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Abstract

To mitigate data sparsity in Sequential Recommendation, Cross-
Domain Sequential Recommendation (CDSR) exploits dynamic
knowledge transfer across domains. Traditional CDSR approaches
merge specific-domain sequences into mixed-domain sequences
to reconnect users’ dispersed interests. However, most methods
rely on unidirectional transfer between mixed and specific domains
on each domain task, overlooking the complex interplay between
mixed-domain and domain-specific dynamics. Moreover, token-
level transfer between coinciding domain sequences fails to consider
inherent sequential dynamics. To address these limitations, we pro-
pose Multi-Domain Enhancement via Residual Interwoven Transfer
(MERIT). Specifically, MERIT enhances domain representations
along multiple domain-to-domain paths, leveraging the proposed
extended cross-attention fusion compatible with partially over-
lapping sequences. To facilitate such transfers, MERIT further em-
ploys MoE networks in encoders to generate both intra-domain and
inter-domain representations. In addition, by integrating stopped-
gradient mixed-domain representations into specific-domain repre-
sentations, MERIT enables the model to learn the residual signal of
the mixed-domain information, better aligning with downstream
specific-domain tasks. Extensive experiments on three real-world
datasets demonstrate that MERIT consistently outperforms state-
of-the-art CDSR counterparts with statistical significance. The code
is available at: https://github.com/DiMarzioBian/MERIT/.
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1 Introduction

Data sparsity is a significant challenge in recommender systems,
where many users and items exhibit insufficient interactions. Cross-
Domain Sequential Recommendation (CDSR) mitigates this issue
by transferring dynamic knowledge from source to target domains.
This approach can benefit both the launch of new business domains
and the mutual enhancement across related domains.

CDSR assumes that users display diverse and dynamic interests,
with some interests being domain-invariant while others remain
domain-specific [3, 56]. For example, as illustrated in Figure 1, a
user’s engagement with fantasy literature, as evidenced by inter-
actions with Harry Potter, The Lord of the Rings, and The Hobbit,
reflects an invariant interest across the movie and book domains.
In contrast, a preference for comedy, demonstrated by interactions
with Mr. Bean’s Holiday and Johnny English 3, is confined to the
movie domain. In comparison, an interest in biography, as evi-
denced by interactions with Steve Jobs: A Biography, is specific to
the book domain. While each domain sequence captures a distinct
aspect of user interest, the CDSR model aims to integrate these
different domain sequences holistically.

Most CDSR methods combine specific-domain sequences into
mixed-domain sequences in chronological order. This approach
fuses domain-invariant interests dispersed across specific-domain
sequences to bridge different domains. Based on whether lever-
aging mixed-domain sequence and the transfer between mixed-
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Figure 1: An example of dual-target CDSR task.

and specific-domain sequences, existing CDSR methods can be
categorized into three types: no explicit transfer [34], specific-
to-specific transfer [1, 2, 22, 49], unidirectional mixed-to-specific
transfer [3, 7, 25, 47, 48, 51, 54], and asymmetric transfer including
mixed-to-specific, target-to-mixed, and target-to-source transfers
[26]. However, domain-invariant interests exist within every related
domain, enabling each domain pair to use these shared interests as
a bridge for mutual transfer, regardless of whether the domains are
specific or mixed. Existing methods overlook this aspect, leading
to suboptimal performance.

Additionally, most previous studies have been confined to token-
level transfer in simple linear aggregation, where tokens repre-
sent individual interacted items. Such transfer neglects the interest
dynamics within the sequences. Furthermore, the ground truth
in mixed-domain and specific-domain sequences associated with
the same item can be different and may belong to different do-
mains. Performing token-level transfer in this case would introduce
domain-specific knowledge into domains where it is not applicable,
thus degrading performance.

To address these challenges, we propose the Multi-domain En-
hancement via Residual Interwoven Transfer (MERIT). MERIT
facilitates interwoven residual transfer by constructing domain-to-
domain knowledge transfer for each possible domain pair under
sequence-level fusion. Specifically, MERIT leverages MoE to instan-
tiate multi-output FFN (moFFN), enabling each encoder to generate
intra-domain representations as the main branch and inter-domain
representations for transfer to other domain branches. Then, to
allow the transfer of knowledge in partially overlapping sequences,
MERIT proposes extended cross-attention fusion modules (ECAF)
for aggregation. Eventually, MERIT aggregates stopped-gradient
mixed-domain representations into specific-domain representa-
tions, enabling the learning of residual signals from the mixed-
domain information and better aligning with downstream tasks.

To thoroughly evaluate MERIT, we compare it with state-of-the-
art (SOTA) CDSR models to assess its effectiveness, and also with
Sequential Recommendation (SR) models in single- and dual-target
settings to investigate the rationality of the proposed residual learn-
ing. Extensive experimental results on three real-world datasets
show that MERIT outperforms SOTA CDSR baselines across all
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Figure 2: Framework of MERIT.

metrics with statistical significance. In short, the contributions of
this paper are summarized as follows:

e We propose an interwoven residual transfer approach that en-
ables sequence-level knowledge transfer across all possible do-
main pairs, thereby overcoming the limitations of unidirectional
transfer methods.

e To implement this approach, we propose moFFN to generate
additional inter-domain representations and ECAF modules to
integrate these partially overlapped sequential representations
into different intra-domain representations.

e We conduct extensive experiments on three real-world datasets
to evaluate the performance of MERIT. Results show that our
model surpasses state-of-the-art CDSR counterparts with statis-
tical significance.

2 Related Work
2.1 Sequential Recommendation

Sequential Recommendation (SR) tasks aim to model interest dy-
namics based on the inherent chronological order of user interac-
tions. Early works [36] employed Markov Chains to model sequen-
tial interaction transitions. With the advent of deep learning, vari-
ous complex networks have been utilized to capture such sequential
dynamics. These include recurrent neural networks [13, 18, 44],
convolutional neural networks [40, 50, 55], and graph neural net-
works [9, 43, 46]. In recent years, self-attention-based models have
demonstrated significant capability in SR tasks [21, 23, 37], leverag-
ing advancements in the Transformer family [12, 41, 42].

To further enhance SR models, researchers have sought vari-
ous types of side information to improve performance. Common
methods included introducing item attributes [20, 35, 52], user
social networks [6, 11, 15], and temporal information [4, 14, 45].
With the development of LLM, recent works effectively integrate
multi-modality or multimedia information, such as images, text,
and video [5, 31, 32]. From this perspective, CDSR can also be seen
as an extension of SR that leverages domains as side information.

2.2 Cross-Domain Sequential Recommendation

Researchers propose Cross-Domain Recommendation (CDR) to mit-
igate data sparsity issues by transferring knowledge from source
domains to related target domains [8, 19, 24]. The Cross-Domain
Sequential Recommendation (CDSR) task incorporates this mindset
into SR tasks, aiming to leverage transferable dynamic knowledge
to enhance performance in target domains. Early CDSR works fo-
cused on the shared-account task [16, 17, 27, 28, 38], which assumes
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Figure 3: MRR scores of SASRec-st, BERT4Rec-st, SASRec-dt,
and BERT4Rec-dt.

multiple anonymous users share the same account. However, this
scenario significantly differs from the general CDSR task.

The general CDSR task assumes that the same interest may lead
to different user behaviors across various domains [10]. To leverage
these domain-shared interests, one widespread practice is to inter-
sperse specific-domain sequences into mixed-domain sequences.
To better bridge domains, existing methods can be categorized
into several types based on whether they leverage mixed-domain
sequences and the transfer directions.

Several studies focus on transferring knowledge directly between
specific domains [1, 2, 22, 33, 49], while others transfer knowledge
from a mixed domain to specific domains [3, 7, 25, 47, 48, 51, 53, 54].
TriCDR [26] employs an asymmetric transfer that supports mixed-
to-specific, target-to-mixed, and target-to-source pathways, while
SynCRec [34] introduces selectively shared experts to mitigate neg-
ative transfer between specific and mixed domains without explicit
transfer mechanisms. However, none of these works reflect the
interplay between specific-domain and mixed-domain sequences
for various downstream tasks.

Moreover, most methods fuse intra-domain and transferred inter-
domain representations at the token level, with MAN [25] being
an exception that uses sequence-level fusion for mixed-to-specific
transfers. However, within the Seq2Seq paradigm, token-level fu-
sion often fails to capture full sequential dynamics, especially when
targets vary across sequences and their domain affiliations are
uncertain in mixed-domain sequences.

3 Preliminaries

To evaluate the effectiveness of mixed-domain sequences, we apply
SASRec [21] and BERT4Rec [12] in mixed-domain sequences, de-
noted as SASRec-dt and BERT4Rec-dt. These variants are trained on
mixed-domain sequences by calculating losses separately for each
domain and summing them as supervision. We assess their perfor-
mance using Mean Reciprocal Rank (MRR) on the Food-Kitchen (FK)
and Beauty-Electronics (BE) datasets following [3]. The original
single-domain variants are denoted as SASRec-s and BERT4Rec-s.

As shown in Figure 3, the mixed-domain variants outperform
the original single-domain counterparts on both domains in the
FK and BE datasets, and on the MB dataset, BERT4Rec-dt achieves
close performance to BERT4Rec. These results indicate that both
variants can attain closed performance even under different setups
and sequential dynamics.
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Figure 4: An example of sequences partition and splits.

4 Methodology

In this section, we propose MERIT as depicted in Figure 5. The
introduction of MERIT comprises five subsections: 1) formulation
of the problem; 2) sequence formulation and embedding layers; 3)
sequence encoder; 4) Cross-Attention Fusion modules and interwo-
ven transfer; and 5) model training. We will introduce each part in
the following subsections.

4.1 Problem Formulation

We consider CDSR as an extension of SR that incorporates domain
information. Consequently, CDSR models leveraging side informa-
tion should outperform SR models; otherwise, their application
would be limited. In this paper, we focus on the dual-target CDSR
task and formally define it as follows:

Let 7a and Jp be the full item set of domains A and B, respectively.
Given one user’s two interaction sequences Ty = (a1,a2,as,...,ax)
within p and Tg = (b1,b2,bs,. . .,bq) within fg, the model is tasked
with transferring knowledge between Tp and Tp to generate top-N
recommendations for the next item to interact in each domain, ap{
and bg41. The task can be formulated as:

Input: One user’s specific-domain sequences, Ty = (a1, az,as, . ..,
ak) and TB = (bl, bz, b3, P bq).

Output: A recommendation system that estimates the probability
of this users’ next items to interact, ag,; and bg41.

4.2 Sequence Formulation and Embeddings

Continue on the example given in Section 4.1, we denote the union
of domain A and B as domain M, and its full item set is Iy, =
JAUTIg. Following the widely used leave-one-out sequence partition
[3, 21, 37, 40], the last and the penultimate interactions of each Ty
are popped out as the testing and validation ground truths. Next,
Ta and Tp are aligned with Ty, based on the same interacted items,
and any empty slots are padded to ensure that Ty and Tg are of the
same length as Tj. Figure 4 provides a detailed illustration of this
partitioning and alignment process.

To convert numerical indices into embeddings, each item will be
embedded into one learnable vector at length d, where d denotes
the dimension of embedding space. The table of item embeddings
is denoted as E € RIZ x4, including all items from both domains.
We also assign the positional indices for the interactions within
each domain sequence separately in reversed chronological order.
These positional indices are also embedded into vectors at length
d, and we denote this positioned embedding table as E € RLxd,
where L represents the input length. All input sequences not at
length L will be truncated or padded to meet the criterion.
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Figure 5: Overall architecture of the proposed MERIT model.

In the following subsections, we denote the embedding out-
puts for Ty, Ta, and Tg as Ep, Ea, and Ep € REX4 which are the
summation of the embeddings of interacted item and respective
in-sequence positional embeddings.

4.3 Sequence Encoder

Inspired by SASRec [21], we instantiate one self-attention sequen-
tial encoder for each domain, mixed and specific. Specifically, each
encoder consists of one self-attention layer and one multi-output
Feedforward Network (moFFN).

4.3.1 Self-Attention Layer. To implement the self-attention mech-
anism, we input the same sequential embeddings as queries (Q),
keys (K), and values (V) projections into the Multi-Head Attention
(MHA) network [42]. For example, the mixed-domain sequential
representation Hyy is computed from its embedding Ep as follows

HYA = Self-Attny (Em) = MHAM (Em, Ew, Em), (1)
Hij‘A «— LayerNorm (EM + Dropout (Hif?)) . )

Similarly, the specific-domain sequential representations Ha and
Hp can be obtained by replacing the notation M with A or B.

4.3.2 moFFN. We argue that while representations modeled within
one domain capture both domain-specific and domain-shared dy-
namics, the transferable inter-domain representations tend to se-
lectively emphasize those aspects most beneficial to their target

domains. To address this limitation, we leverage multi-task learn-
ing and employ CGC networks [39] as our moFFNs. Specifically,

the computation pipeline for the k-th output Hy in the moFFN is

formulated as:

Expert (H) = (Swish (HW1) ® HW3) W3, 3)
Sk = [ExpertS,Expertk] , (4)
Gatey (H) = Softmax (W H), (5)

H;. = LayerNorm (H + Dropout (Gater (H)Si (H))), 6)

where Wy € R?*2 s the learnable matrix for the gate correspond-
ing to the kth output, Expert; the domain-specific expert network
for k-th output, and Experts denotes the expert network shared
across all outputs. For each expert network, we follow the feedfor-
ward network architecture from Llama [41], employing learnable
matrices W1 € Rdx%d, W, e Rdx%d, and W3 € R%dx‘i, with the
Swish activation function defined as Swish(x) = 2=

Each moFFN outputs comprise one intra-domain representation
used for the domain’s task and multiple inter-domain representa-
tions for transfer to other domains. In MERIT, the moFFN outputs
are as follows:

o moFFNy, takes HISV‘A and outputs Hpy, Hproa, and Hagop.
o moFFN, takes HiA and outputs Ha, Hazm, and Haop.
o moFFNpg takes H%A and outputs Hg, Hpopm, and Hppa.

Here, each term following the HgyT pattern represents an inter-
domain representation, signifying the output is generated from
source domain S for transfer to target domain T. In contrast, each
term denoted by Hy pattern represents an intra-domain represen-
tation that directly contributes to tasks within domains Y.

4.4 Cross-Attention Fusion Modules and
Interwoven Transfer

To enable sequence-level interwoven transfer where each domain
transfers to every other domain, we propose Cross-Attention Fusion
(CAF) modules. Recall from Section 4.2 and Figure 4 that T and
Tg are derived from Ty by retaining only the interactions from
their respective domains. Consequently, when fusing transferred
representations from the mixed-domain sequence Ty; with those
from the coinciding specific-domain sequence Ty, direct token-
wise addition distorts the norm of the resulting sequence. To address
this, we apply token-wise addition exclusively for the mixed domain,
while for specific-domain sequences, we use concatenation along
the length dimension to form the transferred representations, as
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follows:

Hom = Hazmepom = (Hazw + Hpam) € RE, (7)
Hza = Hypza| 24 = Concat (Hyoa, Hpon) € R¥X4, (8)
Hyg = Hypp)|azp = Concat (Hpzp, Hazg) € RZX9, (9)

The pipeline for obtaining the final M-domain representation is
detailed as follows:

HE, = CAFy (Hy, Haym) = MHAGA (Ha, Ham, Hom),  (10)
Hi‘ « LayerNorm (HM + Dropout (Hi/‘)) , (11)
HfA « LayerNorm (Hi,\ + Dropout (FFNM (Hl;A))) , (12)

where FFNy, adheres to the expert network architecture defined in
Equation 3.

The final specific-domain representations Hi and Hg are ob-
tained by substituting M with A and B, and substituting CAFpm
with ECAFp and ECAFg, respectively. Notably, the causal masks
used here are illustrated in Figure 6, we extend the causal masks in
ECAFA and ECAFpg by an additional clone on the length dimension
to accommodate the length of concatenated sequences.

4.5 Model Training and Residual Learing

Because the optimization of the M, A, and B domains are all com-
posed of recommendation tasks, we adopt InfoNCE [30] to compute
the losses. Given the input final representation h, we denote the
embedding of its ground truth item as e*, and the embedding set of
its negative samples as E™. Hence, the InfoNCE can be written as:

exp (h-e*/1)
Zee{e*, E-} exp (h- e/T)’

InfoNCE (h, e*, E7) = —log (13)
where 7 denotes the temperature.
For i-th interacted item of Ty, hfn ; denotes its final representa-

tion from HfA Its corresponding ground truth embedding is e;’i.
We randomly sample Npeg unobserved items from 7 \ Ty and
another Nyeg unobserved items from Zg \ T to form the negative
sample set E ;. Then, this user’s M-domain loss can be formulated
as follows:
1 | Twm | F + _
Ln= D WfoNCE (KE, e i Bi). (1)
where the padding interactions in |Tp| are not considered.
Second, taking the same user’s A-domain training sequence Tp
as an example, for its j-th interacted item, hg’ ; denotes its final

representation from Hi, el j denotes the corresponding ground
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Table 1: Statistics of CDSR Datasets.

Dataset #users #items #interactions  #val. #test
Food 7 144 11,837 83,663 2,837 2,419
Kitchen ’ 16,258 89,885 4,307 4,725
Beauty 4474 10,379 50,329 2,086 1,875
Electronics ’ 14,188 63,800 2,388 2,599
Movie 28.350 35,712 347,654 11,728 10,935
Book ’ 90,958 403,147 16,622 17,415

truth embedding, and hﬂ’j denotes the corresponding final repre-
sentation of the same interacted item in Tj;. We only randomly
sample Npeg unobserved items from 74 \ T to form the negative
sample set E_ - Then, this user’s A-domain loss can be formulated
as follows:

La= ﬁ ZLZ' InfoNCE (hij +SG (hfn’j) R e;’j, E;j), (15)
where SG denotes the stop-gradient operator, and the padding
interactions in |Ta| are not considered. By replacing the notation A
with B, the B-domain loss Lp can be obtained similarly.

Recall from Section 3 that the mixed domain demonstrates its
potential when solely addressing CDSR tasks. Accordingly, we lever-
age the final specific-domain representations, Hg and Hg to learn

residuals that adapt mixed-domain predictions from HfA to the
corresponding A- and B-domain predictions. A gradient-stopping
operation is applied to H},\j‘ to prevent coupling, which would other-
wise allow specific-domain predictions to interfere adversely with
the optimization of mixed-domain predictions.

Finally, the overall loss can thus be given as:
Loss = Ly + Lo+ Lg. (16)

Additionally, the computational complexity of MERIT arises
from six multi-head attention (MHA) networks, comprising three
self-attention and three cross-attention modules, three FFNs, and
three moFFNs. Specifically, each self-attention layer and CAFp
require dL? + Ld® operations, while each CAF for A and B requires
4dL? + 2Ld? operations. Each FFN incurs a cost of df operations,
and each moFFN requires 4df + 6d operations, where f is the
internal dimension of the expert network and f>d. Consequently,
the overall complexity is O(dL? + Ld? + df). For deployment, we
leverage FastAttention in PyTorch 2.2.1 to accelerate computation.

5 Experiments

In this section, we conduct extensive experiments on three publicly

available real-world datasets to evaluate the effectiveness of MERIT.

We aim to address the following research questions (RQ) in this

section.

RQ1: Overall, how does MERIT perform against state-of-the-art
CDSR models and other baseline methods?

RQ2: How do mixed- and specific-domain cross-domain repre-
sentations in ECAF and CAF modules affect interwoven
transfer?

RQ3: How does the proposed residual learning affect the final
performance?

RQ4: How are the experts utilized in each output of MoE-FFNs?
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5.1 Datasets

We conduct experiments on three SR datasets pairs, including six
domains from Amazon review datasets!' [29]: Food-Kitchen (FK,
consisting of ‘Grocery and Gourmet Food’ as Food, and ‘Home
and Kitchen’ as Kitchen), Beauty-Electronics (BE, with ‘Beauty’
as Beauty, and ‘Electronics’ as Electronics), and Movie-Book (MB,
with ‘Movies and TV’ as Movie, and ‘Books’ as Book). The HVIDEO
dataset [16, 27, 28, 38] is not used because it focuses on shared-
account cross-domain sequential recommendation, where each ac-
count is shared by multiple individuals, differing fundamentally
from general CDSR, which assumes part of user’s interests is shared
across domains. Similarly, the Douban dataset [57, 58] is excluded
as its timestamp granularity is limited to days, making the order of
interactions within the same day subjective to authors’ decisions,
reducing reproducibility and potentially allowing cherry-picking.

For all datasets, each review is treated as an interaction. To alle-
viate the influence of cold-start users and items, we first filter all
non-domain-overlapping users and only retain interaction items
that have been interacted with more than 10 times among domain-
overlapping users. To reduce the computation load, we keep up
to L = 50 latest interactions of all sequences, following [21], and
filter all users with less than 5 interactions in each domain due to
shortened sequences. The statistics of these datasets are summa-
rized in Table 1. We run all methods with five seeds to obtain the
experimental results. We use Hit Rate (HR), Normalized Discounted
Cumulative Gain (NDCG), and Mean Reciprocal Rank (MRR) as
our metrics. The parameters for single-target models are chosen
based on the MRR score on the target domain, while those for dual-
target models are selected based on the sum of MRR scores on both
domains.

5.2 Baselines

We compare MERIT against four categories of baseline models, in-
cluding ST-SR models (SASRec-st and BERT4Rec-st), DT-SR mod-
els (SASRec-dt and BERT4Rec-dt), ST-CDSR models (CD-SASRec,
CD-ASR, and MGCL) and DT-CDSR models (CZDSR, DREAM, and
ABXI). Specifically, ST-SR models are trained independently on each
domain, whereas DT-SR models are trained on both domains com-
bined with losses computed separately for each domain to prevent
bias. In contrast, ST-CDSR models are also trained on the combined
domains, but evaluation metrics are computed solely on the target
domain, so each ST-CDSR model is executed twice, once with do-
main A as the target and once with domain B. Finally, DT-CDSR
models are trained and evaluated by computing metrics for both
domains concurrently within the same training.

e SASRec [21] is an attention-based milestone SR model that im-
plements self-attention encoder layers to capture sequential dy-
namics. Its single-target and dual-target versions are SASRec-st
and SASRec-dt.

e BERT4Rec [37], built upon SASRec, enhances sequential repre-
sentation through bi-directional self-attention modeling, lever-
aging the Cloze objective. BERT4Rec-st and BERT4Rec-dt are
its single-target and dual-target versions.

!https://cseweb.ucsd.edu/~jmcauley/datasets/amazon/links.html

Qingtian Bian et al.

e CD-SASRec [2] is one of the pioneering works of CDSR. It
leverages self-attention to encode source-domain sequences and
integrates the aggregated representation into encoding target-
domain sequences.

e CD-ASR [1] aggregates source and target domain sequential
dynamics using multiplicative attention and self-attention, re-
spectively, to generate the final representation.

e MGCL [48] is a multi-view framework that harnesses con-
trastive learning to integrate graphical and sequential informa-
tion across cross-domain and specific-domain views, enhancing
the modeling of target domain dynamics.

e C?DSR [7] leverages domain-based random replacement in neg-
ative samples to facilitate contrastive learning, thereby strength-
ening the connections between cross-domain and specific-domain
representations.

e DREAM [51] extracts specific-domain sequential representa-
tions and adaptively injects them into cross-domain sequential
modeling to enhance the capture of global interests.

e ABXI [3] employs task-guide alignment for specific-domain se-
quences and adapts domain-shared interests to specific-domain
modeling.

5.3 Implementation Details.

We adopt the commonly used leave-one-out strategy in the sequen-
tial recommendation, where the last and the penultimate interac-
tions of each sequence are popped out as the testing and validation
ground truths, regardless of their domains. This is to ensure a fair
comparison between CDSR and SR models. The number of ground
truths in the validation and testing sets categorized by respective
domains is provided in Table 1. For simplicity and fairness in evalua-
tion, we adopt the common strategy used in [21, 37, 40] by sampling
999 negative items from the ground truth’s domain to form the can-
didate set with the ground truth item. The selection of unmentioned
hyperparameters is aligned with [3].

5.4 Recommendation Performance (RQ1)

In this subsection, we quantitatively evaluate the performance of
MERIT against a range of baselines. Table 2 summarizes the overall
results, from which several observations emerge.

First, across all six domains from three datasets, MERIT outper-
forms all baselines, including state-of-the-art CDSR counterparts
on every metric. Paired t-tests reveal that differences in 2 metrics
are statistically significant (p < 0.03), and the remaining 22 of 24
metrics are highly statistically significant (p < 0.01). These results
confirm that MERIT effectively boosts performance by leveraging
residual interleaving transfer.

Second, dual-target models (DT-SR and DT-CDSR) generally out-
perform single-target models (ST-SR and ST-CDSR), likely because
our experimental settings do not intentionally create rich-sparse
domain differences that typically favor single-target models. More-
over, ST-CDSR models outperform ST-SR models on 19 of 24 metrics,
while DT-SDSR models exceed DT-SR models, thereby demonstrat-
ing the effectiveness of the CDSR paradigm.

5.5 Ablation Studies (RQ2, 3)

To investigate the rationality and effectiveness of employing the
interwoven transfer approach, the CAF modules, and the introduced
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Table 2: Recommendation Performance (RQ1): Best results are presented in bold and the runner-up is underlined. Statistical
significance of pairwise differences between MERIT and the best baseline is determined using a paired t-test; p-values < 0.03
are denoted by * and those < 0.01 by **.

Food Kitchen

Methods HR@5 HR@10  NDCG@10 MRR HR@5 HR@10 ~ NDCG@10 MRR

SASRec-st 0.1930=0.0028 0.2611:0.0036 0.1561:0.0021 0.1332:0.0019 0.1241:0.0026 0.1851=0.0018 0.1040=0.0005 0.0900:0.0007
BERT4ReC_St 0.18191[).0[)35 0.2528t(].()037 0.14621[).0()27 0.12301:0.(]03(] O.ll 14t(“)04(] 0.16851[).0()36 0.09261:0.(]029 0,08101[).[)()25
CD-SASRec 0.17970.0079 0.2454+0.0046 0.1421+0.0060 0.1197=0.0066 0.1119=0.0067 0.1757+0.0070 0.0946+0.005 0.0821+0.0039
CD-ASR 0.1976x0.0042 0.2727+0.0052 0.1616=0.0028 0.1368:0.0026 0.1345:0.0043 0.1995:0.0044 0.1107=0.0037 0.0941:0.0034
MGCL 0.1932:0.0041 0.26730.0054 0.1523:0.0021 0.1260=0.0018 0.1467=0.0009 0.2157:0.0026 0.1203z0.0019 0.1017=0.0019

SASRec-dt 0.2313:0.0034 0.2854+0.0049 0.1797+0.0039 0.1535:00034 0.1510=0.0037 0.2168x0.0049 0.1248:0.0027 0.1062+0.0021
BERT4Rec-dt 0.2223:0.0053 0.2956:0.0030 0.1727+0.0033 0.14270.0041 0.1363:0.0043 0.2055=0.0052 0.1116=0.0032 0.0948:0.0025

CZDSR 0. 1 984t0.0[)72 0.25741(].()116 O. 1 5461[).0()50 O. 1 3 1 11:(].(]035 O. 1 2631(“)(]51 0. 1 8791[).0()61 O. 105 11:(].(]033 0.09031[).0()27
DREAM 0.2158x0.0043 0.2771+0.0030 0.1698x0.0025 0.1441:0.0021 0.1377+0.0021 0.2045=0.0033 0.11380.0012 0.0956+0.0006
ABXI 0.2498:0.0022 0.3175z0.0041 0.1973:0.0025 0.1679=0.0028 0.1737:0.0031 0.2410=0.0026 0.1415z00012 0.1206=0.0014

MERIT ‘0.2628:0.0009** 0.3329:0005"*  0.2105:0007*  0.1801:00015™* ‘ 0.1873:0003"*  0.2603:00037*  0.1522:00026™*  0.12870.0022"*

Beauty Electronics
HR@5 HR@10 NDCG@10 MRR HR@5 HR@10 NDCG@10 MRR

SASRec-st 0.1837:0.0014 0.2597+0.0038 0.1523:0.0020 0.1295x0.0016 0.1345:0.0052 0.1894:0.0038 0.111100032 0.0982+0.0033
BERT4Rec-st 0.1687=0.0043 0.2438:0.0043 0.1404:0.0034 0.1197=0.0032 0.1277+0.0067 0.1832:0.0069 0.1053:0.0054 0.0930:0.0050
CD-SASRec 0.1605:0.0115 0.2530=0.0166 0.1380:0.0107 0.1162:0.0085 0.1290:0.0060 0.1842:0.0030 0.1069=0.0027 0.0948:0.0032
CD-ASR 0.1661+0.0065 0.2550:0.0044 0.1424:0.0033 0.121100033 0.1355:0.0040 0.1938:0.0039 0.1122:0.0033 0.0987+0.0034
MGCL 0.1364:0.0047 0.2109=0.0078 0.1162:0.0044 0.1001x0.0035 0.1537=0.0018 0.2159:0.0042 0.1273x0.0019 0.1118x0.0012

SASRec-dt 0.2292:0.0102 0.3262:0.0032 0.1866+0.0032 0.1530=0.0032 0.1481:0.0036 0.2169:0.0041 0.1236+0.0000 0.1058:0.0039
BERT4Rec-dt 0.1970=0.0027 0.3077=0.0089 0.1679=0.0057 0.1363x0.0050 0.1519:0.0040 0.2246=0.0028 0.1275x00031 0.1101=0.0031

C2DSR 0.1835x0.0066 0.2645:0.0034 0.1519=0.0038 0.1290=0.0037 0.1288:0.0072 0.1859:0.0063 0.1081x0.0047 0.0960:0.0043
DREAM 0.20901[).0[)47 0.3043t(].()069 0.17421[).0()32 0.14471:(].(]032 0.1216t(“)(]40 0.18171[).0()41 0.10231:(].(]024 0,08951[).[)()19
ABXI 0.2807+0.00s2 0.3835:0.0050 0.2245:0.0043 0.1846+0.0038 0.1659:0.0021 0.2389:0.0032 0.1385:0.0014 0.1200=0.0019

MERIT ‘0.3073&‘0074** 0.4054:00054"*  0.2425:0005°*  0.2004:00052"* ‘ 0.1837:00052"*  0.2619:00018*  0.1515:00020"*  0.12970.0025"*

Movie Book
HR@5 HR@10 NDCG@10 MRR HR@5 HR@10 NDCG@10 MRR

SASRec-st 0.2258:0.0031 0.2961+0.0037 0.1647+0.0025 0.1874+0.0027 0.1357+0.0020 0.1789:0.0033 0.1007+0.0022 0.1147+0.0023
BERT4Rec-st 0.2329:0.0018 0.3105:0.0012 0.1927:0.0007 0.1696:0.0007 0.1638:0.0017 0.2152:00013 0.1378x0.0008 0.1243:0.0006
CD-SASRec 0.2347:0.0022 0.3117=0.0026 0.1940=0.0015 0.1709=0.0017 0.1710=0.0042 0.2253:0.0043 0.1434:0.0030 0.1285=0.0026
CD-ASR 0.2352+0.0045 0.3052:0.0032 0.1956=0.0027 0.1743+0.0024 0.1622:0.0010 0.2118x0.0024 0.1372:0.0010 0.1244-0.0010
MGCL 0.2097:0.0042 0.2851:0.0040 0.1726+0.0032 0.1509:0.0033 0.1248:0.0038 0.1668:0.0049 0.1043:0.0035 0.0946+0.0033

SASRec-dt 0.2303:0.0046 0.3067=0.0043 0.1903:0.0032 0.1673x0.0030 0.1356+0.0015 0.1830:0.0014 0.1146+0.0011 0.1034-0.0010
BERT4Rec-dt 0.2317+0.0008 0.3095:0.0011 0.1925:0.0015 0.1697+0.0017 0.1547+0.0014 0.2063:0.0012 0.1302:0.0000 0.1176+0.0009

C2DSR 0.2299:0.0019 0.3003:0.0026 0.1911=0.0010 0.1700=0.0005 0.1316x0.0050 0.1767+0.0050 0.1123:0.0032 0.1025=0.0028
DREAM 0.2507=0.0068 0.3255:0.0044 0.2082:0.0044 0.1848:0.0043 0.1469:0.0037 0.1973:0.0037 0.12370.0033 0.1118x0.0031
ABXI 0.2859:0.0016 0.3682:0.0030 0.2388:0.0014 0.21180.0011 0.1973:0.0021 0.2571 00019 0.1669-0.0013 0.1502:0.0014

MERIT ‘0.291210.0011** 0.3723200014"  0.2425:00014"  0.2154200014"" | 0.2012:00018""  0.2615:0007""  0.1694:00000""  0.1524-0.0008"

residual learning, we introduce multiple ablated variants of specific- SF3: Replace ECAFp with token-wise addition Hg+Hpp4 and
domain fusion (SF), mixed-domain fusion (MF), moFFN (FF), and ECAFg with Hg+Hjp 2 to evaluate the their effectiveness.
residual learning (RL) as follows: SF4: Remove ECAFp andCAFp to evaluate the rationality of trans-

ferring knowledge from domain M to domains A and B.
FF1: Replace each moFFN with a FFN that shares the same struc-
ture as the expert network in the moFFN.

SF1: Remove Hpsp4 from ECAFA and Hyyop from ECAFp to evalu-
ate their contribution to the interwoven transfer.

SF2: Remove Hpz4 from ECAF and Hyzp from ECAFp to evaluate
their contribution to the interwoven transfer.
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Table 3: Ablation studies in MRR. (RQ2 and RQ3)

Qingtian Bian et al.

RQ  Variants ‘ Food Kitchen F+K ‘ Beauty Electronics B+E ‘ Movie Book M+B
- MERIT ‘ 0.1801:0005 0.1287:00022 0.3088 ‘ 0.2004:00052  0.1297:0002s 0.3301 ‘ 0.2154:00014  0.1524:0000s 0.3678
SF1 0.1751+00037  0.1282:0002s  0.3033 0.1937+00030  0.1285:00026  0.3222 0.2100:00015  0.1500200013  0.3600
SF2 0.1759:00042  0.1265:00020  0.3024 0.1971+00028  0.1290:0001s  0.3261 0.2130-00032  0.1511:00020 0.3641
SF3 0.1696:00014  0.1201:00026  0.2897 0.1909:00033  0.1213:00035  0.3122 0.2074+00016  0.1471:00000  0.3545
RQ2 SF4 0.1754:0003  0.1259:00038  0.3013 | 0.1945:00048  0.1273:00024  0.3218 | 0.2148:00022  0.1505:00011  0.3653
FF1 0.1751<00023  0.1273:00026  0.3024 0.1945+00024  0.1290:00036  0.3235 0.2101+00019  0.1504:00015  0.3605
MF1 0.1696+00043  0.1219:00014  0.2915 0.1878+00015  0.1183:00033  0.3097 0.2014+00026  0.1398:0001  0.3412
MF2 0.1719:00015  0.1257:00022  0.2976 0.1947+00033  0.1252:00020  0.3199 0.2135:00027  0.1510200030  0.3645
RQ3 RL1 0.1796:00016  0.1269:000is  0.3065 0.1952:00051  0.1247:00026  0.3199 0.2090:00021  0.1481:00000  0.3571
RL2 0.1700:00007  0.1207200017  0.2907 0.1764+00022  0.1274+00023  0.3038 0.2008+00017  0.1385:00017  0.3393
MF1: Replace CAFy; with token-wise addition, Hyr+Ha2p+Hponr, Expertg Expert; Experty Experts
to evaluate its effectiveness. domain A : domain B
MF2: Remove CAFy, to evaluate the rationality of transferring | : | | o | |
knowledge from domains A and B to M. 05638 04985 04414 05se3 04995 | ggrop O4sse 03875 04374 04904
RL1: Remove the stop-gradient operation on H‘;/I in A- and B- FK . ‘ " c | ! ‘ !
domain task to investigate the interference caused by su- 04362 05015 05980 04637 05005 i gg30p 05141 06125 05625 0500
pervision difference. | | ‘ o | ‘ | ‘
RL2: Remove H§4 in A- and B-domain tasks to investigate the N 0.3?08 03879 4078 04651 | 03803 04142 5005
effectiveness of prediction-level residual learning. ge 7' ' i o7s09 | |
1 H
06592 06121 : 0.6197 0.
Table 3 clearly demonstrates that every component of MERIT is 0.2&'304 Q4P 8022 e B =
essential for its overall performance. Results from SF1 and SF2 show ‘ \ | ‘ Eo ‘ |
that both mixed-to-specific and specific-to-specific transfers in the 04018 04408 = 04832 05238 05000 : 04070 ggpa1 04518 o53er 0.5000
specific-domain CAF modules contribute positively. In contrast, MB ! I X - . ! .
SF3, which replaces sequence-level fusion with token-level addition, 05982 05592 05168 04762 05000 . 09930 04750 05482 gg08 0.5000
yields the second-worst performance, indicating that the distortion :
Hy Humpa o Ha Haov Haep © Hy Huep o Hp Hpaw Huoa

of coinciding sequential representations significantly hinders the
model. Similarly, MF1 and MF2 reveal that sequence-level fusion is
indispensable, as replacing it with token-level addition or removing
CAFp leads to notable performance declines. FF1 also demonstrates
the improvement of moFFN over vanilla FFN.

Finally, the results from RL1 and RL2 confirm that prediction-
level residual learning effectively decouples mixed-domain and
specific-domain tasks, thereby boosting performance.

5.6 Expert Utilization in MoE-FFN (RQ4)

To quantitatively assess expert aggregation, we examine expert
utilization across MoE-FFN outputs. Figure 7 presents the weight
distributions for each gate on the test set, with bar heights repre-
senting mean weights and vertical dashes indicating their standard
deviations.

The results indicate that intra-domain representations, Hys, Hya,
and Hp, exhibit fluctuations in expert utilization on the smaller
FK and BE datasets. Nonetheless, overall performance remains sta-
ble as shown in Table 2, suggesting that transferred inter-domain
representations help mitigate this instability. Similarly, expert uti-
lization for Hpyps also fluctuates on the FK and BE datasets, due
to the challenges in extracting transferable knowledge from lower-
performing domains compared to higher-performing domains on
smaller datasets. In contrast, the remaining outputs display stable
expert utilization without a clear bias between shared and domain-
specific experts. Furthermore, no expert receives a zero weight

Figure 7: Expert utilization of the corresponding input tokens
for testing data, separated by target domain. The height of
bars and the vertical dashes indicate the mean and standard
deviation of weights, respectively. (RQ4)

across all gates, indicating that the shared components between spe-
cific and shared experts are effectively captured. Notably, specific-
to-specific transfers across all datasets exhibit a balanced utilization
of shared and specific experts. This balance indicates a substantial
overlap between mixed-to-specific and specific-to-specific transfers
directed toward the same target domains. As a result, the optimiza-
tion tends to assign lower gradients to specific-to-specific transfers,
yielding nearly equal contributions from both expert types.

In summary, the expert utilization analysis confirms the effec-
tiveness of interwoven transfer in MERIT and suggests that its
stability may be influenced by dataset size.

6 Conclusion

In this paper, we introduce MERIT, a novel dual-target CDSR model
that performs residual interwoven transfer between mixed- and
specific-domain sequences. Experimental results on three real-world
datasets demonstrate that MERIT outperforms all baselines, includ-
ing state-of-the-art CDSR models, with statistical significance. We
plan to explore the interplay among mixed-domain, domain-specific,
and explicit domain-invariant representations in future work.
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