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Abstract
Session-based recommendation systems (SBRS) effectively capture
user’s short-term intent from interaction sequences, yet their re-
liance on session level interactions often limits the modeling of
stable long-term user preferences. While recent LLM-augmented
recommender systems enrich item representations, effective person-
alization beyond session signals remains challenging, particularly
in sparse-data settings where explicit user profiles are unavail-
able. We propose a persona-driven session-based recommendation
framework that integrates latent user personas inferred from a
heterogeneous knowledge graph (KG) into a data-driven SBRS. Our
approach follows a two-stage pipeline. First, in the personalized
information extraction stage we construct a heterogeneous KG
combining user-item interactions, item-item relations, item-feature
associations, and external metadata from DBpedia. Using LLM-
derived item embeddings as initialization for item nodes, we learn
latent user personas in an unsupervised manner via a Heteroge-
neous Deep Graph Infomax objective. Second , in the personalized
information utilization stage, persona representations are incor-
porated into a modified SBRS for personalized candidate genera-
tion, followed by re-ranking with a sequential model to preserve
short-term session intent. Experiments on the Amazon Books and
Amazon Movies & TV datasets show consistent performance gains
across standard ranking metrics compared to baseline methods.
These results demonstrate the effectiveness of integrating LLM-
enhanced heterogeneous knowledge graphs with latent persona
modeling for session-based recommendation.
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1 Introduction
Session-based recommendation systems (SBRS) have become a
dominant paradigm for capturing short-term user intent through
interaction sequences, especially in environments characterized
by sparse, unreliable, or non-existent long-term historical data.
By emphasizing on recent item sequences, SBRS methods capture
transient preferences such as immediate goals and contextual inter-
ests. However, a fundamental limitation of most existing SBRS ap-
proaches is their emphasis on session level interactions while under
utilizing stable user preference signals accumulated across histori-
cal interactions. As a result, it constrains personalization especially
in sparse data, and cold-start scenarios, or when user behavior is
distributed across disjoint sessions. Recent work has attempted to
enrich SBRS with side information or user representations, yet the
majority of approaches remain predominantly sequence-centric
[19, 20, 22, 52, 54]. As a result, they struggle to disentangle short-
term intent from longer-term preference signals. In practice, user
behavior is shaped not only by immediate session context but also
by latent user personas-relatively stable patterns such as brand affin-
ity, aspect-level preferences, stylistic things, or domain-specific in-
clinations. Explicitly modeling such personas is essential for robust
personalization, but is relatively under-explored in SBRS. Effective
SBRS requires a mechanism to integrate long-term user preferences
with short-term session dynamics, in a way that is efficient, inter-
pretable, and robust across sparse data conditions.
In this work, we propose a persona-aware SBRS framework that in-
corporates heterogeneous knowledge graphs (KG) and LLM-derived
representations for personalized recommendation. Our key insight
is that latent user personas represents stable, long-term user pref-
erences which can be inferred from a rich heterogeneous KG that
encodes multi-relational links between users, items, item attributes,
and external knowledge sources such as DBpedia. These structured
relationships capture stable patterns such as genre affinity, stylistic
preferences, or topical interests, which pure sequence models often
overlook. To this end, we construct a heterogeneous KG integrating
three types of information: (i) time-independent user–item inter-
actions, (ii) item–item relational structure, and (iii) item–feature
associations drawn from metadata sources such as DBpedia [13].
To learn the latent user persona representations, we first initialize
the item nodes and item meta-data nodes in the KG with LLM-
derived embeddings and then obtain user persona using a Het-
erogeneous Deep Graph Infomax (HDGI) objective [25], which
captures high-level structural semantic information in an unsuper-
vised manner. Next, we utilize the generated user persona along
with LLM-based item representation within SBRS (data-driven).
Persona embeddings enrich the retriever with explicit preference
cues, while LLM-based item representations capture fine-grained
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semantics essential for high-quality candidate generation. To fur-
ther refine predictions, we incorporate reranking using the base
SBRS to provide benefit of short-term intent. Our contributions
are: (1) Persona-aware SBRS, which combines session intent with
KG-derived long-term preferences; (2) KG-grounded user per-
sona modeling, which infers user personas using HDGI over a
heterogeneous KG; and (3) Hybrid KG-LLM retrieval, which
integrates KG-derived user personas and LLM-derived item embed-
dings for recommendation. Unlike prior SBRS methods that rely
solely on sequential behavior or text-derived user representations,
our approach infers user personas from structured relational KG
and integrates them with LLM-derived item semantics. By unifying
heterogeneous KG with LLMs, it closes the gap between short-term
intent modeling and long-term preference understanding, offering
a robust solution for modern recommendation environments.

2 Related Work
Session-based Recommendation SBRS infer user preferences
from interaction sequences, where long-term user profiles are lim-
ited or unavailable. Early approaches relied on Markov chain [8, 11]
and collaborative filtering based models [4, 37]. With the advance-
ments of deep learning, models such as GRU4Rec [9], Caser [28] ,
SASRec [12] , SRGNN [48] and BERT4Rec [27] have achieved signif-
icant improvement by leveraging recurrent neural networks, self-
attention mechanism [30] and graph-structured representations
[5–7, 23, 39]. More recent graph based approaches such as GCE-
GNN [44], LESSR [3], and TAGNN [51], further improve session
representation learning by modeling item transitions and target-
aware dependencies within sessions.
Moreover, several studies have explored personalized session recom-
mendation by incorporating user aware representations into SBRS
[46, 49]. For example, SSE-PT [46] incorporates personalized user
embeddings into transformer based recommendation, while [49]
leverage user aware graph representations. Despite these advances,
these methods learn user representations directly from interac-
tion histories and largely overlook structured relational knowledge.
KG enhanced Recommendation KG based recommendations
enrich the sparse user-item interactions by incorporating struc-
tured relations among items, item metadata, and attributes, par-
ticularly benefiting cold-start scenarios [50]. Representative ap-
proaches include RippleNet [33], KGCN [35], KGAT [40], and MKR
[34], which leverage KG reasoning, graph message passing, and
joint KG-recommendation learning. Furthermore, KG-based ap-
proaches mitigate hallucinations and improve generalization and
interpretability in LLM-based tasks[1]. In parallel, DGI [31] and
its heterogeneous extension HDGI [25] learn node representations
in an unsupervised manner by maximizing local-global mutual in-
formation, offering a scalable way to derive rich embeddings from
heterogeneous structures without labels.
LLM augmented Recommendation LLMs have become increas-
ingly important in recommendation systems due to their semantic
understanding and reasoning capabilities [18, 22, 24, 36, 41]. Exist-
ing work applies LLMs to feature enrichment [22, 26], candidate
generation [10], ranking [42], and explanation [17, 47], often by en-
coding item metadata into dense semantic representations [14, 16].
Other approaches infer user preferences through history summa-
rization [2], pseudo-profile generation [32, 45], reasoning over past

interactions [21], or chain-of-thought prompting [19]. However,
these methods typically depend on online LLM inference and may
produce personas lacking structural grounding and interpretability.
Recent studies have explored combining KG and LLMs for recom-
mendation [15, 38, 53], yet most rely on long user histories and
are not designed for session-based settings. In contrast, we learn
user personas from a heterogeneous KG enabling user representa-
tions to capture semantic and relational preference signals beyond
behavioral interaction histories, using HDGI with LLM-derived
item embeddings and integrate them into SBRS for personalized
candidate generation and session aware re-ranking.

3 Problem Formulation
Suppose that S denotes the set of all sessions containing user-item
interactions (e.g. click/rated), and I denotes the set of 𝑛 items ob-
served in S. A session 𝑠 ∈ S is represented as an ordered sequence
of interactions 𝑠 = (𝑖𝑠,1, 𝑖𝑠,2, . . . , 𝑖𝑠, |𝑠 |), where 𝑖𝑠,𝑗 ( 𝑗 = 1 . . . |𝑠 |) ∈
I, denotes the 𝑗𝑡ℎ item in session 𝑠 . The objective of SBRS is to
predict the next item 𝑖𝑠, |𝑠 |+1 by estimating an 𝑛-dimensional rele-
vance vector ŷ𝑠, |𝑠 |+1. The top-𝐾 highest-scoring items are returned
as recommendations.
Heterogeneous KG: A heterogeneous KG is a multi-relational
graph G = (V, E, 𝜙,𝜓 ) in which each node 𝑣 ∈ V and each edge
𝑒 ∈ E has a type specified by the mappings𝜙 : V→T𝑉 (node types)
and𝜓 : E→T𝐸 (edge types). A graph is considered heterogeneous
if it contains multiple node or edge types, i.e.,|T𝑉 | + |T𝐸 | ≥ 2. Nodes
may contain attribute information represented by an initial feature
matrix: X. Heterogeneous Graph Representation Learning: Given G
and X, the goal of heterogeneous representation learning task is
to learn the low dimensional node representations H ∈ R |V |×𝑑

which contains both structure information from graph G and se-
mantic information encoded in X.

4 Proposed Approach
In this work, our goal is to effectively leverage KG-grounded user
personas/preferences and rich item semantics to improve SBRS
under settings where long-term user preferences are only available
through historical interactions The input consists of a set of ses-
sions S, a heterogeneous KG, G = (V, E, 𝜙,𝜓 ) which integrates
time-independent user-item interactions, item-item relations (e.g.,
also-buy, also-view), and item-feature associations (e.g. brands, cat-
egory), and external semantic metadata derived from DBPedia [13]).
Using this graph, we infer a KG-grounded user personas that cap-
ture latent user personas. Additionally, we derive semantic item
embeddings using large language models (LLMs) from textual sig-
nals such as product descriptions and metadata.

Inspired by CoTRec [19], as shown in Figure 1, our framework
consists of two stages, (i) Stage-1 Personalized Information Extrac-
tion, which constructs an LLM-initialized heterogeneous KG and
learns KG-grounded user personas through unsupervised represen-
tation learning and (ii) Stage-2 Personalized Information Utilization,
which leverages the extracted persona and LLM based semantic
signals in a data-driven SBRS and rerank it using a base SBRSModel.
The framework uses KG-driven persona modeling to capture user
personas beyond short-term session signals, while using the base
sequential model as the reranker.
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Figure 1: Overview of persona-aware SBRS framework.

Stage-1 Personalized Information Extraction: Existing meth-
ods primarily rely on item interaction sequences to infer user intent.
We leverage heterogeneous KG to infer user personas that reflect
stable, long-term user preferences derived from semantic and re-
lational information. We construct a hybrid KG that integrates
time independent user-item interaction signals and item meta data
form external knowledge sources such as DBpedia [13] and items
viewed/rated by same user. We utilize Amazon-KG [43]1 which en-
riches Amazon interaction data with structured information derived
from DBPedia. This hybrid KG encodes time-independent user pref-
erences, complementing session-based interaction sequences that
primarily capture short-term intent. To incorporate semantic infor-
mation, item and metadata nodes are initialized with LLM-derived
embeddings obtained from textual descriptions. This injects seman-
tic knowledge into the heterogeneous KG and aligns different node
types within a shared embedding space. Since users do not possess
textual profile, descriptions, user embeddings are randomly initial-
ized and learned through graph-level self-supervision. To capture
rich and semantically grounded user preferences from the hetero-
geneous KG, we employ an unsupervised representation learning
framework based on HDGI [25]. Following [25], the heterogeneous
KG consists of multiple node types (e.g., users, items, attributes,
entities) and relation types. HDGI utilizes meta-path structures
to capture semantic connectivity patterns across heterogeneous
nodes. For a given relation type 𝑟 , the neighborhood aggregation
is performed through a graph convolution module specialized for
heterogeneous graphs. After HDGI training, we directly extract
the embeddings of the user nodes from the shared heterogeneous
representation space to represent user personas. Because HDGI
incorporates meta-path semantics, graph convolution aggregation,
and mutual-information-based contrastive learning, the resulting
embeddings encode multi-hop, multi-relational preference signals.

Stage-2 Personalized Information Utilization: In this stage,
we utilize the KG-aware User Personas and the LLM based Item em-
beddings generated in Stage-1, to retrieve the top-K candidate items
using data-driven SBRS. Inspired by the personalized information

1https://github.com/WangYuhan-0520/Amazon-KG-v2.0-dataset

Table 1: Statistics of the datasets used for experiments.
Datasets #users #items #interactions #entities #triples
Amazon-Movies & TV 10,849 3,672 87,376 45,528 209,630
Amazon-Books 1,624 1,345 10,947 8,660 22,830

utilization framework of CoT-Rec [19], we inject the personalized
information into a data-driven SBRSmodel for candidate generation.
However, unlike CoT-Rec, which utilizes personalized information
within an LLM-powered recommendation framework, we incor-
porate KG-aware user personas directly into SBRS. To introduce
long-term preference information into session modeling, the KG-
aware user persona representation is incorporated as an additional
input to the SBRS architecture together with the item embeddings
in the session. By jointly encoding persona information and session
interactions, the model learns representations that capture both sta-
ble user preferences and sequential behavioral dependencies. The
retrieved candidate items are further refined using the base SBRS
as the reranker to focus more on short-term intent. Given a session
sequence the sequential model encodes the session context and
computes relevance scores for candidate items. The model outputs
relevance scores over the candidate set and the top-K items are
returned as the final recommendations. By combining KG-derived
persona embeddings with SBRS, the proposed framework enables
the retriever to utilize both short-term behavioral signals and long-
term preference information encoded in the KG.

5 Experimental Evaluation
Dataset and Evaluation Metrics: We evaluate our framework on
two publicly available benchmark datasets: Amazon Movies & TV
and Amazon Books from the Amazon Reviews 2. Following prior
session-based recommendation work, interactions are chronologi-
cally ordered and users/items with fewer than five interactions are
removed. These datasets contain user-item interaction sequences
and rich item metadata such as titles, categories, and descriptions.
The statistics of datasets are provided in Table 1. We report stan-
dard top-𝐾 recommendation metrics including Hit Rate (HR@K),
Normalized Discounted Cumulative Gain (NDCG@K), and Mean
Reciprocal Rank (MRR).

To model long-term user preferences, we construct the hetero-
geneous KG, using Amazon-KG 3, which enriches interaction data
with structured item attributes and entity relations derived from
DBpedia. The graph contains user, item, and metadata entities con-
nected through multiple semantic relations. In our heterogeneous
KG, each user node is connected to the items’ nodes that user had
interacted with and item nodes are further connected to their cor-
responding metadata entities (e.g., author, director, genre, subject,
category). Unlike user nodes, item and metadata nodes possess rich
textual information that conveys semantic meaning. During train-
ing, semantic information from LLM-initialized item and metadata
nodes propagates through the graph structure to user nodes via
user-item and item-metadata connections. As a result, the learned
user embeddings capture both the interaction behavior of users and
the semantic characteristics of the items they engage with. This
design combines the complementary strengths of LLMs and graph
representation learning: LLMs provide semantically meaningful

2https://cseweb.ucsd.edu/~jmcauley/datasets/amazon_v2/
3https://github.com/WangYuhan-0520/Amazon-KG-v2.0-dataset

https://github.com/WangYuhan-0520/Amazon-KG-v2.0-dataset
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Table 2: Comparison of baseline and proposed methods.

Method 𝒌
User

Embedding
Item

Embedding
Amazon Movies & TV Amazon Books
HR NDCG MRR HR NDCG MRR

Vanilla SASRec 10 None Random 0.1302 0.0752 0.0585 0.1693 0.1109 0.093
SASRec + LLM Item Embeddings 10 None Description (LLM) 0.1314 0.0774 0.061 0.1791 0.1075 0.0857

SASRec + Random User Embeddings 10 Random Description (LLM) 0.1116 0.0624 0.0473 0.1711 0.1005 0.0788
SASRec + LLM User Profile 10 LLM Description (LLM) 0.1171 0.0648 0.049 0.1785 0.1077 0.086
Proposed: Persona SASRec 10 KG+LLM Description (LLM) 0.1327 0.0764 0.0593 0.1773 0.1101 0.0894

Persona SASRec + ReRanking 10 KG+LLM Description (LLM) 0.1327 0.0776 0.0609 0.1773 0.1123 0.0925
Vanilla SASRec 100 None Random 0.3665 0.1220 0.0666 0.4254 0.1607 0.1012

SASRec + LLM Item Embeddings 100 None Description (LLM) 0.3639 0.1235 0.069 0.427 0.1559 0.0939
SASRec + Random User Embeddings 100 Random Description (LLM) 0.3507 0.1097 0.0555 0.4347 0.1525 0.0877

SASRec + LLM User Profile 100 LLM Description (LLM) 0.3527 0.111 0.0568 0.4384 0.1588 0.0948
Proposed: Persona SASRec 100 KG+LLM Description (LLM) 0.3697 0.1229 0.0672 0.4427 0.1622 0.0982

Persona SASRec + ReRanking 100 KG+LLM Description (LLM) 0.3697 0.1236 0.0677 0.4427 0.1641 0.1016

initial representations for textual entities, while HDGI leverages
the heterogeneous graph structure to propagate this information
and infer latent user personas from multi-relational interactions.

Baselines and Personalization Strategies: To evaluate the
effectiveness we compare several SASRec [12] variants to isolate
the contributions of semantic item representations and user per-
sonalization. Specifically, we consider: Vanilla SASRec without
explicit user modeling; SASRec with LLM-derived item embed-
dings; SASRec with randomly initialized user embeddings; SAS-
Rec with LLM-generated user profiles; Persona-SASRec, which em-
ploys HDGI-derived KG personas with LLM item embeddings; and
Persona-SASRec+Rerank, which further applies reranking using
base SASRec model to better capture short-term session intent.

Hyperparameter Setup:We use Qwen-3-8B [29]4 model wher-
ever an LLM call is required for text generation, andQwen3-Embedding-
8B5 for generating text embeddings. Our base SBRSmodel is SASRec
[12]. We use validation data for hyperparameter selection using
NDCG@10 as the performance metric for all approaches. We tuned
the architectural parameters over Transformer depth 𝐿 ∈ {2, 3, 4},
hidden dimensionality𝑑 ∈ {64, 128, 256}, number of attention heads
{2, 4}, and dropout rates {0.1, 0.2, 0.3, 0.5}. The results shown in
Table 2 correspond to the configuration with 𝑑𝑡 = 64, dropout = 0.1,
learning rate = 1𝑒 − 3, and 𝐿 = 2. All models were trained using the
Adam optimizer.

5.1 Results and Discussion
Table 2 compares the performance of different user representation
strategies used with SBRS. The results demonstrate that incorpo-
rating KG-derived user personas consistently improves recommen-
dation performance across both datasets.
The inclusion of KG-based user preference embeddings leads to
higher HR@100 across both datasets, this suggests that the hetero-
geneous KG captures stable long-term user preferences through
relational signals, enabling the retriever to generate more relevant
candidate items. We further observe that LLM-derived item embed-
dings often achieve better retrieval performance than randomly
initialized item embeddings, particularly in terms of candidate re-
call. While improvements are not uniform across all datasets and

4https://huggingface.co/Qwen/Qwen3-8B
5https://huggingface.co/Qwen/Qwen3-Embedding-8B

metrics, the results suggest that LLM-generated descriptions pro-
vide complementary semantic signals that help identify related
items besides interaction data.
For the Amazon Books dataset, improvements in HR@10 are rel-
atively modest due to the high sparsity of interaction data. The
heterogeneous KG introduces additional relational signals that al-
low the retriever to identify more relevant items, including long-tail
items connected through semantic relations (i.e., better HR). How-
ever, these items may appear lower in the ranked list (i.e., low
NDCG and MRR), making the improvement more visible when the
candidate cutoff increases to k=100.
After candidate retrieval, we apply reranking using vanilla SAS-
Rec. Although the reranker does not directly use KG-based per-
sona information, it improves MRR and NDCG, which measure the
ranking quality within the candidate set. These results indicate that
persona-aware retrieval primarily contributes to candidate retrieval
and coverage, whereas sequential reranking contributes to ranking
quality. This improvement occurs because vanilla SASRec models
sequential dependencies within the session, allowing the model
to rank better candidate items according to the user’s short-term
intent. This also supports the motivation of explicitly separating
long-term preference modeling from short-term intent modeling in
session-based recommendation.
In conclusion, the results demonstrate that combining KG-derived
persona representations with LLM-based item semantics yields
more effective candidate retrieval than relying on session interac-
tions alone. Although the observed improvements are moderate
on certain metrics, the gains are consistent across datasets and re-
trieval cutoffs, highlighting the complementary nature of structured
knowledge, semantic representations, and sequential recommenda-
tion models.

6 Conclusion
We presented a persona-aware SBRS framework that combines KG-
derived user personas learned with HDGI and LLM-based item se-
mantic representations. Experiments on Amazon Books and Movies
& TV demonstrate consistent improvements over sequential base-
lines, highlighting the benefits of integrating structured knowl-
edge with semantic representations. Future work will investigate
stronger persona-session fusion mechanisms and comparisons with
additional personalized session-based recommendation baselines.

https://huggingface.co/Qwen/Qwen3-8B
https://huggingface.co/Qwen/Qwen3-Embedding-8B
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