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Abstract

Session-based recommendation aims to predict users’ next
actions by modeling their ongoing interaction sequences, par-
ticularly in scenarios where long-term user profiles are un-
available. While existing methods have achieved promising
results by leveraging sequential and graph-based structures,
they often rely on global aggregation strategies that empha-
size dominant user interests while overlooking the transient
and fine-grained behavior patterns embedded in sessions. In
practice, user intent evolves across sessions and is reflected
through diverse behavioral patterns, ranging from immedi-
ate preferences to segmented co-occurrence interests and
long-range goals. To address these limitations, we propose
GraphFine, a novel multi-granular graph learning frame-
work that achieves fine-grained behavioral pattern aware-
ness for session-based recommendation. Our approach mod-
els user behavior at different temporal and semantic granular-
ities through a combination of graph and hypergraph neural
networks. Specifically, we employ a position-aware graph to
capture short-term item transitions, and construct segmented
co-occurrence hypergraphs to uncover high-order semantic
relations among co-occurred items. To preserve diverse user
intents, we further introduce a multi-view intent readout
mechanism that extracts and adaptively integrates intent sig-
nals from short-term actions, segmented co-occurrence pat-
terns, and entire sessions. Extensive experiments on bench-
mark datasets demonstrate that GraphFine consistently out-
performs existing state-of-the-art methods, confirming its ef-
fectiveness in capturing fine-grained and dynamic user pref-
erences for more accurate recommendation.

1 Introduction

Recommendation systems play a pivotal role in alleviat-
ing information overload and enhancing user experience
across diverse domains, including e-commerce, streaming
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Figure 1: An example in session-based recommendation, il-
lustrating the fine-grained intent within a session and the
coarse-grained intent captured by global aggregation.

platforms, and digital content delivery (Wu et al. 2022;
Wang et al. 2021; Li et al. 2024a; Zhang et al. 2025b). While
traditional recommendation approaches primarily depend
on long-term user profiles and historical behavior records,
these assumptions often break down in real-world scenarios
where users interact in anonymous or transient sessions. In
such contexts, Session-Based Recommendation (SBR) has
emerged as a critical paradigm, which aims to predict the
next item of interest based solely on a user’s ongoing inter-
action sequence (Li et al. 2024b).

To effectively model session dynamics, earlier approaches
have explored sequential architectures such as recurrent
neural networks (Hidasi et al. 2016) and attention mecha-
nisms (Ouyang et al. 2023; Zhang et al. 2025a). More re-
cently, graph-based models have shown compelling results
by capturing complex item transitions and session struc-
tures (Wu et al. 2019; Gupta et al. 2019; Zhang et al. 2024),
and recent works further employ hypergraphs to encapsulate
high-order dependencies within sessions (Xia et al. 2021b).
These models typically focus on encoding global session
representations by aggregating item-level embeddings, often
through attention mechanisms. However, global aggregation



strategies, while effective in highlighting dominant prefer-
ences, tend to overlook the diversity of user interests, par-
ticularly transient or segmented intent shifts. In reality, user
behavior within a session is rarely monolithic. Instead, it of-
ten comprises multiple, coexisting intent patterns that vary
in temporal and semantic granularity. For example, as illus-
trated in Figure 1, the user’s session begins with an interest
in digital equipment, such as an iPhone, but soon exhibits a
shift toward a backpack (see @), suggesting a short-term in-
tent potentially related to outdoor activities. This is followed
by interactions with sneakers and a band (see @), indicating
the emergence of interest in sports-related accessories. Later
in the session, continued engagement with the band and the
addition of a headset (see ®) may reflect an evolving con-
cern with sleep or personal health. Despite the session as
a whole (see @) being dominated by digital product inter-
ests, these interactions reveal distinct and temporally local-
ized transitions in user intent. Such patterns highlight the dy-
namic and multi-faceted nature of user behavior, which of-
ten involves rapid, context-dependent shifts. However, exist-
ing models largely emphasize the dominant intent captured
through global aggregation, thereby failing to account for
these fine-grained and transitional interest signals.

Motivated by these observations, we argue that an effec-
tive session-based recommendation framework should ex-
plicitly model user behavior patterns at multiple granulari-
ties to capture both global and fine-grained interests. To this
end, we identify three representative behavioral patterns fre-
quently manifested within sessions:

 Short-term intent: Temporary deviations from the dom-
inant preference that reflect context-dependent needs or
exploratory behavior (w.r.t. @ );

Segmented co-occurrence interest: Coherent intent pat-
terns induced by co-occurring items within contigu-
ous session segments, often reflecting specific sub-goals
(w.r.t. @ ®);

Long-term preference: Dominant and persistent pref-
erences maintained throughout the session, indicative of
overarching user objectives (w.r.t. @).

These patterns are not mutually exclusive but often co-
exist and evolve dynamically. This raises two major chal-
lenges: (i) how to model session behavior across multiple
temporal and semantic granularities, and (ii) how to preserve
and effectively fuse diverse user intents during prediction.

In this paper, we propose GraphFine, a multi-granular
graph learning framework with fine-grained behavioral pat-
tern awareness for session-based recommendation. The core
idea is to construct behavior representations from multi-
ple views using both graph and hypergraph structures, en-
abling the model to disentangle and retain diverse user in-
tents. Specifically, our framework consists of three key com-
ponents: i) Position-Aware Graph Learning: We model
short-term intent by constructing position-sensitive item
transition graphs, capturing how user interests evolve over
time; ii) Segmented Co-occurrence Hypergraph Model-
ing: We partition each session into variable-length subse-
quences and construct a hypergraph to model high-order
item co-occurrence patterns within these segments, enabling
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the network to effectively capture the semantic structure of
segmented co-occurrence interest; iii) Multi-View Intent
Readout and Integration: We design a multi-branch de-
coding mechanism that extracts intent representations from
short-term positions, segmented patterns, and the entire ses-
sion. These representations are then adaptively fused to pro-
duce the final recommendation score. This design departs
from traditional global aggregation by explicitly model-
ing and integrating multi-granular intent signals, leading to
more nuanced and accurate intent inference.
Our contributions can be summarized as follows:

* We propose a novel fine-grained user behavior model-
ing framework, GraphFine, which employs graph and
hypergraph neural networks to capture session dynamics
across multiple granularities.

We introduce a multi-view intent readout module that
decouples short-term, segmented, and long-term prefer-
ences and adaptively fuses them to produce a more com-
prehensive session representation.

We conduct extensive experiments on benchmark
datasets, demonstrating that our method consistently out-
performs state-of-the-art SBR models.

2 Preliminaries
2.1 Problem Statement

Let U = {v1,vs,...,vn} represent the set of all items,
where IV denotes the total number of unique items. A ses-
sion is defined as an anonymous sequence of user interac-
tions, denoted by S = [v1,v2,...,Vk,...,vs], where vy, is
the item interacted with at the k-th position in session .S, and
L is the total length of the session. The entire session dataset
is denoted by 2 = {51, Sa, ..., Sn}, where M is the num-
ber of sessions available for training and evaluation. Given
a session S = [v1,va,...,Vg,...,vr], the goal of session-
based recommendation is to predict the next item vy, € ¥
that the user is most likely to interact with. Technically, the
task involves learning a model that assigns a relevance score
to each candidate item v € W, and ranking the items ac-
cordingly to recommend the top-K items with the highest
predicted scores.

2.2  Multi-Granular Graph Construction

To model diverse and fine-grained user behavior patterns
within sessions, we construct three types of graph structures:
contextual item graph, semantic item graph, and segmented
co-occurrence hypergraph, each targeting different aspects
of session dynamics across multiple granularities.

Contextual Item Graph. SBR often suffers from data
sparsity due to the fragmented and transient nature of user
sessions. To mitigate this issue, we construct a contextual
item graph G.= (V., &..), where V.. := VU represent the global
set of items. An edge is added between two items v; and v;
if they co-occur within a sliding window of size r in any
session. The edge weight reflects the frequency of their co-
occurrence across all sessions, capturing general item tran-
sition patterns observed at the global level.
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Figure 2: The architecture of GraphFine, consisting of four components: (I) contextual aggregation across sessions, (II) short-
term semantic modeling with position-aware encoding, (III) high-order behavior extraction via a segmented co-occurrence

hypergraph, and (IV) multi-view intent prediction.

Semantic Item Graph. To enhance short-term intent
modeling and capture latent sequential transitions among
items, we construct a position-aware semantic item graph
Gs = (Vs,E&). Vs C U denotes the set of items within the
current session, and & encodes pairwise semantic similari-
ties. An edge exists between items (v;, v;) if their semantic
exp(CosSim(h;,h;))
Zkex\/’,; exp(CosSim(h;,hy))
N; denotes the set of semantically relevant neighbors of item
v;. This graph emphasizes local semantic proximity among
items based on their learned representations.

similarity is positive: €;; , where

Segmented Co-occurrence Hypergraph. In practical
scenarios, users often engage with clusters of semantically
or functionally related items within localized fragments of a
session. To model such behavior, we construct a segmented
co-occurrence hypergraph G, = (V,,, &,) for each session,
where V,, C ¥ corresponds to the set of items in the ses-
sion and &, contains hyperedges that connect groups of co-
occurring items. Sliding windows of varying sizes are ap-
plied to generate hyperedges, which are then merged as
& = UZZQE;" , allowing the hypergraph to capture high-
order, multi-scale behavioral patterns. This design enables
the model to account for localized intent segments that may
not be apparent in pairwise interactions.

3 Proposed Method: GraphFine

Figure 2 shows the overall framework of GraphFine, which
comprises four components: (I) cross-session item network
for contextual aggregation, (II) semantic network for mod-
eling short-term behaviors at different temporal positions,
(IIT) hypergraph network for capturing behavior segments,
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and (IV) multi-view prediction network that integrates user
intent across multiple granularities for recommendation. In
the following, we describe each component in detail.

3.1 Contextual Aggregation Network

Let X € RV*4 denote the item embedding matrix, where d
is the dimensionality of each item vector and x; € R? rep-
resents the embedding of item v;. To ensure numerical sta-
bility and consistent scaling across embeddings, we apply lo
normalization to each vector: X; = x;/||x;||, resulting in the
normalized embedding matrix X. To incorporate contextual
information from global co-occurrence patterns, we enhance
item representations using a neighbor aggregation network
constructed over the contextual item graph G. = (V., &.).
In this graph, each item v; aggregates information from its
neighboring items N (7). The aggregation process begins

with initializing each item’s hidden state as hgo). At each it-
eration, similarity scores between the target item and its con-
textual neighbors are calculated. An attention-based mech-
anism is then applied to adaptively fuse the neighbor em-

beddings. The aggregation coefficient az(-;ﬂ) is computed
as follows:
T (T)
oy o (gh7)
by = T (D) M
2 jen(i) XP (Xj h; )

The embedding of the target item is then updated as:

b7 =%+ Y A% @)

JEN (4)
This aggregation procedure is repeated for a fixed number of
iterations. The final contextualized item representations are



denoted by H € RV*?, which serve as enhanced input for
downstream modules.

3.2 Item Semantic Network

While the contextual aggregation network captures cross-
session item relationships, user interests within a session
often evolve due to temporal drift and intent transitions.
To better capture these dynamic short-term preferences, we
construct a session-specific, position-aware semantic item
graph G for each session S. Instead of statically defining
edges, we dynamically compute the item-item interaction
graph based on both semantic similarity and positional con-
text. Specifically, we first incorporate sequential order via a
learnable positional encoding matrix P € RE*9, which is
added to the item embeddings. Let Hg € RZ*? denote the
sequence of item embeddings in session S, the initial input

to the semantic network is defined as:
HY —Hg +P. (3)

At propagation layer 7, the session-level item relationship
matrix is computed as:

I:I(ST)(I:I(ST))T
IS |12

(r) _
s

= “
In particular, to ensure only valid edges are considered,
we apply an edge mask Mg) € {—o0,0}*L, indicating
whether two items are positively correlated:

M(T) _ {

0,

—0Q,

WS i
otherw1se

&)

S,ij —

We then apply a softmax function to (Wg) + Mg)) to

compute the updated item relationship matrix A(ST). The
item embeddings are updated by aggregating representations
from semantically relevant neighbors:

H{ = AJHY. (6)

In addition, a residual gating mechanism is applied to pre-
serve the initial embedding while incorporating the aggre-
gated information:

G = o ([HEVES | W, )., )
where W, € R?4*1 s a learnable parameter matrix.
This results in the updated embedding representation as

follows:
A =6 oBf™ s (1-60) o By ®)

After a fixed number of propagation steps, we obtain the
final session-aware item representations Hg € REX4,

3.3 Segmented Hypergraph Network

User behaviors often form coherent segments, where in-
teractions exhibit strong temporal and semantic continuity.
These segments provide structured and informative cues for
inferring user intent, offering richer signals than isolated
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item interactions. To capture such segmented patterns, we
adopt a hypergraph-based modeling strategy in which each
hyperedge connects a group of consecutive items within
a session. For a session .S, we construct a segmented co-
occurrence hypergraph G, = (V,,&,), and apply a hy-
pergraph attention network to perform message passing be-
tween nodes and hyperedges, enabling the model to capture
high-order dependencies.

Let h(O) € H denote the initial embedding of node
v;. The 1n1t1a1 representanon of a hyperedge e is com-
puted by averagmg the embeddings of its incident nodes:
mk = |ek‘ ZUJEEk hgo)’ where |eg| denotes the number of
nodes incident to hyperedge e.

In the node-to-hyperedge aggregation step, each hyper-
edge ey, updates its representation by attending to the em-
beddings of its connected nodes:

= Z g 'fl§'T)a

vjEeg

m](CTJrl)

©))

where a; is the attention weight of node v; in hyperedge
ek, computed as:

)h(T )
(r ) fl( )))

m; -,

exp(g(m
D cen exp(g(

Qpj = (10

Here, g(-) measures the similarity between a hyperedge and
anode,i.e.,

m](:) Wk> (flgﬂ -Wj>—r
i ,

where Wy, W € R4 are learnable parameter matrices.
In the hyperedge-to-node aggregation stage, each node v;
aggregates information from incident hyperedges &,; as fol-

g(m{”, h{") = ( (1)

lows:
T+1) Z Bg ‘r+1)7 (12)
ey Egv
where the attention coefficient 5}, is defined as:
(T+1) ()
exp(g(my” ", b))
Bir = NG (13)

Den €€y, eXP(g(ml(sTH)’ hS’T)))

This iterative node—hyperedge—node message passing
process, which aligns with the general paradigm of hyper-
graph convolution, enables the network to capture high-
order structural dependencies among items and to effectively
represent segmented user intent within behavioral segments.

3.4 Prediction Module

User intent within a session can manifest through diverse
behavioral patterns, each reflecting different aspects of user
preference. To capture this diversity, we propose a multi-
view prediction module that jointly models short-term, seg-
mented, and long-term user intentions to generate recom-
mendation scores.



Item View. To capture short-term intent, we utilize the
most recent 7 item embeddings from the session represen-
tation Hg, as they are highly indicative of immediate user
preferences. Instead of aggregating these embeddings di-
rectly, we treat each as an independent predictive signal and
project them into an intent-aware space:

ZI :I:IS7[L—T{'+1:L]WI+bI7 (14)

where W; € R%*? and b; € R? are learnable parameters.
Z; € R™*? contains the transformed representations for re-
cent items.

The prediction scores for candidate items are computed
based on cosine similarity between the transformed vectors
Z; and the candidate item embeddings H, that is,

Y; = CosSim (Z;, H) (15)

We then apply a combination of max pooling and mean
pooling to aggregate the score matrix Y; € R™ | yielding
the short-term prediction result:

Yr = X-MaxPool(Y;) + (1 — A) - MeanPool(Y ), (16)
where A € [0, 1] balances the two pooling strategies.

Segment View. To model segmented co-occurrence inter-
est, we leverage the hypergraph G,, which segments a ses-
sion into multiple behavior fragments. For each sliding win-
dow of size w, we extract the embedding of its last hyper-
edge e, as the key feature for intention prediction:

(Z aj flj) Wg + bg,

where o,/ ; denotes similarity score between hyperedge e,
and node v;. Wg € R by € R? are learnable parame-

ters. Let Zx € R**9 represent the set of transformed hyper-
edge embeddings. The prediction scores are computed as:

Y = CosSim (Zg, H) . (18)

Z,, =

7)

The score matrix Y g is then aggregated via a similar
pooling strategy:

Vg =v-MaxPool(Yg) + (1 — ) - MeanPool(Yg), (19)
where v € [0, 1] controls the pooling balance.

Session View. To capture long-term intent, we construct
a session-level representation by aggregating item embed-
dings within the session. This is achieved using an adap-
tive attention mechanism that assigns different importance
weights to individual items. Given the session representa-

tion ﬁs =

|:f11,f12, .. .7]?14, the attention weights are

computed via entmax normalization (Martins and Astudillo
2016):

T — Entmax (ﬁsw¢ T b¢) , (20)

where W, € RA4x1 by € R are learnable parameters. The
session embedding is then derived as:

Z — (Z T, - h) Wy + bg, 1)
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where Wg € R%*? and bg € R? are learnable parameters.
The final prediction scores from this view are given by:

Vs = CosSim (Zg, H) . (22)

Training Objective. To integrate the outputs from the three
views, we adopt an adaptive fusion mechanism. The final
prediction scores are computed as a weighted sum of the
three branches, that is,

Y=o0mr) - Yr+one) Ye+ons)- Vs, (23)
where ) denotes the final recommendation scores over all
candidate items. 17, g, 1s are learnable parameters. o (-) is
a sigmoid function to ensure the weights remain in [0,1].

For model training, we use the binary cross-entropy loss:

N
L©) == Filog(V;) + (1 - 3:)log(1 - Vi), (24)
=1

where y € {0,1}" is a one-hot vector indicating the
ground-truth next item, and ) € R¥ represents the pre-
dicted scores for all candidate items.

4 Experiments

In this section, we conduct extensive experiments on three
benchmark datasets to evaluate the effectiveness of the pro-
posed GraphFine model. Specifically, we aim to answer the
following research questions:

RQ1: How does GraphFine perform compared to exist-
ing baseline models?

RQ2: Does the proposed multi-view intent modeling
strategy improve recommendation performance when inte-
grated into other session-based models?

RQ3: What is the contribution of each key component in
GraphFine to the overall model performance?

RQ4: How sensitive is the model to different hyperparam-
eter settings?

RQS5: How well does GraphFine perform across sessions
of varying lengths?

Statistics Tmall Yoochoose RetailRocket
# of train sessions 351,268 369,869 433,648

# of test sessions 25,898 55,696 15,132

# of items 40,728 17376 36,968

# average length 6.69 6.16 5.43

Table 1: Statistics of the datasets.

4.1 Datasets and Evaluation Metrics

We evaluate the proposed model on three widely used
benchmark datasets for session-based recommendation:
Tmall, Yoochoose, and RetailRocket. To ensure fair compar-
ison with baselines, we follow standard preprocessing proto-
cols as adopted in prior work (Li et al. 2017; Wu et al. 2019;
Wang et al. 2020). The detailed statistics of these datasets
are summarized in Table 1.

For evaluation, we adopt two widely used metrics: Hit
Rate (HR) and Mean Reciprocal Rank (MRR). HR @K mea-
sures whether the ground-truth item appears among the top-
K predicted items, while MRR@K reflects the average in-
verse rank of the ground-truth item, emphasizing ranking



quality. All results are reported at K = 20 unless otherwise
specified.

4.2 Baselines and Experimental Setups

We compare GraphFine with 17 existing session-based rec-
ommendation methods. These include: (i) Traditional mod-
els, such as FPMC (Rendle, Freudenthaler, and Schmidt-
Thieme 2010), SKNN (Jannach and Ludewig 2017), and
STAN (Garg et al. 2019); (ii)) Sequence-based models,
such as NARM (Li et al. 2017), CSRM (Wang et al.
2019), MTAW (Ouyang et al. 2023), GTPAN (Lu et al.
2024), and DPDM (Luo, Sheng, and Zhang 2024); and (iii)
Graph-based models, such as SR-GNN (Wu et al. 2019),
GCE-GNN (Wang et al. 2020), DHCN (Xia et al. 2021b),
COTREC (Xia et al. 2021a), GSN-IAS (Zhang and Wang
2023), SPARE (Peintner, Mohammadi, and Zangerle 2023),
RESTC (Wan et al. 2023), SDHID (Gao et al. 2023), and
RAIN (Zeng et al. 2025).

For fair comparison, we follow well-established experi-
mental protocols (Wu et al. 2019; Wang et al. 2020). The
embedding size and batch size are set to 100. Parameters are
initialized uniformly and optimized using Adam with an ini-
tial learning rate of 0.001, decayed by a factor of 0.1 every
3 epochs. We apply Lo regularization with a coefficient of
1 x 107° and train for up to 20 epochs with early stopping
based on validation performance.

Tmall Yoochoose RetailRocket
Method
MRR @20 HR@20 MRR@20 HR@20 MRR@20 HR@20

FPMC 7.32 16.06 15.01 45.62 13.82 32.37
SKNN 25.22 63.77 24.46 54.28
STAN - - 28.74 69.45 26.81 53.48
NARM 10.70 23.30 28.63 68.32 24.59 50.22
CSRM 13.96 29.46 29.71 69.85 26.19 51.02
MTAW 19.14 37.17 - - 30.52 56.39
GTPAN 31.31 71.17 30.19 55.74
DPDM - - 31.52 71.68 30.79 56.29
SR-GNN 13.72 27.57 30.94 70.57 26.57 50.32
GCE-GNN 15.42 33.42 30.84 72.18 28.01 53.63
S2-DHCN 15.05 31.42 27.89 68.34 27.30 53.66
COTREC 18.04 36.35 29.36*  70.72%* 29.97 56.17
GSN-IAS 17.71*%  34.95% 31.45 72.34 29.97 57.13
SPARE 20.07 39.28 25.92*%  65.62%* 30.22 56.91
RESTC 18.52 42.47 - 30.82 57.81
SDHID 18.38 37.69 - - 30.24 57.51
RAIN 19.12 38.73 3091*  72.32% 29.21 56.88
GraphFine 21.45 48.48 31.93 72.64 31.17 58.85
% Improve  6.87% 14.15% 1.30% 0.30% 1.13% 1.79%

Table 2: Performance comparison between GraphFine and
17 baseline models. ‘*’ indicates the re-implemented results;
‘-> denotes baselines with unavailable code. The best result
is shown in bold, and the second-best is underlined.

4.3 Opverall Performance Comparison (RQ1)

Table 2 summarizes the performance of GraphFine com-
pared to 17 baseline models. As shown, GraphFine con-

23035

sistently achieves the best results on all datasets in both
HR@20 and MRR@20. Compared with traditional meth-
ods (FPMC, SKNN, STAN) that rely on simple sequen-
tial or neighbor assumptions, GraphFine captures rich
high-order dependencies and delivers substantial gains. Se-
quential models (NARM, CSRM) add temporal and cross-
session signals but still miss fine-grained intent shifts.
Attention-based approaches (MTAW, GTPAN, DPDM) im-
prove adaptability—DPDM is strong on Yoochoose—yet
lack the structural flexibility to model behaviors at mul-
tiple levels. Graph/hypergraph models (SR-GNN, GCE-
GNN, RESTC, SDHID, RAIN) strengthen representations
and address noise or higher-order relations, but only read
out the global user intent. In contrast, GraphFine unifies
multi-granular contextual, semantic, and structural represen-
tations, enabling more precise intent modeling and yielding
state-of-the-art performance across datasets.

4.4 Effectiveness of Fine-Grained Intent
Modeling (RQ2)

To further assess the effectiveness of our multi-view intent
modeling strategy, we incorporate it into two representative
GNN-based session models: SR-GNN and GCE-GNN. For
each model, we construct three enhanced variants: Item-
view variants (SR-IV, GCE-IV) incorporate only the short-
term intent modeling branch; Segment-view variants (SR-
EV, GCE-EV) utilize only the segmented intent modeling
branch; Multi-view variants (SR-MV, GCE-MV) combine
both short-term and segmented intent branches for joint in-
tent modeling. The original models (SR-BS, GCE-BS) are
used as baselines for comparison.

Tmall Yoochoose RetailRocket
Method
MRR@20 HR@20 MRR@20 HR@20 MRR@20 HR@20

SR-BS 13.85 28.80 30.90 71.17 27.55 52.27
SR-IV 16.27 36.04 31.58 71.62 27.96 54.02
SR-EV 14.57 29.39 30.94 71.51 27.94 53.49
SR-MV 16.62 36.19 31.74 71.88 28.09 54.27
GCE-BS 15.17 32.75 30.71 72.01 28.93 55.89
GCE-1V 16.03 36.51 31.33 72.03 29.41 56.51
GCE-EV 16.55 34.51 30.86 72.25 29.16 55.98
GCE-MV  16.68 36.07 31.66 72.01 29.72 56.54

Table 3: Impact of fine-grained intent modeling on existing
models: SR-GNN and GCE-GNN.

As shown in Table 3, the item-view variants (IV) yield
clear gains, confirming that modeling recent actions at a
fine-grained level enhances short-term intent inference. Sim-
ilarly, the segment-view variants (EV) show substantial
improvements, demonstrating the value of capturing seg-
mented, high-order interaction patterns within sessions. No-
tably, the multi-view variants (MV) achieve the best perfor-
mance in nearly all cases, highlighting the complementarity
of short-term and segmented intent modeling. These results
underscore that integrating fine-grained behavioral patterns
into existing GNN frameworks offers a practical and effec-
tive enhancement for session-based recommendation.



4.5 Ablation Study (RQ3)

We conduct ablations to quantify each module’s contri-
bution. Variants: —CA (remove contextual aggregation in-
tegrating cross-session cues), —IS (remove item-semantic
network), —=SH (remove segmented hypergraph network).
To probe the prediction views: -IV (remove item-view
for short-term intent), —EV (remove segment-view for seg-
mented intent), =SV (remove session-view for long-term in-
tent).

As shown in Table 4, removing the contextual aggrega-
tion network (—~CA) leads to performance drops, confirming
its effectiveness in introducing global context and mitigating
sparsity. The item semantic network (-IS) also contributes
moderate gains, validating its role in semantic modeling.
The segmented hypergraph network (—-SH) yields stable im-
provements, particularly in MRR, indicating its importance
for capturing segmented behavioral patterns. The item-view
(-IV) proves most critical, with its removal resulting in the
largest performance decline, highlighting the significance of
short-term intent modeling. The Segment-view (—EV) and
session-view (—SV) also contribute steady gains; while in-
dividually smaller, they collectively strengthen the model’s
predictive capability.

Tmall Yoochoose RetailRocket
MRR @20 HR@20 MRR@20 HR@20 MRR@20 HR@20
GraphFine 2145 48.48 31.95 72.64 31.17 58.85

Method

-CA 21.01 47.59 31.94 72.20 30.52 57.71
-IS 21.27 47.87 31.83 72.24 30.93 58.52
-SH 21.36 48.34 31.65 72.57 30.85 58.54
-IV 17.12 34.42 31.45 72.23 30.01 56.14
-EV 21.29 48.21 31.63 72.55 30.61 58.43
-SvV 21.05 48.36 31.73 72.63 30.08 58.44

Table 4: Ablation studies on different components.

4.6 Hyperparameter Analysis (RQ4)

We analyze the impact of two key hyperparameters: 7, deter-
mining the number of recent items used for item-view pre-
diction, and p, which controls the number of sliding win-
dows for generating the hypergraph G,

MRR@20 —— HR@20
025 Tmall 60 32.5 Yoochoose 73.0 Reta‘llRocket 61
§20{ 150 P amm ] IR 18
g | 32.0| /. 72.5 bttt 599
g~ 40 TSl 301/ £
10 3031.5 72.0 57

123456789 123456789 "~ 123456789
n n n

Figure 3: Impact of = on model performance.

We vary 7 in the range {1, 2, ..., 9}. As illustrated in Fig-
ure 3, performance on Tmall improves steadily with larger
m, stabilizing beyond a certain threshold. However, the gains
are less pronounced on Yoochoose and RetailRocket, where
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performance plateaus earlier. This is likely due to larger 7
values incorporating items from earlier in the session, which
may introduce redundant or less relevant intent signals.

—— MRR@20 —— HR@20
20.0—mall 32.5,-Yoochoose 31 o RetailRocket o
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Figure 4: Impact of iz on model performance.

To investigate the impact of y, we vary its value in {2, 3,
4,5, 6}. The corresponding performance results are shown
in Figure 4. Increasing p generally leads to improved perfor-
mance by enriching the diversity of segmented patterns, with
the most significant gains observed on the Tmall dataset.
Yoochoose and RetailRocket exhibit moderate yet consis-
tent improvements. However, setting x4 too high may intro-
duce noisy or redundant patterns, potentially offsetting the
benefits.

4.7 Impact of Different Session Lengths (RQ5)

We divide sessions into three categories based on their
length: short (< 5), medium (6 ~ 10), and long (> 10).
We then compare the performance of GraphFine against two
baselines, SR-GNN and GCE-GNN, within each category.
Unlike SR-GNN and GCE-GNN, which rely primarily on
global session-level intent, GraphFine jointly models fine-
grained intent signals at the item, segment, and session lev-
els. As shown in Figure 5, this multi-view modeling enables
consistent and substantial performance gains across all ses-
sion length groups. These results highlight GraphFine’s ef-
fectiveness in handling session diversity.

B Short s Mid s long
30 Tmall 40 Yoochoose 40 RetailRocket
25
320 30 30
515 20 20
10
=
5 10 10
0 0 0

SR GCE OUR SR GCE OUR SR GCE OUR
Figure 5: Impact of session length on MRR@20. (SR: SR-

GNN; GCE: GCE-GNN)

5 Conclusion

In this paper, we propose GraphFine, a multi-granular
graph learning framework for session-based recommenda-
tion that models behavioral patterns across temporal gran-
ularities via joint graph and hypergraph neural networks to
effectively capture multi-granular user intent. Extensive ex-
periments on three benchmarks show that GraphFine not
only consistently surpasses various baselines but also effec-
tively enhances existing GNN-based models.
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