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Abstract. Session-based recommender systems using graph neural networks (GNNs) have achieved strong performance by modeling item
transitions within user sessions. Despite their success, these models often struggle to generalize well to infrequent or uncommon behavior
patterns. Such patterns, due to their limited representation in the training data, are typically overshadowed by frequent transitions, leading to
biased recommendations and reduced performance in real-world scenarios where long-tail behaviors are prevalent. To address this limitation, we
introduce GraSS (graph-based skip-gram synthesizer), a novel data augmentation framework designed to improve the robustness of GNN-based
session recommenders. GraSS identifies sessions containing rare item transitions and enriches them by generating synthetic session sequences.
This is achieved by utilising skip-gram statistics to capture contextual item co-occurrences and applying random walks on an item graph to
generate plausible but diverse session paths. The augmented sessions are then used to retrain the model, enabling better learning from sparse
behaviors. Experiments on standard session-based recommendation benchmarks demonstrate that GraSS consistently improves recommendation
accuracy.
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1. INTRODUCTION

Session-based recommender systems aim to predict the next
item a user will interact with based solely on their current
session, without relying on persistent user identities or long-
term history. This formulation is particularly useful in privacy-
sensitive environments and cold-start scenarios, such as e-
commerce or media platforms where users frequently browse
anonymously. Graph neural networks (GNNs) have become
a leading approach in this domain. By modeling sessions as
graphs where items are nodes and transitions are edges, GNN-
based models can capture both local item relationships and the
broader structure of user behavior. This allows them to out-
perform traditional sequential models, especially in capturing
complex interaction patterns within sessions.

However, a critical limitation remains: GNNs tend to overfit
to frequent item transitions. Since these models rely on node em-
beddings learned from co-occurrence patterns, rare or infrequent
transitions, such as interactions with niche or new items, are of-
ten underrepresented in the learned representations. This leads
to biased predictions that favor popular items, while failing to
generalize to uncommon but meaningful behaviors. These rare
transitions, although less frequent, often carry important signals.
For example, they may indicate a user exploring unfamiliar cat-
egories, showing interest in emerging trends, or deviating from
standard browsing patterns. Ignoring such patterns reduces the
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system ability to personalize recommendations effectively, es-
pecially in diverse or sparse data environments.

To address this challenge, we propose GraSS (graph-based
skip-gram synthesizer), a data augmentation framework de-
signed to improve the representation of rare session behaviors.
GraSS identifies sessions dominated by infrequent item tran-
sitions using skip-gram co-occurrence statistics, constructs a
graph from these sessions, and performs weighted random walks
to generate synthetic sequences. These augmented sessions are
incorporated into the training set, allowing the GNN model to
better learn from underrepresented patterns without modifying
its core architecture.

We validate GraSS on two widely used benchmark datasets,
Diginetica and Yoochoose, and demonstrate that it consistently
improves top-𝑘 recommendation performance. Our contribu-
tions include:
• Highlight and formalize the problem of frequency bias in

GNN-based session recommendation.
• Introduce a skip-gram-based graph construction and sam-

pling method to synthesize rare behavior sequences.
• Show that our augmentation approach improves the model

performance without changing the underlying recommender
architecture.

2. RELATED WORKS

2.1. Recommender systems

As e-commerce continues its rapid expansion, developing ef-
fective personalized product recommendations while managing
computational resources became a critical research area, with
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a strong focus on tailoring suggestions to individual users. In
2004, Yoon Ho Cho introduced purchase recommendations by
tracking customer shopping behavior on the web and classi-
fying products using collaborative filtering (WebCF-PT) [1].
This work addressed data sparsity and scalability issues in
e-commerce. Experiments showed WebCF-PT was about 18
times faster than conventional collaborative filtering. In 2007,
Uwe Leimstoll proposed a collaborative filtering method based
on similar customer behavior to provide personalized sugges-
tions for online shops [2]. This method classified customers at
the product category level and then analyzed customer carts
within each category to predict suitable item groups, reducing
the user-item matrix dimensionality and speeding up process-
ing on large datasets without compromising accuracy. Heng-Tze
Cheng et al. proposed a wide and deep learning solution for rec-
ommendations on Google Play [3]. This model combines the
generalization capability of wide linear models with the feature
interaction learning of deep neural networks, achieving better
discovery of latent features. Experimental results showed signif-
icant improvements in app acquisitions compared to wide-only
or deep-only models. This approach has been widely adopted
by other e-commerce platforms.

To provide more relevant recommendations and address
the limitations of traditional methods – such as data spar-
sity and scalability in collaborative filtering [4–6] and over-
specialization or the cold-start problem in content-based filter-
ing [7] – researchers have explored session-based approaches.
Session-based recommender systems predict a user’s next action
by analyzing the sequence of items interacted with within the
current session, without needing historical user data or content
similarity analysis.

The increasing prominence of deep learning created new op-
portunities for innovation in recommendation research. The pa-
per [8] applied recurrent neural networks (RNNs) to session-
based recommendations for short sessions, specifically using
gated recurrent units (GRU) to mitigate the vanishing gradi-
ent problem common in traditional RNNs. Their model handled
large item sets effectively through sampling and parallel process-
ing. In 2018, the paper [9] focused on improving performance
by refining the loss function to better optimize the ranking of
top recommended items, rather than the entire item list. Chatzis
et al. [10] addressed the lack of user information in session-
based systems by combining RNNs with a mechanism to learn
latent variables within each session. These variables represent
unobserved factors influencing user behavior changes across
sessions, allowing the model to capture intra-session patterns
without relying on user history. Recent work has also explored
hybrid neural architectures for sequential recommendation. For
example, Celik and Omurca propose SkipGT [11], a model that
integrates skip-gram embeddings with a Transformer encoder to
enhance next-item prediction in session-based recommendation
systems

More recently, graph-based models have gained traction due
to their ability to model complex item transitions. GC-San [12]
combined graph neural networks (GNNs) with a self-attention
mechanism. They represented sessions as graphs, learning local
relationships (adjacent nodes) via GNNs and global relation-

ships (across the session) via self-attention. These were linearly
combined to predict the user’s next action. SR-GNN [13] used
GNNs to predict the next user action within a session. Each
session was converted into a directed graph where edge weights
reflected transition frequency. Session representations combined
global preferences and current interests using an attention net-
work to predict the next clicked item. However, a common issue
with these GNN-based systems, due to their reliance on node
embeddings, is difficulty recommending items involved in in-
frequent interactions.

Despite these advancements, a common thread across GNN-
based approaches is their reliance on frequently observed tran-
sitions. Since these models learn embeddings driven by item
co-occurrence, they tend to favor high-frequency interactions
and underrepresent rare behaviors-an issue especially problem-
atic for long-tail or exploratory user actions. This frequency bias
limits the ability of models to generalize in diverse or sparse set-
tings.

2.2. Session data augmentation

To combat data sparsity and enhance model generalization, re-
searchers have proposed various augmentation strategies for ses-
sion data. Many recent works focus on temporal consistency and
structural realism when transforming sequences. Dang et al. [14]
introduced TiCoSeRec, which uses timestamp-based cropping
to preserve meaningful temporal patterns. This was extended by
Dang et al. [15] through time interval-aware transformations,
further enhancing sequence quality. RepPad [16] offers an al-
ternative to zero-padding by using repeated elements from the
original sequence, improving training dynamics for short ses-
sions. Beyond simple transformations, some methods introduce
more context-aware augmentations. Li et al. [17] proposed us-
ing basket-aware context to generate sequences that reflect item
co-occurrence within shared transactional events. This approach
enriches session data by modeling contextual affinity between
items, rather than relying solely on sequential order. Zhou et
al. [18] provided a systematic analysis of common augmenta-
tion techniques-cropping, masking, reordering, insertion, and
deletion-and evaluated their effectiveness across various rec-
ommendation settings. While these methods improve robust-
ness, they are largely applied uniformly across sessions and
often overlook the structural and statistical nuances of rare in-
teractions. Furthermore, applying such augmentations directly
to graph-structured data introduces challenges in maintaining
topological consistency.

All things considered, while recent advances in session-based
modeling and data augmentation have improved performance
and robustness, few works have directly addressed the frequency
bias in GNN-based recommenders. Most augmentation methods
operate at the sequence level without targeting sessions dom-
inated by rare transitions. In contrast, our proposed method,
GraSS, explicitly identifies infrequent transition patterns using
skip-gram statistics and generates graph-consistent synthetic se-
quences through random walks. This targeted augmentation en-
ables better representation of underrepresented session behav-
iors without modifying the underlying GNN architecture.

In this context, our proposed method, GraSS, introduces a
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new perspective by approaching the augmentation problem from
a graph-structural angle. Rather than modifying the model or
relying on heavy generative machinery, GraSS intervenes di-
rectly at the level of session-graph construction. By identify-
ing infrequent transition patterns using skip-gram statistics and
selectively enriching their neighborhoods via controlled ran-
dom walks, GraSS provides a lightweight mechanism for re-
ducing item-frequency imbalance. This targeted augmentation
enhances the representational strength of rare items without
altering the underlying GNN architecture, offering a plug-and-
play strategy that is both simple and effective.

For perspective, consider generative augmentation appro-
aches such as diffusion-based sequence reconstruction models
(e.g., DiffuASR [19]). These methods rely on probabilistic for-
ward–reverse processes to reshape item transitions and typically
involve additional parameters, complex training procedures,
and careful hyperparameter tuning. Mentioning DiffuASR here
serves only to illustrate contrast: whereas diffusion-based meth-
ods model uncertainty through a full generative framework,
GraSS focuses on structural refinement through minimally inva-
sive, graph-consistent perturbations. This distinction highlights
GraSS core contribution-a principled yet lightweight augmen-
tation method tailored specifically to the statistical weaknesses
of session-graph data.

3. PROPOSED METHOD

3.1. Problem statement

This section establishes the fundamental definitions and prob-
lem formulation central to session-based recommendation and
its graph representation.

Let V = {𝑣1, 𝑣2, . . . , 𝑣𝑚} be the set of all unique items present
in the dataset.

A user session S is defined as a time-ordered sequence of
interactions performed by a user within a specific timeframe.
It captures a continuous stream of a user’s behavior, such as
viewing or clicking items. Formally, a session is represented
as S = [𝑣1, 𝑣2, . . . , 𝑣𝑡 ] where each item 𝑣𝑖 ∈ V was interacted
with by a user, ordered chronologically from the first interaction
(𝑣1) to the last (𝑣𝑡 ) in that session. These sessions capture
consecutive user actions, such as viewing products on an e-
commerce site or watching videos on a streaming platform.

The objective of session-based recommendation is to predict
the next item, 𝑣𝑡+1 ∈ V, that a user is most likely to interact
with, given only their current session S = [𝑣1, 𝑣2, . . . , 𝑣𝑡 ]. The
outcome is typically a ranked list of candidate items from V,
ordered according to a model predicted probability or relevance
score. The top-𝑘 items from this ranked list are then presented
to the user as recommendations.

3.2. Skip-gram-based infrequent transition sessions
identification and sequence generation via random
walk

We propose GraSS (graph-based skip-gram synthesizer), a data
augmentation framework designed to address the scarcity of in-
frequent transitions in session-based recommendation. As illus-

trated in Fig. 1, the overall workflow consists of three tightly
coupled stages: (1) estimating global skip-gram statistics from
observed sessions, (2) identifying sessions dominated by rare
transitions, and (3) synthesizing new sequences via random
walks over a skip-gram graph constructed specifically from these
rare behaviors. Algorithm 1 provides a formal description of this
procedure.

Fig. 1. Overall Workflow to Synthesize Data: (a) Global Skipgram
Graph, Count Transition Frequency; (b) Identified Rare Behavior Ses-
sions; (c) Build Isolated Skip-gram Graph; (d)Synthesize Data via
Random Walk (GraSS); (e) Identified Low-frequency Item Transitions;
(f) Synthesize Data via Random Walk Transition-Centric; (g) Final

Synthetic Data

Algorithm 1. Synthesizing clickstream sequences via skip-
gram graph sampling
Require: Clickstream sessions S , window size 𝑤, walks per

node 𝑘

Ensure: Synthesized sessions Ssyn
1: 𝐿avg← average session length over S
2: Initialize skip-gram count dictionary C
3: for all 𝑠 ∈S do
4: for 𝑖 = 1 to |𝑠 | do
5: for 𝑗 = 𝑖 +1 to min(𝑖 +𝑤, |𝑠 |) do
6: C [(𝑣𝑖 , 𝑣 𝑗 )] += 1
7: end for
8: end for
9: end for

10: For each 𝑠 ∈ S , compute 𝑐𝑠 ← average skip-gram count
from C

11: 𝑐global← mean of all 𝑐𝑠 values
12: Slow← {𝑠 ∈S | 𝑐𝑠 < 𝑐global}
13: Build graph𝐺 = (𝑉,𝐸) from skip-grams in Slow with edges

weighted by C
14: Initialize Ssyn← ∅
15: for all 𝑣 ∈ 𝑉 do
16: for 𝑡 = 1 to 𝑘 do
17: Generate random walk of length 𝐿avg from 𝑣 in 𝐺

18: Add walk to Ssyn
19: end for
20: end for
21: return Ssyn
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We begin by processing the full set of clickstream sessions S
to compute skip-gram co-occurrence statistics within a window
of size 𝑤. As shown in Lines 3–9 of Algorithm 1, for each ses-
sion 𝑠 ∈S , every ordered item pair (𝑣𝑖 , 𝑣 𝑗 ) that appears within
distance 𝑤 is counted and accumulated in a global dictionary C .
These counts provide a dataset-level estimate of short-range item
transition frequency and serve as the statistical foundation for
identifying infrequent behaviors.

Next, GraSS identifies sessions characterized by rare tran-
sitions. For each session 𝑠, we compute its average skip-gram
frequency 𝑐𝑠 by averaging the counts of all skip-gram pairs ap-
pearing in that session using the statistics stored in C (Line 10).
We then compute the global mean skip-gram frequency 𝑐global
across all sessions (Line 11). Sessions whose average skip-gram
frequency falls below this global mean are classified as low-
occurrence sessions and collected into the set Slow (Line 12).
This criterion allows GraSS to isolate sessions composed pri-
marily of infrequent or weakly observed transitions rather than
relying solely on raw item frequency.

To synthesize new data, GraSS constructs a dedicated
skip-gram graph 𝐺 = (𝑉,𝐸) using only the transitions ob-
served in Slow (Line 13). Nodes represent items appearing
in low-occurrence sessions, and edges represent skip-gram co-
occurrences weighted by their corresponding counts in C . Al-
though session data are inherently sequential, we intentionally
construct the skip-gram graph with undirected edges to better
capture the flexible and exploratory nature of user interest tran-
sitions during data augmentation. In real browsing behavior,
particularly in sessions dominated by infrequent interactions,
item transitions do not always reflect a strict or irreversible pro-
gression of intent. Instead, a transition between two items often
represents a latent semantic or functional association rather than
a fixed temporal order. For example, while one user may nav-
igate from a kitchen appliance to a home decor item, another
user with a similar intent may explore these items in the reverse
order depending on individual browsing strategies.

Using directed edges at this stage would force an artificial
asymmetry that is largely driven by sparsity rather than true user
preference, especially for item pairs that appear only a few times.
By treating edges as undirected, the random walk is allowed to
move more freely between related items and to reflect how users
may explore similar products in different orders. This helps
the synthesizer focus on capturing general interest relationships
instead of overfitting to noisy direction patterns. When training
the downstream recommendation model, directionality is fully
preserved through the construction of directed session graphs,
as described in Section 3.4.

Finally, synthetic sequences are generated via weighted ran-
dom walks on the skip-gram graph 𝐺. As specified in Lines 15–
20 of Algorithm 1, multiple walks are initiated from each node,
with transition probabilities proportional to skip-gram edge
weights. Each walk has a length equal to the average session
length 𝐿avg computed from the original dataset (Line 1), en-
suring that synthesized sessions are comparable in scale to real
ones. The resulting set of synthetic sequences Ssyn captures
diverse yet representative transition patterns drawn from sparse
regions of the interaction space.

The synthesized sequences are then combined with the orig-
inal session set S to form an augmented training corpus. This
enriched dataset improves coverage of underrepresented behav-
iors and is subsequently used to construct the session graphs for
training the GNN-based recommender model.

3.3. Transition-centric skip-gram synthesis

In addition to identifying sessions dominated by low-frequency
transitions, we introduce a complementary augmentation strat-
egy that operates at the transition level. While GraSS focuses
on global session rarity, this method targets individual low-
frequency transitions across the entire dataset, regardless of the
session in which they appear. These transitions, though embed-
ded within frequent sessions, are often underrepresented in the
learning process due to their sparse occurrence (Algorithm 2).

Algorithm 2. Synthesizing sequences centered on low-
frequency transitions
Require: Global skip-gram graph 𝐺 = (𝑉,𝐸) with edge

weights C , threshold 𝜏, walk length 𝐿𝑤 , walks per tran-
sition 𝑘

Ensure: Transition-based synthetic sequences S2
1: Initialize Tlow← {(𝑣𝑖 , 𝑣 𝑗 ) ∈ 𝐸 | C [(𝑣𝑖 , 𝑣 𝑗 )] < 𝜏}
2: Initialize S2← ∅
3: for all (𝑣𝑖 , 𝑣 𝑗 ) ∈ Tlow do
4: for 𝑡 = 1 to 𝑘 do
5: Perform weighted random walk of length 𝐿𝑤 back-

ward from 𝑣𝑖 to get LeftSeq
6: Perform weighted random walk of length 𝐿𝑤 forward

from 𝑣 𝑗 to get RightSeq
7: Concatenate sequence: 𝑠syn ← LeftSeq ∥ [𝑣𝑖 , 𝑣 𝑗 ] ∥

RightSeq
8: Add 𝑠syn to S2
9: end for

10: end for
11: return S2

We begin by constructing the same global skip-gram co-
occurrence graph 𝐺 = (𝑉,𝐸) as described earlier, where each
edge (𝑣𝑖 , 𝑣 𝑗 ) ∈ 𝐸 is assigned a weight 𝑐𝑖 𝑗 based on its co-
occurrence frequency within the skip-gram window. We define
a tunable threshold parameter 𝜏 to identify low-frequency tran-
sitions. Any transition (𝑣𝑖 , 𝑣 𝑗 ) such that 𝑐𝑖 𝑗 < 𝜏 is considered
infrequent and selected for augmentation. In our experiments,
we set 𝜏 to be the global average edge weight 𝑐global. Let the set
of all such transitions be Tlow.

For each low-frequency transition (𝑣𝑖 , 𝑣 𝑗 ) ∈ Tlow, we gener-
ate synthetic clickstream sequences that embed this transition
within broader context. Specifically, we initiate a random walk
from node 𝑣𝑖 to the left and a random walk from node 𝑣 𝑗 to
the right, each of length 𝐿𝑤 , where 𝐿𝑤 is a hyperparameter
approximating half the average session length. These walks are
performed on the global graph 𝐺, with transition probabilities
proportional to edge weights. The left walk yields a sequence
[𝑢𝐿𝑤

, . . . , 𝑢1] terminating at 𝑣𝑖 , while the right walk yields a se-
quence [𝑤1, . . . ,𝑤𝐿𝑤

] starting from 𝑣 𝑗 . The resulting synthetic
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sequence is formed by concatenating the reversed left walk, the
fixed transition (𝑣𝑖 , 𝑣 𝑗 ), and the right walk:

𝑠syn =
[
𝑢𝐿𝑤

, . . . , 𝑢1, 𝑣𝑖 , 𝑣 𝑗 ,𝑤1, . . . ,𝑤𝐿𝑤

]
.

Multiple such sequences can be generated per transition by per-
forming multiple random walks with different sampling seeds.
These sequences are then added to the synthetic set S2, designed
to explicitly reinforce the model exposure to underrepresented
transitions.

Finally, we merge this new set of synthetic sequences with
those generated by GraSS to form a comprehensive augmented
dataset. The final training set used to construct session graphs
and train the GNN model becomes:

Saug = S ∪S1∪S2 ,

where S1 is the augmented set from session-level GraSS syn-
thesis, and S2 is the new set generated from rare transition
expansion. This combination ensures that both globally rare ses-
sion patterns and locally infrequent transitions are adequately
captured during model training, providing improved robustness
and generalization in the presence of long-tail behaviors.

3.4. Session graphs construction

To represent the flow and relationships among items within a
session more comprehensively than a simple linear list, each
user session S = [𝑣1, 𝑣2, . . . , 𝑣𝑡 ] is represented as a directed
graph 𝐺S = (𝑉S , 𝐸S ). In this graph:
• 𝑉S : The set of unique items appearing in the session S .

Thus, 𝑉S ⊆ V.
• 𝐸S : The set of directed connections showing sequential

transitions between items within S . A directed edge (𝑢, 𝑣) ∈
𝐸S exists if item 𝑣 was interacted with immediately after
item 𝑢 in the sequence S .

Connections in 𝐸S can be given weights to show how often
specific transitions occur within the session. A standard way
to set the weight of an edge (𝑣𝑖 , 𝑣 𝑗 ) is by counting how many
times the transition from 𝑣𝑖 to 𝑣 𝑗 happens consecutively within
session S .

3.5. Item embedding

After constructing the session graphs, each node 𝑣1 ∈ V is
mapped into a shared embedding space. This results in a vector
representation v𝑖 ∈ R𝑑 , where 𝑑 denotes the embedding dimen-
sion. These node embeddings serve as the basis for representing
entire sessions. Graph neural networks (GNNs) are then em-
ployed to generate these node representations by utilizing the
structural information inherent in graph topologies, which al-
lows them to capture intricate relationships among items. This
makes GNNs especially well-suited for session-based recom-
mendation tasks. In our approach, we specifically utilize gated
recurrent units, a GNN variant proposed in 2015, to learn the
item embeddings. The update rule for a node 𝑣𝑠,𝑖 in the session
graph 𝐺 is formally defined as follow:

𝑎
(𝑡 )
𝑠,𝑖

= 𝐴𝑠,𝑖: [v𝑡−1, . . . ,v𝑡−1
𝑠𝑛
]⊤𝐻 + 𝑏, (1)

𝑧
(𝑡 )
𝑠,𝑖

= 𝛿(𝑊𝑧𝑎
(𝑡 )
𝑠,𝑖
+𝑈𝑧v(𝑡−1) ), (2)

𝑟
(𝑡 )
(𝑠,𝑖) = 𝛿(𝑊𝑟𝑎

(𝑡 )
𝑠,𝑖
+𝑈𝑟v(𝑡−1)

𝑖
), (3)

ṽi (𝑡) = tanh(𝑊𝑂𝑎
(𝑡 )
𝑠,𝑖
+𝑈𝑂 (𝑟 (𝑡 )𝑠,𝑖

⊙ v(𝑡−1) )), (4)

v(𝑡 )
𝑖

= (1− 𝑧 (𝑡 )
𝑠,𝑖
) ⊙ v(𝑡−1) + 𝑧 (𝑡 )

𝑠,𝑖
⊙ ṽ(𝑡 )

𝑖
. (5)

Here, 𝑡 denotes the current training step. The matrix 𝐴𝑠,𝑖 ∈R1×2𝑛

represents the 𝑖-th row of the adjacency matrix 𝐴𝑠 correspond-
ing to node 𝑣𝑠,𝑖 . The parameters 𝐻 ∈ R𝑑×2𝑑 and 𝑏 ∈ R𝑑 denote
the weight matrix and bias vector, respectively. The vectors
𝑣
(𝑡−1)
1 , . . . , 𝑣

(𝑡−1)
𝑠𝑛 correspond to the node representations from

the previous time ste within the session graph. The matrices
𝑧𝑠,𝑖 ∈ R𝑑×𝑑represent the update and reset gates, respectively.
The function 𝛿(.) denotes the sigmoid function, and ⊙ indicates
element-wise multiplication. In each session graph 𝐺, the gated
graph neural network propagates information among neighbor-
ing nodes. The reset and update gates determine which parts
of the incoming information should be retained or discarded
during the update process.

3.6. Session embedding

The session graph is then embedded using a graph neural net-
work (GNN) model. The resulting session representation com-
prises two main components:
Local Embedding (𝑠𝑙): Captures the user’s most recent interest.
This is often represented by the embedding of the last item in
the session sequence, v𝑛:

𝑠𝑙 = v𝑛 .

Global embedding (𝑠𝑔): Represents the user’s overall interest
throughout the session. This is usually derived by aggregating
the embeddings of all items in the session, often weighted by an
attention mechanism:

𝑠𝑔 =

𝑛∑︁
𝑖=1

𝛼𝑖v𝑖 ,

where the attention weight 𝛼𝑖 for item 𝑣𝑖 is calculated as:

𝛼𝑖 = 𝑞𝑇 𝑓 (𝑊1v𝑠,𝑛 +𝑊2v𝑖 + 𝑐).

Here,
• 𝛼𝑖: the attention weight for item 𝑣𝑖 .
• 𝑓 (𝑊1v𝑠,𝑛 +𝑊2v𝑖 + 𝑐): an activateion function (e.g., sigmoid

or tanh), and 𝑊1, 𝑊2, 𝑞, 𝑐 are learnable parameters of the
attention network.

The final session representation 𝑠ℎ is obtained by combining the
local and global embeddings, ensuring both recent and overall
session context are captured:

𝑠ℎ =𝑊3 [𝑠𝑙; 𝑠𝑔],

where𝑊3 is a learnable linear transformation matrix, and [𝑠𝑙; 𝑠𝑔]
denotes the concatenation of the local and global embedding
vectors.
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3.7. Behavior prediction

Once the session representation 𝑠ℎ is obtained, the next step is
to predict the user’s next likely interaction.

The prediction score 𝑧𝑖 for each candidate item 𝑣𝑖 (from the
entire item set V) is computed, typically using the dot product
between the session representation 𝑠ℎ and the candidate item’s
embedding v𝑖:

𝑧𝑖 = 𝑠𝑇ℎv𝑖 .

A softmax function is applied over the scores 𝑧 for all candidate
items to convert them into a probability distribution:

𝑦̂ = 𝑠𝑜 𝑓 𝑡𝑚𝑎𝑥
(
𝑧
)
,

where 𝑦̂ represents the probability distribution over all candidate
items, where 𝑦𝑖 indicates the predicted likelihood that item 𝑣𝑖
will be the next item clicked/interacted with in the session.

4. EXPERIMENTAL RESULTS

4.1. Datasets and evaluation metrics

To evaluate the effectiveness of our proposed GraSS method,
we conducted comprehensive experiments on two widely rec-
ognized benchmark datasets commonly used in session-based
recommendation research: Diginetica and Yoochoose.

The Diginetica dataset originates from the CIKM Cup 2016
competition and comprises real-world interaction data from
an e-commerce platform. It serves as a standard resource for
evaluating session-based models, particularly those focusing
on sequential user behavior. The dataset contains information
on 184 047 unique items, 232 816 users, 1 235 380 views, and
18 025 purchases.

The Yoochoose dataset, derived from the RecSys Challenge
2015, consists of a large volume of user clickstream data col-
lected over six months from an e-commerce website. Its substan-
tial size and focus on click sequences make it a frequent choice
for benchmarking session-based recommendation algorithms.
This dataset includes 9 249 729 sessions, 33 004 944 clicks, and
52 739 unique items. Due to the substantial scale of the Yoo-
choose dataset, we follow a widely adopted experimental proto-
col in the session-based recommendation literature and conduct
our experiments on the Yoochoose 1/64 subset. This subset
is constructed by selecting sessions from a restricted time pe-
riod based on their timestamps, resulting in approximately one
sixty-fourth of the full dataset. Using the Yoochoose 1/64 split
significantly reduces computational cost while preserving rep-
resentative user behavior patterns, and it enables fair and direct
comparison with numerous prior studies that report results on
the same subset.

Prior to training, both datasets underwent standard prepro-
cessing steps to ensure data quality and focus on meaningful
interactions. We filtered out sessions containing fewer than 3
items to remove uninformative short sequences. Additionally,
items appearing less than 5 times across the entire dataset were
removed. Following common practice in session-based learn-
ing [20], we transformed the filtered sessions into sequence-

label pairs suitable for supervised model training. For each ses-
sion S = [𝑣1, 𝑣2, . . . , 𝑣𝑡 ], we generated input-output pairs of the
form ( [𝑣1, . . . , 𝑣𝑖], 𝑣𝑖+1) for all valid prefixes 𝑖 from 1 to 𝑡 − 1.
These pairs constitute the training and testing instances used for
predicting the next item in a sequence. After preprocessing, the
statistics of the datasets used in our experiments are summarized
in Table 1.

Table 1
Statistics of the datasets used in experiments

Yoochoose1/64 Diginetica

#session 425 757 780 328

avg session length 5.12 6.16

#train session 369 859 719 470

#test session 60 585 55 898

We evaluate the effectiveness of the proposed method us-
ing two standard metrics: Recall and MRR (mean reciprocal
rank). Higher values for these metrics indicate better model per-
formance in recommending relevant items and ranking them
highly in the suggestion list.

Recall measures the proportion of relevant items that are
successfully recommended by the system out of the total number
of actual relevant items. In recommender systems, Recall is
typically calculated at a cutoff k (e.g., Recall@20), meaning it
considers only the top-k recommended items.

𝑅𝑒𝑐𝑎𝑙𝑙@𝑘 =
1
𝑁

∑︁
𝑠∈S

|Top-k recommended items|
|Item user interacted with| .

MRR (mean reciprocal rank) evaluates the ranking quality
by considering the position (rank) of the first correctly recom-
mended relevant item in the ranked list.

𝑀𝑅𝑅@𝑘 =
1
|S |

∑︁
𝑠∈S

1
𝑟𝑎𝑛𝑘𝑠

,

where
• |S |: the total number of sessions in the test set.
• 𝑟𝑎𝑛𝑘𝑠: the rank position of the first relevant item in the top-

𝑘 recommendation list for session 𝑠. If no relevant item is
found within the top-𝑘 , the reciprocal rank for that session
is 0.

To assess the performance of our proposed algorithm, we
compare it against the following algorithms:
• Item-KNN [21]: Recommends items similar to the previ-

ously clicked item in the session. Similarity is typically de-
fined using cosine similarity between item vectors derived
from session co-occurrences.
• FPMC [22]: A sequential prediction method based on fac-

torized Markov chains.
• GRU4REC [8]: Uses recurrent neural networks (specifically

GRUs) to model user session sequences for next-item pre-
diction.
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• NARM [6]: Employs an RNN architecture with an attention
mechanism to capture sequential information and the user’s
main purpose within the session.
• STAMP [23]: Models short-term interests based on the last

click, along with general interests derived from the session
context.
• SR-GNN [13]: A session-based recommendation model uti-

lizing graph neural networks.
• TA-GNN [24]: A target attentive graph neural network

(TAGNN) model for session-based recommendation.
To evaluate the effectiveness of our proposed model, we com-

pare its performance against existing session-based recommen-
dation methods using Recall and MRR metrics, measured at
𝑘 = 10 and 𝑘 = 20. The best results are highlighted in bold
(Table 2).

Table 2
Comparison of the proposed method against baseline/existing methods

Diginetica

Method Recall@10 MRR@10 Recall@20 MRR@20

Item-KNN 25.07 10.77 35.75 11.57

FPMC 15.43 6.20 26.53 6.95

GRU4REC 17.93 7.33 29.45 8.33

NARM 35.44 15.13 49.70 16.17

STAMP 33.98 14.26 45.64 14.32

SR-GNN 36.86 15.52 50.73 17.59

TA-GNN – – 51.31 18.03

GraSS+SR-GNN 38.93 17.11 51.66 17.99

GraSS+TA-GNN 39.67 17.53 52.63 18.42

Yoochoose1/64

Method Recall@10 MRR@10 Recall@20 MRR@20

Item-KNN 41.82 21.24 51.60 21.81

FPMC 35.38 14.57 45.62 15.01

GRU4REC 50.30 22.81 60.64 22.89

NARM 57.56 27.16 68.32 28.63

STAMP 58.67 29.66 68.74 29.67

SR-GNN 60.04 30.08 70.57 30.94

TA-GNN – – 71.02 31.12

GraSS+SR-GNN 60.66 30.24 70.99 30.97

GraSS+TA-GNN 60.82 29.87 71.55 30.63

Among the traditional methods, experimental results indi-
cate that Item-KNN, which recommends items based on their
similarity to previously interacted, with items in the session,
outperforms the Markov chain, based FPMC. However, Item-
KNN limitation lies in considering only item-item similarity,
potentially overlooking broader user interests captured within
the session sequence.

With the adoption of deep learning approaches, methods like
GRU4REC, NARM, STAMP, and SR-GNN achieve superior re-
sults compared to the traditional baselines. GRU4REC was the
first deep learning model applied to session-based recommenda-
tion, utilizing recurrent neural networks (specifically the GRU
architecture) to process sequential data. NARM and STAMP
incorporate self-attention mechanisms, often focusing more on
recent user interactions. Experimental results show that NARM
and STAMP significantly outperform GRU4REC. SR-GNN,
which models sessions using graph structures, achieves further
performance improvements. This demonstrates that employing
graph neural networks for session-based recommendation is a
promising research direction.

With its focus on infrequent transition sequences, GraSS con-
centrates on handling infrequent interactions to improve the
model’s recommendation quality. We utilize Skip-gram com-
bined with random walk to generate augmented data for se-
quences identified as containing infrequent transition. Exper-
imental results demonstrate the effectiveness of our proposed
method on both the Diginetica and Yoochoose 1/64 datasets.

Tables 3 and 4 present results showing the impact of varying
the number of random walk steps for the Yoochoose 1/64 and
Diginetica datasets, respectively. Optimal performance on Dig-
inetica is achieved with random_walk = 2, while Yoochoose
reaches its peak performance with random_walk = 7. This
suggests that dataset characteristics, such as average sequence
length and the prevalence of rare interactions, significantly in-
fluence the determination of the optimal number of random walk
steps.

Table 3
Analysis of the effect of random walk steps on the Yoochoose

1/64 dataset with SR-GNN baseline

3 4 5 6 7 8

Recall@10 60.40 60.62 60.52 60.50 60.66 60.58
MRR@10 30.13 30.09 30.06 30.19 30.24 30.23
Recall@20 70.81 70.99 70.93 71.03 70.99 71.05
MRR@20 30.86 30.83 30.79 30.92 30.97 30.97

Table 4
Analysis of the effect of random walk steps on the Diginetica dataset

with SR-GNN baseline

1 2 3 4 5 6 7

Recall@10 38.86 38.93 38.74 38.71 38.66 38.47 38.28
MRR@10 17.03 17.11 17.01 16.92 16.94 16.81 16.74
Recall@20 51.47 51.66 51.68 51.66 51.44 51.43 51.15
MRR@20 17.90 17.99 17.91 17.81 17.82 17.71 17.63

GraSS achieves strong performance across both Recall and
MRR metrics. Particularly on the Diginetica dataset, GraSS
yields high performance for top-10 recommendations and pro-
vides substantial improvements for top-20 recommendations.
Conversely, on the Yoochoose 1/64 dataset, characterized by
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longer average session lengths, the performance gain over SR-
GNN is less pronounced. This suggests that GraSS is particu-
larly well-suited for datasets characterized by shorter sessions.
Investigating improvements for datasets with longer sequences
remains an area for future work.

4.2. Effect of GraSS, complementary augmentation,
and their combination

To further understand the impact of our proposed augmenta-
tion strategies, we evaluate three variants – GraSS alone, a
complementary augmentation strategy (Comp.Aug), and their
combined use – under two backbone models (SR-GNN and TA-
GNN) and two datasets (Yoochoose 1/64 and Diginetica). The
evaluation focuses on Recall@K and MRR@K, which together
reflect coverage and ranking quality of the predicted next items.

Results on TA-GNN. On Yoochoose 1/64 (Table 5), GraSS
consistently outperforms Comp.Aug across all metrics, indicat-
ing that GraSS more effectively enhances the model’s ability
to recover relevant items in short-session environments. The
combined method (GraSS+Comp.Aug) achieves the highest
MRR@10, suggesting improved ranking quality, although recall
remains slightly lower than GraSS alone. On Diginetica, GraSS
again provides the strongest improvements on Recall@10 and
MRR@10; while the combined method slightly improves Re-
call@20, it does not surpass GraSS in ranking metrics. These
findings suggest that combining both augmentations does not
guarantee additional gains for TA-GNN, especially on datasets
with short and heterogeneous sessions.

Table 5
Comparison of augmentation strategies (GraSS, complementary

augmentation, and their combination) across SR-GNN and TA-GNN

Yoochoose 1/64
Method Recall@10 MRR@10 Recall@20 MRR@20

SR-GNN Baseline 60.04 30.08 70.57 30.94
SR-GNN + GraSS 60.66 30.24 70.99 30.97
SR-GNN + Comp.
Aug 59.60 29.59 70.16 30.34

SR-GNN + GraSS
+ Comp. Aug 60.13 29.89 70.53 30.62

TA-GNN Baseline – – 71.02 31.12
TA-GNN + GraSS 60.82 29.87 71.55 30.63
TA-GNN + Comp.
Aug 60.22 29.88 70.76 30.61

TA-GNN + GraSS
+ Comp. Aug 60.69 30.01 71.11 30.74

Results on SR-GNN. Across both datasets, all augmentation
strategies improve the SR-GNN baseline. GraSS provides the
most substantial improvements (as seen in Table 6), particu-
larly on Diginetica, where it boosts Recall@10 by +5.62% and
MRR@10 by +10.24%. Comp.Aug and the combined variant

Table 6
Comparison of augmentation strategies (GraSS, complementary

augmentation, and their combination) on diginetica

Diginetica
Method Recall@10 MRR@10 Recall@20 MRR@20

SR-GNN Baseline 36.86 15.52 50.73 17.59
SR-GNN + GraSS 38.93 17.11 51.66 17.99
SR-GNN + Comp.
Aug 37.95 16.76 50.50 17.63

SR-GNN + GraSS
+ Comp. Aug 38.08 16.86 50.86 17.74

TA-GNN Baseline – – 51.31 18.03
TA-GNN + GraSS 39.67 17.53 52.63 18.42
TA-GNN + Comp.
Aug 39.06 17.41 51.54 18.27

TA-GNN + GraSS
+ Comp. Aug 39.19 17.41 51.82 18.27

also yield improvements, but their gains are smaller and less
consistent compared to GraSS. On Yoochoose 1/64, GraSS once
again shows the most stable improvements across metrics.

Summary. These experiments demonstrate that targeted aug-
mentation of rare transitions meaningfully enhances session-
based recommendation. Among all strategies, GraSS consis-
tently delivers the largest and most stable improvements, partic-
ularly on short and sparse datasets. Although combining aug-
mentations can sometimes offer additional benefits, GraSS alone
already captures most of the achievable gains. This highlights
the effectiveness of focusing augmentation specifically on infre-
quent transitions rather than applying uniform transformations
across sessions.

4.3. Statistical significance testing

To objectively assess whether incorporating GraSS leads to a
statistically significant improvement over the baseline models
(SR-GNN and TA-GNN), we conducted paired statistical tests
on the performance metrics reported in Table 2. Since the GraSS
variants are constructed directly on top of the baseline methods
and evaluated on the same dataset splits, a paired setting is
appropriate. We formally define the hypothesis as follows:

𝐻0 : E
[
GraSS−Baseline

]
≤ 0,

𝐻1 : E
[
GraSS−Baseline

]
> 0,

where the difference is computed for each matched metric
value (MRR@20 and Recall@20/Precision@20), excluding Re-
call@10 and MRR@10 for TA-GNN due to the unavailability
of these results in the original paper.

Paired t-test. A one-sided paired t-test was conducted to eval-
uate whether the mean performance difference is greater than
zero. The test yields a test statistic of

𝑡 = 3.2398,
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with a corresponding one-sided p-value of

𝑝 = 0.0039.

This result indicates statistical significance at the 5% level, sup-
porting the hypothesis that GraSS improves model performance.

Wilcoxon signed-rank test. Because the number of paired
observations is relatively small, we additionally performed a
non-parametric Wilcoxon signed-rank test. The test statistic was

𝑊 = 72.0,

with a one-sided p-value of

𝑝 = 0.0034.

This result further corroborates the conclusion that GraSS pro-
vides a consistent and statistically significant improvement over
the baseline methods.

Conclusion. Both the parametric and non-parametric tests show
strong statistical evidence that adding GraSS leads to significant
performance gains compared with the baseline models across
the evaluated metrics.

4.4. Effect of GraSS augmentation on the Yoochoose1/64
dataset

To better understand how GraSS influences model behavior, we
conducted an error analysis focusing on Yoochoose1/64 Dataset
cases where the baseline model (trained on the original dataset)
failed to predict the next item correctly, but the model trained
on GraSS-augmented data succeeded.

As can be seen in Table 7, cross the test set, we identified
a total of 1 469 such corrected cases. Remarkably, 1 404 of
them – over 95% – originated from low-occurrence sessions,
i.e., sequences dominated by infrequent items or rare transition
patterns. Only a small subset of corrected cases came from regu-
lar, high-frequency interaction patterns. These statistics suggest
that GraSS primarily strengthens the model ability to handle
underrepresented session behaviors, which aligns with its de-
sign objective of enriching the latent space surrounding rare
transitions. While GraSS does not guarantee improvement for
every individual rare session, the empirical evidence indicates
that training with GraSS makes the model substantially more
capable of resolving prediction errors rooted in data sparsity.

Table 7
Statistics of corrected prediction errors after applying GraSS

on Yoochoose1/64

Statistic Value

Total corrected cases 1 469

Corrected low-occurrence sessions 1 404

Corrected normal-frequency sessions 65

Percentage from low-occurrence sessions 95.6%

5. DISCUSSION
The computational overhead of GraSS arises primarily from the
additional preprocessing and data synthesis steps introduced
before model training. Specifically, computing skip-gram co-
occurrence statistics over all sessions, constructing the skip-
gram graph for low-occurrence transitions, and performing mul-
tiple weighted random walks to generate synthetic sequences
add extra time and memory costs compared to training on the
original data alone. However, these operations are performed of-
fline and only once prior to model training, and their cost scales
linearly with the number of sessions and skip-gram pairs. In
practice, this overhead is modest relative to the overall training
cost of GNN-based session recommenders and can be controlled
through hyperparameters such as the skip-gram window size, the
number of random walks per node, and the walk length.

The threshold 𝜏 used to identify low-occurrence sessions is
a heuristic design choice and is set to the global average skip-
gram weight computed over the training data. We understand
that the choice for this hyperparameter is not theoretically op-
timal, and we recognize that alternative settings may influence
the behavior and effectiveness of the data augmentation pro-
cess. In this work, we adopt this setting as a simple and inter-
pretable, data-driven starting point that distinguishes relatively
infrequent transition patterns from common ones without intro-
ducing additional tunable hyperparameters. While this choice
adapts naturally to datasets with different scales and sparsity
levels, a more systematic investigation of this hyperparameter,
including adaptive or learned alternatives, remains an important
direction for future work.

Although GraSS yields smaller improvements on YooChoose
1/64, isolating the exact cause remains challenging. This behav-
ior may be attributed to multiple interacting dataset properties,
and a deeper analysis is required to draw definitive conclusions.

6. CONCLUSIONS
This paper addressed a key challenge in session-based recom-
mendation using graph neural networks: their inherent difficulty
in effectively learning from and recommending items involved
in infrequent session interactions. Conventional GNN models
often underrepresent or neglect the unique patterns within in-
frequent transition sessions, leading to biased recommendations
towards popular items. We proposed GraSS (graph-based skip-
gram synthesizer), a novel method designed to mitigate this lim-
itation through targeted data augmentation. By analyzing item
co-occurrence within sessions using a skip-gram approach and
constructing a graph specifically from identified rare transitions,
GraSS synthesizes additional training examples that provide the
GNN model with a more balanced view of infrequent behav-
iors. Our approach yields a significant advantage: the resulting
system not only maintains strong performance on commonly
interacted-with items but also substantially improves its ability
to accurately recommend items considered rare or those appear-
ing in less frequent sequential patterns.

Experimental evaluation conducted on widely-used bench-
mark datasets demonstrated the effectiveness of GraSS. Our
method consistently achieved superior recommendation perfor-
mance for next-item prediction tasks (e.g., top-k recommen-
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dation) compared to baseline GNN approaches that do not in-
corporate such specific data augmentation for rare interactions.
Future work will focus on exploring alternative strategies for
synthesizing infrequent transition sequences, investigating the
application of GraSS with different graph neural network archi-
tectures, and evaluating its performance and adaptability across
a wider variety of datasets exhibiting diverse types of sparsity
and user behaviors. Continued optimization of the augmenta-
tion process remains a key area to further push the boundaries
of prediction accuracy for both common and infrequent items.
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