualization studies

In the first set of ablation studies (see Section 5.5.1), we identified that the global contextual feature extractor has the greatest
impact on model performance, with SudokuFormer serving as a pivotal element within this module. To gain deeper insights into
its effectiveness, we will illustrate the attention patterns of SudokuFormer through visualization studies. Specifically, the first
set of visualizations shows the overall attention pattern of SudokuFormer, highlighting how it captures key interactions within
sessions. The second set reveals how SudokuFormer operates differently compared to other models, offering insights into its unique
ability to handle sequential and temporal information. Lastly, the third set demonstrates the significance of each component within
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Table 12
Summary of efficiency results on four datasets.

Dataset Method GPU memory (MB) Training time (s) Inference time (s)
RepeatNet 840 1213.55 98.11
TiSASRec 599 100.27 52.61
CL4SRec 611 1842.91 30.54

Yoochoose 1/64 TAGNN 3316 142.45 30.76
GCEGNN 13270 513.95 47.18
CMGNN 13270 685.92 49.23
Coase (Ours) 654 298.80 40.46
RepeatNet 1470 3559.34 360.30
TiSASRec 911 189.54 133.34
CL4SRec 873 3532.30 72.26

Diginetica TAGNN 7456 586.11 99.04
GCEGNN 13286 958.99 107.86
CMGNN 13288 1323.16 111.21
Coase (Ours) 944 562.67 110.17
RepeatNet 1896 6660.26 389.77
TiSASRec 1097 300.28 116.81
CL4SRec 1053 5259.17 66.51

Retailrocket TAGNN 10124 1155.33 97.45
GCEGNN 13286 960.46 108.76
CMGNN 12304 2075.36 120.65
Coase (Ours) 1102 773.86 103.84
RepeatNet 876 12770.62 923.12
TiSASRec 603 993.36 533.10
CL4SRec 711 16 298.90 235.72

Dressipi TAGNN 3604 1477.09 338.51
GCEGNN 13272 4961.69 490.18
CMGNN 15480 8201.25 549.19
Coase (Ours) 662 2819.71 430.47
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Fig. 12. Visualizations of the average self-attention weights for a random sampled batch of sessions learned by SudokuFormer, where dark regions indicate that
the corresponding attention weights are promoted.

SudokuFormer, helping to explain the contribution of its design elements to model performance. Due to space limitations, all
visualization studies are conducted on the Yoochoose 1/64 dataset.

Fig. 12 shows the averaged attention weights for a random sampled batch of sessions. It is observed that our SudokuFormer has
a clear diagonal line effect for an item attending to itself. Moreover, we observe a scattered attention pattern where each target item
has its own distinct sparse focus. It indicates that our SudokuFormer pays attention to some specific items on particular positions
with special interests.

To visualize how SudokuFormer operates differently from other representative models, we present in Fig. 13 the normalized dot-
product between two position encodings or time interval encodings from SudokuFormer, TiSASRec, SASRec, SGNN-HN, SLIME4Rec,
and FEARec. It is observed that the position and time interval encodings of SudokuFormer exhibit similar yet distinct mixed patterns,
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Fig. 13. Visualizations of normalized dot-product between any two encoding vectors in different models. PE and TIE denote the position encoding and the time
interval encoding, respectively. Q, K, and V denote the key, query, and value, respectively. Darker means the two encoding vectors are closer.

as the disentangled learning effectively captures the hidden relationships among item encoding, position encoding, and time interval
encoding. In contrast, TISASRec’s position and time interval encodings show significant differences, resulting in inconsistencies when
capturing temporal information. Additionally, we observe varied patterns in the position encodings across models. For instance,
SASRec, SGNN-HN, and SLIME4Rec tend to attend to all positions, with SASRec showing a more uniform pattern. By contrast, FEARec
shows clear strips and blocks in its position encoding visualization, indicating that the last few positions are relatively independent of
the others. While each model learns representative position encodings, most fail to fully capture the temporal information embedded
in time intervals, which negatively impacts their performance.

To further investigate the effectiveness of SudokuFormer, we visualize the correlations in Eq. (19) for a random sampled batch of
sessions, as shown in Fig. 14. We observe that different terms show its unique attention pattern. For example, the dark blocks with
various size in the content-to-content term and the position-to-content term shows varying degrees of broad attention. Specifically,
the first few items focus on more neighbor items in the content-to-content term. By contrast, the last few positions focus on more
long-distance items in the position-to-content term. Furthermore, the sparse attention pattern represented by time interval-to-content
term is more scattered, which helps the model capture more implicit information to improve its generalization. The phenomenon
is consistent with our assumption that each term in the disentangled attention is not redundant.

6. Discussion and conclusion

This paper introduces Coase, a novel SBRS model that collaboratively integrates local and global context modeling. It utilizes
a unified framework to combine both approaches, leveraging the collaborative effect within a multi-task learning setup. For
local context modeling, Coase transforms session sequences into session star graphs and employs a Bi-Gated GSAN to learn item

representations. For global context modeling, it applies position encoding and time interval encoding to capture various aspects of
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Fig. 14. Visualizations of the different attention terms on our SudokuFormer model for a random sampled batch of sessions. In each matrix, the (ith, jth)

element is the correlation between ith item/position/time interval and jth item/position/time interval, where darker colors indicate higher correlations. We can
find that different terms show its unique attention pattern.

temporal information. The SudokuFormer model is then used to update item features through a disentangled attention mechanism
and a stable fusion method. Additionally, a triple attention mechanism is incorporated to fully capture user preferences, accounting
for both short-term and long-term preferences, as well as the collaborative effect. Extensive experiments conducted on four real-
world datasets demonstrate that Coase achieves state-of-the-art performance in session-based recommendation tasks. Ablation studies
further validate the effectiveness of the framework, encoding methods, and components of SudokuFormer.

6.1. Theoretical implications

Our study makes significant methodological contributions for recommender systems. The proposed Coase is a novel SBRS model
tailored for online platforms that delivers personalized services based on real-time user sessions. It achieves strong performance
even without relying on external information. Compared with existing methods (Fu et al., 2025; Shin et al., 2024; Wang, Xie, et al.,
2023), Coase offers several key advantages. First, Coase integrates graph learning and sequence learning paradigms to capture both
local and global contextual features (Wan et al., 2024; Zhu et al., 2023) . This unified approach not only enhances the accuracy
of item recommendations but also emphasizes the collaborative effects crucial for capturing detailed session-level user preferences.
Second, for local context modeling (Pan, Cai, Chen, Chen, & Chen, 2022; Zhang, Xu, Wu, et al., 2024), Coase introduces Bi-Gated
GSAN on session star graphs. This network highlights the intrinsic features of the central node, mitigating the risk of information
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overload and ensuring more focused and meaningful message passing. Third, for global context modeling (Wang et al., 2022; Wang,
Zhang, et al., 2024), we propose SudokuFormer, a novel technique that effectively analyzes the complex contextual relationships
between items, their positions in the session sequence, and the timing of interactions. This results in more accurate and stable
attention weights, leading to better recommendation quality.

6.2. Practical implications

Our comprehensive experiments in Section 5 validate Coase’s effectiveness and superiority over 20 baseline models across
four real-world datasets. These findings underscore Coase’s robustness and adaptability in various recommendation environments,
offering clear advantages for applications that demand high-accuracy, real-time suggestions. Additionally, the analysis of Coase’s
architecture highlights the significant impact of its core components on performance, with several important practical implications.
First, by effectively integrating both local and global contextual features, Coase dynamically adapts to evolving user preferences.
This capability is particularly valuable in real-time recommendation environments, such as e-commerce and streaming platforms,
where user preferences can shift rapidly (Jannach et al., 2017). Practitioners can leverage this adaptability to deliver more relevant
and timely recommendations, improving user engagement and satisfaction (Jannach & Jugovac, 2019). Second, instead of relying on
external side information, Coase track dynamic fine-grained user preferences by considering various internal temporal information.
In contrast to existing recommender systems (Chen et al., 2024; Wei et al., 2024; Zeng et al., 2025) that rely heavily on user profiles
and long-term interaction histories, our method effectively balances recommendation precision and privacy protection. It achieves
competitive performance in recommendations while utilizing only limited interaction history. Last but not least, our experiments
demonstrate Coase’s capability to effectively handle both short and long user sessions. This versatility suggests practical strategies
for tailoring recommendation approaches based on session duration and user interaction type, thereby enhancing relevance in both
exploratory and goal-oriented browsing sessions (Moe, 2003). Together, these results not only confirm Coase’s effectiveness but
also provide valuable insights for optimizing recommendation system design to meet diverse industry demands, from personalized
marketing to customer retention and beyond.

6.3. Limitation and future work

While this research has yielded several notable findings and valuable contributions, we also acknowledge certain limitations.
First, although we validated the effectiveness of the collaborative effect from the first set of ablation studies (see Section 5.5.1),
its impact on recommendation performance was less pronounced compared to the complete removal of either the local or global
contextual feature extractor. This prompts us to explore alternative paradigms for integrating both feature extractors in the future
studies. Second, as shown by the experimental results in Table 11, Coase did not achieve optimal performance on longer sessions. This
indicates that, in contexts where sessions are lengthy and training data is limited, Coase may not provide the best recommendation
outcomes for users. Future research could address this by incorporating self-supervised learning techniques, such as knowledge
distillation, to enhance performance in these scenarios.
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Table A.13
Performance of examined models on Yoochoose 1/64. The best-performing score in each case is highlighted in bold, while the second-best is underlined. A
superscript * indicates that Coase significantly outperforms the second-best result, based on a paired t-test with a p-value < 0.05.

Models Category @5 @10 @15 @20
Recall MRR NDCG Recall MRR NDCG Recall MRR NDCG Recall MRR NDCG

Pop Traditional 5.04 2.69 3.25 7.95 3.09 4.21 1007  3.26 477 1269  3.40 5.38
Item-KNN methods 2670 1683 1917 3541 1801 2201  39.96 1837 2322 4287 1853  23.91
NextItNet 4007 2362 2770 5213 2523 3161 5821 2571 3322  62.04 2593  34.12
SRGNN Local 4618 2813 3261 5843 2978 3659  64.26  30.24 3814 6779 3044  38.97
GCSAN oriented 4725 2882 3341  59.66  30.50  37.44 6552  30.96  39.00 69.13  31.17  39.85
TAGNN methods 4765 2902  33.66  59.93 3068 3764 6565 31.13 3916  69.12  31.33  39.98
LESSR 4686  28.48  33.05 5918 3014  37.05 6494  30.60 3858  68.49 3080  39.41
GRU4Rec 4572  27.93 3236  57.87 2957 3630  63.69  30.03  37.84  67.22  30.23  38.68
NARM 46.14 2820  32.66 5853  29.87  36.68 6443 3034 3825  67.85  30.53  39.06
STAMP 4482  27.94 3214 5603 2946 3578 6151 20.89  37.23 6496  30.09  38.05
STAR Global 4648 2949 3449 5651  31.84 3774  61.32 3222 3901 6414 3238  39.68
RepeatNet oo 4542 2723 3175 57.35  28.84 3562 6301 2929 3712 6645 2048  37.94
CORE s 4479 2660 3112 57.05 2825 3510 6319 2874 3673 6680  28.95  37.59
SASRec 47.09  28.96 3346  59.44  30.62  37.47  65.43 3110  39.06  69.03  31.30  39.92
TiSASRec 4783 2917 3381 6011  30.83 37.80  66.09 31.30  39.39  69.60 31.50  40.22
AC-TSR 4784 2936 3396 6048  31.06 3806 6663  31.55 3969 7042 3176  40.58
CLA4SRec 46.08  28.41 3281 58.08  30.02 3670 6421 3051 3832 67.84 3071  39.18
DuoRec 46.33 2870 3308  58.08 3027  36.89  63.97 3074 3845  67.65 3095  39.32
TCP-SRec 4578  28.04 3245 5750 2963 3627 6315 3008 3777 6658  30.27  38.57
COTREC 38.61 2866 3115  44.87 2049 3317 4832 2076  34.07  50.89 2091  34.68
SGNN-HN Dual 46.44 2857 3301 5854 3021 3694 6432  30.67 3848  67.88  30.87  39.32
GCEGNN e 4841 2953 3422 6043 3115 3813 6636  31.62 3970  69.85  31.82  40.53
CMGNN 4773 2934 3391  60.01 3099 3790 6570 3144  39.40  69.22  31.64  40.24
FEARec methods 46.62 2879 3323 5834  30.37  37.04 6424  30.84 3860 67.85  31.05  39.46
SLIME4Rec 48.09 2963 3422  60.26 3127 3817 6620 3174 3975 6976  31.94  40.59
Coase (Ours) 40.05* 30.45° 35.07° 61.25° 32.09° 39.03° 67.12° 32.55° 40.59° 70.50° 32.75° 41.39"
Table A.14

Performance of examined models on Diginetica. The best-performing score in each case is highlighted in bold, while the second-best is underlined. A superscript
* indicates that Coase significantly outperforms the second-best result, based on a paired t-test with a p-value < 0.05.

Models Category @5 @10 @15 @20
Recall MRR NDCG Recall MRR NDCG Recall MRR NDCG Recall MRR NDCG

Pop Traditional 0.52 0.23 0.30 0.95 0.29 0.44 1.29 0.32 0.53 1.59 0.33 0.60
Ttem-KNN methods 1927 1105  13.01 2834 1225 1594 3448 1273  17.56  38.99  12.98  18.63
NextItNet 2011 1110 1333 2974 1238 1643 3616  12.89 1813 4092  13.15  19.25
SRGNN Local 27.85 1623 1910 3891 1770 2267 4593 1825 2453 5110 1854 2575
GCSAN oriented 29.00 1716  20.09  39.90 1861  23.61 4677 1915 2543  51.83  19.43  26.62
TAGNN methods 2955  17.30  20.33 4051 1876  23.87  47.67  19.61 2577 5280  19.61  26.98
LESSR 2842 1655  19.49 3973 1805  23.13 4670 1860 2498  51.80  18.89  26.19
GRU4Rec 2698 1557 1839 3798  17.03  21.94 4500 17.58 23.80 50.14 17.87 2501
NARM 2768 1599  18.88  38.88  17.48  22.50 4593  18.04 2437  51.04 1833 2557
STAMP 2555 1487 1751 3576 1623 2081 4238 1675 2256  47.33  17.03 2373
STAR Global 2930 1849  21.17 3866 1974 2419 4450 2020 2574 4875 2044 2674
RepeatNet oo 2935 1809 2090 3748 1918  23.53 4210  19.54 2475 4539 1973 2553
CORE 30.65 1827  21.34 4139 1970  24.81 4821  20.23  26.61  53.02 2051  27.75
SASRec methods 2876 1691  19.85  39.93  18.40 2345 47.04 1896 2533 5223 1925  26.56
TiSASRec 2842 1659 1952 3970 1809  23.16 4692  18.66 2507 5226  18.96  26.33
AC-TSR 2663 1580 1848  37.37  17.22  21.94 4439 1777 2379 4959  18.06  25.02
CL4SRec 2615 1549 1813 3642 1685  21.44 4330  17.39 2326 4838  17.68  24.46
DuoRec 2768 1632 1913 3840 1775 2259 4550  18.30  24.47 5070  18.60  25.70
TCP-SRec 2246 1230 1481  33.15 1372 1825 4042 1429 2018 4583 1459  21.46
COTREC 2423  17.02 1883  27.62  17.48  19.93 2941  17.62  20.41  30.66  17.69  20.70
SGNN-HN bual 3031 17.65 2078 4142 1913 2438 4839  19.68  26.22  53.44  19.97  27.42
GCEGNN e 3042 17.84 2096 4171  19.34 2460 4866  19.89  26.44 5372 2017  27.64
CMGNN 2934 17.06 2010  40.63 1856 2375  47.65 1912 2560 5273  19.40  26.80
FEARec methods 28.36 1678  19.64 3918 1821  23.13  46.20 1876  24.99  51.38  19.05  26.21
SLIME4Rec 2993 1751 2059  41.50  19.05  24.32 4874  19.62  26.24  54.05  19.92  27.49
Coase (Ours) 3179* 1875 21.98* 43.33* 20.290* 2571* 50.46* 20.85° 27.60° 55.53* 21.14* 28.80"
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Table A.15
Performance of examined models on Retailrocket. The best-performing score in each case is highlighted in bold, while the second-best is underlined. A superscript
* indicates that Coase significantly outperforms the second-best result, based on a paired t-test with a p-value < 0.05.

Models Category @5 @10 @15 @20
Recall MRR NDCG Recall MRR NDCG Recall MRR NDCG Recall MRR NDCG
Pop Traditional 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 methods 9.75 6.36 7.08 1335  6.83 8.22 1553  7.00 8.80 17.05  7.09 9.15
NextItNet 4536  33.61 3654 5245 3456 3884  56.27 3486  39.85 5879 3500  40.45
SRGNN Local 54.65 4090 4435 6156  41.84  46.60 6505 4211  47.52  67.40 4225  48.07
GCSAN oriented 55.56  42.09 4547  61.92 4294 4753 6521  43.20  48.40  67.44 4333  48.93
TAGNN methods 56.72 4252  46.08  63.35  43.42 4824 6658  43.67  49.10 6872  43.79  49.60
LESSR 5579 4176 4528 6233 4264 4740 6567 4291 4829  67.88  43.03  48.81
GRU4Rec 54.44  41.17 4450  61.14 4208  46.67  64.58  42.35 4759  66.89 4248  48.13
NARM 54.88 4143  44.80  61.63 4234 4699 6519  42.62  47.94  67.49 4275  48.48
STAMP 4902 3870 4127 5557  39.58  43.40  59.24  30.87 4437 6177 4001  44.97
STAR 4873 3913 4153 5426  39.87 4332  57.37 4012 4415  59.35  40.23  44.61
RepeatNet Global 52.87 4041 4355  57.25  41.01 4498  59.38  41.18 4554  60.83  41.26  45.89
CORE oriented 54.60 4049 4403  61.92 4148 4640 6573 4178  47.41 6822 4192  48.00
SASRec methods 53.18  41.11 4412  60.45 4208  46.48  64.37 4240 4752  67.02 4254  48.15
TiSASRec 56.14  42.33 4579  62.96 4325  48.01 6648  43.53  48.94  68.80  43.66  49.49
AG-TSR 52.33  40.65 4357 5950  41.61 4589  63.34 4192 4691  66.05 4207  47.55
CLA4SRec 5129 3978  42.65 5822 4071 4490  61.95  41.01 4589 6453 4115  46.50
DuoRec 52.53  40.66  43.62  59.80  41.64 4598 6379  41.95  47.04  66.45 4210  47.66
TCP-SRec 4404 3472  37.04 4995 3551 3896  53.20 3577  39.82 5542 3589  40.34
COTREC 4432 40.92 4179 4521 4099  41.95 4577  41.01 4203 4620  41.03  42.08
SGNN-HN Dual 55.84  41.01 4473  63.00 4198  47.06  66.59  42.26  48.01  68.92 4240  48.56
GCEGNN S 56.43  42.02 4564  63.26 4294  47.85 6674  43.22 4878  69.07 4335  49.33
CMGNN 55.46 4114 4473 6240 4207 4698 6592 4235 4791 6830 4248  48.47
FEARec methods 52.87 4077  43.80  60.18 4176  46.17  64.08 4206  47.20  66.69 4221  47.82
SLIME4Rec 5571 4217 4556  62.97 4314  47.91 6676  43.44 4892  69.28  43.59  49.51
Coase (Ours) 56.90° 42.91° 46.42* 6373" 43.83° 48.63° 67.16° 44.10" 49.54° 69.47° 44.23*  50.09°
Table A.16

Performance of examined models on Dressipi. The best-performing score in each case is highlighted in bold, while the second-best is underlined. A superscript
* indicates that Coase significantly outperforms the second-best result, based on a paired t-test with a p-value < 0.05.

Models Category @5 @10 @15 @20

Recall MRR NDCG Recall MRR NDCG Recall MRR NDCG Recall MRR NDCG
Pop Traditional 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 methods 13.30 7.94 9.06 19.35 8.76 11.03 23.38 9.09 12.11 26.40 9.26 12.83
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
SRGNN Local 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 oriented 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 methods 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
GRU4Rec 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
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
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
RepeatNet Global 21.81 13.46 15.53 28.89 14.40 17.82 33.51 14.76 19.04 36.80 14.95 19.82
CORE oriented 20.44 11.89 14.01 27.99 12.90 16.45 32.66 13.27 17.69 36.10 13.46 18.50
SASRec methods 21.58 12.96 15.09 29.41 14.00 17.62 34.47 14.40 18.96 38.21 14.61 19.84
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
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
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
TCP-SRec 18.33 10.55 12.47 25.43 11.50 14.77 29.97 11.86 15.97 33.36 12.05 16.77
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
SGNN-HN Dual 22.64 13.14 15.49 30.88 14.24 18.15 36.03 14.64 19.52 39.78 14.85 20.40
GCEGNN oriented 23.38 13.82 16.19 31.34 14.89 18.77 36.30 15.28 20.08 39.92 15.48 20.93
CMGNN 23.69 13.93 16.35 31.78 15.01 18.97 36.78 15.41 20.29 40.48 15.62 21.17
FEARec methods 2047 1271 1463  27.39 1362 1686  31.90 1398 1806 3526 1417  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
Coase (Ours) 23.65 13.99 16.38 32.03 15.11 19.09 37.23 15.51 20.46 41.03 15.73 21.36
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