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A B S T R A C T

Zero-shot cross-domain sequential recommendation aims to transfer sequential knowledge from an interaction-

rich source domain to interaction-unseen target domains without any target-domain interaction data during 

training. Recent large language model (LLM)-based methods have improved this setting by leveraging item-side 

semantic information. However, existing alignment strategies typically enforce uniform cross-domain attraction 

over all item pairs. Such non-selective alignment may distort the latent semantic structures and weaken the 

domain-specific discrimination, especially when semantically weakly related items are forced to align. To address 

this issue, we propose SAGERec, a similarity-aware generalization framework for zero-shot cross-domain sequen­

tial recommendation. SAGERec mainly comprises a Similarity-Aware Inter-domain Compactness (SIC) module that 

selectively aligns the semantically compatible cross-domain item pairs, and a Domain-Adaptive Generalization

(DAG) module that dynamically adjusts the strength of semantic regularization according to the discrepancy 

between the source and target domains. In this way, the proposed framework facilitates reliable transfer while 

reducing noisy cross-domain attraction. Extensive experiments on multiple real-world datasets and representative 

sequential recommendation backbones demonstrate that SAGERec consistently improves recommendation per­

formance within backbone families and achieves the best overall results across zero-shot transfer settings. Further 

analyses indicate that, compared with existing semantic-based and generalization-based baselines, SAGERec 

yields more structured cross-domain alignment and a more favorable efficiency–effectiveness trade-off.

1 . Introduction

Sequential recommendation aims to model users’ dynamic pref­

erences from historical interactions and has become a fundamental 

component of modern recommender systems [1,2]. However, most ex­

isting sequential recommenders are developed under the assumption 

that sufficient interaction data are available within a specific domain for 

model training and adaptation [3–6]. In practice, this assumption is fre­

quently violated. For example, when models trained on interaction-rich 

domains are deployed to newly emerging services or privacy-constrained 

platforms, the target-domain interactions may be sparse or entirely un­

available. Therefore, a primary challenge is how to effectively transfer 

knowledge from a high-resource source domain to support recommen­

dations in a low-resource target domain [7].

Cross-Domain Sequential Recommendation (CDSR) addresses the 

aforementioned issue by transferring preference signals across domains. 

Nevertheless, most existing CDSR methods still rely on overlapping users 

or items, or require target-domain interactions for model adaptation [7]. 

These requirements restrict their applicability in realistic deployment 

scenarios, which motivates a practical and challenging setting, namely 

Zero-shot Cross-Domain Sequential Recommendation (ZCDSR). In this set­

ting, a model trained on an interaction-rich source domain is directly 

transferred to a previously unseen target domain without using any 

target-domain interaction data for optimization, while only the item-side 

content is available for transfer [8]. This objective is particularly chal­

lenging for sequential recommendation as the model must generalize 

across domains with substantial semantic and behavioral discrepan­

cies while preserving sequential dependency patterns learned from the 

source domain.

Naturally, item-side content becomes a key source of transferable 

signals for ZCDSR. Although recent content-enhanced recommendation 
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studies have exploited auxiliary item signals to better model user prefer­

ences [9,10], these signals still need to be transformed into transferable 

representations for bridging heterogeneous domains. Advances in large 

language models (LLMs) provide a more direct semantic pathway for 

this purpose, owing to their strong semantic understanding and gen­

eralization ability acquired through large-scale pretraining [11,12]. By 

encoding item-side metadata, such as titles, descriptions, and attributes, 

into dense semantic representations, LLMs make it possible to construct a 

shared semantic space across domains even without user or item overlap. 

This capability is especially appealing in zero-shot settings, where target-

domain interactions are unavailable for training while item content is 

accessible at deployment time. Motivated by this advantage, recent stud­

ies have begun to explore LLM-driven zero-shot recommendation and 

have shown that pretrained semantic representations can substantially 

improve transferability to unseen domains [8,13,14].

However, existing semantic generalization methods typically ap­

proach the cross-domain transfer in a rigid and uniform manner, mainly 

manifested at two levels. At the item level, they impose a global 

alignment between the source and target semantic spaces without distin­

guishing the varying degrees of semantic compatibility among specific 

item pairs. Such non-selective alignment overlooks the fine-grained 

structure of cross-domain relations. Specifically, the highly compatible 

pairs provide reliable transfer signals while the weakly related pairs may 

introduce semantic noise and lead to negative transfer. At the domain 

level, existing approaches consistently apply a fixed regularization strat­

egy. This assumes that the trade-off between recommendation accuracy 

and generalization strength remains constant across different target do­

mains. Such a one-size-fits-all strategy fails to account for the substantial 

semantic gaps caused by differences in catalog structure, content modal­

ity and linguistic style. These limitations highlight the critical need for 

a new ZCDSR framework. Rather than relying on indiscriminate align­

ment, an effective solution can dynamically adapt its transfer strength 

based on specific discrepancies at both the item and domain levels.

To address the above challenges, we propose SAGERec, a

Similarity-Aware GEneralization framework for zero-shot cross-domain 

sequential recommendation, which systematically resolves the limita­

tions of existing methods at both the item and domain levels. First, 

to address the item-level problem of non-selective alignment, we de­

sign a similarity-aware semantic generalization objective. Within this 

objective, a Similarity-Aware Inter-domain Compactness (SIC) term se­

lectively aligns semantically compatible cross-domain item pairs ac­

cording to thresholded semantic affinity in the LLM embedding space, 

while an intra-domain diversity preservation term counteracts over-

compression and retains the fine-grained item discrimination within 

each domain. Second, to address the domain-level problem of static reg­

ularization across heterogeneous domain pairs, we introduce a Domain-

Adaptive Generalization (DAG) mechanism. DAG dynamically modulates 

the strength of semantic regularization according to the estimated dis­

crepancy between the source and target domains, allowing stronger 

transfer across semantically close domains while encouraging more 

conservative alignment for distant ones. Ultimately, SAGERec offers a 

plug-and-play solution. It can be seamlessly incorporated into existing 

encoder-based semantic-sequential recommenders without modifying 

the backbone architecture. Extensive experiments on three real-world 

datasets show that SAGERec consistently outperforms the semantic-

based and generalization-based baselines in zero-shot transfer scenarios.

The main contributions of this work are summarized as follows:

• We propose a Similarity-Aware GEneralization framework for 

ZCDSR, named SAGERec, which enhances the LLM-based 

semantic-sequential transfer pipeline by incorporating a similarity-

aware semantic regularization into the transfer process.

• We design a Similarity-Aware Inter-domain Compactness mecha­

nism to address the issue of non-selective cross-domain alignment, 

thereby reducing the noisy attraction by preventing weakly related 

items from being overly aligned.

• We introduce a Domain-Adaptive Generalization mechanism to ad­

dress the limitation of static regularization across heterogeneous 

source-target domain pairs, thereby enabling the transfer strength 

to adapt to varying degrees of semantic discrepancy across do­

mains.

• Extensive experiments on three real-world domains and representa­

tive sequential backbones verify the effectiveness, robustness, and 

efficiency of SAGERec, with additional analyses on sensitivity, rep­

resentation structure, encoder backbones, and qualitative item-pair 

cases.

The remainder of this paper is organized as follows. Section 2 reviews 

the related work. Section 3 formulates the problem definition. Section 4 

details the proposed SAGERec framework. Subsequently, Section 5 re­

ports the experimental results and analysis. Finally, Section 6 concludes 

the paper and discusses future directions.

2 . Related work

2.1 . Cross-domain sequential recommendation

Cross-domain sequential recommendation (CDSR) aims to improve 

recommendation quality by transferring sequential preference signals 

across domains, and has been widely studied as an effective solution 

to data sparsity and cold-start issues. Early methods such as 𝜋-Net [15] 

and PSJNet [16] mainly rely on explicit information sharing across do­

mains, while later approaches such as C2DSR [17] further incorporate 

graph modeling and contrastive learning to capture richer cross-domain 

dependencies. More recent studies have sought to relax the assump­

tions of conventional CDSR. For example, AMID [18] points out that 

many existing CDSR methods still depend on restrictive conditions such 

as overlapping users or stable train–test distributions, which may not 

hold in realistic environments. ADR-Rec [19] further improves CDSR 

by disentangling domain-specific and cross-domain preferences and 

dynamically controlling cross-sequence information with a gating mech­

anism. A recent survey [7] also shows that CDSR is gradually evolving 

toward more open and realistic transfer settings. Nevertheless, most ex­

isting CDSR methods still require some form of cross-domain overlap or 

target-domain interaction signal for adaptation, and are therefore not 

well suited to the more challenging setting where the target domain is 

previously unseen and no interaction data are available during training.

2.2 . Zero-shot recommendation

Zero-shot recommendation studies how to generalize recommenda­

tion models to unseen users, unseen items, or entirely new domains with­

out conventional supervised adaptation. Early work such as ZESRec [20] 

explicitly formulates zero-shot recommendation without overlapping 

users or items, while MAIL [21] addresses zero-shot cold-start recom­

mendation through aligned auxiliary representations. Another related 

line focuses on transferable or pre-trained recommenders for zero-shot 

generalization. For example, PrepRec [22] improves transferability by 

exploiting universal interaction statistics and pre-trained sequential rep­

resentations. UniSRec [23] learns universal sequence representations 

from item description text with a lightweight item encoding architec­

ture and an MoE-enhanced adapter, making it a strong text-enhanced 

transferable recommendation baseline. In addition, prompt-oriented 

paradigms such as P5 [24] and SCRIPT [25] further extend this direction 

by reformulating recommendation tasks into prompt-based prediction or 

generation problems. More recently, TCLF [26] highlights that, in the ab­

sence of target-domain interaction supervision, item content becomes a 

crucial bridge for zero-shot transfer, and richer alignment signals be­

yond pure content similarity can better support preference transfer. 

Although these studies demonstrate the importance of transferable se­

mantic representations, they are not specifically designed for zero-shot 

cross-domain sequential recommendation, nor do they explicitly address 

how to organize and align cross-domain semantics under sequential 

transfer.
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2.3 . LLM-based recommendation

The rapid development of large language models (LLMs) has stimu­

lated extensive research on LLM-based recommendation [11]. Existing 

approaches broadly follow two paradigms: generative recommenda­

tion, which uses LLMs as recommenders or ranking agents, such 

as TALLRec [27], GenRec [28], LlamaRec [29], and zero-shot con­

versational recommendation [30]; and encoder-based recommenda­

tion, where LLMs provide semantic embeddings for recommenders. 

Generative methods rely on instruction tuning, prompting, or au­

toregressive decoding, whereas our work follows the encoder-based 

paradigm and uses LLM-derived item representations as transferable 

semantic priors for downstream sequential recommendation. Harte 

et al. [31] show that LLM-derived embeddings improve sequential 

recommendation, while LLM-ESR [32] demonstrates cached semantic 

features enhance recommendation without extra inference overhead. 

Safar et al. [33] further show that LLM-generated semantic embed­

dings with FAISS-based similarity search improve recommendation 

quality and retrieval efficiency across domains, highlighting the value 

of high-quality semantic representations for downstream recommenda­

tion and retrieval. Closely related to our work, LLM-RecG [8] studies 

zero-shot cross-domain sequential recommendation and identifies do­

main semantic bias as a key transfer obstacle. These studies confirm 

that LLM-derived semantic representations offer a foundation for zero-

shot cross-domain recommendation. However, existing methods still 

largely rely on uniform semantic generalization and pay limited at­

tention to transfer heterogeneity across semantically different item 

pairs and domain pairs, motivating our similarity-aware and domain-

adaptive framework for robust zero-shot cross-domain sequential

transfer.

3 . Problem definition

We study zero-shot cross-domain sequential recommendation 

(ZCDSR), where a model is trained on a source domain and transferred 

to a previously unseen target domain without using any target-domain 

interaction data for parameter optimization. The core challenge is to 

learn transferable sequential knowledge from an interaction-rich source 

domain and generalize it to a target domain where only source-domain 

interaction supervision is available during training.

We denote the source domain by 

𝐷𝑠 = (𝑈 𝑠, 𝑉 𝑠, 𝑋𝑠,S𝑠) , (1)

where 𝑈 𝑠 and 𝑉 𝑠 denote the user set and item set, respectively, 𝑋𝑠 de­

notes the textual metadata of source-domain items, and S𝑠 denotes the 

set of source-domain user interaction sequences. For each user 𝑢𝑠 ∈ 𝑈 𝑠, 

the interaction sequence is written as 

𝐬𝑢𝑠 = [𝑣𝑠𝑢𝑠 ,1, 𝑣
𝑠
𝑢𝑠 ,2,… , 𝑣𝑠𝑢𝑠 ,𝑇𝑢𝑠 ], (2)

where 𝑣𝑠𝑢𝑠 ,𝑖 ∈ 𝑉 𝑠 is the item interacted with at position 𝑖, and 𝑇𝑢𝑠  denotes 

the sequence length of user 𝑢𝑠.
Similarly, the target domain is denoted by 

𝐷𝑡 =
(

𝑈 𝑡, 𝑉 𝑡, 𝑋𝑡,S 𝑡) , (3)

where 𝑈 𝑡, 𝑉 𝑡, 𝑋𝑡, and S 𝑡 are defined analogously for the target domain. 

In addition to the current target domain, we consider a set of auxiliary 

domains, denoted by 

D𝑎 = {𝐷𝑎1 , 𝐷𝑎2 ,… , 𝐷𝑎𝑀 }, (4)

where each auxiliary domain is a non-source domain that is not selected 

as the evaluation target in the current zero-shot task. For notational 

convenience, we define the set of all non-source domains as 

D𝑛𝑠 = {𝐷𝑡} ∪D𝑎. (5)

Following the zero-shot setting, all non-source domains are disjoint 

from the source domain in both users and items: 

∀𝐷𝑞 ∈ D𝑛𝑠, 𝑈 𝑠 ∩ 𝑈 𝑞 = ∅, 𝑉 𝑠 ∩ 𝑉 𝑞 = ∅. (6)

During training, only source-domain interaction sequences S𝑠 are 

available for supervised recommendation learning, while for each non-

source domain 𝐷𝑞 ∈ D𝑛𝑠, only item-side metadata 𝑋𝑞  is assumed to 

be available. Accordingly, the model cannot rely on interaction-based 

adaptation in the target domain, but must instead learn transferable se­

quential preference patterns from the source domain and generalizable 

item semantics from item-side information across domains.

Formally, let 𝑓Θ(𝐬, 𝑣) denote a parameterized scoring function that 

maps an interaction sequence 𝐬 and a candidate item 𝑣 to a real-valued 

relevance score. For notational simplicity, let 𝑋 = {𝑋𝛿}𝐷𝛿∈{𝐷𝑠}∪D𝑛𝑠  de­

note the collection of item-side metadata from all domains. The goal 

of ZCDSR is to learn the optimal parameters Θ∗ by jointly optimiz­

ing a source-domain recommendation objective and a cross-domain 

generalization objective: 

Θ∗ = argmin
Θ

Lrec(Θ;S𝑠, 𝑋) + Ω(Θ;𝑋) Lgen(Θ;𝑋) , (7)

where Lrec denotes the source-domain recommendation objective de­

fined over training instances derived from S𝑠, Lgen denotes a cross-

domain generalization objective induced by item-side information from 

all domains, and Ω(Θ;𝑋) denotes a balancing term that controls the 

contribution of cross-domain generalization. Here, Lrec and Lgen are 

task-level abstractions, whose concrete formulations will be specified 

in the method section.

At inference time, the historical interaction sequence of a target-

domain user is assumed to be observable. The learned scoring function 

is then applied to target-domain next-item ranking: 

𝑓Θ∗ ∶ S 𝑡 × 𝑉 𝑡 → R, (8)

which assigns a relevance score 𝑓Θ∗ (𝐬𝑢𝑡 , 𝑣𝑡) to each candidate item 𝑣𝑡 ∈
𝑉 𝑡 conditioned on the observed target-domain interaction history 𝐬𝑢𝑡 ∈
S 𝑡, and ranks candidate items accordingly.

4 . Method

Under the zero-shot protocol defined in Section 3, the goal is to 

transfer sequential knowledge learned from an interaction-rich source 

domain to a target domain without using any target-domain interaction 

data for optimization. In our setting, supervised learning is performed 

only on source-domain interaction sequences, while for non-source 

domains, including the target domain and auxiliary domains, only item-

side semantic metadata are accessible and used for interaction-free se­

mantic regularization. To address this problem, we propose SAGERec, a

Similarity-Aware GEneralization framework for zero-shot cross-domain 

sequential recommendation.

As illustrated in Fig. 1, SAGERec builds on a standard LLM-enhanced 

semantic-sequential transfer pipeline and improves its robustness 

through two key mechanisms: Similarity-Aware Inter-domain Compactness

(SIC) and Domain-Adaptive Generalization (DAG). The framework con­

sists of four components: (1) an LLM-based item semantic encoding 

module with lightweight dual projection heads (Section 4.1); (2) a se­

quential modeling module and final recommendation (Section 4.2); (3) 

a similarity-aware semantic generalization module for selective inter-

domain alignment (Section 4.3); and (4) a domain-adaptive weighting 

mechanism for discrepancy-aware regularization (Section 4.4).
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Fig. 1. Overall framework of SAGERec.

4.1 . Item semantic encoding and dual projection

Let 𝑥𝑖 denote the textual metadata of item 𝑣𝑖, such as its title and 

description text. We first employ a pretrained large language model as 

the encoder 𝐸(⋅) to extract the semantic representation of item 𝑣𝑖: 

𝐞sem
𝑖 = 𝐸(𝑥𝑖), (9)

where 𝐞sem
𝑖 ∈ R𝑑ℎ , and 𝑑ℎ is the hidden dimension of the seman­

tic encoder. This step provides transferable semantic priors and helps 

construct a shared semantic space across domains.

Since the raw LLM embedding space is not directly compatible with 

the downstream sequential recommender, we introduce two lightweight 

projection heads to map semantic embeddings into task-specific latent 

spaces:

𝐳rec
𝑖 = 𝐖𝑟𝐞sem

𝑖 + 𝐛𝑟, (10)

𝐳gen
𝑖 = 𝐖𝑔𝐞sem

𝑖 + 𝐛𝑔 , (11)

where 𝐖𝑟,𝐖𝑔 ∈ R𝑑×𝑑ℎ  and 𝐛𝑟,𝐛𝑔 ∈ R𝑑  are trainable parameters. Here, 

𝐳rec
𝑖 ∈ R𝑑  is the recommendation-oriented item representation, while 

𝐳gen
𝑖 ∈ R𝑑  is the generalization-oriented item representation used for 

cross-domain semantic regularization.

To provide a unified item input for the subsequent sequential recom­

mender, we further fuse the two projected representations as 

𝐳̃𝑖 = 𝐖𝑓 [𝐳rec
𝑖 ‖ 𝐳gen

𝑖 ] + 𝐛𝑓 , (12)

where [⋅ ‖ ⋅] denotes vector concatenation, 𝐖𝑓 ∈ R𝑑×2𝑑  and 𝐛𝑓 ∈ R𝑑  are 

trainable parameters, and 𝐳̃𝑖 ∈ R𝑑  is the fused item representation fed 

into the sequential modeling module.

Since the source and non-source domains have disjoint item ID 

spaces, we use distinct indices to avoid confusion. Specifically, source-

domain items are indexed by 𝑖, while non-source-domain items are 

indexed by 𝑗. Accordingly, their fused representations are denoted by 

𝐳̃𝑖𝑠  and 𝐳̃𝑗𝑞 , respectively, where 𝐷𝑞  may refer to the target domain or 

an auxiliary domain. In this way, the semantic encoder serves as a 

transferable item initializer [34], while the dual projection heads en­

able joint optimization for recommendation learning and cross-domain 

generalization.

4.2 . Sequential modeling and recommendation

Given a source-domain user 𝑢𝑠 ∈ 𝑈 𝑠 with interaction sequence 𝐬𝑢𝑠 =
[𝑣𝑠𝑢𝑠 ,1, 𝑣

𝑠
𝑢𝑠 ,2,… , 𝑣𝑠𝑢𝑠 ,𝑇𝑢𝑠 ], we first replace each interacted item with its fused 

semantic representation and obtain the source-side input sequence: 

𝐙̃𝑢𝑠 = [𝐳̃𝑢𝑠 ,1, 𝐳̃𝑢𝑠 ,2,… , 𝐳̃𝑢𝑠 ,𝑇𝑢𝑠 ], (13)

where 𝐳̃𝑢𝑠 ,𝑖 denotes the fused representation of item 𝑣𝑠𝑢𝑠 ,𝑖. The sequence 

is then encoded by a sequential recommender SeqRec(⋅) to capture the 

user’s dynamic preference state: 

𝐡𝑢𝑠 = SeqRec(𝐙̃𝑢𝑠 ), (14)
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where 𝐡𝑢𝑠 ∈ R𝑑  is the sequence-level user representation. Here, SeqRec(⋅)
can be implemented using standard sequential recommenders, such as 

GRU4Rec, SASRec, or BERT4Rec.

Based on the learned sequence representation, the source-domain 

relevance score for a candidate item 𝑣𝑠𝑖 ∈ 𝑉 𝑠 is computed as 

score𝑠(𝑢𝑠, 𝑖) = 𝐡⊤𝑢𝑠𝐳
rec
𝑖𝑠 , (15)

where 𝐳rec
𝑖𝑠  denotes the recommendation-oriented projected representa­

tion of item 𝑣𝑠𝑖 . This scoring process constitutes the semantic-sequential 

recommendation backbone in the source domain.

At inference time, for a target-domain user 𝑢𝑡 ∈ 𝑈 𝑡 with an ob­

served interaction sequence 𝐬𝑢𝑡 = [𝑣𝑡𝑢𝑡 ,1, 𝑣
𝑡
𝑢𝑡 ,2,… , 𝑣𝑡𝑢𝑡 ,𝑇𝑢𝑡

], we analogously 

construct the target-side input sequence 

𝐙̃𝑢𝑡 = [𝐳̃𝑢𝑡 ,1, 𝐳̃𝑢𝑡 ,2,… , 𝐳̃𝑢𝑡 ,𝑇𝑢𝑡 ], (16)

and obtain its sequence representation by 

𝐡𝑢𝑡 = SeqRec(𝐙̃𝑢𝑡 ). (17)

The learned scoring function is then directly transferred to the target 

domain for zero-shot ranking: 

score𝑡(𝑢𝑡, 𝑗) = 𝐡⊤𝑢𝑡𝐳
rec
𝑗𝑡 , (18)

where 𝐳rec
𝑗𝑡  denotes the recommendation-oriented projected representa­

tion of the candidate item 𝑣𝑡𝑗 ∈ 𝑉 𝑡.

The above module defines the semantic-sequential transfer pipeline 

of SAGERec, where source-domain interaction sequences are used to 

learn sequential preference patterns, and the learned scoring function 

is directly generalized to target-domain next-item recommendation in a 

zero-shot manner.

4.3 . Similarity-aware semantic generalization

A major challenge in zero-shot transfer is that indiscriminate global 

alignment may over-compress or distort the latent space, potentially 

triggering negative transfer when items from the source domain and 

non-source domains are only weakly related. Instead of enforcing 

coarse global attraction, we introduce a similarity-aware semantic gen­

eralization objective, which selectively aligns semantically compatible 

inter-domain items while preserving discrimination within each domain.

During training, we sample non-source items from Dns for cross-

domain semantic regularization. Importantly, only item-side semantic 

metadata from non-source domains are used, while no interaction data 

from these domains is involved in optimization. Therefore, the proposed 

regularization remains compatible with the zero-shot setting.

4.3.1 . Similarity-aware inter-domain compactness

Let 𝑣𝑠𝑖 ∈ 𝑉 𝑠 and 𝑣𝑞𝑗 ∈ 𝑉 𝑞  denote a source-domain item and a sampled 

non-source item, respectively, where 𝐷𝑞 ∈ Dns. For each source item and 

sampled non-source item, their semantic embeddings and projected rep­

resentations are obtained following Section 4.1. We first measure their 

semantic affinity based on the original LLM embeddings: 

𝑎𝑖𝑗 = cos(𝐞sem
𝑖 , 𝐞sem

𝑗 ) =
(𝐞sem

𝑖 )⊤𝐞sem
𝑗

‖𝐞sem
𝑖 ‖2 ‖𝐞sem

𝑗 ‖2
. (19)

It should be noted that the LLM-based cosine affinity is used as a 

soft semantic prior rather than an absolute ground-truth compatibility 

label. Therefore, SIC does not force all item pairs to be aligned according 

to raw LLM similarity, but uses the affinity only to modulate selective 

compactness.

Since not all positive semantic affinities are equally reliable for cross-

domain transfer, we further introduce a similarity threshold 𝜃 to control 

the selectivity of SIC. Specifically, the semantic affinity is converted into 

a non-negative thresholded weight: 

𝑤(𝜃)
𝑖𝑗 = max(0, 𝑎𝑖𝑗 − 𝜃), (20)

where 𝜃 controls the activation boundary of cross-domain item pairs. 

When 𝑎𝑖𝑗 > 𝜃, the pair is regarded as sufficiently compatible and con­

tributes to the compactness objective with weight 𝑎𝑖𝑗 − 𝜃; when 𝑎𝑖𝑗 ≤ 𝜃, 

its weight becomes zero and the pair is excluded from direct SIC-based 

attraction. The original non-negative affinity gate can be recovered by 

setting 𝜃 = 0.

We further apply L2 normalization to the generalization-oriented 

projected representations before measuring pairwise distances: 

𝐳̄gen

𝑖𝑠 =
𝐳gen

𝑖𝑠

‖𝐳gen

𝑖𝑠 ‖2
, 𝐳̄gen

𝑗𝑞 =
𝐳gen

𝑗𝑞

‖𝐳gen

𝑗𝑞 ‖2
. (21)

Let B𝑠 and B𝑞  denote the source-domain and non-source item sets 

appearing in the current mini-batch, respectively, and let P ⊆ B𝑠 × B𝑞

denote the set of sampled cross-domain item pairs. The similarity-aware 

inter-domain compactness loss is defined as: 

LSIC =

∑

(𝑖,𝑗)∈P 𝑤(𝜃)
𝑖𝑗 ‖𝐳̄gen

𝑖𝑠 − 𝐳̄gen

𝑗𝑞 ‖

2
2

∑

(𝑖,𝑗)∈P 𝑤(𝜃)
𝑖𝑗 + 𝜀

, (22)

where 𝜀 > 0 is a small constant for numerical stability.

This formulation has two desirable properties.  First, activated 

source–non-source item pairs with larger 𝑤(𝜃)
𝑖𝑗  are pulled closer, encour­

aging consistent and transferable semantics across domains.  Second, 

weakly related or semantically irrelevant pairs receive negligible 

weights, thereby suppressing noisy attraction caused by excessive uni­

formity in alignment. Therefore, LSIC can be viewed as a selective 

compactness objective that explicitly considers item-level transfer het­

erogeneity.

4.3.2 . Intra-domain diversity preservation

Although inter-domain compactness is beneficial for semantic trans­

fer, overly strong attraction may compress the representation space 

and weaken item discrimination within each domain. To alleviate 

such representation collapse, we introduce an intra-domain diversity 

preservation term.

For each domain 𝜅 ∈ {𝑠, 𝑞}, let B(𝜅) denote the set of indices of 

items from domain 𝜅. We then define a similarity-based probability 

distribution 𝑝(𝜅)𝑚𝑛  over items in the mini-batch B(𝜅) as: 

𝑝(𝜅)𝑚𝑛 =
exp(cos(𝐳(𝜅),gen

𝑚 , 𝐳(𝜅),gen
𝑛 )∕𝜏𝜅 )

∑

𝑏∈B(𝜅) exp(cos(𝐳(𝜅),gen
𝑚 , 𝐳(𝜅),gen

𝑏 )∕𝜏𝜅 )
, (23)

where 𝜏𝜅 > 0 is a temperature parameter controlling the smoothness of 

the distribution, and 𝐳(𝜅),gen
𝑚 , 𝐳(𝜅),gen

𝑛  denote the generalization-oriented 

projected representations of the items indexed by 𝑚, 𝑛 ∈ B(𝜅), respec­

tively.

In practice, this distribution is estimated within the current mini-

batch for computational efficiency, serving as a stochastic surrogate 

of full-domain intra-domain diversity. Across training iterations, ran­

domly sampled mini-batches expose the model to different local subsets 

of each domain, allowing the diversity regularization to accumulate over 

multiple stochastic observations. 

Based on this distribution, we define the entropy-based diversity 

term as 

HID = −
∑

𝜅∈{𝑠,𝑞}

1
|B(𝜅)

|

∑

𝑚∈B(𝜅)

∑

𝑛∈B(𝜅)

𝑝(𝜅)𝑚𝑛 log 𝑝
(𝜅)
𝑚𝑛 . (24)

A larger HID corresponds to a higher-entropy intra-domain similar­

ity distribution and hence better preservation of intra-domain diversity. 

This term counterbalances overly aggressive inter-domain attraction and 

helps maintain fine-grained semantic discrimination.
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4.4 . Domain-adaptive generalization

Besides item-level heterogeneity, zero-shot transfer also exhibits 

domain-level heterogeneity: different non-source domains may vary sig­

nificantly in their semantic distance from the source domain. Using a 

fixed regularization strength for all transfer scenarios is therefore subop­

timal. To address this issue, we introduce a domain-adaptive weighting 

strategy to enhance semantic generalization.

Specifically, for the current mini-batch, we compute the mean se­

mantic embeddings of the source domain and the sampled non-source 

query domain: 

𝐞̄sem
𝑠 =

∑

𝑖∈B𝑠 𝐞sem
𝑖

‖

∑

𝑖∈B𝑠 𝐞sem
𝑖 ‖2

, 𝐞̄sem
𝑞 =

∑

𝑗∈B𝑞 𝐞sem
𝑗

‖

∑

𝑗∈B𝑞 𝐞sem
𝑗 ‖2

. (25)

Moreover, the semantic discrepancy between the two domains is 

measured by 

Δ(𝐷𝑠, 𝐷𝑞) = ‖𝐞̄sem
𝑠 − 𝐞̄sem

𝑞 ‖2. (26)

Based on the discrepancy obtained by Eq. (26), we define a domain-

adaptive generalization coefficient as follows: 

𝜔(𝐷𝑠, 𝐷𝑞) = 𝜆 exp
(

− 𝛾Δ(𝐷𝑠, 𝐷𝑞)
)

, (27)

where 𝜆 > 0 controls the base strength of semantic regularization, and 

𝛾 > 0 controls the sensitivity of the decay with respect to the domain 

discrepancy.

This weighting mechanism yields a monotonic relationship between 

semantic proximity and regularization strength. Specifically, when the 

source domain and the query domain are semantically close, Δ(𝐷𝑠, 𝐷𝑞)
is small and 𝜔(𝐷𝑠, 𝐷𝑞) remains relatively large, imposing more rigor­

ous semantic constraints on domains with high proximity. Conversely, 

when the semantic gap is large, 𝜔(𝐷𝑠, 𝐷𝑞) is reduced, thus encouraging 

the model to behave more conservatively and avoid over-aligning distant 

domains. Therefore, by sampling different query domains 𝐷𝑞 ∈ Dns dur­

ing training, SAGERec approximates heterogeneous transfer difficulty 

and dynamically adjusts the regularization strength accordingly.

4.5 . Training objective

To optimize the generalization-oriented projection space for cross-

domain semantic alignment and intra-domain diversity preservation, the 

semantic generalization term is defined as: 

Lgen = LSIC − 𝛽HID, (𝛽 > 0) (28)

where 𝛽 is a hyper-parameter to balance inter-domain selective com­

pactness and intra-domain diversity preservation.

To optimize the model on the source domain, we adopt a standard 

pairwise ranking loss: 

Lrec = −
∑

(𝑢𝑠 ,𝑣𝑠,+ ,𝑣𝑠,−)
log 𝜎

(

score𝑠(𝑢𝑠, 𝑣𝑠,+) − score𝑠(𝑢𝑠, 𝑣𝑠,−)
)

, (29)

where (𝑢𝑠, 𝑣𝑠,+, 𝑣𝑠,−) denotes a training triplet consisting of user 𝑢𝑠, a pos­

itive item 𝑣𝑠,+, and a sampled negative item 𝑣𝑠,−, and 𝜎(⋅) is the sigmoid 

function.

Overall, the training objective is defined as follows: 

L = Lrec + 𝜔(𝐷𝑠, 𝐷𝑞)Lgen. (30)

Overall, SAGERec is a lightweight enhancement to the standard 

semantic-sequential transfer pipeline, not a replacement for the back­

bone itself. It combines similarity-aware selective compactness at the 

item-pair level with domain-adaptive weighting at the domain level, 

enabling more robust zero-shot cross-domain transfer across diverse 

semantic gaps while maintaining full compatibility with existing sequen­

tial recommenders.

5 . Experiments

In this section, we conduct comprehensive experiments to evaluate 

the proposed SAGERec framework. Our experiments are designed to 

answer the following research questions:

• RQ1: How effective is SAGERec for zero-shot cross-domain se­

quential recommendation compared with strong semantic and 

generalization-based baselines?

• RQ2: What are the individual contributions of similarity-aware 

inter-domain compactness and domain-adaptive generalization?

• RQ3: How sensitive is SAGERec to its key hyperparameters and 

training settings, including the SIC similarity threshold and the 

mini-batch size?

• RQ4: How efficient is SAGERec compared with representative 

baselines in terms of computational cost and effectiveness–

efficiency trade-off?

• RQ5: How does SAGERec affect cross-domain semantic alignment 

and representation quality?

• RQ6: How does the choice of semantic encoder backbone affect 

SAGERec?

• RQ7: What do representative item-pair cases reveal about the 

behavior and limitations of semantic alignment in SAGERec?

5.1 . Experimental setup

5.1.1 . Datasets

We evaluate SAGERec on three public real-world datasets from dif­

ferent domains: Amazon Movies & TV (AMT), Amazon CDs & Vinyl 

(ACV), and Steam. Following prior work [35], AMT and ACV are se­

lected from the Amazon Review corpus, while Steam is adopted as 

a widely used benchmark dataset for sequential recommendation. All 

three datasets provide sequential user–item interactions together with 

item-side textual metadata, which makes them suitable for evaluat­

ing recommendation models that jointly exploit behavioral signals and 

semantic item information.

Domain Split. The dataset split follows the zero-shot cross-domain 

setting considered in this paper. AMT is the largest dataset in terms of 

both users and items and is therefore used as the source domain with rel­

atively rich interaction signals. ACV and Steam are treated as non-source 

domains. In each transfer scenario, one of them is used as the evaluation 

target domain, while the other serves as an auxiliary domain that pro­

vides item-side semantic information for interaction-free regularization. 

Consequently, the two zero-shot tasks considered in this paper are AMT 

→ ACV (with Steam as the auxiliary domain) and AMT → Steam (with 

ACV as the auxiliary domain).  This split also covers different transfer 

gaps: ACV shares the Amazon platform and media-related metadata style 

with AMT, whereas Steam comes from a different platform and contains 

game-oriented item metadata, making AMT → Steam a relatively more 

distant cross-platform transfer scenario. 

Data Preprocessing. Following prior studies [5,36–38], we apply 

10-core filtering to remove users and items with fewer than 10 inter­

actions, and discard items without valid textual metadata required for 

semantic encoding. The remaining interactions of each user are then 

sorted chronologically to form behavior sequences. We adopt the leave-

one-out protocol, where the last interaction of each user is used for 

testing, the penultimate one for validation, and the remaining interac­

tions for training. During evaluation, each ground-truth target item is 

ranked against 100 randomly sampled negative items. Table 1 reports 

the statistics of the processed datasets.

5.1.2 . Baseline methods

To comprehensively evaluate the effectiveness of SAGERec, we com­

pare it with seven semantic-transfer baseline models under a unified 

experimental protocol. Following the baseline design of LLM-RecG [8], 

we select models that are directly comparable within the same semantic-

sequential transfer pipeline, ensuring that performance gains can be 
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Table 1 

Statistics of the processed datasets after preprocessing.

Dataset Items Users Avg. Seq. Len.

Amazon Movies & TV (AMT) 84,909 179,784 18.6

Amazon CDs & Vinyl (ACV) 20,089 22,170 19.8

Steam 8156 26,541 19.7

clearly attributed to our generalization strategy rather than architec­

tural differences. Specifically, we build our comparisons around three 

representative sequential backbones and their semantic variants. In ad­

dition, we include a recent universal sequence representation method as 

a strong text-enhanced transferable recommendation baseline.

Sequential Backbones. We adopt three representative sequen­

tial recommenders as backbone architectures for constructing seman­

tic transfer baselines. Specifically, GRU4Rec [3] represents recur­

rent sequential modeling, SASRec [5] represents unidirectional self-

attentive sequential modeling, and BERT4Rec [6] represents bidirec­

tional Transformer-based sequence encoding. These backbones cover 

the major modeling paradigms in sequential recommendation and pro­

vide diverse foundations for evaluating the robustness of the proposed 

framework.

Semantic Variants (-Sem). For the -Sem baselines, we construct

GRU4Rec-Sem, SASRec-Sem, and BERT4Rec-Sem. These variants in­

corporate item-side textual metadata through the same LLM-based 

semantic encoding and projection pipeline, but do not introduce any 

additional generalization objective. They are used to evaluate the 

contribution of semantic enhancement alone on different sequential 

backbones.

Generalization Variants (-RecG). For the -RecG baselines, we con­

struct GRU4Rec-RecG, SASRec-RecG, and BERT4Rec-RecG. These 

variants further introduce the recommendation generalization mecha­

nism on top of the corresponding -Sem models, so as to enhance the 

transferability of learned item representations in the zero-shot target do­

main. The comparison between each -Sem variant and its corresponding 

-RecG variant reveals the contribution of additional generalization-

oriented optimization.

Universal Sequence Representation. We also compare with

UniSRec [23], a strong universal sequence representation learning 

method that leverages textual semantics to improve recommendation 

transferability across scenarios. As a competitive text-enhanced recom­

mendation baseline beyond the six backbone-derived variants, UniSRec 

provides an important external reference in our experiments. We use 

UniSRec in its original transferable representation-learning form and do 

not construct additional -Sem, -RecG, or -SAGE variants for it. This is 

because UniSRec is not a plain sequential backbone to which the same 

semantic projection and generalization modules can be attached; it al­

ready integrates text-derived item representations with an MoE adapter 

for universal sequence representation.

5.1.3 . Evaluation metrics

We adopt Recall@𝐾 and NDCG@𝐾 as evaluation metrics, with 𝐾 ∈
{10, 20}. Recall@𝐾 measures whether the ground-truth item appears 

in the top-𝐾 recommendation list, while NDCG@𝐾 further evaluates 

the ranking quality by assigning higher scores to correct items ranked 

closer to the top positions. Since each test instance contains one posi­

tive item and multiple sampled negatives, Recall@𝐾 is equivalent to Hit 

Ratio@𝐾 in this setting. Higher values of both metrics indicate better 

recommendation performance.

5.1.4 . Implementation details

All models are implemented in Python 3.10.19 with PyTorch 2.6.0 

and optimized using Adam on a server equipped with an NVIDIA RTX 

5880 Ada GPU. For semantic encoding, we employ LLM2Vec [39] 

based on Llama-3-8B-Instruct [40] to transform item metadata into 

4096-dimensional dense vectors, which are then projected into the 

recommendation latent space.  Before semantic encoding, each item’s 

available metadata is converted into a prompt-formatted text string. For 

Amazon items, the prompt follows the template “Title: {title}. Features: 

{feature}. Description: {description}.”; for Steam items, the same field-

ordering rule is applied to the available product-level textual fields. 

Missing fields are filled with a predefined placeholder “N/A”, and the 

same prompt construction rule is applied to all semantic-aware meth­

ods. The semantic encoder is used only for offline item encoding and is 

kept frozen during recommendation training; the resulting item embed­

dings are pre-computed once and reused by all semantic-aware methods. 

Unless otherwise specified, we set the hidden size to 256, the maximum 

sequence length to 50, and the dropout rate to 0.2. For Transformer-

based backbones, we use 2 layers and 2 attention heads. Models are 

trained with a batch size of 128 and a learning rate of 1 × 10−4 for at 

most 100 epochs.

For the loss-balancing hyperparameters (𝜆, 𝛾, 𝛽), we perform grid 

search following the validation protocol described below. In the main 

comparison and ablation studies, SIC uses the default threshold 𝜃 = 0, 

which recovers the non-negative semantic affinity gate in the original 

formulation. The candidate ranges for (𝜆, 𝛾, 𝛽), together with diagnos­

tic sensitivity analyses of 𝜃 and the mini-batch size, are reported in the 

sensitivity analysis. 

In each transfer scenario, model selection and early stopping are 

performed according to the best validation performance on the aux­

iliary domain, while the final reported results are evaluated on the 

corresponding target domain. This protocol is designed to avoid using 

target-domain interaction signals for model selection and thus remains 

consistent with the zero-shot setting. For the main comparison experi­

ments, all methods are evaluated with fixed random seeds, and the final 

comparison results are reported as the average over three independent 

runs.

5.1.5 . Fair comparison and reproducibility

To ensure a fair comparison, all methods use the same train/val­

idation/test split, the same negative sampling strategy, and the same 

evaluation metrics. More importantly, all semantic-aware methods, in­

cluding SAGERec and the baselines, are given access to exactly the same 

item-side semantic information from all domains, while no interaction 

data from the target domain is used for optimization. For baselines 

that require semantic representations, we further use the same textual 

prompts, the same pre-computed semantic embeddings and the same 

preprocessing pipeline whenever applicable. Therefore, performance 

differences can be attributed to the proposed similarity-aware compact­

ness and domain-adaptive generalization mechanisms rather than to 

discrepancies in accessible information, data preprocessing, or training 

protocol.  The implementation, preprocessing scripts, and experimental 

configurations are publicly available at https://github.com/Zihao-Pan-

666/SAGERec. 

5.2 . Overall comparison (RQ1)

Table 2 reports the overall zero-shot recommendation performance 

when AMT is used as the source domain and ACV and Steam are treated 

as unseen target domains. To more clearly assess the contribution of 

the proposed framework itself, the results are organized by sequential 

backbone, so that each -SAGE variant can be directly compared with its 

corresponding -Sem and -RecG counterparts under the same architecture. 

Overall, SAGERec consistently improves performance within all three 

backbone families, and BERT4Rec-SAGE achieves the best average result 

among all compared models.

(1) Consistent family-wise gains. Across all three sequential back­

bones, the -SAGE variant achieves the best performance within 

its corresponding model family. For the GRU4Rec backbone, the 

average score improves from 16.79 (-Sem) and 17.55 (-RecG) to 

18.74 (-SAGE). For SASRec, the average score further increases 
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Table 2 

Overall zero-shot recommendation performance on two zero-shot transfer tasks. Results are re­

ported in percentage (%). To evaluate the model-agnostic effectiveness of the proposed framework, 

variants are grouped by their sequential backbones. Underlined values denote the best-performing vari­

ant within each backbone family, while bold values denote the best overall results in each column. 

“Avg.” represents the arithmetic mean across all metrics and domains.

Models ACV Steam Avg.

R@10 N@10 R@20 N@20 R@10 N@10 R@20 N@20

UniSRec 40.16 21.14 58.14 25.67 20.42 10.15 34.65 13.71 28.01

GRU4Rec-Sem 17.16 8.48 30.32 11.78 16.76 8.65 29.36 11.80 16.79

GRU4Rec-RecG 17.82 8.90 31.21 12.25 18.06 9.12 30.71 12.29 17.55

GRU4Rec-SAGE 19.65 9.85 33.13 13.23 20.46 10.01 30.95 12.64 18.74

SASRec-Sem 38.40 20.65 55.71 25.02 21.54 10.79 35.53 14.30 27.74

SASRec-RecG 42.25 22.61 59.58 26.99 22.75 11.44 37.91 15.23 29.85

SASRec-SAGE 45.50 25.20 62.70 29.54 24.30 12.31 38.10 15.78 31.68

BERT4Rec-Sem 39.74 21.49 56.62 25.74 22.39 11.29 35.94 14.69 28.49

BERT4Rec-RecG 40.65 22.18 57.89 26.52 22.51 11.00 36.34 14.47 28.95

BERT4Rec-SAGE 45.99 25.43 62.93 29.71 24.45 12.15 38.36 15.65 31.83

from 27.74 and 29.85 to 31.68. A similar trend is observed for 

BERT4Rec, where -SAGE reaches the highest average score of 

31.83, compared with 28.49 for -Sem and 28.95 for -RecG. These 

results indicate that the gains of SAGERec are not merely due to 

stronger backbones, but can also be consistently observed within 

the same backbone architecture.

(2) Advantages over uniform generalization. Comparing each -SAGE

variant with its corresponding -RecG counterpart further suggests 

that the proposed similarity-aware and discrepancy-adaptive de­

sign is more effective than a uniform cross-domain generalization 

strategy. The advantage is particularly clear on the Transformer-

based backbones. For SASRec, the -SAGE variant outperforms 

-RecG on both ACV and Steam across the evaluated metrics. 

The same trend is observed for BERT4Rec, where the gains are 

especially notable on ACV and remain positive on Steam. On 

GRU4Rec, the improvement is also consistent, but the abso­

lute margins are relatively smaller than those on SASRec and 

BERT4Rec. This indicates that selective cross-domain alignment 

is generally more beneficial than uniform semantic attraction, 

although the magnitude of the gain still depends on backbone 

expressiveness.

(3) Stronger benefits on expressive backbones. The benefit of SAGERec 

becomes more substantial on stronger sequential backbones. In 

terms of average performance, SAGERec improves over the corre­

sponding -RecG baseline by 1.19 points on GRU4Rec, 1.83 points 

on SASRec, and 2.88 points on BERT4Rec. This pattern suggests 

that more expressive sequential encoders are better able to ex­

ploit the transferable semantic structure introduced by SAGERec. 

At the same time, the table also shows that the advantage is 

not equally large in every setting. In particular, the margins 

within the GRU4Rec family are visibly smaller, indicating that 

a weaker sequential encoder may limit the extent to which se­

mantic regularization can be translated into recommendation 

gains.

(4) Overall competitiveness against a strong external baseline. Beyond 

the within-family comparisons, UniSRec serves as a strong ex­

ternal transferable baseline. The results show that both SASRec-

SAGE and BERT4Rec-SAGE outperform UniSRec in terms of 

average performance, while BERT4Rec-SAGE achieves the best 

overall average score of 31.83 among all compared models. More 

specifically, BERT4Rec-SAGE obtains the best results on all four 

metrics in the AMT→ACV task, as well as the best Recall@10 and 

Recall@20 in the AMT→Steam task. Meanwhile, SASRec-SAGE 

achieves the best NDCG@10 and NDCG@20 on Steam, indicating 

slightly better ranking quality at the top positions in that scenario. 

Table 3 

Ablation study of SAGERec on different sequential backbones. AMT 

is used as the source domain, while ACV and Steam are treated as un­

seen target domains for zero-shot transfer. “Avg.” denotes the average 

of ACV/Steam results on R@10 and N@10. All results are reported in 

percentage (%).

Backbone Variant ACV Steam Avg.

R@10 N@10 R@10 N@10

GRU4Rec SAGE 19.65 9.85 20.46 10.01 14.99

w/o SIC 17.79 8.95 17.02 8.92 13.17

w/o DAG 16.91 8.42 18.05 9.17 13.14

RecG 17.82 8.90 18.06 9.12 13.47

SASRec SAGE 45.50 25.20 24.30 12.31 26.83

w/o SIC 43.26 23.67 22.20 11.19 25.08

w/o DAG 44.67 25.02 23.61 11.67 26.24

RecG 42.25 22.61 22.75 11.44 24.76

BERT4Rec SAGE 45.99 25.43 24.45 12.15 27.01

w/o SIC 41.37 22.17 24.23 12.16 24.98

w/o DAG 43.74 24.03 23.39 12.16 25.83

RecG 40.65 22.18 22.51 11.00 24.09

Overall, these results support the effectiveness and robustness of 

SAGERec in zero-shot cross-domain sequential recommendation.

5.3 . Ablation study (RQ2)

To evaluate the contribution of the proposed components, we con­

duct ablation studies on three representative sequential backbones. 

Following prior work [8], the intra-domain diversity regularization is 

retained in all variants to ensure a fair comparison. We compare the full 

SAGERec model with two degraded variants (w/o SIC and w/o DAG) as 

well as the corresponding -RecG baseline. The results are summarized in 

Table 3.

Overall, the full SAGERec model achieves the best average (Avg.) 

performance across all backbones, indicating that the proposed compo­

nents contribute positively and work in a complementary manner. Two 

observations can be drawn.

(1) Effect of SIC. Removing the SIC module leads to the most no­

ticeable performance degradation in most cases, especially on 

the Transformer-based backbones. On BERT4Rec, the average 

performance drops from 27.01 to 24.98 when SIC is removed, cor­

responding to a relative decrease of about 7.5%. Similar trends 

can be observed on SASRec and GRU4Rec, where the Avg. score 
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decreases from 26.83 to 25.08 and from 14.99 to 13.17, respec­

tively. These results suggest that item-level selective alignment 

plays a central role in effective zero-shot transfer, as it directly fil­

ters out weakly related cross-domain correspondences that might 

otherwise introduce semantic noise.

(2) Effect of DAG. Removing DAG also results in consistent perfor­

mance drops across different backbones, although the magnitude 

is generally smaller than that of removing SIC. For example, the 

Avg. score decreases from 27.01 to 25.83 on BERT4Rec and from 

26.83 to 26.24 on SASRec when DAG is removed. On GRU4Rec, 

the corresponding drop is from 14.99 to 13.14. This indicates 

that discrepancy-aware weighting further improves transfer ro­

bustness by adjusting the strength of semantic regularization 

according to domain differences, even though its contribution is 

typically more moderate than that of SIC.

It is also observed that the full SAGERec model does not strictly out­

perform all degraded variants on every individual metric. For instance, 

on BERT4Rec, the N@10 result on Steam (12.15) is slightly lower than 

that of both w/o SIC and w/o DAG (12.16). However, such minor fluctu­

ations are negligible compared with the overall average gains across 

backbones and domains. Overall, the ablation results show that SIC 

and DAG provide complementary benefits, with SIC serving as the pri­

mary source of improvement and DAG acting as a stabilizing factor for 

heterogeneous cross-domain transfer.

5.4 . Sensitivity analysis (RQ3)

We further investigate the robustness of SAGERec with respect to key 

hyperparameters and training settings. Specifically, we analyze three 

aspects: the main loss-balancing hyperparameters (𝜆, 𝛽, 𝛾), the SIC simi­

larity threshold 𝜃, and the mini-batch size. Unless otherwise specified, all 

sensitivity analyses are conducted on BERT4Rec-SAGE, and the results 

are averaged over the two zero-shot transfer scenarios, i.e., AMT→ACV 

and AMT→Steam. These analyses are intended to diagnose the robust­

ness of SAGERec under controlled settings, rather than to select the final 

models reported in the main comparison and ablation studies. 

5.4.1 . Sensitivity to main hyperparameters

We examine the sensitivity of SAGERec to three key hyperparam­

eters: the base regularization strength 𝜆, the intra-domain diversity 

weight 𝛽, and the semantic decay rate 𝛾. To isolate the effect of each 

parameter while controlling computational cost, we adopt a coordinate-

wise evaluation strategy on the BERT4Rec-based variant, varying one 

hyperparameter at a time while fixing the others at their default values. 

Specifically, we evaluate 𝜆 ∈ {0.005, 0.010, 0.050}, 𝛽 ∈ {0.1, 0.3, 0.7}, and 

𝛾 ∈ {0.05, 0.10, 0.20}. The results are shown in Fig. 2.

Overall, SAGERec shows relatively stable behavior within the tested 

ranges, while still exhibiting meaningful sensitivity to the three hyper­

parameters. Several observations can be drawn.

• Base regularization strength (𝜆). Performance improves steadily 

as 𝜆 increases within the tested range, and the best results are ob­

tained at 𝜆 = 0.05 for both Recall@10 and NDCG@10. This trend 

suggests that stronger semantic regularization within the consid­

ered range is beneficial for reducing cross-domain discrepancy and 

improving zero-shot transfer.

• Intra-domain diversity weight (𝛽). The best performance is ob­

tained at the smallest tested value, 𝛽 = 0.1, while larger values 

lead to a consistent decline in both metrics. This result indi­

cates that a small diversity-preservation weight is sufficient in 

this setting, whereas assigning it an excessively large weight may 

over-constrain the representation space and reduce the flexibility 

required for effective cross-domain alignment.

• Semantic decay rate (𝛾). The performance follows a non-

monotonic pattern, peaking at 𝛾 = 0.10. When 𝛾 is too large, the 

weighting scheme becomes overly selective and may under-utilize 

transferable semantic relations from moderately distant domains; 

conversely, when 𝛾 is too small, the selective effect is weakened, 

and the weighting becomes nearly uniform, which may intro­

duce noisy correspondences from semantically distant domains. 

This pattern is consistent with the intended role of 𝛾 in balancing 

selectivity and coverage in cross-domain alignment.

5.4.2 . Sensitivity to the SIC similarity threshold

We further analyze the sensitivity of SAGERec to the similar­

ity threshold 𝜃 in the SIC module. This controlled diagnostic anal­

ysis is conducted on the BERT4Rec-SAGE variant by varying 𝜃 in 

{−0.05, 0.00, 0.05, 0.10, 0.20} while keeping the remaining settings fixed. 

The results are averaged over the two target domains, i.e., AMT→ACV 

and AMT→Steam. 

As shown in Fig. 3, the performance curve generally peaks at a mildly 

positive threshold, 𝜃 = 0.05, indicating that SIC can benefit from filtering 

out weakly related cross-domain item pairs. The default setting 𝜃 = 0
also remains competitive, which suggests that the original non-negative 

affinity gate is already a reasonable and robust choice.

The results reveal a trade-off between semantic coverage and align­

ment selectivity. According to the thresholded weighting in Eq. (20), 

a smaller threshold activates more cross-domain item pairs and thus 

provides broader semantic coverage, but it may also admit weakly re­

lated pairs caused by superficial textual overlap, generic category words, 

or platform-specific metadata patterns. In contrast, a mildly positive 

threshold such as 𝜃 = 0.05 filters out near-zero weak affinities and 

increases the relative emphasis on more reliable semantic correspon­

dences, which explains its slight advantage in this controlled diagnostic 

analysis. However, when 𝜃 is further increased to 0.10 or 0.20, the ac­

tivated pair set becomes too sparse, and SIC may discard moderately 

related but still transferable pairs. Therefore, the threshold should bal­

ance coverage and selectivity. Although 𝜃 = 0.05 achieves the best 

result in this diagnostic sweep, 𝜃 = 0 remains a competitive setting and 

Fig. 2. Sensitivity analysis of the key hyperparameters (𝜆, 𝛽, and 𝛾) for BERT4Rec-SAGE. Results are reported in terms of average Recall@10 and average 

NDCG@10 over the two target domains.
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Fig. 3. Sensitivity analysis of the SIC similarity threshold 𝜃 on BERT4Rec-SAGE. Metrics are averaged over the two target domains, i.e., AMT→ACV and 

AMT→Steam.

corresponds exactly to the non-negative semantic affinity gate used in 

the original formulation. Therefore, the main comparison and ablation 

studies report results under 𝜃 = 0, while the sensitivity curve further 

shows that mildly positive thresholds can be explored when stronger 

alignment selectivity is desired. 

5.4.3 . Sensitivity to the mini-batch size

Since the intra-domain diversity term is estimated from items in 

the current mini-batch, we further examine whether SAGERec is sen­

sitive to the mini-batch size. Specifically, we vary the batch size in 

{32, 64, 128, 256, 512} on the BERT4Rec-SAGE variant while keeping the 

other hyperparameters fixed. To remain consistent with the main ex­

perimental setting, the SIC threshold is fixed to 𝜃 = 0 in this analysis. 

The reported metrics are averaged over the two target domains, i.e., 

AMT→ACV and AMT→Steam. 

As shown in Table 4, the best overall performance is obtained at 

batch size 128. When the batch size is too small, such as 32, the perfor­

mance drops noticeably, supporting the concern that small mini-batches 

may provide a less representative estimate of the intra-domain similarity 

structure. Increasing the batch size from 32 to 64 and 128 consistently 

improves the averaged performance, suggesting that a moderately larger 

mini-batch can provide a more reliable local diversity estimate.

However, further increasing the batch size does not lead to contin­

uous improvement. The performance slightly decreases at a batch size 

of 256 and drops more clearly at a batch size of 512. This suggests that 

simply using a very large mini-batch is unnecessary and may even be 

less favorable, possibly because very large batches reduce the number 

of parameter updates per epoch and weaken the stochasticity of mini-

batch training. Overall, SAGERec remains reasonably stable within the 

practical batch-size range from 64 to 256, and the default batch size 

of 128 provides a favorable balance between recommendation accuracy 

and diversity-estimation stability. 

Table 4 

Sensitivity analysis with respect to the mini-batch size 

on BERT4Rec-SAGE. Results are averaged over the two 

target domains, i.e., AMT→ACV and AMT→Steam. “Avg.” 

denotes the arithmetic mean over the four reported metrics. 

All values are reported in percentage (%).

Batch Size R@10 N@10 R@20 N@20 Avg.

32 31.65 16.90 46.99 20.77 29.08

64 33.50 18.07 48.59 21.86 30.51

128 35.22 18.79 50.65 22.68 31.83

256 34.13 18.09 49.38 21.94 30.89

512 31.43 16.57 47.28 20.56 28.96

5.5 . Efficiency analysis (RQ4)

Efficiency is an important practical factor in zero-shot cross-domain 

sequential recommendation, because a useful transfer method should 

improve transferability without introducing prohibitive computational 

overhead. In this subsection, we analyze the efficiency of SAGERec 

from three complementary perspectives: offline LLM-based item en­

coding cost, training-stage cost and convergence behavior, and the 

effectiveness–efficiency trade-off. For training-stage measurements and 

recommendation performance, we focus on the BERT4Rec backbone and 

average the results over the two transfer scenarios where AMT is used 

as the source domain and ACV and Steam are used as target domains. 

The LLM encoding cost is reported separately at the dataset level, since 

semantic encoding is performed once as offline preprocessing and the 

resulting embeddings are reused by all semantic-aware methods. 

5.5.1 . Offline LLM-based item encoding cost

We first report the offline cost of obtaining LLM-based item repre­

sentations using the same LLM2Vec encoder described in the implemen­

tation details. This cost is separated from the per-epoch training cost be­

cause item metadata are encoded only once as offline preprocessing. The 

resulting semantic embeddings are cached and reused by all semantic-

aware variants during training and inference, so the recommendation 

model does not repeatedly call the LLM during optimization. 

As shown in Table 5, encoding the three datasets takes 262.15min in 

total, excluding the shared model loading time. The per-item encoding 

time is around 139 ms on average, and the cached embeddings require 

about 2.54 GB of storage. Although this preprocessing stage is more ex­

pensive than ordinary ID-based embedding lookup, it is a one-off and 

reusable cost shared by -Sem, -RecG, and -SAGE. During recommen­

dation training, -SAGE operates on cached semantic embeddings and 

mini-batch item representations, so the LLM encoding cost should be 

interpreted separately from the training-stage SIC/DAG regularization 

overhead. 

Table 5 

Offline LLM-based item encoding cost. The one-time model loading 

time of 22.56 s is excluded. Storage denotes the on-disk size of cached 

semantic embedding files.

Dataset #Items Total (min) Enc./item (ms) Cached emb. 

storage (MB)

AMT 84,909 185.77 131.27 1844.58

ACV 20,089 57.90 172.93 492.96

Steam 8156 18.48 135.95 198.54

Total 113,154 262.15 139.01 2536.08
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Table 6 

Training-stage cost on the BERT4Rec backbone.

Results are averaged over AMT→ACV and AMT→Steam.

Method Avg./epoch (s) Avg. epochs Total (min)

Sem 35.12 64 46.08

RecG 113.12 50 109.65

SAGE 50.97 48 52.69

5.5.2 . Training cost and convergence behavior

We next examine the training-stage cost of different semantic-aware 

variants on the BERT4Rec backbone. Table 6 reports the average train­

ing time per epoch, the average number of training epochs, and the 

total wall-clock training time measured from logs under the same ex­

perimental protocol. These metrics distinguish the optimization cost per 

epoch from the end-to-end wall-clock cost required to complete training, 

including validation and early-stopping overhead. 

As shown in Table 6, -RecG incurs the largest training cost, requiring 

113.12 s per epoch and 109.65min in total. In contrast, -SAGE requires 

50.97 s per epoch and 52.69min in total, reducing the per-epoch time 

by 54.94% and the total training time by 51.94% compared with -

RecG. Since -RecG and -SAGE require a comparable number of training 

epochs, the efficiency advantage of -SAGE mainly comes from its lower 

per-epoch computational overhead. 

Compared with the lightweight -Sem variant, -SAGE introduces addi­

tional per-epoch computation because it performs SIC- and DAG-based 

semantic regularization. However, this extra cost is partly offset by faster 

convergence: -SAGE uses fewer training epochs on average than -Sem, 

reducing the gap in total wall-clock training time. Specifically, although 

the average epoch time increases from 35.12 s to 50.97 s, the average 

number of epochs decreases from 64 to 48, and the total training time 

only increases from 46.08min to 52.69min. This suggests that -SAGE

achieves a practical training cost by using selective similarity-aware 

regularization over cached semantic embeddings, instead of performing 

dense cross-domain generalization as in -RecG. 

5.5.3 . Effectiveness–efficiency trade-off

Finally, we analyze whether the additional computational cost of 

-SAGE is justified by its recommendation improvements. Fig. 4 visual­

izes the trade-off between total wall-clock training time and average 

recommendation performance. The average recommendation score is 

consistent with the “Avg.” metric in Table 2, i.e., the arithmetic mean 

of R@10, N@10, R@20, and N@20 after averaging over AMT→ACV 

and AMT→Steam. In addition to the BERT4Rec-based -Sem, -RecG, and 

-SAGE variants, UniSRec is included as an external universal sequence 

representation baseline for reference. 

As shown in Fig. 4, BERT4Rec-SAGE provides a favorable balance 

between effectiveness and efficiency. Compared with BERT4Rec-Sem, 

BERT4Rec-SAGE improves the average recommendation score from 

28.49 to 31.83, while the total wall-clock training time increases only 

moderately from 46.08min to 52.69min. This indicates that although 

-SAGE introduces additional semantic regularization, the extra cost is 

accompanied by a substantial improvement. 

Compared with BERT4Rec-RecG, BERT4Rec-SAGE is both more ef­

fective and more efficient. It improves the average recommendation 

score from 28.95 to 31.83, while reducing the total training time from 

109.65min to 52.69min, corresponding to a 51.94% reduction. This 

suggests that dense cross-domain generalization can be computation­

ally expensive, whereas the proposed similarity-aware compactness and 

domain-adaptive generalization strategy retains useful semantic transfer 

signals with much lower training cost. 

UniSRec provides another useful reference point. Although UniSRec 

is designed as a universal sequence representation baseline, it re­

quires 291.76min of training time in our setting, while its average 

recommendation score is 28.01, lower than that of BERT4Rec-SAGE. 

This comparison further shows that -SAGE achieves a more practical 

Fig. 4. Effectiveness–efficiency trade-off. For BERT4Rec-based variants, re­

sults are averaged over AMT→ACV and AMT→Steam. Each point shows the total 

wall-clock training time and the average recommendation score, with UniSRec 

included as an external reference.

effectiveness–efficiency trade-off: it obtains the best average recommen­

dation performance among the compared methods while avoiding the 

substantially higher training cost of UniSRec. 

5.6 . Representation analysis (RQ5)

To further understand how SAGERec influences zero-shot transfer, 

we visualize both the learned item representations and the resulting 

cross-domain alignment patterns. Fig. 5 provides two complementary 

views of the learned representation space.

(1) Item-level cross-domain weighting patterns. The top part of Fig. 5 

visualizes the row-normalized cross-domain weight matrices be­

tween 50 sampled source items and 50 sampled target items in 

the AMT→ACV setting. Under a shared color scale, the -RecG

variant exhibits a comparatively diffuse and less differentiated 

response pattern, suggesting limited selectivity when aligning 

cross-domain item pairs. By contrast, SAGERec shows a more 

structured and contrastive distribution, with clearer bands and 

localized high-response regions over cross-domain correspon­

dences. This observation is consistent with the intended role of 

the SIC module, namely, to prioritize reliable transfer signals 

while suppressing noisier alignments.

(2) Domain-level alignment in the latent space. In the bottom part 

of Fig. 5, we project the learned item representations of the 

BERT4Rec-based variants into a two-dimensional space using 

t-SNE. The -Sem variant shows relatively separated clusters 

across the source and non-source domains, suggesting that se­

mantic enhancement alone is insufficient to establish effective 

cross-domain alignment. The -RecG variant produces substan­

tially stronger overlap among the three domains, but the pro­

jected structure also appears more mixed and less domain-

distinguishable. In contrast, SAGERec yields a more structured 

arrangement: some cross-domain overlap is retained to support 

transfer, while clearer domain-specific discrimination is still pre­

served. This pattern is consistent with the design goal of achieving 

selective rather than uniform alignment.

Overall, the visualization results are qualitatively consistent with 

the quantitative improvements reported in Table 2. They suggest that 

SAGERec better balances cross-domain alignment and intra-domain 

discrimination than semantic enhancement alone or uniform general­

ization.
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Fig. 5. Representation analysis of SAGERec. Top: row-normalized cross-domain alignment weight matrices between 50 sampled source items and 50 target items 

in the AMT→ACV setting, displayed under a shared color scale for structural comparison. Bottom: t-SNE visualization of projected item representations from the 

BERT4Rec-based variants across the source domain (AMT) and two non-source domains (ACV and Steam).

5.7 . Semantic encoder backbone analysis (RQ6)

To examine whether SAGERec is tied to a specific item semantic en­

coder, we compare a BERT-based text encoder with the Llama-based 

encoder used in the main experiments. We fix the sequential recom­

mendation backbone to BERT4Rec and keep the same zero-shot transfer 

protocol, source domain, target domains, and evaluation settings. The 

only changed component is the offline item semantic encoder used to 

produce cached item embeddings. 

Fig. 6 provides an intuitive comparison between BERT-based and 

Llama-based item semantic encoders. The Llama-based encoder consis­

tently yields stronger overall performance than the BERT-based encoder 

across all three variants, indicating that higher-quality semantic repre­

sentations provide more informative cross-domain item affinities. 

More importantly, the benefit of SAGERec depends on the quality of 

semantic embeddings. Under BERT-based embeddings, BERT4Rec-SAGE 

does not outperform the semantic-only or -RecG variants, whereas un­

der Llama-based embeddings it achieves the best average score. This 

contrast indicates that SAGERec is not architecturally restricted to a 

particular item encoder, but its selective alignment mechanism requires 

sufficiently reliable cross-domain affinity estimates; otherwise, noisy 

or less discriminative embeddings may limit the benefit of SIC-based 

weighting. 

5.8 . Case study (RQ7)

To complement the quantitative results, we conduct a qualitative 

case study to examine when semantic alignment provides reliable 

transfer signals and when it becomes uncertain. Table 7 presents 

representative AMT–ACV item-pair cases under the main setting with 

Fig. 6. Average performance of BERT4Rec variants under BERT-based and 

Llama-based item semantic encoders. Results are averaged over the two target 

domains. “Average Performance” denotes the arithmetic mean of R@10, N@10, 

R@20, and N@20.

𝜃 = 0. For traceability, we report raw Amazon ASINs together with 

semantic affinity and behavioral-neighborhood overlap. These cases 

cover different alignment patterns, including behavior-supported se­

mantic matches, partial-title matches with weak behavioral support, and 

behavior-unconfirmed semantic matches. 

Table 7 shows that SIC can identify useful cross-domain alignment 

when semantic affinity is supported by behavioral evidence. The two 
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Table 7 

Representative AMT–ACV item-pair cases. all numeric values are rounded to three decimals. Item IDs are raw Amazon ASINs from the AMT source domain 

and the ACV target domain. “Beh. overlap” denotes behavioral-neighborhood overlap, and only 𝛼𝑖𝑗  is reported because the main setting uses 𝜃 = 0.

Case Source item (AMT) Target item (ACV) 𝜶𝑖𝑗 Beh. overlap Signal

Behavior-supported aligned Celtic Thunder: It’s Entertainment!

ID: B003019LWY
It’s Entertainment

ID: B003019LWO
0.999 0.714 Semantic and behavioral agreement

Behavior-supported aligned Celtic Thunder: Storm

ID: B005DETYW8
Storm

ID: B005DEVH1E
0.997 0.571 Semantic and behavioral agreement

Partial-title weak support Celtic Thunder: Take Me Home [DVD]

ID: B002AK9UUO
Take Me Home

ID: B00942S4OY
0.998 0.167 Shared phrase, limited behavior

Exact-title semantic edge Cargo

ID: B003ZXNCHC
Cargo

ID: B001U9BS4W
1.000 0.000 Title-identical, behavior-unconfirmed

Lexical-only alignment Abandoned

ID: B003MI2GHM
Abandon

ID: B000007N8O
0.993 0.000 Lexical similarity without observed behavior

“Celtic Thunder” cases obtain near-unit semantic affinity scores and rel­

atively high behavioral-overlap values of 0.714 and 0.571, respectively, 

indicating that these activated pairs are not merely matched by surface 

titles but also share similar behavioral neighborhoods. The partial-

title case further shows a weaker alignment pattern: although “Celtic 

Thunder: Take Me Home [DVD]” and “Take Me Home” have high seman­

tic affinity, their behavioral overlap is much lower. This suggests that 

shared title phrases may still provide transferable semantic clues, but 

their reliability can vary across domains; therefore, semantic alignment 

should be weighted rather than treated as hard item matching. 

The exact-title and lexical-only cases reveal the boundary of 

item-side semantic alignment. Although “Cargo”–“Cargo” and 

“Abandoned”–“Abandon” receive high semantic affinity scores, their 

behavioral-neighborhood overlap is zero in the observed interaction 

data, suggesting that similar titles or word forms do not necessarily 

imply consistent user intent across domains. Such cases may introduce 

noisy attraction if item representations are forced to be overly close. 

These observations clarify why SAGERec treats semantic affinity as a 

soft prior: SIC provides selective weighted alignment, while DAG ad­

justs the regularization strength according to domain-level discrepancy. 

Nevertheless, DAG cannot fully resolve item-level behavior–semantic 

mismatch, which remains an important limitation and motivates future 

behavior-aware or user-intent-aware alignment strategies. 

5.9 . Discussion and limitations

The results from RQ1–RQ7 collectively show that our SAGERec im­

proves zero-shot cross-domain sequential recommendation by balancing 

semantic transfer and domain-specific discrimination. The main com­

parison and ablation studies demonstrate that the gains are consistent 

across sequential backbones and mainly come from the complementary 

effects of SIC and DAG: SIC selects more reliable item-level semantic cor­

respondences, while DAG adjusts cross-domain regularization according 

to domain discrepancy. This interpretation is supported by the represen­

tation analysis, where the alignment heatmaps become more structured 

and localized, and the t-SNE visualization shows that SAGERec encour­

ages useful cross-domain overlap without fully mixing domain-specific 

item structures. The sensitivity and efficiency analyses further indi­

cate that SAGERec behaves stably under practical settings and achieves 

a favorable effectiveness–efficiency trade-off. Meanwhile, the encoder-

backbone and case studies show that selective semantic generalization 

is most effective when semantic similarity is supported by reliable item 

representations and is consistent with behavioral evidence. 

These findings also reveal the boundaries of the current frame­

work. Since SAGERec uses LLM-derived item embeddings to estimate 

cross-domain semantic affinity, its alignment quality is inevitably af­

fected by the reliability of item-side textual metadata and the semantic 

encoder. Noisy descriptions, missing fields, platform-specific writing 

styles, or superficial lexical similarities may lead to inaccurate affini­

ties, even though the similarity scores are used only as soft priors rather 

than ground-truth compatibility. In addition, SIC and DAG regularize 

representation learning through thresholded semantic weights and mini-

batch-based structure estimates, which may become less reliable when 

cross-domain semantic overlap is weak or when local batch statistics are 

not sufficiently representative. Accordingly, SAGERec should be inter­

preted as an encoder-based selective semantic generalization framework 

for zero-shot transfer. It does not make direct claims about prompt-

based or generative LLM recommenders, which usually rely on different 

supervision signals, prompting strategies, and inference protocols. 

Future research can build on these observations in several directions. 

A promising direction is to move beyond purely text-based affinity es­

timation by incorporating behavior-aware or uncertainty-aware signals, 

so that cross-domain alignment can better distinguish true user-intent 

consistency from surface-level semantic similarity. Another direction is 

to improve robustness under incomplete, noisy, or heterogeneous meta­

data, especially in more distant domain-transfer scenarios. It would also 

be valuable to develop evaluation protocols that jointly examine accu­

racy, representation structure, diversity, and coverage, and that fairly 

connect encoder-based zero-shot transfer with prompt-based or gener­

ative LLM recommendation paradigms. These directions would deepen 

the understanding of when semantic generalization is reliable and how 

it can be extended to more realistic recommendation environments. 

6 . Conclusion

In this paper, we study zero-shot cross-domain sequential recom­

mendation from the perspective of transfer heterogeneity. We identify 

a key limitation of existing semantic transfer methods, namely, their 

tendency to impose overly uniform cross-domain alignment, which may 

introduce noisy correspondences and weaken intra-domain structure. To 

address this issue, we propose SAGERec, a similarity-aware generaliza­

tion framework that improves zero-shot transfer through two compo­

nents: the Similarity-Aware Inter-domain Compactness (SIC) module for 

selective item-level alignment, and the Domain-Adaptive Generalization 

(DAG) mechanism for discrepancy-aware regularization.

Extensive experiments on real-world datasets and multiple sequential 

backbones show that SAGERec consistently improves recommendation 

performance within matched backbone families and achieves strong 

overall results across transfer settings. The ablation, sensitivity, effi­

ciency, representation, encoder-backbone, and case analyses further 

indicate that SAGERec provides an effective balance between cross-

domain alignment, domain-specific discrimination, and computational 

cost. Despite these encouraging results, SAGERec still relies on the qual­

ity of item-side semantic representations and metadata. Future work 

may explore behavior-aware or uncertainty-aware alignment strate­

gies to better distinguish true user-intent consistency from surface-level 

semantic similarity in more heterogeneous recommendation scenarios.
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