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Abstract

Cross-domain recommendation (CDR) is crucial for improv-
ing recommendation accuracy and generalization, yet tradi-
tional methods are often hindered by the reliance on shared
user/item IDs, which are unavailable in most real-world sce-
narios. Consequently, many efforts have focused on learn-
ing disentangled representations through multi-domain joint
training to bridge the domain gaps. Recent Large Language
Model (LLM)-based approaches show promise, they still face
critical challenges, including: (1) the item ID tokenization
dilemma, which leads to vocabulary explosion and fails to
capture high-order collaborative knowledge; and (2) insuffi-
cient domain-specific modeling for the complex evolution
of user interests and item semantics. To address these lim-
itations, we propose GenCDR, a novel Generative Cross-
Domain Recommendation framework. GenCDR first em-
ploys a Domain-adaptive Tokenization module, which gen-
erates disentangled semantic IDs for items by dynamically
routing between a universal encoder and domain-specific
adapters. Symmetrically, a Cross-domain Autoregressive
Recommendation module models user preferences by fusing
universal and domain-specific interests. Finally, a Domain-
aware Prefix-tree enables efficient and accurate genera-
tion. Extensive experiments on multiple real-world datasets
demonstrate that GenCDR significantly outperforms state-of-
the-art baselines.

Code — https://github.com/hupeiyu21/GenCDR

Introduction
Recommender systems have become indispensable tools for
navigating the vast amount of information in modern on-
line services, including e-commerce, social media, and con-
tent streaming (Chen et al. 2024a; Liu et al. 2024a; Li
et al. 2025d). In real-world scenarios, users often interact
across multiple, heterogeneous domains, creating rich be-
havioral data. Effectively leveraging these interactions for
Cross-Domain Recommendation (CDR) has thus emerged
as a critical challenge for improving recommendation accu-
racy and generalization (Li et al. 2023; Xiang et al. 2025).
However, the majority of existing CDR methods heavily rely
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Technology Domain Lifestyle Domain

Title: Apple Watch
Description: Advanced health 
tracking, compact design, and 
seamless daily use. Perfect 
for fitness and smart 
lifestyle integration.

Title: Fresh Fuji Apple
Description: Naturally sweet 
and refreshing. Ideal for 
daily consumption, rich in 
fiber and vitamins. Grown 
without pesticides.

Figure 1: An “Apple” across Lifestyle vs. Technology do-
mains. Blue: shared semantics (e.g., daily use); Orange:
domain-specific attributes (e.g., sweet, vitamins for fresh ap-
ple; fitness, smart for Apple Watch).

on shared user or item identifiers (IDs) as the bridge for
knowledge transfer (Cao et al. 2022; Ma et al. 2024; Guo
et al. 2025). This assumption often does not hold in prac-
tice, as many cross-domain scenarios, such as online content
platforms and offline services, lack a strict alignment of user
or item IDs, creating a significant bottleneck for traditional
ID-based approaches (Liu et al. 2025c).

The recent advancements in Large Language Models
(LLMs) have provided a promising new paradigm for CDR,
owing to their powerful capabilities in semantic understand-
ing and sequence generation (Wu et al. 2024; Liu et al.
2025c). Current research in this area can be broadly catego-
rized into two main streams. The first stream utilizes LLMs
as powerful feature enhancers, leveraging their world knowl-
edge to generate richer representations for users and items,
which are then fed into traditional recommendation mod-
els (Liu et al. 2025b; Zhang et al. 2025b). The second stream
treats the LLM as the core recommender, reformulating the
CDR task as a natural language problem solved via prompt-
ing or parameter-efficient fine-tuning (Liu et al. 2025c).

Despite this progress, current LLM-based CDR frame-
works still face two fundamental challenges. The first is an
Item Tokenization Gap, as traditional item indexing meth-
ods are ill-suited for LLMs in multi-domain scenarios (Wu
et al. 2024). The second is a Domain Personalization Gap,
where existing methods struggle to effectively disentangle
and model the dynamic interplay between universal inter-
ests and their domain-specific expressions (Liu et al. 2025c;
Zhang et al. 2023). For instance, as illustrated in Figure 1,
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an “Apple Watch” in the technology domain and a fresh
“Apple” in the lifestyle domain share a common semantic
concept (Apple), but also possess highly distinct, domain-
specific attributes (e.g., ‘health‘, ‘fitness‘ vs. ‘sweet‘, ‘vita-
mins‘).

To address these challenges, we propose GenCDR,
a novel Generative Cross-Domain Recommendation
framework based on Large Language Models. Our work
is motivated by a key insight: raw semantic information
(e.g., text descriptions) is inherently transferable across do-
mains, whereas item IDs are not. Inspired by the success
of generative models in single-domain recommendation, we
introduce the concept of discrete semantic IDs (SIDs) to
GenCDR, directly tackling the item tokenization dilemma
(Challenge a). Furthermore, to address the lack of domain
personalization (Challenge b), GenCDR features two core
modules: a Domain-adaptive Tokenization module and a
symmetric Cross-Domain Autoregressive Recommenda-
tion module. These are designed to systematically disen-
tangle and dynamically fuse universal and domain-specific
knowledge at both the item and user levels, respectively.

The main contributions of this paper are summarized as
follows:
• We propose a novel generative cross-domain recommen-

dation framework, GenCDR. To the best of our knowl-
edge, this is the first work to introduce the generative
semantic ID paradigm into LLM-based cross-domain
recommendation, effectively resolving the long-standing
item tokenization dilemma.

• We systematically design a Domain-adaptive Tokeniza-
tion module that dynamically disentangles and precisely
models the universal and item-wise domain-specific
knowledge at the semantic level.

• We design a symmetric and collaborative Cross-Domain
Autoregressive Recommendation module that effec-
tively disentangles and fuses universal and user-wise
domain-specific interests during the recommendation
process.

• We propose a Domain-aware Prefix-tree based decod-
ing strategy to ensure efficient and accurate generation in
cross-domain scenarios.

• Extensive experiments on multiple real-world cross-
domain datasets demonstrate that GenCDR significantly
outperforms existing state-of-the-art methods in terms of
both accuracy and generalization.

Related Work
Cross-Domain Sequential Recommendation This task
seeks to model a user’s evolving interests across multiple do-
mains by transferring knowledge from their diverse interac-
tion sequences (Chen et al. 2024b). Mainstream approaches
often rely on collaborative item IDs, using architectures like
gating mechanisms, attention modules (Kang and McAuley
2018; Lu and Yin 2025; Cui et al. 2025), or Graph Neural
Networks (GNNs) (Liu et al. 2024b; Li and Lu 2024; Cao
et al. 2022) to fuse and transfer knowledge, frequently en-
hancing the representations with contrastive learning objec-
tives (Ma et al. 2024). Recognizing the limitation of purely

ID-based signals, a more recent trend has started to incor-
porate richer semantic information by leveraging features
from pre-trained language models (Liu et al. 2025c; Li et al.
2022). However, how to effectively integrate these semantics
into a unified generative framework, while explicitly disen-
tangling shared and domain-specific knowledge, remains a
significant and open challenge.

Generative Recommendation. The paradigm of gen-
erative recommendation recasts the task from ranking
to an autoregressive sequence generation problem, where
Transformer-based models predict sequences of semantic
item IDs (Petrov and Macdonald 2023; Hou et al. 2025).
The construction of these IDs is a critical research area,
with key approaches including content-based tokenization
via vector quantization (Li et al. 2025a) (e.g., RQ-VAE (Ra-
jput et al. 2023)), structure-aware methods using hierarchi-
cal clustering (Si et al. 2024), and embedding collabora-
tive signals directly into the tokenization process (Mo et al.
2024). However, these techniques have been developed al-
most exclusively for single-domain datasets (Zheng et al.
2025), leaving their application to complex, multi-domain
environments as an open research question.

Large Language Models for Recommendation Large
Language Models (LLMs) are integrated into recommender
systems in two main ways: either as auxiliary components
that enhance traditional models by providing rich seman-
tic features or data augmentation (Sun et al. 2024; Yin
et al. 2025; Zhang et al. 2025a), or as core generative en-
gines that reformulate recommendation as a task of autore-
gressively predicting item IDs (Rajput et al. 2023; Zheng
et al. 2024; Lin et al. 2024). Fine-tuning on recommendation
datasets, often with parameter-efficient techniques (PEFT)
like LoRA (Hu et al. 2022), is a crucial step to align these
models for recommendation tasks (Bao et al. 2023; Liu et al.
2025a; Zhang et al. 2023). However, existing work has pre-
dominantly focused on single-domain applications, leaving
the challenge of effective knowledge transfer and represen-
tation across heterogeneous domains largely unaddressed.

Problem Formulation
Let U be the set of users, D be the set of domains, and Id
be the item set for each domain d ∈ D. The total item set
is I =

⋃
d∈D Id. For each user u ∈ U , their historical in-

teractions in a domain d are represented as a chronological
sequence Su

d = (i1, . . . , it), where ik ∈ Id. The user’s com-
plete cross-domain historical profile, Hu, is the collection of
all their single-domain sequences: Hu = {Su

d | d ∈ Du},
where Du ⊆ D is the set of domains user u has interacted
with.

The task of Cross-Domain Sequential Recommendation
(CDSR) is to predict the next item iutarget that a user u is most
likely to interact with in a target domain dt ∈ D, given their
entire historical profile Hu. The objective is to learn a gen-
erative model parameterized by θ that maximizes the log-
likelihood of the held-out target items:

L =
∑
u∈U

logP (iutarget|Hu; θ). (1)
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Figure 2: The architecture of our GenCDR framework. (a) The two-stage pipeline comprising the tokenization and recommen-
dation modules. (b) The detailed structure of the Domain-adaptive Tokenization module, featuring a hierarchical adapter system
with dynamic routing. (c) The symmetric architecture of the Cross-Domain Autoregressive Recommendation module.

Methodology
To address the key challenges of item tokenization and do-
main personalization in cross-domain recommendation, we
propose GenCDR, a novel generative framework. As il-
lustrated in Figure 2, our framework is composed of three
core modules: a Domain-adaptive Tokenization module, a
Cross-Domain Autoregressive Recommendation module,
and a Domain-aware Prefix-tree for efficient inference.

Domain-adaptive Tokenization
To empower large language models (LLMs) with the abil-
ity to process items from diverse domains, we introduce a
Domain-adaptive Tokenization module. This module gener-
ates unified SIDs for items, balancing domain-agnostic uni-
versal semantics with domain-specific discriminative fea-
tures to yield expressive representations for generative rec-
ommendation tasks. The SIDs are designed to exhibit three
critical properties: (i) Semantic Richness: capturing compre-
hensive item semantics; and (ii) Semantic Similarity: ensur-
ing similar items across domains share comparable IDs.

Domain-Universal Semantic Token Generation To es-
tablish a unified semantic foundation for knowledge transfer,
we propose a Universal Discrete Semantic Encoder based on
a Residual-Quantized Variational Autoencoder (RQ-VAE)
framework (Lee et al. 2022). The RQ-VAE, consisting of an
encoder E, a decoder D, and M codebooks, is pre-trained
on the textual features of all items. It converts an item’s fea-
ture embedding x into a sequence of discrete codes c =
(c0, . . . , cM−1). The model encodes x to a latent represen-
tation z = E(x), with initial residual r0 = z. For each level
d = 0 to M−1, rd is quantized to the nearest codebook vec-
tor ecd from codebook Cd, where cd = argmink ||rd−ek||2,

and the next residual is rd+1 = rd − ecd . The quantized
ẑ :=

∑M−1
d=0 ecd is decoded to x̂ = D(ẑ).

The model is optimized via a joint objective function. This
objective includes a standard reconstruction loss LREC =
||x − x̂||2 and a quantization loss LQ that aligns the en-
coder’s output with the codebook vectors using commitment
terms (Van Den Oord, Vinyals et al. 2017):

LQ =

M−1∑
d=0

||sg(rd)− ecd |2 + β||rd − sg(ecd)||2. (2)

To further ensure the codes are contextually coherent, we
add a Masked Token Modeling (MTM) loss, which trains
the model to predict masked codes ci from their surrounding
context Smasked:

LMTM = −Ex∼X ,Imask

[ ∑
i∈Imask

logP (ci | Smasked; θctx)

]
.

(3)
The total pre-training loss, Lpretrain = LREC+µLQ+λLMTM,
guides the model to learn universal semantic tokens that are
both representative and contextually aware. Upon comple-
tion, the universal encoder and codebooks are frozen.

Domain-specific Semantic Token Adapters While the
universal encoder establishes a domain-agnostic semantic
foundation, it may not fully capture domain-specific dis-
criminative feature, such as visual aesthetics in videos or
narrative styles in books. To address this, we introduce
domain-specific semantic adapters that refine universal rep-
resentations in a parameter-efficient manner, enhancing their
relevance for each domain.

We leverage Low-Rank Adaptation (LoRA) (Hu et al.
2022) to achieve this. For each domain d ∈ D, a lightweight
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LoRA module is introduced, comprising low-rank matrices
Bd ∈ Rdout×r and Ad ∈ Rr×din , where r ≪ min(din, dout).
These matrices augment the frozen weights W0 ∈ Rdout×din

of the universal encoder E, modifying the forward pass as:

hout = W0hin +BdAdhin. (4)

Denoting the adapted encoder as Eθd with trainable pa-
rameters θd = {Bd, Ad} for domain d, we fine-tune θd in a
second training phase. For each item embedding x from do-
main d, we minimize a self-supervised reconstruction loss:

Ladapter = Ex∼Xd

[
∥x−D(Q(Eθd(x)))∥22

]
, (5)

where Q and decoder D remain frozen. This approach en-
sures domain-specific refinements with minimal additional
parameters, enabling efficient adaptation to diverse domains.

Item-level Dynamic Semantic Routing Network To ef-
fectively integrate universal and domain-specific representa-
tions, we propose an Item-level Dynamic Semantic Routing
Network that adaptively balances these representations on
a per-item basis. This approach mitigates the risk of nega-
tive transfer inherent in static fusion strategies by dynami-
cally determining the contribution of general cross-domain
and domain-specific semantics for each item.

The routing network, denoted Rϕ with parameters ϕ, is a
lightweight neural network (e.g., a multi-layer perceptron)
that takes an item’s embedding x as input and produces
a gating weight α ∈ [0, 1]. For an item from domain d,
we compute two latent representations prior to quantization:
the universal representation zuni = E(x) from the frozen
universal encoder, and the domain-specific representation
zspec = Eθd(x) from the adapted encoder. The router cal-
culates:

α = σ(Rϕ(x)), (6)
zfused = (1− α) · zuni + α · zspec, (7)

where σ(·) is the sigmoid function. The fused representation
zfused is then quantized and decoded.

To promote disentangled representations and prevent
overfitting, we regularize the router using the Variational In-
formation Bottleneck (VIB) principle (Alemi et al. 2016).
The VIB loss minimizes the information the router extracts
from x, ensuring only essential features influence the rout-
ing decision. This is enforced via a KL-divergence term:

LVIB = DKL(q(zr | x) ∥ p(zr)), (8)

where q(zr | x) is the router’s internal representation dis-
tribution, and p(zr) is a prior (e.g., standard normal). This
loss is incorporated into the second-phase training objective,
enabling a balanced fusion of shared and domain-specific
knowledge.

Cross-Domain Autoregressive Recommendation
Leveraging the unified SIDs produced by the Domain-
adaptive Tokenization module, this component models intri-
cate temporal patterns in user interaction sequences to en-
able personalized cross-domain recommendations. We in-
troduce a parameter-efficient, two-phase fine-tuning strat-
egy that acknowledges the multifaceted nature of user in-
terests (e.g., brand preferences or category affinities). In

the initial phase, a mixture of diverse LoRA adapters is
trained on aggregated data from all domains to capture trans-
ferable, domain-agnostic interest patterns. The subsequent
phase fine-tunes domain-specific LoRA adapters, with a dy-
namic routing network facilitating adaptive fusion of univer-
sal and specialized knowledge during inference.

Universal Interest Modeling Network To model the di-
verse facets of user interests across domains, we develop
a Universal Interest Modeling Network. This is achieved
by enhancing a pre-trained large language model (LLM)
with a mixture of multiple Low-Rank Adaptation (LoRA)
adapters (Li et al. 2025c,b). This collection of adapters is
trained jointly to capture distinct, transferable behavioral
patterns. The parameters of the i-th universal expert are de-
noted as θuni,i. The complete set of these parameters, Θuni =
{θuni,1, . . . , θuni,N}, represents all trainable weights for the
universal module G.

The input to this network consists of sequences of cross-
domain SIDs, Su = (cu1 , c

u
2 , . . . , c

u
t ). In the initial fine-

tuning phase, we optimize the universal parameters Θuni us-
ing a standard autoregressive objective, predicting the next
semantic ID given the preceding sequence. The training loss
is defined as:

Luni = −
∑
u∈U

|Su|−1∑
k=1

logP (cuk+1 | cu≤k; θLLM,Θuni), (9)

where θLLM denotes the frozen LLM parameters. After this
phase, both θLLM and the universal parameter set Θuni are
fixed, forming the Universal Interest Modeling Network that
serves as the basis for domain-specific adaptation.

Domain-specific Interest Adaptation While the Univer-
sal Interest Modeling Network captures general user pref-
erences, domain-specific nuances require tailored modeling.
To address this, we introduce a second fine-tuning phase to
train domain-specific LoRA adapters, enabling the model to
adapt to the unique characteristics of each domain.

For each domain d ∈ D, we augment the frozen model
with a dedicated, trainable LoRA adapter, denoted θspecd .
During this phase, both the base LLM parameters θLLM and
the universal parameters Θuni remain fixed. The training fo-
cuses solely on domain-specific interaction sequences Su

d
from users u ∈ Ud. We optimize θspecd by minimizing the
autoregressive loss:

Lspecd = −
∑
u∈Ud

|Su
d |−1∑
k=1

logP (cuk+1 | cu≤k; θLLM,Θuni, θspecd).

(10)
This approach enables the model to efficiently learn domain-
specific interest patterns, setting the stage for dynamic inte-
gration during inference.

User-level Dynamic Interest Routing Network Sym-
metrically to the item-level router, we employ a VIB-
regularized User-level Dynamic Interest Routing Network to
prevent negative transfer during inference. This lightweight
gate takes the user’s history representation ht as input to
compute a dynamic weight γ ∈ [0, 1]. This weight fuses the
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probability distributions from the universal model (Puni) and
the domain-adapted model (Pspec) as follows:

Pfinal(i | Su) = (1−γ)·Puni(i | Su)+γ ·Pspec(i | Su). (11)

Here, Puni is the output distribution from the frozen univer-
sal network (parameterized by Θuni), while Pspec is from the
network augmented with domain-specific adapters (param-
eterized by Θuni and θspecd ). The VIB regularization on the
router ensures the fusion logic is efficient and robust.

Inference – Domain-aware Prefix-tree To ensure ef-
ficient and valid semantic ID generation, we propose a
Domain-aware Prefix-tree mechanism that mitigates the lim-
itations of standard autoregressive decoding, such as com-
putational inefficiency and invalid ID outputs. For each do-
main d ∈ D, we construct an offline prefix tree Td encoding
all valid semantic ID sequences produced by the Domain-
adaptive Tokenization module. During inference, given a tar-
get domain dt, the corresponding tree Tdt

guides the gener-
ation process. At each decoding step k, the tree identifies a
valid subset of next codes Vvalid(sk−1) ⊂ Ck based on the
current prefix sk−1. The LLM’s predictions are constrained
to this subset using a masked softmax:

P (ck | sk−1, Tdt
) =

exp(zk)∑
c′∈Vvalid(sk−1)

exp(zc′)
, (12)

where zk are the LLM’s logits. This approach ensures valid
sequence generation while significantly reducing computa-
tional overhead, enhancing the efficiency of the recommen-
dation process.

Experiments
In this section, we conduct extensive experiments on several
public datasets to evaluate our proposed model. The exper-
iments are designed to answer the following key Research
Questions (RQs):

• (Effectiveness) RQ1: How does our proposed model
perform against state-of-the-art single-domain and cross-
domain recommendation baselines?

• (Ablation) RQ2: What is the contribution of each key
component in our framework?

• (Analysis) RQ3: Can our framework learn visually sep-
arable representations for universal and domain-specific
knowledge?

• (Sensitivity) RQ4: How does our model’s performance
change with respect to key hyper-parameter settings?

• (Efficiency) RQ5: How efficient is our GenCDR frame-
work in terms of training cost and inference scalability?

Experimental Setup
Datasets. We experiment on three cross-domain dataset
pairs, each reflecting a distinct real-world scenario:
Sports-Clothing (Leisure), Phones-Electronics (Technol-
ogy), and Books-Movies (Entertainment). The first two
pairs are derived from the public Amazon product review
dataset (McAuley et al. 2015), while the third is collected
from Douban (Zhu et al. 2020).

Dataset #Users #Items #Interactions Sparsity Overlap

Sports 35,598 18,357 296,337 99.95% 1.73%
(704)Clothing 39,387 23,033 278,677 99.97%

Phones 27,879 10,429 194,439 99.93% 0.55%
(404)Electronics 192,403 63,001 1,689,188 99.99%

Books 1,713 8,601 104,295 99.29% 7.48%
(2,058)Movies 2,628 20,964 1,249,016 97.73%

Table 1: Statistics of the datasets used in our experiments.
Item overlap and sparsity are computed after merging.

Following (Rajput et al. 2023; Deldjoo et al. 2024),
we treat users’ historical reviews as interactions arranged
chronologically. We use the leave-last-out evaluation proto-
col (Kang and McAuley 2018; Zhao et al. 2022), where the
last item is for testing, and the second-to-last for validation.
Table 1 shows dataset statistics.

Baselines. To verify the effectiveness of our approach,
we compare it with a comprehensive set of state-of-the-art
baselines. These fall into three main categories: (1) Single-
domain Sequential Recommendation (SDSR), including
BERT4Rec (Sun et al. 2019), SASRec (Kang and McAuley
2018) and STOSA (Fan et al. 2022); (2) Generative Recom-
mendation Systems (GRS), featuring VQ-Rec (Hou et al.
2023), TIGER (Rajput et al. 2023), and HSTU (Zhai et al.
2024); and (3) Cross-domain Sequential Recommenda-
tion (CDSR), with models like C2DSR (Cao et al. 2022),
TriCDR (Ma et al. 2024), and LLM4CDSR (Liu et al.
2025c). We follow each baseline’s original experimental
setup: single-domain models are evaluated within their do-
mains, while multi-domain methods are trained across do-
mains to reflect their intended design.

Evaluation Metrics. Following the standard practice in
sequential recommendation literature (Kang and McAuley
2018; Rajput et al. 2023), we adopt Recall@K and
NDCG@K as our evaluation metrics, with K set to 5 and
10. For each model, the checkpoint that achieves the best
Recall@10 on the validation set is selected for the final test-
ing phase.

Implementation Details. Our framework is implemented
in PyTorch with Hugging Face PEFT for LoRA-based fine-
tuning. We use Qwen2.5–7B as the backbone model, opti-
mized with AdamW (lr=5× 10−5, batch=8). All models are
trained for 10 epochs on NVIDIA H200 GPUs with mixed
precision (FP16).

Overall Performance (RQ1)
The overall performance comparison of our proposed
GenCDR against all baseline models is summarized in Ta-
ble 2. The results show that our proposed GenCDR con-
sistently and significantly outperforms all baseline models,
demonstrating its overall superiority in the cross-domain se-
quential recommendation task.

Analyzing the baselines offers insight into this improve-
ment. Cross-domain (CDSR) models generally outperform
single-domain (SDSR) models, confirming the benefit of
cross-domain signals. Generative (GenRec) models also sur-
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Dataset Metric SDSR GenRec CDSR Ours
Scene Domain Bert4Rec SASRec STOSA VQ-Rec TIGER HSTU C2DSR TriCDR LLM4CDSR GenCDR

L
ei

su
re

Sports

R@5 0.0188 0.0197 0.0236 0.0261 0.0267 0.0254 0.0265 0.0266 0.0263 0.0274
N@5 0.0121 0.0126 0.0162 0.0238 0.0244 0.0241 0.0253 0.0255 0.0257 0.0261
R@10 0.0325 0.0334 0.0346 0.0389 0.0397 0.0381 0.0395 0.0396 0.0398 0.0403
N@10 0.0169 0.0173 0.0283 0.0281 0.0287 0.0277 0.0258 0.0259 0.0260 0.0262

Clothing

R@5 0.0128 0.0132 0.0162 0.0171 0.0173 0.0175 0.0172 0.0174 0.0176 0.0181
N@5 0.0078 0.0081 0.0119 0.0129 0.0125 0.0132 0.0158 0.0161 0.0163 0.0167
R@10 0.0219 0.0227 0.0223 0.0248 0.0241 0.0253 0.0255 0.0258 0.0261 0.0265
N@10 0.0105 0.0108 0.0135 0.0170 0.0167 0.0174 0.0191 0.0194 0.0196 0.0203

Te
ch

no
lo

gy Phones

R@5 0.0331 0.0345 0.0415 0.0411 0.0423 0.0415 0.0428 0.0434 0.0431 0.0436
N@5 0.0215 0.0224 0.0283 0.0308 0.0315 0.0327 0.0392 0.0396 0.0401 0.0411
R@10 0.0524 0.0537 0.0618 0.0607 0.0613 0.0615 0.0589 0.0593 0.0614 0.0621
N@10 0.0278 0.0287 0.0346 0.0399 0.0406 0.0425 0.0493 0.0505 0.0506 0.0512

Electronics

R@5 0.0179 0.0186 0.0213 0.0219 0.0228 0.0232 0.0235 0.0238 0.0237 0.0241
N@5 0.0118 0.0122 0.0148 0.0211 0.0214 0.0226 0.0229 0.0231 0.0230 0.0235
R@10 0.0276 0.0285 0.0315 0.0318 0.0322 0.0328 0.0336 0.0339 0.0338 0.0342
N@10 0.0149 0.0154 0.0172 0.0262 0.0269 0.0271 0.0278 0.0280 0.0279 0.0283

E
nt

er
ta

in
m

en
t

Books

R@5 0.0089 0.0093 0.0142 0.0175 0.0172 0.0181 0.0152 0.0155 0.0161 0.0192
N@5 0.0071 0.0076 0.0117 0.0178 0.0177 0.0180 0.0143 0.0148 0.0153 0.0187
R@10 0.0176 0.0182 0.0219 0.0224 0.0221 0.0230 0.0205 0.0211 0.0216 0.0237
N@10 0.0158 0.0164 0.0165 0.0201 0.0198 0.0206 0.0182 0.0185 0.0189 0.0212

Movies

R@5 0.1503 0.1542 0.1562 0.1680 0.1652 0.1682 0.1588 0.1601 0.1613 0.1713
N@5 0.1015 0.1047 0.1063 0.1182 0.1156 0.1189 0.1092 0.1105 0.1149 0.1215
R@10 0.1798 0.1825 0.1753 0.1922 0.1893 0.1931 0.1854 0.1865 0.1878 0.1971
N@10 0.1211 0.1265 0.1223 0.1261 0.1255 0.1268 0.1203 0.1217 0.1225 0.1275

Table 2: Overall performance comparison on all datasets. R@K and N@K denote Recall and NDCG at cutoff K. Best results
are in bold, and the best baseline results are underlined. The t-tests showed significant performance improvements (p ≤ 0.05).

pass SDSR baselines but still lag behind specialized CDSR
methods. This performance gap highlights that directly ap-
plying existing generative models to cross-domain scenar-
ios is insufficient. GenCDR is designed to close this gap by
tightly coupling the generative paradigm with cross-domain
knowledge transfer, achieving state-of-the-art results.

Ablation Study (RQ2)
To dissect the contribution of each key design choice in
our GenCDR framework, we conducted a thorough ablation
study. The results, summarized in Table 3, unequivocally
demonstrate that each component plays an integral role.

• Impact of Contextual Code Modeling. Removing the
MTM loss (w/o MTM) degrades performance, confirm-
ing that learning the contextual ”grammar” of the seman-
tic codes is crucial, beyond simple reconstruction.

• Impact of Item-specific Adaptation. Removing the
item-specific adapter (w/o Item Adapter) degrades per-
formance, validating the need for domain-specific item
semantics.

• Impact of the Specific Expert. Removing the domain-
specific expert (w/o Specific Expert) significantly hurts
performance, proving its crucial role in capturing fine-
grained user preferences.

• Impact of the Universal Experts. Removing all N uni-
versal experts (w/o Universal Experts) causes a sharp
performance drop, confirming that a shared cross-domain
knowledge foundation is indispensable.

• Impact of the MoE Gate. Replacing the trainable MoE
gate with simple averaging (w/o MoE Gate) hurts per-
formance, highlighting the importance of a dynamic,
context-aware selection of experts over naive fusion.

• Impact of Constrained Decoding. Removing the prefix-
tree constraint (w/o Prefix Tree) leads to a consistent per-
formance drop, as it guarantees the generation of valid
item IDs and prevents ”hallucinated” recommendations.

In-depth Analysis (RQ3)
To visualize the learned representations, we plot the final
item embeddings (zfused) using t-SNE in Figure 3. With only
universal adapters (b), domain embeddings mix, whereas
with domain-specific adapters (c), they form clear clusters,
highlighting the benefit of domain-specific adaptation.

Hyper-parameter Analysis (RQ4)
We analyze the sensitivity of key hyperparameters on the
Cloth dataset in Figure 4. Universal experts (N ), LoRA rank
(r), and alpha (α) exhibit clear optima (e.g., N = 4, r =
64), with larger values causing overfitting. A small LoRA
dropout (0.05) provides effective regularization. Overall, the
results show a stable trade-off between capacity and gener-
alization.

Analysis of Efficiency (RQ5)
Training Efficiency. As shown in Figure 5, our LoRA-based
fine-tuning greatly reduces trainable parameters, training
time, and GPU memory compared to full fine-tuning.
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Category Variant Phones Electronics Sports Clothing

Full Model GenCDR 0.0512 0.0283 0.0262 0.0203

Tokenization w/o MTM 0.0483 (↓5.7%) 0.0267 (↓5.7%) 0.0245 (↓6.5%) 0.0190 (↓6.4%)
w/o Adapter 0.0466 (↓9.0%) 0.0255 (↓9.9%) 0.0238 (↓9.2%) 0.0183 (↓9.9%)

Autoregressive Rec.
w/o Specific Expert 0.0448 (↓12.5%) 0.0245 (↓13.4%) 0.0226 (↓13.7%) 0.0173 (↓14.8%)
w/o Universal Experts 0.0425 (↓17.0%) 0.0232 (↓18.0%) 0.0212 (↓19.1%) 0.0162 (↓20.2%)
w/o MoE Gate (Avg.) 0.0475 (↓7.2%) 0.0262 (↓7.4%) 0.0242 (↓7.6%) 0.0186 (↓8.4%)

Inference Strategy w/o Prefix Tree 0.0498 (↓2.7%) 0.0274 (↓3.2%) 0.0255 (↓2.7%) 0.0198 (↓2.5%)

Table 3: Ablation study on GenCDR components across four datasets (NDCG@10). Values in parentheses denote the drop in
performance compared to the full model.

Inference Efficiency and Scalability. Furthermore, Fig-
ure 6 demonstrates GenCDR’s superior scalability, as its in-
ference cost remains constant regardless of the item pool
size due to our prefix-tree constrained generative architec-
ture.

(a) (b) (c)

Clothing-exclusive Sports-exclusive Common

Figure 3: t-SNE visualization of item embeddings in three
different settings. (a) Original Item Embeddings, (b) Shared
LoRA Embeddings, (c) Domain-Specific LoRA Embed-
dings.

1 2 4 8
Number of Universal Experts (n)

0.015

0.020

0.025

16 32 64 128
LoRA Rank (r)

0.015

0.020
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32 64 128 256
LoRA Alpha ( )

0.015

0.020

0.025

0.0 0.05 0.1 0.2
LoRA Dropout Rate

0.015

0.020

0.025

Recall@5 Recall@10 NDCG@5 NDCG@10

Figure 4: Sensitivity of LoRA fine-tuning to key hyper-
parameters on the Cloth dataset.

Conclusion

In this paper, we addressed the critical challenges of item to-
kenization and domain personalization in LLM-based cross-
domain recommendation. We proposed GenCDR, a novel
generative framework that systematically tackles these is-
sues. Our approach introduces a Domain-adaptive Tok-
enization module to create hybrid SIDs and a symmetric
Cross-Domain Autoregressive Recommendation module
to dynamically model user interests by fusing universal and
specific knowledge. Furthermore, a prefix-tree mechanism
ensures efficient and valid inference. Experiments show that
GenCDR achieves superior effectiveness and scalability, and
future work will explore incorporating multimodal features
for richer representations.
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Figure 5: Comparison of training efficiency using the
Qwen2.5-7B model. The plots show (a) trainable parameters
(log scale), (b) training time, and (c) peak GPU memory for
our LoRA-based GenCDR versus a Full Fine-Tuning (Full
FT) version.
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Figure 6: Comparison of runtime memory and inference
time w.r.t. the item pool size for TriCDR, TIGER, and
GenCDR (Qwen2.5-0.5B).
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