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Abstract
Click-through rate (CTR) prediction is a fundamental task in indus-
trial recommender systems. Cross-domain CTR prediction, which
leverages data from a source domain to improve performance in a
target domain, has emerged as a key strategy. However, most exist-
ing methods rely on overlapping users or items across domains to
enable knowledge transfer, which fails in prevalent real-world sce-
narios where domains are functionally or geographically isolated
(e.g., cross-country services). In this paper, we introduce a novel
paradigm shift, from implicit representation alignment to explicit
retrieval-based instance transfer. We propose LLM-PRIT, a frame-
work for Large Language Model-generated Profile Retrieval & In-
stance Transfer. Our framework operates in three cohesive stages.
First, it utilizes an LLM as a universal semantic interpreter to gen-
erate domain-agnostic, transferable profiles for users and items,
encapsulating open-world knowledge. Second, instead of directly
using these textual profiles, it employs them as semantic anchors
to retrieve the most relevant historical instances from the source
domain. This step explicitly establishes cross-domain correlations
while avoiding the modality gap. Finally, it transfers knowledge
by efficiently fine-tuning the target CTR model on the retrieved
instances, preserving the model’s inherent feature-interaction ca-
pabilities.We conduct extensive experiments on a public and a real-
world industrial dataset. Both online and offline results demon-
strate the effectiveness of our LLM-PRIT, bridging the unseen gap
with open-world semantic information.
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1 Introduction
Click-through rate (CTR) prediction is a fundamental task in in-
dustrial recommender systems. These models are designed to es-
timate the probability that a user will click on a candidate item,
based on multi-faceted input information gathered from the rele-
vant single domain [3, 28, 31]. With the growing complexity of in-
dustrial applications, cross-domain CTR prediction (CDCTR) has
emerged as a prominent strategy to enhance target-domain per-
formance by leveraging auxiliary data from a source domain [20,
29, 41]. CDCTR critically relies on overlapping users and items,
which serve as bridges for knowledge transfer under the closed-
world assumption [39]. For example, in an Amazon shopping sce-
nario illustrated in Figure 1, a user may be interested in a specific
topic in both the book and movie domains. By leveraging over-
lapping users, movie recommendations can draw on knowledge
transferred from the book domain. However, this closed-world as-
sumption breaks down in non-overlapping business scenarios with
no shared users or items. As illustrated in Figure 1, in the coupon
recommendation scenario, users from diverse countries are rec-
ommended local service coupons. Since each country’s users and
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Figure 1: Illustration of overlapping versus non-overlapping
cross-domain CTR prediction. (a) Overlapping scenario
(top): Users are shared across domains, enabling direct
knowledge transfer through common users. (b) Non-
overlapping scenario (bottom): Domains are fully isolated
(Country A vs. Country B in our coupon recommendation),
with no shared users or items, creating an “unseen gap” that
existing methods cannot bridge.

coupons are distinct, there are effectively no overlapping users or
items across domains.

The efficacy of cross-domain CTR prediction stems from trans-
fer learning via preference learning across the shared data [5]. Ex-
isting methods generally follow two prevalent paradigms.The first
adopts a multi-task learning framework, jointly training on mixed
samples from both domains to implicitly capture shared patterns
across tasks [32, 43]. The second follows a pre-training-then-fine-
tuning pipeline. Amodel is first pre-trained on source-domain data
and subsequently fine-tuned on target-domain data [25, 40]. A fun-
damental limitation of both strategies is their strong dependence
on overlapping users or items to align data between domains. This
reliance restricts their applicability in non‑overlapping cross‑domain
scenarios, which are common in practice but lack direct data corre-
spondences. More concretely, multi‑task learning assumes shared
input features or labels to enable parameter sharing and implicit
knowledge transfer. Likewise, pre‑training followed by fine‑tuning
presumes that the feature distributions of the two domains are suf-
ficiently aligned so that pre‑trained representations remain mean-
ingful and adaptable.When users and items are completely disjoint
across domains, this core assumption of data alignment no longer
holds. Without overlapping entities to serve as anchors, conven-
tional methods lack a mechanism to transfer learned patterns, ren-
dering them ineffective in such open‑world settings.

Recent efforts have focused on overcoming the non-overlapping
scenario by adopting prompt learning [30] and adversarial learn-
ing [26], and by utilizing domain-specific signals such as behav-
ioral sequences, textual descriptions, or knowledge graphs to con-
struct implicit bridges across isolated domains [14, 15, 16, 24, 36].
While these methods represent a significant step forward by re-
laxing the requirement for identical users or items, they never-
theless face three persistent and fundamental challenges when ap-
plied to non-overlapping CDCTR prediction. First, the alignment

remains confined to a closed-world assumption: the bridging in-
formation, whether IDs, text, or knowledge-graph entities, is in-
herently derived from and semantically anchored within each iso-
lated domain. This lack of a truly universal, domain-agnostic se-
mantic anchor limits robust generalization. Second, the alignment
process is largely implicit and unsupervised, making it susceptible
to learning spurious correlations and suffering fromnegative trans-
fer, especially when domains are genuinely disjoint. Third, these
methods primarily focus on representation alignment, while mod-
ern CTR models derive their power from modeling high-order fea-
ture interactions [13, 35]. This objective misalignment means that
even a well-aligned representation may not translate into effective
predictive performance within an off-the-shelf CTR architecture.

In this paper, we propose a novel framework, Large Language
Model-generatedProfileRetrieval & InstanceTransfer (LLM-PRIT),
to tackle the challenge of non-overlapping cross-domain CTR (CD-
CTR) prediction. The framework operates in three coherent stages:
(1) generating domain-agnostic semantic profiles via an LLM, (2)
retrieving relevant source-domain instances based on profile simi-
larity, and (3) efficiently fine-tuning the target-domain CTR model
with the retrieved instances. To infuse open-world knowledge into
isolated domains, we first employ a large language model (LLM)
to generate descriptive profiles for users and items based on their
within-domain behavioral histories [37]. The LLM’s inherent rea-
soning capability and factual knowledge allow it to act as a uni-
versal semantic interpreter [12], producing profiles that serve as
domain-agnostic anchors for cross-domain alignment. However,
directly integrating these raw textual profiles into the CTR model
is suboptimal due to textual noise and the modality gap between
natural language and the dense feature representations used in
recommender systems [27]. To circumvent this issue, we adopt
a retrieval-augmented strategy [33]. Instead of using the seman-
tic profiles as direct model inputs, we leverage them to retrieve
the most relevant historical instances (e.g., user-item interactions)
from the source domain. This approach offers a dual advantage: it
avoids the complexity of explicit modality alignment, andmore im-
portantly, the retrieved instances themselves serve as information-
rich, structured carriers of transferable knowledge [23]. These in-
stances act as high-quality bridges that encapsulate not only se-
mantic similarity but also the contextual and behavioral patterns
necessary for effective CTR prediction. Finally, to transfer knowl-
edge without compromising the base model’s capabilities, we fine-
tune the target-domainCTRmodel using the retrieved source-domain
instances. This is achieved via our designed multiple Low-Rank
Adaptation (LoRA) [17], which updates a small set of low-rank ma-
trices associated with the source domains. This allows the model
to adaptively absorb knowledge from the retrieved instances while
preserving its original feature-interactionmodeling power, thereby
enhancing CTR prediction performance in the target domain. We
summarize the contributions of this work as follows:
• We identify the limitations of existingmethods in non-overlapping
CDCTR prediction and introduce a paradigm shift from implicit
representation alignment to explicit semantic information retrieval-
based instance transfer.
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• We design and implement LLM-PRIT, a framework that realizes
this paradigm through three cohesive stages: generating trans-
ferable semantic profiles via LLMs, retrieving relevant source-
domain instances through profile-basedmatching, and effectively
adapting the target CTR model via fine-tuning.

• We conduct extensive experiments on public and real-world in-
dustrial datasets. Furthermore, we also deploy our LLM-PRIT on
our cross-region coupon recommendation scenario. Both offline
and online results demonstrate that LLM-PRIT significantly en-
hances the non-overlapping CDCTR prediction.

2 Related Work
This section provides a concise review of related work, including
cross-domain CTR prediction and the adoption of large language
models for CTR prediction.

2.1 Cross-domain CTR prediction
Cross-domain recommendation (CDR) aims to improve performance
in a target domain by leveraging knowledge from a related source
domain [5, 45].Within this field, a line of work closely alignedwith
ours focuses on enhancing CTR prediction across domains. Meth-
ods such as MiNet [29] use mixed-interest representations, while
RAL-CDNet [33] and Gist [38] incorporate lifelong user behav-
ior and contextual behavior patterns, respectively. DASL [20] em-
ploys a dual-embedding and dual-attention mechanism for infor-
mation fusion, and CDANet [6] designs sequential translation and
augmentation networks to enable explicit knowledge sharing. For
time-evolving domains, CTLNet [25] proposes a continual transfer
learning approach. Particularly relevant to our setting are methods
developed for non-overlapping scenarios, where no shared users
or items exist across domains. Representative works include KG-
Bridge [36], MCRPL [24], PLCR [16], and TCPLP [15]. Although
these are primarily designed for sequential recommendation, they
commonly rely on prompt learningwith various inputs (e.g., knowl-
edge graphs, behavioral sequences) to align domains. Our work
distinguishes itself by specifically targeting non-overlapping cross-
domain CTR prediction, moving beyond prompt-based alignment
to a retrieval-augmented transfer paradigm grounded in LLM-generated
semantic profiles.

2.2 LLM-enhanced CTR prediction
With the increasing integration of large language models in recom-
mendation systems [22], recent studies have explored leveraging
LLMs to enhance CTR prediction [8, 10, 21, 37]. The primary ad-
vantage of LLMs lies in their rich semantic knowledge, which can
provide a deeper understanding of user preferences and item char-
acteristics. For instance, KAR [37] generates reasoning-enhanced
knowledge and factual item descriptions to enrich feature repre-
sentations, while UniCTR [10] extracts hierarchical semantic fea-
tures to capture domain commonalities. However, directly deploy-
ing LLMs in industrial recommender systems faces challenges such
as high inference latency and complex system integration. To mit-
igate these issues, another line of work focuses on using LLMs to
generate user or item profiles as auxiliary semantic signals. Repre-
sentativemethods includeUserIP [27], which employs expectation–
maximization to infer latent user profiles, and LettinGO [34], which

aligns profile generation with downstream preference optimiza-
tion through direct feedback from recommendation tasks. Ourwork
takes a distinct and complementary direction. Rather than using
LLM-generated profiles as direct input features or for representa-
tion alignment, we employ them as semantic anchors in a retrieval
stage to identify transferable instances across non-overlapping do-
mains.

3 Methodology
In this section, we first formally formulate the non-overlapping
cross-domain CTR (CDCTR) problem. Subsequently, we provide a
detailed elaboration of our proposed LLM-PRIT framework, whose
overall architecture is illustrated in Figure 2. The framework op-
erates through three coherent stages. First, we design specialized
prompts at the user and item levels to elicit rich, transferable se-
mantic profiles from a large language model (LLM). We then en-
code these textual profiles into dense vector representations and
perform instance retrieval from the source domain based on pro-
file similarity. Finally, we adapt the target-domain CTR model via
parameter-efficient fine-tuning using Low-RankAdaptation (LoRA),
leveraging the retrieved instances as augmented training data.

3.1 Problem Formulation
Given a dataset from the target domain 𝒟𝑡 = {(X𝑡

𝑖 , 𝑦 𝑡𝑖 )}
𝑁𝑡𝑖=1 and a

dataset from the source domain 𝒟𝑠 = {(X𝑠
𝑗 , 𝑦 𝑠𝑗 )}

𝑁𝑠𝑗=1. Let 𝒰𝑡 and 𝒱𝑡
denote the sets of users and items in the target domain, and 𝒰𝑠 and
ℐ𝑠 denote those in the source domain. Each instance in the target
domain is represented as (X𝑡

𝑖 , 𝑦 𝑡𝑖 ), where X𝑡
𝑖 ∈ 𝒳𝑡 denotes the in-

put feature vector. This vector is composed of the concatenation of
three feature groups: the user features x𝑡𝑢 for 𝑢 ∈ 𝒰𝑡 , the item fea-
tures x𝑡𝑣 for 𝑣 ∈ 𝒱𝑡 , and the contextual features.The label 𝑦 𝑡𝑖 ∈ {0, 1}
is a binary indicator of whether user 𝑢 clicked item 𝑣 (𝑦 = 1) or not
(𝑦 = 0).The source domain dataX𝑠

𝑗 ∈ 𝒳𝑠 is structured analogously,
with 𝑦 𝑠𝑗 ∈ {0, 1}.

The general goal of cross-domain CTR prediction is to train a
model that leverages instances from both the source and target do-
mains to accurately predict click probability in the target domain.
Formally, the objective can be expressed as learning a prediction
function:

̂𝑦 𝑡𝑢𝑣 = 𝑓 (X𝑡𝑢𝑣 ; 𝑊 ∣ 𝒟𝑡 ,𝒟𝑠), (1)

where 𝑢 ∈ 𝒰𝑡 and 𝑣 ∈ 𝒱𝑡 denote a target user and item respectively,
X𝑡𝑢𝑣 denotes the feature vector for the user-item pair (𝑢, 𝑣), 𝑊 de-
notes the model parameters, and the model gives the prediction
̂𝑦 𝑡𝑢𝑣 by leveraging knowledge from both domains.
Conventional cross-domainCTR typically assumes the existence

of overlapping entities across domains, facilitating knowledge trans-
fer through shared representations or parameters. In contrast, we
focus on the non-overlapping scenario where:

𝒰𝑡 ∩ 𝒰𝑠 = ∅ and 𝒱𝑡 ∩ 𝒱𝑠 = ∅. (2)

Under this stricter condition, conventional methods that rely on
explicit entity alignment are inapplicable. Our objective remains
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User Profile Generation Prompt

Assume you are a user profile generation expert
working with three Amazon datasets for cross-domain
recommendations ....

System prompt

User prompt
Your task is to summarize the Transferable characteristics of a
specific user...

Item Profile Generation Prompt

Assume you are an item profile generation expert
working with three Amazon datasets for cross-domain
recommendations ....

System prompt

User prompt

You are currently analyzing an item from the domain...

Profile Generation

User profiles

Item profiles

Text
Embedding

Model

Top-k items

Top-k users

Bitmap Data
Verification

 Instance Retrieval

...

...

target
domain

data

Multi-LoRA Tuning

Interaction Data

Figure 2: Overview of our LLM-PRIT framework. (1) Profile Generation: The LLM generates item (𝑃𝑣 ) and user (𝑃𝑢) profiles via
designed prompts. (2) Instance Retrieval: Profiles are encoded (𝑒𝑣 , 𝑒𝑢) to retrieve top-𝑘 source users/items (𝒯𝑢 , 𝒯𝑣 ), followed by
bitmap-based interaction verification. (3) Multi-LoRA Tuning: Verified instances train domain-specific low-rank adapters (𝐴𝑑 ,
𝐵𝑑 ), aggregated during inference for prediction.

to learn an effective prediction function 𝑓 (⋅) that transfers knowl-
edge from 𝒟𝑠 to improve target-domain performance, despite the
absence of shared users or items.

3.2 Dual Semantic Profile Generation
Existingmethods for cross-domain retrieval predominantly use pre-
trained language models (PLMs) to encode textual information di-
rectly from item titles or descriptions, as demonstrated in previous
work [15, 33]. While effective at capturing surface-level seman-
tics, these approaches are inherently limited by their reliance on
domain-specific vocabulary.The generated embeddings are tightly
bound to the lexical space of the training data, lacking the abstrac-
tion necessary to bridge truly non-overlapping domains. This limi-
tation stems from their reliance on the source data’s lexicon, which
fails to provide a universal semantic anchor. To overcome this, we
propose an LLM-generated profile method that leverages the open-
world knowledge and reasoning capabilities of Large Language
Models (LLMs). Our core insight is to shift from encoding raw text
to eliciting structured and transferable characterizations of users
and items.This is achieved through two carefully designed prompt
templates that guide the LLM to act as a domain-agnostic semantic
interpreter.

Formally, let a user’s interaction history be denoted as ℎ = {𝑖1, 𝑖2, ⋯ , 𝑖|ℎ|},
where each 𝑖𝑗 is an interacted item. The corresponding metadata
sequence is 𝑀(ℎ) = [𝑚𝑖1 , ⋯ , 𝑚𝑖|ℎ| ], containing titles and descrip-
tions. We construct a composite prompt 𝒫user(ℎ,𝑀(ℎ)) that in-
cludes: (1) a System Prompt defining the expert role, and (2) a User
Prompt containing the interaction history, formatting rules, and
in-context examples. A critical component of the user prompt is
the structured requirement set as illustrated in Figure 3, which ex-
plicitly instructs the LLM how to output traits. Similarly, for an
item 𝑣 with metadata 𝑚𝑣 , i.e., title, description, we employ a sepa-
rate prompt 𝒫item(𝑚𝑣 ). This prompt guides the LLM to generate a
single, succinct sentence that describes the item’s core functional-
ity or essence in a domain-agnostic manner, following the require-
ments illustrated in Figure 3.

User Profile Generator
…
## Requirement:
- Please conclude it not beyond 50 words.
- Do not only evaluate one specific commodity, but illustrate
the interests overall.
- Instead of answering a fluent paragraph, return a concise list
of 5–7 abstract, transferable user traits.
- Each trait should be 2–5 words, capturing the underlying
value, cognitive pattern, or emotional driver.
- Return only the list, one per line.
…

Item Profile Generator
…
## Requirement:
- Write one sentence (≤50 words) that summarizes the item’s
core content or genre.
- Describe the nature of the item rather than making subjec-
tive claims about its quality.
- Do not mention the specific item title, author, director, or
brand names in your description.
- Strictly base your description on the information inferred
from the title alone.
…

Figure 3: The requirements for generating user/item pro-
files.

This dual-prompt design captures generalizable user preferences
and item semantics that go beyond the surface-level information in
raw metadata, while ensuring greater specificity and consistency
than a single-prompt alternative. Specifically, the LLM’s reasoning
capabilities yield coherent psychological profiles for users, while
its open-world knowledge provides precise, domain-agnostic de-
scriptions of items. As a result, the generated profiles reside in a
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shared conceptual semantic space, enabling meaningful similarity
computation across otherwise isolated domains. Unlike previous
approaches that fine-tune LLMs for recommendation [11, 34], we
utilize the pre-trained LLM without task-specific tuning. Notice
that this aligns with our goal to leverage the model’s general se-
mantic understanding rather than narrow task adaptation.

3.3 Cross-domain Instance Retrieval
In this stage, we leverage the generated semantic profiles to re-
trieve relevant cross-domain instances from the source domain.
Specifically, for a given target user-item pair (𝑢𝑡 , 𝑣 𝑡 ), we first en-
code their textual profiles 𝒫𝑢𝑡 and 𝒫𝑣 𝑡 into dense vectors e𝑡𝑢 and
e𝑡𝑣 using an embedding model [42]. We independently retrieve the
top-𝐾 most similar source-domain entities for both the user and
the item based on cosine similarity in the profile embedding space.
For the user side, we calculate:

cos(e𝑡𝑢 , e𝑠𝑢𝑖 ) =
e𝑡𝑢 ⋅ e𝑠𝑢𝑖
‖e𝑡𝑢‖‖e𝑠𝑢𝑖 ‖

, (3)

where e𝑠𝑢𝑖 is the embedding of the 𝑖-th source user profile. The set
of retrieved candidate source users is:

𝒯𝑢 = Top𝐾 ({cos(e𝑡𝑢 , e𝑠𝑢𝑖 )}
|𝒰𝑠 |
𝑖=1 ) . (4)

Analogously, we retrieve a set of candidate source items 𝒯𝑣 us-
ing the target item profile embedding e𝑡𝑣 . A key distinction from
prior retrieval-based methods is our explicit interaction verifica-
tion step. Since we independently retrieve users and items, we
must verify that each candidate pair (𝑢𝑠 , 𝑣 𝑠) has an actual interac-
tion record in the source domain, ensuring that transferred knowl-
edge is grounded in real user behavior rather than arbitrary user-
item combinations. Formally, the final set of verified transferable
instances is:

ℛret = {(𝑢𝑠 , 𝑣 𝑠) ∣ 𝑢𝑠 ∈ 𝒯𝑢 , 𝑣 𝑠 ∈ 𝒯𝑣 , (𝑢𝑠 , 𝑣 𝑠) ∈ 𝒟𝑠} . (5)
For each verified pair (𝑢𝑠 , 𝑣 𝑠), we fetch the complete interaction
record from the source domain data, including the feature vector
X𝑠 and label 𝑦 𝑠 .This ensures that transferred instances are not only
semantically relevant but also grounded in actual user behavior.

Technically, we implement several optimizations to improve the
efficiency. First, we use Faiss [9] to build two separate indices for
source user and source item profile embeddings, respectively. This
allows sub-linear search complexity for similarity retrieval. Sec-
ond, we utilize a compressed Bitmap [2] index to store the source-
domain interactions, enabling𝑂(1)membership queries during the
interaction verification step.

3.4 Target-domain Model Tuning
The final stage of the LLM-PRIT framework is the adaptive fine-
tuning of the target-domain model. In our non-overlapping sce-
nario, the absence of shared users or items means each domain oc-
cupies a mutually exclusive feature space. Given that the feature
spaces remain strictly disjoint, we avoid explicit alignment across
them. Instead, we transfer knowledge directly at the instance level
through ℛret, as the retrieved samples encode domain-agnostic

interaction patterns that provide a supervisory signal without re-
quiring the latent spaces to coincide. Consequently, we maintain
separate, domain-specific embedding layers and keep them frozen
during the tuning phase. This design anchors each representation
within its native semantic space, preserving the fidelity of pre-trained
knowledge while avoiding spurious feature entanglement across
domains. With the embedding layers and backbone parameters
fixed, we inject lightweight, domain-specific Low-Rank Adapta-
tion (LoRA)modules into themodel and update only these adapters.
These modules capture the behavioral patterns in the retrieved ex-
amples without disrupting the pre-trained representations.

3.4.1 Multi-LoRA Fine-tuning Process. To accommodate the dis-
tinct distributional characteristics of different source domains, we
adopt a Multi-LoRA architecture.

Let the base CTR model pre-trained on the target domain be pa-
rameterized by weights𝑊0. We employ a Multi-LoRA architecture
to bridge the distribution gap between domains without modify-
ing the pre-trained backbone parameters. For each source domain
𝑑 ∈ {1, … , 𝐷}, we allocate a separate low-rank adapter (𝐵𝑑 , 𝐴𝑑 ),
where 𝐵𝑑 ∈ ℝ𝑚×𝑟 , 𝐴𝑑 ∈ ℝ𝑟×𝑛 and 𝑟 ≪ min(𝑚, 𝑛).

During tuning, a retrieved instance (X𝑠 , 𝑦 𝑠) originating from
source domain 𝑑 is first embedded using the corresponding pre-
trained domain-specific embedding table E(𝑑)s . The prediction is
then computed by the shared backbone augmented with the do-
main adapter:

̂𝑦 𝑠 = 𝑓 (E(𝑑)s (X𝑠); 𝑊0 + 𝛼
𝑟 𝐵𝑑𝐴𝑑) , (6)

where 𝛼 is a scaling hyper-parameter. The adapter is optimized by
minimizing the standard binary cross-entropy loss on the retrieved
instances:

ℒ𝑑 = − 1
|ℛ(𝑑)

ret |
∑

(X𝑠 ,𝑦 𝑠)∈ℛ(𝑑)
ret

[𝑦 𝑠 log ̂𝑦 𝑠 + (1 − 𝑦 𝑠) log(1 − ̂𝑦 𝑠)] . (7)

By updating only the low-rank matrices 𝐵𝑑 and 𝐴𝑑 , the model
learns to capture the transferable interaction patterns from each
source domain, without distorting the pre-trained target-domain
representations.

3.4.2 Knowledge Integration and Inference. Once tuning is com-
plete, each domain-specific adapter encapsulates transferable struc-
tural knowledge from its respective source domain. During infer-
ence on a target-domain instance X𝑡 , we use the frozen target-
domain embedding tableEt and perform an ensemble over all adapters:

̂𝑦 𝑡 = 1
𝐷

𝐷
∑
𝑑=1

𝑓 (Et(X𝑡 ); 𝑊0 + 𝛼
𝑟 𝐵𝑑𝐴𝑑) . (8)

This strategy effectively translates the behavioral patterns learned
from source-domain interactions to the target domain, enabled by
the semantic proximity established in the profile retrieval stage.
Notably, no LLM inference, profile retrieval, or external database
access is required during serving, ensuring minimal latency and
full compatibility with industrial deployment constraints.
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4 Experiments
In this section, we conduct comprehensive experiments to validate
the effectiveness and efficiency of LLM-PRIT. Specifically, we aim
to answer the following research questions:
• RQ1:How effectively can LLM-PRIT bridge non-overlapping do-
mains for CTR prediction, compared to baselines?

• RQ2: What is the contribution of each key component in LLM-
PRIT to the overall performance?

• RQ3:What characterizes the retrieved instances, and how do the
semantic profiles influence retrieval quality?

• RQ4:Howdoes LLM-PRIT performunder real-world, large-scale
industrial deployment in terms of both accuracy and efficiency?

4.1 Experiment Setup
4.1.1 Datasets. Our experiments are conducted on two datasets:
the XMarket public benchmark and a private industrial dataset.
Both consist of multiple domains with disjoint user and item sets.

XMarket Dataset1. XMarket is a large-scale real-world prod-
uct recommendation dataset constructed by global Amazon mar-
ketplaces, covering 18 markets and 11 languages. In this study, we
selected three representative cross-domain settings: Canada Books(ca-
Book), UK Movies & TV(uk-Movie), and US Electronics(us-Elec),
for non-overlapping CDCTR prediction tasks. During preprocess-
ing, we removed overlapping entities to ensure complete domain
non-overlap and retained only users/items with ≥ 5 interactions
for data quality. We converted ratings of 4 or 5 to positive samples
and other ratings to negative samples. To ensure experimental fair-
ness, we randomly split all samples into training, validation, and
test sets with a ratio of 8:1:1.

Industrial Dataset.This dataset was collected from the mar-
keting platform of Ant International Alipay, containing coupon
recommendation data from multiple leading e-wallets in overseas
markets, recording user click behavior and actual usage conversion
after coupon exposure. The users and items across different mar-
ket domains are completely non-overlapping. We formulate the
prediction task as modeling coupon conversion behavior, where
a successful conversion is labeled 1 and an unsuccessful one 0.
The dataset comprises 1.7 million users and 16 million interaction
records collected over 33 consecutive days. We allocate the first 30
days to training and the last 3 days to testing.

4.1.2 Metrics. For offline experiments, we introduce threemetrics
commonly used in previous work [13, 44]: AUC (Area Under the
Curve), logarithmic loss (logloss), and GAUC (Group AUC). For
online experiments, we evaluate performance using four business
metrics, computed at both the sample level (PV: Page View) and
the user level (UV: User View): CTR-PV = 𝑁click/𝑁imp, CTR-UV
= 𝑈click/𝑈imp, CVR-PV = 𝑁conv/𝑁imp, and CVR-UV = 𝑈conv/𝑈imp,
where 𝑁 and 𝑈 denote sample and user counts, with subscripts
indicating impressions (imp), clicks (click), and conversions (conv).

4.1.3 BaselinesMethods. To comprehensively evaluate LLM-PRIT,
we compare it with a wide range of baselines from three categories:
single-domainCTRmodels, cross-domainmethods, and non-overlapping
cross-domain methods. The selected baselines are summarized be-
low.
1https://xmrec.github.io/

• DNN [7]: A deep neural networkwith embedding, fully-connected,
and output layers.

• DeepFM [13]: Combines factorization machines and deep net-
works to capture both low- and high-order feature interactions.

• DCN_V2 [35]: Uses a mixture of low-rank architecture to en-
hance feature crossing.

• CoNet [18]: A classical cross-domainmodel that transfers knowl-
edge via cross-connections between domain-specific networks.

• STAR [32]: A star-topology adaptive recommender that trains a
unified model to serve all domains with domain-specific param-
eters.

• MLoRA [40]: Extends LoRA to multi-domain CTR by introduc-
ing a dedicated low-rank adapter for each domain.

• SSIM [23]: Uses an adaptive selection network to identify infor-
mative and shareable instances across domains.

• TCPLP [15]: Employs text-based item representations to enable
semantic transfer in non-overlapping domains.

4.1.4 Parameter Settings. We implement all models using PyTorch
with theAdamoptimizer [19]. For the XMarket and Industrial datasets,
the batch sizes are set to 128 and 8,196, respectively. The embed-
ding dimension is consistently set to 32, and we employ a three-
layer MLP with hidden dimensions of 256, 128, and 64. In the tun-
ing stage, the learning rate is searched within {1e-3, 5e-4, 1e-4, 5e-
5}, the L2 regularization coefficient is searched within {1e-4, 1e-5,
5e-6, 1e-6, 1e-7}, and the LoRA rank and alpha are searched within
{4, 8, 16, 32} and {4, 8, 16, 32, 64}, respectively. The semantic profiles
for users and items are generated by the Qwen-8B [1], and sub-
sequently converted into dense vector representations using the
BGE-M3 [4] embedding model for retrieval. All experiments are
conducted on NVIDIA H100 GPUs. For each target domain, all re-
maining domains serve as source domains for knowledge transfer.
All baseline models are implemented based on their official open-
source code, with TCPLP adapted from its original sequential rec-
ommendation task to the CTR prediction task.

4.2 RQ1: Overall Performance
In this section, we compare our proposed LLM-PRIT with three
categories of baseline methods: single-domain, cross-domain, and
non-overlappingmethods. Experiments are conducted on two datasets,
and the overall performance comparison is demonstrated in Ta-
ble 1.

The experimental results lead to several key observations.
• LLM-PRIT consistently outperforms all baselines across nearly
all domains and metrics, which demonstrates its superior perfor-
mance in non-overlapping cross-domain scenarios.

• TCPLP exhibits limited gains in performance, even compared
to single-domain models, and is consistently outperformed by
LLM-PRIT. This highlights that methods designed for sequential
recommendation are not inherently suited for CTR prediction.
Its reliance on domain-specific textual information alone further
hinders effective cross-domain knowledge transfer.

• Cross-domainmodels generally underperform single-domainmod-
els in non-overlapping scenarios. This suggests that methods re-
lying on implicit representation transfer struggle to effectively
bridge domains when there are no overlapping entities.
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Table 1: Overall performance comparison across datasets. Bold numbers indicate the best performance, and underlined num-
bers indicate the second best. Note that ∗ indicates a significance level of 𝑝 ≤ 0.05 based on a two-sample t-test.

Dataset Domain Metric Single-Domain Cross-Domain Non-Overlapping

DNN DeepFM DCN_V2 CoNet STAR MLoRA SSIM TCPLP LLM-PRIT

XMarket

ca-Book
AUC 0.7798 0.7818 0.7806 0.7687 0.7753 0.7660 0.7788 0.7806 0.7849∗
GAUC 0.6012 0.6025 0.6021 0.5833 0.5851 0.6013 0.6010 0.6013 0.6034∗
LogLoss 0.3553 0.3522 0.3536 0.3616 0.3596 0.3841 0.3726 0.3539 0.3510∗

uk-Movie
AUC 0.8313 0.8317 0.8318 0.8259 0.8288 0.8315 0.8311 0.8306 0.8339∗
GAUC 0.6729 0.6722 0.6737 0.6627 0.6672 0.6723 0.6724 0.6727 0.6758∗
LogLoss 0.3674 0.3669 0.3672 0.3825 0.3701 0.3866 0.3724 0.3672 0.3657∗

us-Elec
AUC 0.7534 0.7545 0.7516 0.7399 0.7437 0.7526 0.7505 0.7494 0.7564∗
GAUC 0.6593 0.6611 0.6601 0.6435 0.6458 0.6600 0.6589 0.6592 0.6658∗
LogLoss 0.3841 0.3830 0.3861 0.3954 0.3900 0.3866 0.3908 0.3888 0.3811∗

Industrial

Domain1
AUC 0.9207 0.9318 0.9570 0.9463 0.9582 0.9522 0.9602 0.9546 0.9619∗
GAUC 0.8286 0.8485 0.8754 0.8345 0.8823 0.8748 0.8742 0.8734 0.8825∗
LogLoss 0.3138 0.3048 0.2998 0.3069 0.2961 0.3075 0.3022 0.3026 0.2912∗

Domain2
AUC 0.9430 0.9503 0.9755 0.9656 0.9792 0.9760 0.9700 0.9683 0.9844∗
GAUC 0.8406 0.8412 0.8745 0.8646 0.8736 0.8638 0.8709 0.8610 0.8816∗
LogLoss 0.3131 0.3024 0.2891 0.2934 0.2913 0.2967 0.2996 0.2990 0.2885∗

Domain3
AUC 0.8845 0.8859 0.9072 0.8914 0.9126 0.9022 0.9089 0.8861 0.9143∗
GAUC 0.8101 0.8120 0.8316 0.8130 0.8328 0.8235 0.8349 0.8122 0.8389∗
LogLoss 0.3734 0.3698 0.3688 0.3715 0.3664 0.3703 0.3677 0.3709 0.3606∗

Domain4
AUC 0.9685 0.9716 0.9813 0.9743 0.9794 0.9717 0.9777 0.9737 0.9850∗
GAUC 0.9008 0.9203 0.9368 0.9185 0.9370 0.9361 0.9358 0.9248 0.9405∗
LogLoss 0.3164 0.3136 0.2982 0.3098 0.2990 0.3073 0.3050 0.3110 0.2954∗

Domain5
AUC 0.9666 0.9684 0.9831 0.9750 0.9836 0.9820 0.9790 0.9767 0.9844∗
GAUC 0.9201 0.9271 0.9438 0.9322 0.9463 0.9416 0.9445 0.9429 0.9526∗
LogLoss 0.3455 0.3327 0.3226 0.3294 0.3207 0.3255 0.3247 0.3260 0.3178∗

• Among cross-domain methods, STAR achieves the best perfor-
mance, followed by SSIM and then MLoRA, while CoNet is the
least effective. STAR benefits from its star-topology design, offer-
ing better adaptability to distribution shifts. SSIM and MLoRA
partially mitigate negative transfer through instance selection
and parameter-efficient tuning, yet remain limited by implicit
representation alignment. CoNet’s dependence on explicit inter-
domain connections renders it ineffective in the absence of over-
lapping entities. Overall, while these models incorporate useful
techniques, they do not fundamentally resolve the semantic gap
in non-overlapping settings.

• Single-domain models remain strong baselines. This highlights
the importance of feature interaction modeling within a single
domain, though it is still insufficient compared to LLM-PRIT’s
cross-domain semantic transfer.
These results collectively indicate that successful knowledge trans-

fer under non-overlapping constraints necessitates an explicit open-
world semantic information paradigm. LLM-PRIT addresses this
by leveraging LLM-generated user and item profiles, which encap-
sulate open-world knowledge, to retrieve relevant cross-domain
instances, thereby enabling effective transfer while preserving the
capability of off-the-shelf CTR models.

4.3 RQ2: Ablation Study
To investigate the contribution of each key component in LLM-
PRIT, we conduct comprehensive ablation studies on the XMarket
dataset. We compare: (1) LLM-PRIT: complete model; (2)w/o Do-
main: single shared LoRA instead of domain-specific modules; (3)
w/o Profile: direct text similarity instead of semantic profiles; (4)
w/oRetrieval: random instance transfer instead of retrieval-based
selection; (5)w/o Selection: transferring all source instances with-
out filtering. The results are presented in Table 2.

Table 2: Performance of LLM-PRIT variants on the XMarket
dataset. Removing any component degrades performance,
confirming the necessity of each module in our framework.

Datasets ca-Book uk-Movie us-Elec
AUC GAUC AUC GAUC AUC GAUC

LLM-PRIT 0.7849 0.6034 0.8339 0.6758 0.7564 0.6658
w/o Domain 0.7821 0.6022 0.8323 0.6740 0.7544 0.6635
w/o Profile 0.7767 0.5985 0.8278 0.6694 0.7501 0.6562
w/o Retrieval 0.7732 0.5969 0.8235 0.6675 0.7498 0.6568
w/o Selection 0.7506 0.5812 0.7871 0.6302 0.7405 0.6493

We can observe that performance degrades consistently across
all ablated settings, confirming that each component contributes
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User Profile Transfer
Target User Profile (ca-Book): Classic literature enthusiast; Ap-
preciates dramatic narratives; Values emotional depth; Enjoys
character-driven stories; Prefers timeless storytelling.
Interaction History: Othello (4.6), A Woman of Substance (4.7),
Dear and Glorious Physician (4.6), …
Top-1 Retrieved User Profile (uk-Movie, Similarity: 0.82): Period
drama aficionado; Drawn to compelling performances; Values
authentic storytelling; Enjoys historical narratives; Appreciates
cinematic adaptations.
Interaction History: Taxi Driver [DVD] (4.5), My Left Foot
[DVD] (4.6), Chaplin [DVD] (4.6), …

Item Profile Transfer
Target Item Profile (ca-Book): A classic war novel depicting hu-
man courage and sacrifice during wartime, exploring themes of
duty, honor, and the psychological impact of combat through
richly developed characters.
Item Title: For Whom the Bell Tolls.
Top-1 Retrieved Item Profile (uk-Movie, Similarity: 0.75): A pow-
erful war film showcasing heroism and brotherhood in battle,
featuring intense combat sequences and emotional character
arcs that examine the cost of warfare.
Item Title: Sands of Iwo Jima [DVD].

Figure 4: Case study illustrating LLM-PRIT’s capability to
establish semantic bridges across non-overlapping domains.
The alignment of user and item profiles with high similarity
scores confirms the effectiveness of profile-based retrieval
for knowledge transfer.

positively to the final performance. The removal of semantic pro-
files (w/o Profile) results in a notable decline, underscoring the
importance of LLM-generated profiles for capturing transferable
user preferences and item semantics beyond closed-world infor-
mation.The most severe performance degradation occurs when re-
moving instance selection (w/o Selection), followed closely by re-
moving the retrieval mechanism (w/o Retrieval). This highlights
the need for semantic filtering to prevent negative transfer from
irrelevant cross-domain data. The domain-specific LoRA design
(w/o Domain) also shows a clear decline, indicating that preserv-
ing domain-aware adaptation helps in fine-tuning the retrieved
knowledge. These results further validate our core design of ex-
plicit, retrieval-based instance transfer over implicit representa-
tion alignment.

4.4 RQ3: Case Study
To illustrate the effectiveness of LLM-PRIT in establishing seman-
tic correlations across non-overlapping domains, we present a case
of cross-domain knowledge transfer from the uk-Movie to the ca-
Book domain. As a case in Figure 4, the target user in ca-Book is

profiled by the LLM as a ”classic literature enthusiast who appreci-
ates dramatic narratives and emotional depth”. Based on this pro-
file, our method retrieves a highly similar user from uk-Movie, de-
scribed as a ”period drama aficionado drawn to compelling perfor-
mances and authentic storytelling”. This demonstrates that LLM-
generated user profiles successfully capture high-level, transfer-
able user preferences beyond domain-specific behaviors. Similarly,
for the target book ”For Whom the Bell Tolls,” its LLM-generated
item profile emphasizes ”themes of courage, sacrifice, and the psy-
chological impact of war.” The top retrieved movie ”Sands of Iwo
Jima [DVD]” is correspondingly described as ”a war film show-
casing heroism and brotherhood in battle”. This alignment at the
conceptual and thematic level validates that LLM-PRIT can bridge
domain gaps by focusing on semantic essence rather than surface-
level features.These examples underscore a key advantage of LLM-
PRIT: it enables conceptually grounded cross-domain transfer, mov-
ing beyond implicit embedding alignment to explicit semanticmatch-
ing.

4.5 RQ4: Online Deployments
To validate the real-world effectiveness of LLM-PRIT, we deployed
it on themarketing platformwithinAnt International Alipay, which
serves tens of millions of users monthly across multiple leading e-
wallets in different markets. The platform focuses on personalized
coupon recommendations in information feeds, aiming to achieve
precise user acquisition and efficient merchant customer conver-
sion.

Figure 5: OnlineA/B test results across five e-wallet domains.
LLM-PRIT achieves consistent improvements across four
businessmetrics, with D5 showing the highest CTR-PV gain
of 4.09% and D1 demonstrating the strongest CVR-UV im-
provement of 2.07%.

We conducted 14-day A/B tests across five e-wallet domains,
with each target domain paired with the remaining four as source
domains. The experiment was allocated 20% of total traffic, expos-
ing the system to millions of real-time user interactions. As sum-
marized in Figure 5, LLM-PRIT achieved consistent and statisti-
cally significant improvements across all key businessmetrics com-
pared to the baseline, which is a production-optimized cross-domain
CTR model. Notably, LLM-PRIT achieved average improvements
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of 1.44% in CVR-PV and 1.29% in CVR-UV compared to the base-
line, further validating the practical value of our approach in large-
scale industrial deployment.

Beyond prediction accuracy, we also evaluated the system’s in-
ference efficiency, which is a critical factor for industrial deploy-
ment. As shown in Table 3, LLM-PRIT introduces only a modest
latency overhead of +1.13 ms on average and +1.80 ms at P95.
The overhead is well within the acceptable range for real-time rec-
ommendation services. This efficiency is achieved because no LLM
inference or cross-domain retrieval occurs during serving; only
the tuned multi-LoRA weights are used, ensuring compatibility
with existing low-latency infrastructure. We also analyzed the of-

Table 3: Latency comparison between the baseline model
and LLM-PRIT in online deployment.

Model Avg Latency (ms) P95 Latency (ms)
Baseline 7.12 12.22
LLM-PRIT 8.25 14.02
Overhead 1.13 1.80

fline LLM profile generation cost on the industrial dataset (NVIDIA
H100 GPUs): 1.7M user profiles take 56.7h (single H100) / 1.8h (32-
GPU parallel), 2K item profiles take 1min, with total parallel ini-
tial build 2.7h. Weekly user profile updates cost 56.7 GPU-hours
(8.1/day), within industrial budgets; all LLM operations are offline,
leaving online latency unaffected.

5 Conclusion
In this work, we address the challenge of non-overlapping cross-
domain CTR prediction by proposing LLM-PRIT, a novel frame-
work that shifts from implicit representation alignment to explicit
instance transfer. Our approach leverages large language models
to generate domain-agnostic semantic profiles, which serve as an-
chors for retrieving relevant cross-domain instances, followed by
parameter-efficient fine-tuning via multi-LoRA modules. This de-
sign effectively circumvents the need for overlapping entities and
enables robust knowledge transfer in non-overlapping settings. Ex-
tensive experiments conducted on both public and industrial datasets
demonstrate that LLM-PRIT achieves state-of-the-art performance.
Moreover, large-scale online A/B tests deployed on the coupon rec-
ommendation scenario within Ant International Alipay confirm its
practical effectiveness and efficiency.
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