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Abstract
While user preferences are important to cross-domain recommendation (CDR), existing methods primarily discover pref-
erences under specific, yet possibly redundant, item features. To this end, we first propose a novel Preference Prototype-
Aware  (PPA) learning method to quantitatively learn user preferences while minimizing disturbances from the source 
domain. It introduces a mix-encoder and a proto-decoder. On the one hand, the mix-encoder learns better general repre-
sentations of interacted items and captures the intrinsic relationships between items across different domains. On the other 
hand, the proto-decoder implements a learnable prototype matching mechanism to quantitatively perceive user prefer-
ences, avoiding disturbances caused by item features from the source domain. Moreover, through experiments on PPA, 
we observe another two issues that affect existing CDR methods’ performance, i.e., the semantic deficiency caused by 
sparse item categories and the imbalance weights caused by different user-item distributions. Thus, we further propose a 
LoRA-based extractor and a domain cross-attention module to alleviate the two issues, respectively. The PPA incorporat-
ing with new extractor and attention module is called PPA++. Extensive experiments show that PPA++ outperforms the 
other state-of-the-art counterparts in four different CDR scenarios.
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1  Introduction

Recommendation systems (RS) have revolutionized the 
way users discover and engage with content, by focus-
ing on uncovering latent user preferences and suggesting 
potentially interesting items. This paradigm has witnessed 
unprecedented success in various domains, but the under-
standing of user preferences remains shallow due to the 
absence of dedicated modules for preference extraction. 
Cross-domain recommendation (CDR) has emerged as a 
promising approach to enhance the understanding of user 
preferences by leveraging data from multiple domains, 
enabling more personalized and accurate recommendations. 
However, existing methods primarily focus on dual-domain 
studies and lack specialized modules for independent user 
preference modeling. When extracting user preferences 
across multiple domains, these methods face challenges in 
identifying genuine user preferences and filtering out redun-
dant item features, rendering them less effective in such 
scenarios.

To alleviate these issues, several methods construct a 
dedicated module that can extract user preferences. These 
methods are built upon unified frameworks, facilitating their 
application across dual-domain as well as multi-domain 
real-world scenarios, thereby sorting them as universal 
CDR methods. The pioneering work of Cao et al. [1] formu-
lates aggregators to obtain specific features of items, while 
its aggregators merely consist of simple pooling or atten-
tion. Inspired by this general and effective framework, Hao 
et al. [2] exploit fine-tuning to retransfer user preferences. 
However, this work requires pre-training, which fails to an 
end-to-end structure and can not directly extract user pref-
erences. Ju et al. [3] propose to mask the user preferences 
extracted by item representations, aiming to encourage the 
model to predict user preferences indirectly. The critical lim-
itation of this approach is that the mask mechanism makes it 
more challenging for datasets with insufficient data.

Despite the promising results achieved, the above works 
in CDR primarily focus on extracting both user preferences 
and specific features from the source domain. However, 
this approach may not effectively capture the true essence 
of user preferences, as they are more closely associated 
with interacted items at a higher semantic level rather than 
specific item features. Overemphasis on item-specific fea-
tures can lead to suboptimal recommendations and hinder 
the transferability of user preferences across domains. For 
instance, consider users who enjoy comedy books. If all the 
specific features of the books are taken into account, such as 
the author, genre, or writing style, it can lead to an overly 
narrow focus on book-related features. This item feature-
focused approach can make it challenging to recommend 
relevant items from other domains, such as movies or TV 
shows, that align with the user’s preference for comedy. The 
reliance on specific item features can introduce noise and 
limit the generalizability of the recommendation system. To 
address this limitation, we advocate for a preference-centric 
approach to CDR that prioritizes the discovery of user pref-
erences while minimizing the influence of specific item fea-
tures from the source domain. As illustrated in Fig. 1, our 
proposed method aims to learn transferable and domain-
agnostic user preferences that can effectively bridge the gap 
between different domains.

In this paper, we first propose a mix-encoder and a proto-
decoder that quantitatively learns user preferences while 
minimizing the impact of source domain disturbances:

Mix-Encoder. Unlike previous simple multiplication 
between user embedding and item embedding, we introduce 
the learnable guidance, which extracts the effective spe-
cific representation with item scores. This enables the mix-
encoder to capture the intrinsic relationships between items 
accurately and prioritize the most relevant and informative 
aspects. The final encoded feature is represented by the mul-
tiplication between user embedding and item embedding.

Prototype-Aware Decoder. Considering that the recom-
mendation should be separated from irrelevant item features 
in the source domain, we use prototype learning to repre-
sent preferences, rather than directly using item features. 
The prototype-aware decoder is a learnable component that 
explicitly models user preferences using representative pro-
totypes. This allows the proto-decoder to effectively capture 
user preferences while minimizing the influence of redun-
dant or noisy item features.

Armed with the above two modules, we name our archi-
tecture as PPA and form a unified end-to-end structure 
without the need for any pre-training process. While PPA 
achieves great performance, we also observe two other 
issues that affect the models’ performance. (1) When item 
categories are scarce, item embeddings are sparsely distrib-
uted in the feature space. Exiting item embedding methods 

Fig. 1  (a) Existing methods utilize both user preferences and specific 
features extracted from the source domain. This approach can easily 
result in suboptimal or even obsolete recommendations due to distur-
bances from redundant item features; (b) Our method, in contrast, sep-
arates user preferences from irrelevant item-specific features, ensuring 
more reliable recommendations

 

1 3

214



PPA++: Preference Prototype-Aware Learning with Large Language Model for Universal Cross-Domain…

can lead to the loss of the semantic content of the items 
themselves. So the limited item’s semantic damages gener-
alization when facing such scenarios. (2) Previous interac-
tion methods between user embedding and item embedding 
are overly simplistic. The multiplication operations remain 
unstable when there is a significant disparity in the number 
of items between users and items. The difference in the den-
sity of the two spatial distributions leads to different weight 
fluctuations, so the model cannot be generalized to scenar-
ios with large distribution differences. Thus, we further pro-
pose a LoRA-based extractor and a domain cross-attention 
module to alleviate the problems.

LoRA-based Extractor. In terms of the previous 
item extractor methods, we follow the classic embed-
ding approach to project items. Whereas, we observe that 
the PPA performance is very slightly improved compared 
to other methods in scenarios with small item categories. 
Meanwhile, substantial performance disparities exist across 
all methodologies in scenarios characterized by higher item 
categories, while their performance converges significantly 
under limited categories. Hence, we propose to gain more 
reliable semantics from a large language model to utilize the 
word’s original features and implement Low-rank adapta-
tion (LoRA) to reduce resource consumption.

Domain Cross-Attention Module. In the user-item 
interaction, the multiplication operations remain unstable as 
the disparity in the number of users and items grows. As 
mentioned before, we hope to design an adaptive approach 
instead of multiplication to balance the weights of user space 
and item space. To combine such three inputs from differ-
ent semantic spaces, we designed a domain cross-attention 
module. Domain cross-attention is inserted after extractors 
to rebalance the weight distribution.

We improve PPA by introducing these two components, 
yielding PPA++. Extensive experiments on four different 
scenarios show that PPA++ outperforms PPA and other 
existing recommendation methods.

The following sections are organized as follows: the 
related works and preliminary will be introduced in Sects. 2 
and 3. Then, we will retrospect PPA [4] in Sect. 4. PPA++ is 
introduced in detail in Sect. 5. Thereafter, the experiments 
will be shown in Sect. 6. Finally, we will present our conclu-
sions and future work in Sect. 7.

2  Related Works

In this section, we provide an overview of the research top-
ics most closely related to our proposed work. To facilitate 
a good understanding of the CDR field, we categorize the 
existing approaches into three main directions: dual-domain 
CDR, multi-domain CDR, and universal CDR. We also 

explore the application of prototype learning, particularly 
in CDR.

2.1  Cross-Domain Recommendation

Conventional cross-domain recommendation (CDR) meth-
ods  [5, 6] can be roughly classified into two categories: 
intra-domain (IAD) methods [7, 8] and inter-domain (IED) 
methods [9–12]. IAD methods mainly focus on addressing 
data sparsity within the same domain, particularly in unpop-
ular categories where interactions are rare. This challenge 
leads to difficulties in analyzing the features of these catego-
ries. Cao et al. [7] propose decoupling global representations 
to reinforce user-specific recommendations. Although this 
method can effectively recommend items to users within the 
same domain, there is an increasing demand to recommend 
items from new domains. Recommending items from new 
domains confronts a more serious challenge known as the 
cold-start problem. The key limitation of cold-start in IED 
methods is learning from insufficient historical data about 
new domains. Man et al. [9] utilize a multi-layer percep-
tron to capture the cross-domain mapping relationships and 
select sufficient entities to alleviate the cold-start problem. 
As the scale of categories and domains increases, it becomes 
difficult for both of these two types of methods to effectively 
handle comprehensive scenarios.

Recently, CDR methods have drawn broad attention in 
addressing multiple target categories, which is a more gen-
eral and practical problem. Multi-target CDR  (MTCDR) 
aims to concurrently improve recommendations across 
multiple item categories. These methods primarily employ 
graph-based approaches and utilize auxiliary information 
to enhance their recommendations. Cui et al. [13] employ 
shared graphs and recurrent attention mechanisms to extract 
multi-target features. Cao et al. [14] incorporate closed-
form intra-items and high-order inter-items to describe mul-
tiple targets at both fine and coarse levels. However, most 
of these special MTCDR tricks cannot directly be applied to 
dual-domain scenarios.

Thus, universal methods have emerged to achieve CDR 
across various scenarios. UniCDR  [1] proposes a unified 
recommendation framework, which models different sce-
narios by combining domain-specific and domain-shared 
features. Inspired by this general and effective framework, 
Hao et al. [2] utilize motif-based shared embeddings to 
address the negative transfer problem between domains, 
effectively improving performance by capturing universal 
embeddings. Ju et al. [3] randomly mask the user prefer-
ences extracted by item representations and train the model 
to understand them indirectly, thereby reducing the model’s 
reliance on specific item features and enhancing its gener-
alization ability.
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2.3  LLM for Cross-Domain Recommendation

Large Language Model  (LLM) has recently emerged as a 
powerful paradigm in numerous research fields. LLM has 
infused new vitality through its excellent integration capa-
bility, driving significant progress in language-related fields. 
Applying LLMs in recommendation systems  (RS) has 
become a particularly prominent new direction. Leverag-
ing their strength in extracting textual semantics, LLMs are 
well-suited to capture user interests and preferences required 
for RS precisely. Wu et al. [21] finetune the domain-specific 
BERT to address the mismatch between queries and products 
and employ multi-task learning to optimize multiple objec-
tives simultaneously, thereby developing a general end-to-
end learning framework for product search. Additionally, 
the experimental results of Kang et al. [22] demonstrate that 
finetuned LLMs with only a small amount of training data 
could achieve performance comparable to traditional meth-
ods, showcasing their potential for data efficiency.

Cross-domain recommendation (CDR), as one of the rep-
resentative and impactful directions within the field of RS, 
presents greater challenges and demonstrates higher prac-
tical value. CDR necessitates the extraction of user pref-
erences from the source domain and the analysis of item 
semantic features in the target domain. LLMs offer signifi-
cant potential to enhance CDR by enabling the extraction and 
expression of feature correlations across different domains, 
thereby mitigating key challenges such as cold-start and 
data sparsity problems. For example, Petruzzelli et al. [23] 
propose a structured framework to guide LLMs in executing 
CDR tasks, employing personalized prompts based on user 
preferences and target items to generate recommendations 
and explanations in zero-shot and one-shot scenarios. This 
approach effectively harnesses the knowledge embedded in 
LLMs to bridge inter-domain gaps, advancing the delivery 
of personalized and context-aware recommendations.

3  Preliminary

3.1  Problem Statement

For the dual-domain scenario i ∈ {X, Y }, the recom-
mendation data consists of users, items and interactions 
Di = (U i, Vi, E i). Given the interaction E i, we follow the 
previous work [1, 24] to calculate the pre-processed item-
item similarity scores Bg = (BX , BY ). BX ∈ R|V X |×1 
represents the personalized item score within the X domain 
and BY  represents ones within the Y domain. These simi-
larity scores are used as prior knowledge to enhance item 
features Table 1.

However, all of these methods utilize specific item fea-
tures to roughly represent user preferences while ignoring 
the significant disturbance from source-domain features 
and irrelevant specific features. This oversight results in the 
final suboptimal recommendation over redundant specific 
features, as the model is unable to effectively distinguish 
between informative and irrelevant features. Instead, our 
PPA method can accurately capture user preferences and 
the generality of interacted items without being disturbed 
by redundant specific item features. By learning preference 
prototypes at a higher semantic level, PPA can effectively 
filter out the noise and focus on the essential aspects of user 
preferences, which leads to more accurate recommenda-
tions across different domains.

2.2  Prototype Learning

Prototype-based learning techniques  [15–17] enable deep 
models to generate output based on a few human-under-
standable instances. These instances, referred to as proto-
types, aim to capture essential characteristics of different 
classes or groups in the feature space. Therefore, it requires 
prototypes to be distinguished from other classes and be sta-
ble in its own class. Prototype learning was first proposed 
in the field of image recognition. Chen et al. [15] dissect 
images by identifying prototype components and integrat-
ing their evidence to generate classifications. Xu et al. [17] 
share global attribute prototypes across different categories 
to better extend intermediate features to unseen images. The 
success of prototype learning in the field of image recogni-
tion has led to its application in more fields.

In the recommendation field, recent studies have intro-
duced prototype learning to further extract effective repre-
sentations of users or items. Sankar et al. [18] select each 
prototype to represent a few-shot item in few-shot recom-
mendations. Melchiorre et al. [19] directly match both users 
and items to user prototypes and item prototypes, provid-
ing effective representations. Gan et al. [20] firstly utilize 
the target item to pre-train an entire prototype space, which 
integrates certain semantics of the target embedding. Then, 
they enhance the final prediction with the prototype-guiding 
attention mechanism in the fine-tuning phase.

Unlike previous methods in CDR that simply represent 
prototypes as users or items, our work actively consid-
ered the importance of user preferences in cross-domain 
recommendations. By quantifying user preferences using 
learnable prototypes, we remove the disturbance from the 
source-domain items.
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We have u, (vi
s, Bi) and (vg, Bg) equally in multi-targets 

scenario. The data distribution characteristics of four differ-
ent scenarios are summarized in Table 2, which should be 
considered simultaneously in our universal CDR method.

3.2  Low-Rank Adaptation

Low-rank adaptation  (LoRA)  [25] is a parameter-efficient 
fine-tuning technique for LLMs. LoRA integrates train-
able low-rank decomposed matrices into transformer layers 
while retaining original parameters, thereby reducing train-
able variables and maintaining computational efficiency 
without compromising performance.

Specifically, the original weight matrix W ∈ Rm×n 
is decomposed into a product of low-rank submatri-
ces. For example, W = BA⊤, where B ∈ Rr×k and 
A ∈ Rk×r(k ≪ m, n). LoRA focuses on adjusting the 
weights of key pathways  (i.e., the submatrices B and A) 
to update model parameters. So LoRA only fine-tune the 
decomposed submatrices, reducing both computational 
complexity and memory usage without compromising over-
all model performance. Mathematically, the optimization 
objective for LoRA is defined as:

min
B,A

L(x; BA⊤)

where L represents the loss function, x is the input data, 
and BA⊤ denotes the low-rank approximation of the weight 
matrix. The success of LoRA is evident in its application 
across various domains such as BERT [26] and GPT [27].

4  Preference Prototype-Aware learning

In this section, we further detail the proposed Preference Pro-
totype-Aware learning (PPA) method. As shown in Fig. 2, 
PPA consists of two core modules, namely mix-encoder and 
prototype-aware decoder. In the former module, we employ 
a mix-network to learn general representations of interacted 
items and capture the intrinsic relationships between items 
across different domains. In the latter module, the encoded 
item features from the source domain are employed to 
derive the prototype learning. Subsequently, the highest 

Specifically, we introduce a linear model (Wagg) to learn 
the weights B (The detailed derivation process of each step 
can be referred to [24]) :

argmin
Bi2i

∥A − ABi2i∥2
F + λF ∥Bi2i∥2

F

Bi2i ∈ R|V |×|V |, ABi2i ∈ R|U |×|V |

αi = (ABi2i)u,vi
,

α = NORM
(
{α1, α2, α3, . . .}

)

B =
(
{v1, v2, v3, . . .}, α

)
· Wagg,

� (1)

 We choose N items from Vi based on E i, indicating the 
specific interacted items V i

s . We choose 2N items from both 
VX  and VY  based on E i, indicating the global interacted 
item Vg . Here, V i

s  with Bi and Vg  with Bg constitute the 
effective item-related inputs.

To further extract their effective representations, we 
introduce ui ∈ R|Ui|×h and vi ∈ R|Vi|×h to denote user 
and item embedding, where h is the global embedding 
dimension. After these embedding layers, we get three basic 
representations for CDR: user embedding u, specific item 
embedding vi

s with scores Bi and global item embedding 
vg with scores Bg.

Table 1  Key Notations and Descriptions in Sect. 3.1
Notation Description
i Domain index
Di Recommendation data of domain i

U i User set of domain i

Vi Item set of domain i

Ei User-item interaction set of domain i
Bg Global item-item similarity scores

BX/BY Personalized item score in domain X/Y

Bi2i Item-to-item similarity matrix
A User-item matrix
λF Frobenius norm
B Personalized item score
N Number of sampled items
V i

s
Specific interacted items

Vg Global interacted items

ui/vi User/item embedding of domain i

h Global embedding dimension

Table 2  Data format of four common CDR scenarios. Scen. represents Scenario, S. denotes Single and M. denotes Multiple
Scen. Targets Overlap Rec Model

S. M. User Item Intra Inter
Scen.1 ✓ ✓ ✓ CoNet
Scen.2 ✓ ✓ ✓ EMCDR
Scen.3 ✓ ✓ ✓ M3Rec
Scen.4 ✓ ✓ ✓ HeroGraph
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Fs = f([uj , (vX
s , BX)]; ψs) ∈ R1×h.� (3)

In the global branch, we feed inputs [uj , (vg, Bg)] to the 
mix-encoder to generate global encoded features as:

Fg = f([uj , (vg, Bg)]; ψg) ∈ R1×h.� (4)

Here we employ the mix-encoder to learn both specific and 
global domain representations. The mix-network can cap-
ture deeper dependencies between items, further encoding 
them into highly correlated specific domain features and 
global domain features. These encoded features [Fs, Fg] 
are further employed by the decoder.

In conclusion, we improve the traditional user-item inner 
product in three aspects:

	● First, the item is replaced with a weight proxy directly 
mapped from the item itself. The absolute value op-
eration ensures the monotonicity between the item and 
its weight proxy—meaning the larger the value of the 
item’s own representation, the larger the weight proxy. 
The weight proxy serves the subsequent nonlinear 
operations.

	● Second, the inner product operation is replaced with 
a nonlinear function guided by the weight proxy. This 
modification enhances the nonlinear fitting capability 
between users and items, allowing the model to capture 
more complex interaction patterns that linear operations 
(e.g., inner product) fail to represent.

	● Third, the subsequent feature F uniformly denotes 
the fused weight of user features and item features af-
ter interaction. Centered on user representations, this 
fused weight ensures that sufficient information is re-
tained to support the subsequent modeling of "user 

similarity prototype offers tailed recommendation support 
to the encoded global features and makes predictions.

4.1  Mix-Encoder

The goal of the mix-encoder is to extract the effective user 
representations with the guidance of item scores. Unlike 
previous simple multiplication, we generate the learnable 
weights through scores to guide the item embedding.

The potential user uj  has interacted in domain X and 
remains the histories corresponding to specific item embed-
ding vX

s ∈ RN×h and scores BX ∈ RN×1, where N is the 
sample number. To capture the domain representation, we 
design the mix network to compress item embedding and 
scores. As depicted in the left column of Fig. 2, we use mix 
network f(·; ψ) : RN×h → R1×h parameterized by ψ to 
encode item embedding following the general mix mecha-
nism as:

W1, W2 = |[Wθ1 , Wθ2 ] · B| ,

E = W ⊤
2 · ReLU(W ⊤

1 · v),
F = E + uj ,

� (2)

where Wθ1  and Wθ2  represent learnable parameters. | · | 
takes the absolute value. The mix-weights W1 ∈ RN×h 
and W2 ∈ Rh×1 are learned by input scores B. After run-
ning Eq. 2, the final encoded domain features F ∈ R1×h is 
generated by the domain representation E and current user 
embedding uj . Here we adopt two mix-encoder branches to 
capture two encoded domain features.

In the specific branch, we feed inputs [uj , (vX
s , BX)] to 

the specific mix-encoder, focusing on capturing latent spe-
cific features. The mix-encoder generates specific encoded 
features as:

Fig. 2  Illustration of the proposed method PPA. Mix-encoders are employed for extracting the effective specific representation while proto-decoder 
perceives user preference explicitly and avoids disturbances caused by redundant item features
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As shown in Eq. (6), several constraints are proposed to 
construct the final prototypes  [28]. The cluster cost Lclst 
motivates these interacted items from the source domain to 
exhibit proximity to one prototype corresponding to their 
preference. The separation cost Lsep promotes the distanc-
ing of encoded item features from prototypes that do not 
belong to their preference.

Lclst = 1
n

2K∑
i=1

min
j:pj∈Pyi

||Fs − pj ||22,

Lsep = − 1
n

2K∑
i=1

min
j:pj /∈Pyi

||Fs − pj ||22.

� (7)

where Pyi  is the set of prototypes under yi class. Moreover, 
the diversity loss Ldiv  in Eq. (8) encourages the diversity of 
the learned prototypes via penalizing prototypes too close.

Ldiv =
2∑

k=1

∑

i ̸= j
pi, pj ∈ Pk

max (0, cos (pi, pj) − ξ) ,
� (8)

where k = {1, 2} denotes 2 kinds of preferences. ξ is the 
threshold of the cosine similarity in the diversity loss.

Finally, the user-item prediction score is calcu-
lated by Sp = Fu · vi to decide which item should 
be recommended. We exploit the BCE loss to make 
a basic prediction loss following previous work  [1]: 
Lpred =

∑
(u,v)∈E [− log Sp − log(1 − Sn)], where 

Sn = Fu · v̄i denotes the negative prediction scores by dot 
product uninterested items v̄i.

4.3  Auxiliary Task

Inspired by previous work [1, 29] that applied contrastive 
learning  (CL)  [30] in enhancing the model, we select CL 
as the auxiliary task algorithm to regular the latent space of 
positive and negative interaction. Suppose on the domain 
X, the positive input is the same as specific items V X

s  on 
the main branch. The negative input is randomly sampled 
from uninterested items V̄ X

s . After the main branch, we get 
the positive features Fp = PPA(V X

s ) and negative features 
Fn = PPA(V̄ X

s ). The auxiliary loss is as follows:

LX
cl =

∑
u∈UX

[Lce(Fp, Zp) + Lce(Fn, Zn)] ,� (9)

where Lce represents the cross-entropy loss for classifi-
cation. Zp is the positive label and stands for 1. Zn is the 

preferences"—laying a foundation for accurately cap-
turing user-specific preference tendencies in down-
stream recommendation tasks.

4.2  Prototype-Aware Decoder

Existing methods suffer from specific feature-focused rec-
ommendations that are easily suboptimal or even obsolete 
when performing CDR under redundant features from the 
source domain. The recommendation should be separated 
from irrelevant item features in the source domain, fur-
ther focusing on potential user preferences in the global 
domain. Therefore, we use prototypes to represent prefer-
ences, rather than directly using item features. At the heart 
of the prototype-aware decoder are quantitative prototypes 
of user interests to target items, which enables the decoder 
to explicitly perceive user preference.

We partitioned positive preferences into K adaptable 
prototypes and negative ones into K prototypes, result-
ing in 2K prototypes to precisely quantify the prefer-
ence from dislike to like. We denote these prototypes as 
P =

{
p1, p2, ..., p2K | pi ∈ R1×h

}
. User preferences are 

extracted from the source domain, so they only interact with 
Fs. We match the highest similarity prototype p∗ to make 
PPA aware of the preference, following the calculation of 
similarity:

sim(pi, Fs) = log
(

||pi − Fs||22 + 1
||pi − Fs||22 + ϵ

)
,� (5)

where ϵ is set as a small value to prevent division by zero. After 
obtaining the preference prototype p∗, we guide the global 
encoding features Fg  by introducing this preference of the 
source domain into the shared domain, effectively extracting 
final user features Fu in the target domain. The linear layer 
gu with parameters ϕ is employed to dynamically adapt 
encoded features to evolving preference features, extract-
ing the final user features Fu = gu (Fg, p∗; ϕ) ∈ R1×h. The 
Fu is obtained through learning that combines the global 
features containing target domain information and the quan-
tified user preferences. The objective function of prototype 
learning Lpl is defined as:

Lpl = Lce(c ◦ gp ◦ Fs, ℓ) + λ1Lclst + λ2Lsep + λ3Ldiv,� (6)

where c is a fully connected layer that predicts positive 
or negative probability, and gp is the prototype layer. Lce 
represents the cross-entropy loss for preference classifica-
tion within the prototype branch. ℓ is an all-one array when 
inputting normal interacted items. λ1, λ2, λ3 control the 
weights of losses and we follow the general value in clas-
sification tasks [28].
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spaces, and v stands for item importance. They correspond 
to the meaning of K and V of the attention mechanism. Also, 
the user embedding uj  corresponds to the meaning of Q of 
the attention mechanism. k and v can be calculated as:

k =kLoRA(V X
s ; θF rozen

BERT , BkAT
k ) � (11)

v =vLoRA(V X
s ; θF rozen

BERT , BvAT
v ) � (12)

As depicted in the left column of Fig. 3, we use network 
f∗(·; ψ∗) : RN×h → R1×h parameterized by ψ∗ to gain 
item features following the general domain cross-attention 
mechanism. This domain cross-attention mechanism will be 
introduced in the next subsection.

In the specific branch, we feed inputs [uj , ks, vs] to the 
specific LLM-encoder, focusing on extract accurate seman-
tic features. The LLM-encoder generates specific encoded 
features as:

Fs = f∗([uj , ks, vs; ψ∗
s ) ∈ R1×h.� (13)

In the global branch, we feed inputs [uj , kg, vg] to the LLM-
encoder to generate global encoded features as:

Fg = f∗([uj , kg, vg; ψ∗
g) ∈ R1×h.� (14)

Here we employ the LoRA-based extractor to learn both 
specific and global domain representations. The LoRA-
based extractor can better mine the underlying semantic 
embeddings under scenarios with low item categories.

negative label and stands for 0. Our whole model can be 
optimized by the total objective function Ltot as:

Ltot = Lpred + λplLpl + Lcl.� (10)

5  PPA++: PPA with LLM-Encoder

In this section, we propose a new LLM-based encoder to 
better adapt to challenging scenarios with different user-
item distributions. The extractor architecture adopts LLMs 
for their superior semantic parsing capacity, specifically 
leveraging their text-content prior knowledge to facili-
tate structured knowledge extraction from unstructured 
words. To address the imbalance distribution between user 
and items, we introduce a domain cross-attention module 
that dynamically calibrates the attention entropy between 
user-space embeddings and item-space embeddings. The 
improved model is dubbed PPA++.

5.1  LoRA-Based Extractor

Each LoRA-based extractor is utilized to gain reliable 
embeddings and scores from the original item words. The 
input is processed by a finetuned LoRA with the frozen 
BERT model, as the LoRA provides fewer resource con-
sumption and lower accuracy loss.

This extractor is specifically designed to extract embed-
dings and scores separately, resulting in the derivation of k 
and v, which correspond to vi

s and Bi as defined in the prob-
lem statement respectively. k stands for the total set of item 

Fig. 3  Illustration of the proposed method PPA++. LLM-encod-
ers  (LoRA-based extractors) are proposed to extract more accurate 
semantic representations based on their substantial pre-training pro-

cess. Domain cross-attention mechanism can interact different inputs 
together effectively, thus gaining an output that contains accurate and 
rich interaction information
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Algorithm 1  PPA++: Forward Pass Pseudocode

6  Experiments

To illustrate the effectiveness of the proposed PPA and 
PPA++ method, we aim to answer the following questions: 
(1) Can PPA/PPA++ outperform the state-of-the-art CDR 
methods in various scenarios? (Sect.  6.2) (2) How do the 
different components of PPA/PPA++ contribute to the over-
all performance? (Sect. 6.3) (3) How do different hyperpa-
rameters affect model performance? (Sect.  6.4.1) (4) Can 
PPA/PPA++ offer prototypes with understandable visualiza-
tion? (Sect. 6.5)

6.1  Experimental Settings

Tasks and Datasets. We consider four different challenging 
scenarios under the Amazon benchmark [31]. Specifically, 
for the dual-intra-domain recommendation in Scenario 

5.2  Domain Cross-Attention Module

Previous direct multiplication operations are too simplistic, 
and when there is a large distribution difference in the num-
ber of users and items. The influence of the less numerous 
side in the embedding space is substantially unstable. Thus, 
we propose the domain cross-attention mechanism to rebal-
ance the weight distribution, especially in situations of data 
imbalance. The mechanism of domain cross-attention can 
be calculated as follows:

Q, K, V =[Wu, θklora, θvlora] · [uj , k, v] � (15)

F =softmax(QKT

√
dk

· V ) � (16)

where Wu, θklora and θvlora represent learnable parameters. 
dk is a scaling factor used to adjust the scale of attention 
scores. After running Eq. (2), the LLM-encoder network can 
generate the final encoded feature as F .

The domain cross-attention mechanism is illustrated in 
Fig.  4. "Who?" refers to determining the users, "What?" 
refers to determining the corresponding set of items, and 
"How?" denotes the assignment of interest scores to each 
item. This mechanism refines interactions between inputs 
by dynamically adjusting user attention towards items based 
on their relevance. It allows the model to accurately capture 
user preferences by weighing interactions between user his-
tory and item features. This dynamic adjustment ensures the 
model can adapt to shifting interests, improving recommen-
dation precision and maintaining relevance in complex or 
changing environments.

Here we discuss a special case. When |V| is extremely 
large, the computational complexity of the original atten-
tion mechanism, O(|U| · |V| · d) becomes unacceptable. We 
propose a Top-k sparse approximation method: first retrieve 
k ≪ |V| candidate entries via ANN (Approximate Nearest 
Neighbor search), and then perform attention computation 
over these candidates. Experiments show that when k=1000, 
the decrease in HR/NDCG is less than 0.3%, while the 
memory usage is reduced to 1/100 of the original.
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NGCF [37], and LightGCN [38]. These methods mainly 
utilize high-order neighbor information for both users 
and items.

	● Intra-domain CDR baselines. We compare our pro-
posed method with CoNet  [39] and DDTCDR  [40], 
which achieve bi-directional transfer through cross-
connections. We also compare our method with recent 
GNN-based models: PPGN [41], Bi-TGCF [8], and Dis-
enCDR [7], which utilize multiple types of neighboring 
information. Additionally, there have also been some 
representative efforts in multi-target CDR. GA-MTC-
DR [42] and HeroGraph  [13] effectively utilize multi-
target data through graphs and attention mechanisms. 
FOREC  [43] and M3rec  [14] leverage auxiliary rich 
data. For multi-target CDR, multi-task learning tech-
niques can also be considered as potential approaches. 
Therefore, our method is also compared with Cross-
Stitch [44], MMoE [45], and STAR [46].

	● Inter-domain CDR baselines. We compare our proposed 
method with EMCDR [9] and SSCDR [47], which aim 
to improve the utility of limited data. TMCDR [48] and 
SA-VAE  [49] achieve domain-specific personalized 
learning through meta-learning and variational autoen-
coders, respectively. CDRIB [32] employs the informa-
tion bottleneck principle.

	● Universal CDR baselines. Universal methods are pro-
posed to achieve CDR across various scenarios. UniC-
DR [1] proposes a unified multi-domain recommenda-
tion framework, which models different scenarios by 
combining domain-specific and domain-shared features. 
This approach aims to capture both the unique charac-
teristics of each domain and the common patterns shared 
across domains. For fairness, we do not compare our 
method with models that require pre-training or fine-
tuning [2], as these additional steps may introduce bias 
into the evaluation.Implementation Details. Follow-
ing previous works  [1], we train our model for a total 
of 100 epochs. The learning rate is 1e−3 and our batch 
size is 1024. The hidden dimension is set to 128. All 
experiments are conducted using the same hardware 
and software configuration to ensure a fair comparison. 
We choose λpl = 1.0 and K = 4 for our PPA method 
to achieve the best performance. The prototype con-
straint weights λ1, λ2, λ3 in Lpl are set to 0.1, 0.05 and 
0.001, following the common setting for classification 
tasks [28].

6.2  Performance Comparisons

Dual-domain scenarios. We first compare PPA and PPA++ 
with other baselines under the dual-intra-domain scenario. 
Test results of the comparison are shown in Table 4, which 

1, we employ the Sport&Cloth and Elec&Phone datasets 
preprocessed by DisenCDR [7]. For the dual-inter-domain 
recommendation in Scenario 2, we utilize the Sport&Cloth 
and Game&Video datasets preprocessed by CDRIB  [32]. 
For the multi-intra-domain recommendation in Scenario 
3, we use the dataset preprocessed by M3rec  [14], which 
includes interaction data from five anonymous countries in 
the electronics domain. For the multi-inter-domain recom-
mendation in Scenario 4, we employ the financial dataset 
created by UniCDR [1], which consists of real-world data 
from three online banking platforms. The detailed statistics 
of the datasets in these four scenarios are summarized in 
Table 3.

Evaluation Metrics. We utilize Hit Ratio (HR) and Nor-
malized Discounted Cumulative Gain (NDCG) to qualita-
tively evaluate performance, following previous works [1, 
14]. HR focuses on whether the recommended list contains 
items that the user is interested in, while NDCG consid-
ers both the user’s interest and the relevance ranking of 
the items in the recommended list. These two metrics are 
crucial for evaluating recommendation performance. Spe-
cifically, we first compute 1000 scores for each validation/
test case (including 999 negative items and 1 positive item). 
Then, we rank the item list and evaluate the Top-10 items 
using HR and NDCG metrics.

Compared Methods. We compare our methods with the 
following baselines from four different aspects of CDRs.

	● Single-domain baselines. We compare our proposed 
method with several single-domain baselines, including 
BPRMF [33], NeuMF [34], CML [35], and EASER [24]. 
These methods are widely used in industrial fields due to 
their stable performance. We also compare our method 
with recent graph-based methods: Random Walk[36], 

Table 3  Statistics of four CDR scenarios
Scenarios Datasets |U| |V| Training Test

Scenario1 Sport 9928 30796 92612 8326
Cloth 9928 39008 87829 7540
Elec 3325 17709 50407 2559
Phone 3325 38706 115554 2560

Scenario 2 Sport 27328 12655 163291 3546
Cloth 41829 17943 187880 3085
Game 25025 12319 155036 1304
Video 19457 8751 156091 1458

Scenario 3 M1 7109 2198 48302 3558
M2 2697 1357 19615 1310
M3 3328 1245 23367 1678
M4 5482 2917 41226 2727
M5 6466 9762 77173 3154

Scenario 4 D1 231444 2096 491098 13437
D2 507715 595 1068490 35985
D3 773188 1312 3785720 92672
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showcases that the performance of PPA is superior to other 
baselines across all metrics on different datasets. In particu-
lar, on the sport and cloth datasets, our PPA outperforms 
state-of-the-art models by 3.27% and 2.69% under the 
NDCG metric. Compared with PPA, PPA++ brings about 
0.92% accuracy improvement in average. In this simple sce-
nario, results show that the disturbance caused by source-
domain item features greatly deteriorates the perception of 
preferences in the target domain. We also conduct experi-
ments on PPA in the dual-inter-domain scenario. As shown 
in Table 5, we find that PPA still outperforms other baselines. 
Especially on the Game dataset, we exceed the sota method 
by 2.57% and 1.3% under the HR and NDCG respectively. 
Moreover, PPA++ outperforms PPA by an average margin 
of 0.52%. These results highlight that our preference quanti-
fication is crucial in simple scenarios, which can outperform 
baselines by a large margin.

Multi-domain scenarios. To further evaluate our PPA’s 
performance under complex scenarios, we conducted 
experiments on multi-domain scenarios. Test results for the 
item-overlapped scenario are shown in Table  6. On aver-
age, PPA++ surpasses PPA by 0.724% and it achieved the 
highest NDCG but ranked second in most HR metrics. The 
HR metric focuses on whether the recommended list con-
tains items of interest, without considering their ranking or 
relevance. In contrast, the NDCG metric not only consid-
ers whether items appear in the recommended list but also 
evaluates their ranking and relevance. Therefore, the NDCG 
metric, with its stronger emphasis on preference weights, 
accurately reflects the effectiveness of our PPA model in 
preference learning. The M3rec [14] method, which is spe-
cifically designed for multi-target domains, obtained higher 
HR metrics due to its well-designed multi-domain feature 
mining. Test results for the user-overlapped scenario are 
shown in Table 7. PPA outperforms other models in both HR 
and NDCG. Particularly in the D1 dataset, PPA surpasses 
the state-of-the-art model by 3.47% and 1.7% in the HR 
and NDCG. Based on this, PPA++ outperforms PPA by an 
average margin of 1.02%. These results underscore PPA and 
PPA++ as universal CDR methods applicable across vari-
ous scenarios, excelling not only in dual-domain but also in 
multi-domain tasks.

Universal Methods. We also conducted extensive 
comparisons with our universal baseline method (i.e., 
UniCDR [1]) under these four scenarios. In the dual-intra-
domain scenario, PPA significantly outperforms UniCDR 
across all performance metrics on all datasets. Notably, 
our PPA surpasses UniCDR by 6.58% and 4.09% in HR 
and NDCG metrics, respectively, on the Phone dataset. 
In the dual-inter-domain scenario, PPA exceeds UniCDR 
by 2.57% and 1.3% in HR and NDCG on the Game data-
set. These results demonstrate the excellence of PPA as a 
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universal method in simple dual-domain recommendations, 
benefiting from more effective user preferences and fewer 
disturbances from the source domain.

To further demonstrate the robustness of PPA in more 
complex scenarios, we also compared them in multi-domain 
recommendation scenarios. In the item-overlapped multi-
intra-domain scenario, a larger number of users rely on the 
same item features. Consequently, using item features to 
represent user preferences can lead to significant errors. Our 
proposed PPA surpasses UniCDR on every performance 
metric across all datasets. Moreover, in the user-overlapped 
scenario, PPA still achieves superior performance results 
in most cases, especially on the D1 dataset, with improve-
ments of 3.47% and 1.71% on HR and NDCG metrics, 
respectively.

All experimental results indicate that PPA exhibits excel-
lent user preference awareness under various scenarios, 
proving the effectiveness of the mix-encoder and prototype-
aware decoder. This unified end-to-end framework proposed 
by PPA demonstrates promising potential, showcasing its 
adaptability and generalization capabilities in universal rec-
ommendation tasks. Moreover, the performance of PPA++ 
consistently surpasses that of PPA across all aspects. Since 
PPA++ addresses the two issues we identified and demon-
strates superior performance in extreme scenarios, it exhib-
its stronger generalizability.

6.3  Ablation Study

6.3.1  Ablation Study of PPA

To analyze the impact of different components in PPA, we 
carry out ablation studies to quantitatively evaluate their 
contribution. The comparison results of various ablations on 
the dual-intra-domain dataset are shown in Table 8.

PPA w/o proto-decoder. To examine the effectiveness of 
the preference prototype, we remove prototypes and use a 
linear layer to predict based on encoded features. The results 
illustrate that the "w/o decoder" variant only obtained the 
lowest results. Although the encoder extracts effective 
domain representations, the performance deteriorates due to 
the redundant item disturbances, which can be removed by 
the proto-decoder.

PPA w/o mix-encoder. To assess the impact of the mix-
network, we utilize the original dot product to replace it. 
The results show that the mix architecture has a positive 
effect on the representation extraction. Although simple 
multiplication operations can directly guide scores to items, 
the impact of scores is not entirely the same for different 
domains and categories. Our mix-network can better con-
sider the prior differences between them, making the guid-
ance of scores more comprehensive.
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6.3.2  Ablation Study of PPA++

To analyze the impact of the two newly proposed compo-
nents introduced in PPA++, we conduct ablation studies 
to quantitatively assess their contribution. The comparison 
results of various ablations on Scenario 4 are presented in 
Table 9. We use Scenario 4 as the dataset for the ablation 
study because it aligns with the context of the two issues we 
previously proposed, as it both contains a relatively small 
number of items and exhibits a significant disparity between 
the number of items and users.

PPA with attention. To examine the effect of the domain 
cross-attention module in PPA++, we build upon the PPA 
model and add the domain cross-attention module. The 
experimental results show that the "with attention" variant 
achieved some improvement over the original performance 
of PPA, demonstrating the effectiveness of the domain cross-
attention module in combining different inputs. It helps 
assign reasonable weights to inputs with varying quantities.

PPA with extractor. To evaluate the impact of the 
LoRA-based extractor, we conduct experiments by incorpo-
rating this module into the PPA framework. The experimen-
tal results demonstrate a more effective outcome compared 
to PPA, thereby validating the efficacy of using the LoRA-
based extractor for semantic representation extraction. 
Particularly in Scenario 4 where the number of items is 
significantly smaller than that of users, the supplementary 
information provided by the pre-trained LLMs effectively 
enhances the accuracy of semantic representation extraction.

6.4  Sensitivity Analysis of Hyperparameters

6.4.1  Analysis of the Loss Factor and Prototype Number

In this section, we explore the hyperparameter influence of 
the loss factor λpl and the prototype number K on each class. 
The comparison results of various settings on the dual-intra-
domain dataset are shown in Fig. 5 and Fig. 6, respectively.

Factor λpl. The total objective function is defined by 
Eq.(10), where the weight λpl assigned to Lpl balances the 
constraints in prototype learning. According to the trajec-
tory of the data points in Fig.  5, we find that our model 
shows higher and more robust results when λpl ∈ [0.8, 1.2]. 
Setting the prototype constraint as equally important as the 
classification constraint is crucial for learning user prefer-
ences. We suggest that tuning this factor to around 1.0 is 
a reasonable way to achieve great performance. Moreover, 
we observe that under different settings of λpl, PPA++ out-
performs PPA, demonstrating higher and more robust per-
formance. PPA++ is also able to adapt well even when the 
weight of the prototype component is either too low or too 
high.
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Number K. The number of prototypes, denoted by K, 
plays a crucial role in shaping the preference space and 
capturing user preferences effectively. Figure  6 illustrates 
the impact of varying K on the performance. The trajec-
tory of the data points reveals that both excessive sparsity 
and density of prototypes can be detrimental to forming an 
optimal preference space. When the number of prototypes 
is too small, the model’s capacity to represent diverse user 
preferences becomes limited. Conversely, when the num-
ber of prototypes is excessively large, it can introduce rep-
etition and redundancy, resulting in inefficient utilization. 
Moreover, an overly dense prototype space can make it 
difficult to impose meaningful constraints and regulariza-
tion. Based on the empirical evidence presented in Fig. 6, 
we suggest choosing 4 prototypes for positive preferences 
and 4 for negative preferences as a reasonable starting point 
to achieve a balance between capturing a sufficient range of 
user preferences and maintaining a manageable prototype 
space. Furthermore, we observe that under varying numbers 
of prototypes, PPA++ demonstrates higher and more robust 
performance compared to PPA. It adapts well both when the 
number of prototypes is relatively large or small.

6.4.2  Sensitivity Analysis of LoRA Rank

Under Scenario 4  (Dataset D1), we fixed other hyper-
parameters  (λpl = 1.0, K= 4) and varied the LoRA rank 
r ∈ 4, 8, 16, 32, 64 to observe changes in HR@10 and 
NDCG@10. The results are illustrated in Table 10. Through 
observation, we can conclude that the experiment perfor-
mance nearly achieves at r = 8. Further increase leads 
to diminished returns, while values below r < 8 result in 
insufficient semantic extraction, causing a noticeable metric 
decline (HR drops by 0.6 pp). For r > 8, almost no improve-
ment is observed, yet it introduces twice the parameters and 
much longer training time. After comprehensively consid-
ering the effectiveness-efficiency trade-off, we uniformly 
adopt r=8 for all experiments in the main text.

6.5  Visualization Analysis

To further investigate the distribution of the prototypes 
learned by the proto-decoder in the prototype space, we 
conduct a qualitative analysis with PPA as a case study on 
dual-intra-domain and multi-intra-domain datasets. The 
preference prototypes in different scenarios are visual-
ized in Fig. 7. We find that positive prototypes and corre-
sponding negative prototypes can maintain their distance 
and exhibit similar trends in multi-domain situations, sug-
gesting that the proposed method can successfully learn 
different sparse preferences for different domain classes, 
which significantly extracts user potential preferences from 
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irrelevant source-domain features. By learning sparse rep-
resentations, PPA is able to focus on the most informative 
and discriminative features, thereby reducing the impact of 
redundant or noisy information. Moreover, PPA also learns 
the relationship across various scenarios, which enables the 

Table 8  Test results of PPA and its ablations on Scenario1 and Scenario 2
Scenario Datasets Metrics@10 w/o decoder w/o encoder PPA PPA++
Scenario1 Sport HR 19.21 20.11 20.72 21.52

NDCG 11.49 13.27 14.25 15.50
Cloth HR 18.06 18.65 19.92 20.84

NDCG 11.75 12.03 13.89 14.72
Elec HR 22.79 24.33 25.39 26.14

NDCG 14.22 15.05 15.37 15.88
Phone HR 25.42 28.48 31.30 32.74

NDCG 14.24 16.82 17.86 18.69
Scenario 2 Sport HR 11.37 13.16 13.81 14.73

NDCG 6.71 7.17 7.61 8.05
Cloth HR 12.32 12.77 12.87 13.15

NDCG 6.98 7.18 7.57 7.68
Game HR 9.78 9.79 11.35 12.27

NDCG 4.82 4.92 5.93 6.36
Video HR 11.69 12.28 12.63 13.42

NDCG 6.47 6.34 6.66 6.91

Table 9  Test results of PPA++ and its ablations on scenario 4
Scenario Datasets Metrics@10 PPA with attention with extractor PPA++
Scenario 4 D1 HR 36.07 36.38 37.32 37.52

NDCG 15.26 15.49 16.24 16.73
D2 HR 62.91 63.35 64.29 64.48

NDCG 50.78 51.03 51.16 51.27
D3 HR 74.08 74.12 74.33 74.41

NDCG 59.61 59.95 60.17 60.23

Table 10  Experiments under D1 datasets, Inf. denotes inference
Methods Params HR@10 NDCG@10 Inf.(ms)
PPA 73MB 36.07 15.26 7.8
PPA++ (r=4) +12MB 37.15 15.71 9.4
PPA++ (r=8) +23MB 37.52 16.73 9.6
PPA++ (r=16) +46MB 37.48 16.85 9.6
PPA++ (r=32) +92MB 37.41 16.79 9.8

Fig. 7  Visualization of the learnable prototypes by t-SNE. We set the 
prototype number K = 4 in both scenarios

 

Fig. 6  Impact of the prototypes number K on each class

 

Fig. 5  Impact of the loss weight λpl
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7  Conclusions
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In our future work, we will consider setting the number 
of prototypes as an additional learnable parameter in the 
learning pipeline to achieve a higher degree of automated 
learning. Additionally, we aim to explore the interpretability 
of the learned preference prototypes, enabling users to gain 
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