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ABSTRACT

Cross-Domain Sequential Recommendation (CDSR) has recently
gained attention for countering data sparsity by transferring knowl-
edge across domains. A common approach merges domain-specific
sequences into cross-domain sequences, serving as bridges that en-
able mutual enhancement between domains. One key challenge is
to correctly extract the effective shared knowledge among these se-
quences and appropriately transfer it. Most existing works directly
transfer unfiltered cross-domain knowledge rather than extracting
domain-invariant components and adaptively integrating them into
domain-specific modelings. Another challenge lies in aligning the
domain-specific and cross-domain sequences. Existing methods
align these sequences based on timestamps, but this approach can
cause prediction mismatches when the current tokens and their tar-
gets belong to different domains. In such cases, the domain-specific
knowledge carried by the current tokens may degrade performance.
To address these challenges, we propose the A-B-Cross-to-Invariant
Learning Recommender (ABXI). Specifically, leveraging LoRA’s
effectiveness for efficient adaptation as supported by numerous
studies, our model incorporates two types of LoRAs to facilitate
the adaptation process. First, all sequences are processed through
a shared encoder that employs a domain LoRA for each sequence,
thereby preserving unique domain characteristics. Next, we in-
troduce an invariant projector that extracts domain-invariant in-
terests from cross-domain representations, utilizing an invariant
LoRA as well to adapt these interests into recommendations in
each specific domain. Besides, to avoid prediction mismatches, all
domain-specific sequences are re-aligned to match the domains
of the cross-domain ground truths. Experimental results on three
datasets demonstrate that our approach achieves better results than
other CDSR counterparts, with an average improvement of 17.30%
in HR@10 and 18.65% in NDCG@10. The codes are available in
https://anonymous.4open.science/status/ ABXI-WWW25-1D04.
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1 INTRODUCTION

In the era of information explosion, the Internet is flooded with
massive amounts of content, yet users are exposed to only a small
fraction of it. Such data sparsity remains a persistent challenge in
modern recommender systems. Cross-Domain Sequential Recom-
mendation (CDSR) has recently emerged as a promising approach
to alleviate this sparsity issue by transferring knowledge across dif-
ferent domains to enrich user profiles [4, 5, 9, 11, 30, 41, 53, 55, 60].

A common strategy in CDSR involves merging domain-specific
sequences into cross-domain sequences that serve as bridges, en-
abling mutual enhancement between domains [4, 9, 30, 53, 55].
Figure 1 illustrates an example of a user’s domain-specific and
cross-domain interaction sequences. In the book domain, the user’s
interests encompass science fiction and romantic novels, while in
the movie domain, the user prefers science fiction and comedy films.
From the perspective of cross-domain sequences, the user’s interest
in science fiction can be leveraged in both the book and movie do-
mains to create more comprehensive user profiles. On the contrary,
the specific interests in romantic books and comedy movies should
not be indiscriminately shared between domains. However, most
existing CDSR approaches mix up the concepts of cross-domain
and domain-invariant interests by directly transferring unfiltered
cross-domain knowledge into domain-specific modeling. This prac-
tice can introduce domain-specific information from one domain to
interfering with another, adversely affecting recommendation per-
formance. Therefore, extracting domain-invariant knowledge from
cross-domain sequences is essential to facilitate effective sharing
across specific domains.

Furthermore, another challenge lies in aligning domain-specific
and cross-domain sequences when making recommendations within
each domain. Current self-attention-based methods typically align
cross-domain and domain-specific sequences based on timestamps
[9, 30, 55], as depicted in Figure 2b. Although this approach is intu-
itive and facilitates the enhancement of cross-domain sequential
features with domain-specific features through direct token-wise
addition, it has inherent limitations. Generally, cross-domain train-
ing sequences comprise a mixture of items from different domains.
If the current token and its ground truth token belong to different
domains, the domain-specific information encoded in the current to-
ken may negatively impact the prediction of the ground truth token.
For instance, as illustrated in Figure 2b, consider selecting token
A4 as the current token to predict token B4. The timestamp-guided
alignment enables the model to incorporate encoded cross-domain
interests along seqy as well as encoded domain-specific interests
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along seq. However, since the target token B4 originates from for each sequence, which can e ciently switch modes to encode 28
domainB, it does not correspond with thé-speci ¢ knowledge, every cross-domain and domain-speci ¢ sequence. Additionally, we 219
potentially degrading the model's performance. We refer to this instantiate an invariant projector to extract the domain-invariant 220
issue as the prediction mismatch throughout the remainder of this interests from cross-domain representations. This projector has 221
paper. integrated one invariant LORAII(0ORA ) for recommendations in 222

To tackle the prediction mismatch issue and address the chal- each speci c domain to conduct e cient adaptation. While LoORAs 223
lenges of exploiting domain-invariant interest, we propose the A-B- are typically used for ne-tuning, we extend their applicationto 224
Cross-to-Invariant Learning Recommend&BXI ). Speci cally, we single-stage training by concurrently training LORA modules with 225
rst realign all domain-speci ¢ sequences according to the domains  all other components in ABXI. Having introduced these designs, 226
of the ground truths to prevent prediction mismatches with cross- ABXI renovates both the pipelines of obtaining cross-domain and 227
domain sequences. We then employ a shared self-attention encoder domain-speci c interests. 228
as the sequence model to encode all sequences into sequential repre- To thoroughly evaluate ABXI with state-of-the-art CDSR meth- 229

sentations. This shared encoder deploys one domain LaRRARA) ods, we conduct extensive experiments on three publicly available 230
231

Figure 1: Our proposal on generating recommendations by integrating domain-speci c interests with domain-invariant interests
extracted from the cross-domain sequence.

Figure 2: lllustration of the sequence splits under di erent alignments, where gt denotes the ground truth. (a) illustrates
the input training sequence. (b) and (c) demonstrate the split outcomes of timestamp-guided and task-guided alignment,
respectively.
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