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Abstract

Multi-domain and multi-task learning enhance the e�ciency and

performance of industrial recommendation systems by integrating

information from di�erent domains/tasks to model user interests

uniformly. However, existing methods su�er from the problem of

representation entanglement, which limits the e�ective handling

of commonality and speci�city among various domains/tasks. In

this paper, we propose a Prototype-guided Representation Pro-

jection (PRP) model to address this issue, which explores a novel

direction of applying prototype learning to deal with complex do-

main/task relationships in the recommendation �eld. To identify

inter-domain/task commonality, PRP initially uses a shared Mix-

ture of Experts (MoE) architecture to learn representations for each

sample, projecting them into a common prototype space across all

domains/tasks. For domain/task speci�city, speci�c feature extrac-

tion experts are employed, and sample representations are projected

to the corresponding prototype spaces, constrained by an orthog-

onal loss to ensure the independence of those spaces. Moreover,

PRP utilizes Optimal Transport (OT) to guide the correct repre-

sentation projection within the prototype spaces, employing the

linear combination of prototypes as the new sample representation.

We conduct o�ine experiments on two open-source datasets and

deploy our approach in an online system for A/B testing. Extensive

experimental results consistently demonstrate that our approach

outperforms existing methods.

CCS Concepts

• Information systems → Recommender systems.

∗Equal contributions.
†Corresponding Author.

This work is licensed under a Creative Commons Attribution 4.0 International License.

MM ’25, Dublin, Ireland

© 2025 Copyright held by the owner/author(s).
ACM ISBN 979-8-4007-2035-2/2025/10
https://doi.org/10.1145/3746027.3755224

Keywords

Multi-Domain Recommendation, Multi-Task Recommendation

ACM Reference Format:

BinruiWu,Haochen Sui, Jiaye Lin, JiechaoGao, TingXu, Keyan Jin, andXuesong

Zhang. 2025. Prototype-Guided Representation Projection for Multi-Domain

Multi-Task Recommendation. In Proceedings of the 33rd ACM International

Conference on Multimedia (MM ’25), October 27–31, 2025, Dublin, Ireland.

ACM, New York, NY, USA, 9 pages. https://doi.org/10.1145/3746027.3755224

1 Introduction

With the rapid growth of Web 2.0 and user-generated data, recom-

mendation systems have become a key tool to overcome informa-

tion overload and enhance decision-making quality by providing

personalized services to users aligned with their interests [5, 18,

19, 33, 37, 38]. These systems are typically designed for speci�c

domains due to domain-speci�c data distribution and the corre-

sponding feature space [45]. However, in mainstream Internet appli-

cations like KuaiShou1, TikTok2, and TaoBao3, recommendations

under various domains exist (e.g., homepage feeds and city-based

feeds), each characterized by distinct data distributions [34, 42].

Maintaining a single model for each domain not only neglects the

overarching user behavior and shared knowledge across di�erent

domains but also increases the cost and maintenance burden for the

company [43]. Furthermore, even within a single domain, di�erent

interaction behaviors with items, such as “click” and “purchase”,

may not always be positively correlated [32]. Therefore, it is par-

ticularly important to develop a uni�ed Multi-Domain Multi-Task

Recommendation (MDMTR) [3, 16, 30, 46] system to model and

leverage relationships between di�erent domains/tasks.

Recently, signi�cant progress has been made separately in the

�elds of Multi-Domain Recommendation (MDR) [10, 21, 25, 28]

and Multi-Task Recommendation (MTR) [2, 24, 32]. However, real-

world applications often require a combination of both, posing new

challenges for information transfer and target balancing due to

1https://www.kuaishou.com
2https://www.tiktok.com
3https://www.taobao.com
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domain-task interplay. While some existing studies [3, 16, 28] have

explored the integration of MDR and MTR, they primarily focus

on the Mixture of Experts (MoE) [24] architecture. However, these

methods su�er from the problem of representation entanglement,

where the learned representations across di�erent domains/tasks

are entangled because they project all information into the same fea-

ture space, hindering the e�ective capture of complex relationships

in multi-domain and multi-task setups.

To this end, we propose a Prototype-based Representation Pro-

jection (PRP) model that incorporates prototype learning into Multi-

Domain Multi-Task Recommendation (MDMTR) to e�ectively ad-

dress representation entanglement and handle complex domain/task

relationships, i.e., commonality and speci�city. Prototype learn-

ing, which has been widely utilized and successful in computer vi-

sion [40, 47] and few-shot learning [15, 29], forms the foundation of

our approach. The core concept of PRP involves mapping each sam-

ple’s hidden representation to di�erent prototype spaces to learn the

common and speci�c features of domains/tasks separately. Speci�-

cally, PRP consists of three parts: (i) To identify inter-domain/task

commonality, PRP �rst learns each sample representation using the

domain/task-shared MoE. We then construct a shared prototype

space, which consists of a set of vectors. Sample representations are

projected into this space, and a linear combination of prototypes is

used as the sample’s common feature representation. (ii) To identify

domain/task speci�city, PRP creates independent feature extractors

for each domain/task and assigns a separate prototype space to

each, projecting sample representations into their respective pro-

totype spaces. To prevent the convergence of di�erent prototype

spaces, which is undesirable, we introduce an orthogonal loss to

maintain the independence of these spaces. (iii) Finally, to learn

optimal projections, PRP employs Optimal Transport (OT) [6, 26]

to guide the projection of sample representations into prototype

spaces, using linear combinations of prototypes as representations

of commonality or speci�city.

For MDMTR, we construct corresponding PRP models for do-

mains and tasks, namely D-PRP and T-PRP, respectively. The D-PRP

model takes sample features and domain ID as inputs, while out-

put vectors represent both common and speci�c representations of

domains. Subsequently, the T-PRP model receives the outputs from

D-PRP and generates common representations across all tasks as

well as speci�c representations for each task. Finally, these repre-

sentations are combined to predict the target for di�erent tasks. To

summarize, we make the following contributions in this paper:

• We propose to use prototype learning to handle the complex

inter-domain/task relationships in Multi-Domain Multi-Task

Recommendation (MDMTR). To the best of our knowledge, this

is the �rst application of prototype learning in MDMTR.

• We introduce a Prototype-guided Representation Projection

(PRP) model, utilizing a prototype-based Optimal Transport

(OT) module to project sample representations into prototype

spaces to learn commonality and speci�city, respectively.

• We conduct extensive experiments on two o�ine datasets and

implement our approach in a video platform for online A/B

testing. Experimental results demonstrate the e�ectiveness of

the PRP model in MDMTR for real-world applications.

2 Related Works

2.1 Multi-Domain Recommendation

There has been growing interest in MDR due to the capability to

transfer knowledge across various business domains [7, 14]. Ap-

proaches like MARIA [35] capture domain information through fea-

ture scaling modules and dynamically use the MoE structure to an-

alyze signals. HMoE [20] projects multi-domain data into the same

feature space and optimizes using MTR methods. CausalInt [36]

employs disentangled representation learning to extract domain-

speci�c information and integrates a TransNet to leverage data from

various domains. In the �eld of domain modeling, STAR [28] intro-

duces a comprehensive model that integrates both domain-speci�c

and domain-shared components, adeptly capturing both unique and

common information to boost performance. Unlike MDR methods,

our PRP leverages prototype learning to simultaneously capture

multi-domain and multi-task aspects.

2.2 Multi-Task Recommendation

The core idea of MTR frameworks is to combine di�erent but related

tasks, improving overall model performance by sharing knowledge

and information [22, 24, 32]. These methods can be divided into

architecture-based approaches [2, 24] and optimization-based ap-

proaches [27]. Shared Bottom [2] is one of the earliest architecture-

based methods, enhancing performance by sharing hard structures

between tasks. MoE [13] proposed sharing experts at the base level

and combining them via a gating network. MMoE [24] extends

this by using task-speci�c gates to achieve varying fusion weights.

PLE [32] introduces task-speci�c experts alongside shared ones.

SNR [23] divides shared layers into sub-networks and learns their

connections using latent variables. AdaTT [17] adds a branch that

linearly integrates task-speci�c experts for joint task modeling. An-

other research direction focuses on enhancing MTR optimization.

To address negative transfer, GradNorm [4] adjusts gradient mag-

nitudes for balanced training rates. Gradient surgery [41] resolves

con�icting gradients by projecting them onto each other’s nor-

mal plane. MetaBalance [12] �exibly balances gradient magnitude

proximity between auxiliary and target tasks. AdaTask [39] tack-

les gradient con�icts using task-speci�c optimization. Compared

with existing MTR methods, we comprehensively consider complex

domain relationships, including commonality and speci�city, to

further enhance the optimization of multiple objectives.

2.3 Multi-Domain Multi-Task Recommendation

Recently, a trend is emerging that focuses on MDMTR [3, 16, 42, 44],

aiming to simultaneously harness the advantages of both domains

and tasks. M2M [42] uses meta-learning to extract domain-speci�c

information by applying dynamic weights that take into account

inter-domain correlations. PEPNet [3] employs personalized prior

information and gating mechanisms to dynamically scale units, en-

abling personalized adaptation across multiple domains and tasks.

M3Rec [16] introduces a meta-item-embedding generator and a

user-preference transformer to unify user and item representations,

which e�ectively captures non-i.i.d. behaviors across di�erent do-

mains. M3oE [44] utilizes three MoE modules to disentangle and
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Figure 1: The illustration of our method, which mainly consists of three modules: (a) The Prototype-based Representation

Projection (PRP) model diagram, which learns commonality and speci�city representations from input G . (b) The Prototype-

based Optimal Transport (POT) diagram, illustrating how representations are projected to corresponding spaces with Optimal

Transport (OT). (c) PRP model for MDMTR, depicting the use of D-PRP for multi-domains and T-PRP for multi-tasks.

learn user preferences across multiple domains and tasks, incor-

porating a two-level fusion mechanism and AutoML for dynamic

structure optimization. However, existing methods typically project

information into the same feature space, failing to fully capture the

complex relationships in an MDMTR setup. In contrast, our frame-

work incorporates prototype learning to better address representa-

tion entanglement and handle complex domain/task relationships.

3 Method

3.1 Problem De�nition

MDMTR seeks to optimize ) recommendation tasks across ( do-

mains simultaneously. Each sample 8 is represented by the tuple

(G8 , B, ~
C
8 ), where G8 includes a set of comprehensive features, e.g.,

user information, item characteristics, and contextual data. The

variable B ∈ {1, . . . , (} denotes the domain to which the sample G8
belongs. The label ~C8 is a binary indicator for task C ∈ {1, . . . ,) },

where~C8 ∈ {0, 1} speci�es whether the user associated with sample

8 provides positive feedback for task C within domain B . The goal is

to learn a function ~̂C8 = 5 C (G8 , B;Θ) for each task C and domain B ,

aiming to accurately predict the binary label ~C8 based on the input

features, where Θ represents the trainable parameter of 5 .

3.2 Representation Extraction Layer

Many previous methods based on the MoE architecture [24] project

all information into a single feature space, often failing to ade-

quately capture the complex relationships inherent in MDMTR. To

address this limitation, our proposed PRP introduces two distinct

types of representation extraction layers designed to both identify

inter-domain/task commonality and extract domain/task-speci�c

characteristics. These layers form the foundation for enhancing

performance in the higher layers of the model. We refer to them as

the shared representation extraction layer and the speci�c repre-

sentation extraction layer.

3.2.1 SharedRepresentation Extraction Layer. Given the over-

lapping user interactions and items, shared information exists

among data from multiple domains and tasks. Inspired by the MoE

architecture [8, 13], we design a shared representation extraction

layer. Speci�cally, the output of this layer is formulated as:

� (G) =

�∑

2=1

6Bℎ2 (G)�Bℎ2 (G), (1)

where G represents the input, �Bℎ2 denotes the 2-th expert network,

composed of a Multi-Layer Perceptron (MLP) with ReLU activation

function, and � is the number of experts. The term 6Bℎ2 (G) denotes

the output of the gating network for 2-th expert, which is a simple

linear transformation of G followed by a Softmax layer:

6Bℎ2 (G) = Softmax(G, Bℎ
2 ), (2)

where, Bℎ
2 is the trainable parameter for 2-th expert.

3.2.2 Specific Representation Extraction Layer. In addition to

extracting speci�c information, we continue to utilize the MoE ar-

chitecture [8, 13], dividing speci�c information into domain-speci�c

and task-speci�c with di�erent extraction outputs.

For domain-speci�c information, since each sample belongs to

only one domain, we establish a separate expert network for each

domain and adopt a one-hot vector to set a gate to ensure that only

the expert corresponding to the domain of the current sample is

activated during each forward pass. The output � (·) of the speci�c

representation extraction layer is formulated as follows:

� (G, id) =

(∑

9=1

I(id == 9)�
B?
9 (G), (3)

where �
B?
9 denotes the 9-th domain-speci�c expert network consist-

ing of an MLP with ReLU activation function, and ( is the number

of domains. Here, I(id == 9) is an indicator function that activates

the 9-th expert if the domain index of the current input G matches 9 .

For domain-speci�c information extraction, id refers to the domain
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identity B of the sample G8 . For task-speci�c information, the dif-

ference lies in the need to predict ) tasks simultaneously for each

sample. In other words, each task C needs to output a task-speci�c

feature representation �C (G) = �
B?
C (G).

3.3 Prototype-Based Representation Alignment

Inspired by prototype learning [1, 31, 40], a critical step in PRP is

mapping the hidden representation of each sample into distinct

prototype spaces. This allows for the independent learning of com-

mon and speci�c features across domains and tasks after obtaining

the shared representations � (G) and speci�c representations � (G).

3.3.1 Commonality Representation. Assuming that after pass-

ing through the shared representation extraction layer, we obtain

a vector � (G) ∈ R
3 including shared information for sample G ,

where 3 is the hidden dimension. To further learn the commonality

between di�erent domains/tasks, it is essential to transform this

shared representation into a more uni�ed space. We now generate

a set of learnable prototypes P = {p: }
 
:=1

∈ R
 ×3 , which together

form a structured prototype space. Here,  is the number of pro-

totypes, and p: represents the :-th prototype. These prototypes

act as anchor vectors that collectively span the prototype space,

providing a basis for comparing di�erent representations.

The next step involves projecting the shared representation � (G)

of all samples into the same prototype space P to capture com-

monality. This projection results in a new, more informative rep-

resentation J8 for sample G8 , named commonality representation.

Speci�cally, the calculation of J is carried out as follows: (i) The co-

ordinates in prototype space are determined as a = {U: }
 
:=1

∈ R
 ,

where each U: , generated by q (� (G)) =,? � (G), re�ects the con-

tribution of the corresponding prototype p: in representing � (G),

with,? as the trainable weight. (ii) J is computed as a weighted

sum of these prototypes, given by J =
∑ 
:=1

U:p: ..

3.3.2 Specificity Representation. While the commonality rep-

resentation is designed to capture shared features across di�erent

domains/tasks, it is often insu�cient when the goal is to model

the nuanced di�erences that exist between these domains/tasks.

Therefore, to address this limitation, we introduce the speci�city

representation for each sample.

Similar to the commonality representation, the speci�city rep-

resentation also involves mapping each sample’s features into a

prototype space. However, instead of using a single set of global pro-

totypes, we generate distinct prototype spaces for each domain/task

to capture uni�ed domain-speci�c or task-speci�c characteristics.

For domain-speci�c representation, given ( domains, we gener-

ate a set of prototype spaces P = {P9 }(9=1, where each P9 is associ-

ated with a speci�c domain. Each P9 consists of a set of prototypes

represented as P9 = {p
9

:
} 
:=1

∈ R
 ×3 , with  as the number of pro-

totypes and 3 as the hidden dimension. Similar to the process used

in commonality representation, the calculation of the speci�city

representation H is carried out as follows: (i) Given � (G8 , B) ∈ R
3

for the B-th domain of sample G8 , it is projected into the proto-

type space PB = {pB
:
} 
:=1

for domain B , where the coordinates

aB = {UB
:
} 
:=1

∈ R
 are determined by q (� (G8 , B)) = ,

B� (G8 , B).

(ii) The �nal speci�city representation HB8 for sample G8 on domain

B is given by the weighted sum as follow:

HB8 =

 ∑

:=1

UB
:
p: . (4)

Given sample G8 , for task-speci�c representationHC8 in task C , the

alignment process is the same as domain-speci�c representation.

Speci�cally, we generate a corresponding prototype space for each

task and project the task-speci�c features �C (G) into this space,

ensuring that the unique characteristics of each task are e�ectively

captured and represented.

3.3.3 Prototype-Based Optimal Transport. After calculating

the representations in the prototype space for shared/speci�c sam-

ple representations, e.g., obtaining the commonality representation

JB8 for the shared representation � (G
B
8 ) of sample G8 in domain B , the

next step is to compute the optimal projection between � (GB8 ) and J
B
8 .

This process ensures that the two representations are well-aligned.

To achieve this, we use OT [26] method to construct the optimal

projection. Suppose we have a sample representation hB0<?;4 , and

its projection representation in prototype space is h?A>C>C~?4 =∑ 
:=1

U:p: . Let ? = X (hB0<?;4 ) and @ =
∑ 
:=1

U:X (p: ) represent

the discrete distributions of the sample representation hB0<?;4 and

the projection representation h?A>C>C~?4 , respectively, with X as

the Dirac function. OT seeks to identify the matching matrix M

that minimizes the distance between these two distributions. For

discrete distributions, this can be formalized by considering the

cost associated with individual elements as follows:

OT(?, @) = min
M8 ∈Π (?,@)

⟨M8 ,C8 ⟩

= min
M8 ∈Π (?,@)

 ∑

:=1

M8:C8: + n

 ∑

:=1

M8: logM8: , (5)

where ⟨·, ·⟩ is the Frobenius dot-product and C is the cost matrix

with each element calculated as C8: = 1 − cos(hB0<?;4 , p: ), repre-

senting the distance between the 8-th sample representation and

the :-th prototype vector. M is the transport probability matrix.

The second term is entropic regularization [6], allowing the opti-

mization at a small computational cost in su�cient smoothness. n

is the strength of entropic regularization.

Since the OT process is di�erentiable, it allows for an end-to-end

training process of the model network. The average OT distance

between `8 and h8 across the entire training set can be treated as a

loss function to be optimized:

L>C (h
B0<?;4 , h?A>C>C~?4 ) =

1

#

#∑

8=1

OT(?8 , @8 ), (6)

where # is the training set size. By optimizing Equation (6), we

drive the sample distribution ? towards the prototype distribution

@ to learn the optimal projection.

3.3.4 Prototype Constraint Loss. When learning speci�c rep-

resentations H, we need to maintain multiple prototype spaces.

To ensure that each prototype space P9 e�ectively captures the

unique characteristics of its corresponding domain, we introduce

an independence loss. This loss encourages the prototype spaces

for di�erent domains to remain distinct, minimizing the overlap

6078



Prototype-Guided Representation Projection for Multi-Domain Multi-Task Recommendation MM ’25, October 27–31, 2025, Dublin, Ireland

between them and thus enhancing their ability to represent domain-

speci�c features. The independence loss is de�ned as:

L8= (P) =
∑

8≠9

cosine2 (P8 , P9 ), (7)

where cosine(P8 , P9 ) calculates the cosine similarity between the

prototypes of domains 8 and 9 , ensuring the representations remain

distinct and focus on speci�city.

3.4 Training

3.4.1 PRP Model for MDMTR. To implement MDMTR, we con-

struct corresponding PRP models for domains and tasks, namely

D-PRP and T-PRP, respectively. The D-PRP model takes sample fea-

tures G and domain id B as inputs to obtain a common representation

J3>< and speci�c representations HB for corresponding domain B .

Subsequently, the T-PRP model receives the output J3>< ⊕HB from

D-PRP and generates a common representation JC0B: among all

tasks and speci�c representationsHC for each task C . Finally, the pre-

dicted value ~̂C of task C is obtained by the dot product between the

common representation JC0B: and the task-speci�c representation

HC , which can be formulated as follow:

~̂C = f (JC0B:HC ) . (8)

3.4.2 Training Process. We use binary cross-entropy loss to mea-

sure the prediction error for each task C , described as follows:

LC��� =
1

#

#∑

8=1

~C8 log ~̂
C
8 + (1 − ~C8 ) log(1 − ~̂

C
8 ), (9)

where # is the training set size. In a single PRP, there are two

Prototype-based Optimal Transport (POT) modules, which are de-

signed to learn the common representation J and the speci�city

representation H, respectively. Additionally, an independent con-

straint is introduced for the prototypes used to learn H. Thus, our

minimization objective for PRP is de�ned as follows:

L%'% = L$) (� (G), J) + L$) (� (G),H) + UL8= (P), (10)

where U serves as the loss weight for independence loss.

Finally, training an MDMTR model with ) tasks requires two

PRP modules, resulting in a total loss formulated as:

LC>C0; =

)∑

C=1

L
(C )
���

+ L�−%'% + L)−%'% . (11)

3.5 Complexity Analysis

According to the Sinkhorn algorithm [6], the time complexity for ap-

proximating the OT distance between two discrete distributions of

size = with Y-accuracy is =2 ∗ log(1/Y). In the POT module, for each

instance G8 , the OT distance is minimized to align its representation

distribution ?8 with the corresponding projection distribution @8 .

When PRP is applied to MDMTR, POT is executed four times, re-

sulting in an overall time complexity of $ ( log(1/Y)) for a single

instance, where  is the number of prototypes. Notably, the time

complexity of PRP is independent of the number of tasks ) and

domains ( , which enhances its scalability.

The space complexity of PRP in MDMTR is $ ((( + 1) 3 + () +

1) 3) = $ ((( +) + 2) 3), representing the memory cost of storing

the prototype matrix. Since the number of prototypes  depends

Table 1: Statistics of datasets comprising various domains.

Dataset Domain #Users #Items #Inters. Perc.

KuaiRand

D1 961 1,596,491 2,407,352 21.76%

D2 991 2,741,383 7,760,237 70.15%

D3 171 332,210 895,385 8.09%

Movielens

D1 1,325 3,429 210,747 21.07%

D2 2,096 3,508 395,556 39.55%

D3 2,619 3,595 39,3906 39.38%

on data characteristics and is usually a small constant, it does not

signi�cantly increase the overall complexity in our setting. We con-

ducted an analysis of the experiments, showing that our approach

improves performance while ensuring acceptable model e�ciency.

4 Experiments

4.1 Experimental Setup

4.1.1 Datasets. We conduct o�ine evaluations on two open-source

datasets, i.e., KuaiRand [9] and Movielens [11], to assess the per-

formance of PRP in MDMTR. Statistical information about these

datasets is provided in Table 1.

• KuaiRand: This unbiased dataset is collected from the short

video platform KuaiShou, which consists of various interactions

on the app corresponding to di�erent domains, denoted by the

feature “tab” ranging from 0 to 14. For simplicity, we select the

top three domains with the largest data volume. “Click” and

“long-view” are used as multi-task targets.

• Movielens: This dataset contains one million ratings for ap-

proximately 3900movies, alongwith 7 user attributes and 2 item

attributes. It features diverse data, including ratings and user

information across di�erent domains and tasks, and records

demographic details about users, such as gender, age, and occu-

pation. We utilize the “age” attribute to categorize the dataset

into three domains and derive the tasks of “click” and “like”.

4.1.2 Baselines. To comprehensively evaluate performance, we

compare our approach with several advanced baselines across MDR,

MTR, and MDMTR settings. We con�gure the models as follows:

Multi-Task (-MTR) runs ( times for ( domains, Multi-Domain (-

MDR) runs ) times for ) tasks, and Multi-Domain Multi-Task (-

MDMTR) handles both simultaneously. This diverse set of base-

lines ensures a thorough comparison across various real-world sce-

narios: Shared Bottom [2],MMoE [24], PLE [32], STAR [28],

M2M [42], HiNet [46], PEPNet [3] and M3oE [44].

4.1.3 Evaluation Metrics. (i) AUC: Area Under the Curve (AUC)

refers to the area under the ROC curve, used to evaluate the perfor-

mance of binary classi�cation models. The AUC value ranges from

0 to 1, with higher values indicating stronger classi�cation ability;

an AUC of 0.5 means the model’s performance is equivalent to

random guessing, while an AUC of 1 indicates perfect classi�cation.

(ii) LogLoss: Logarithmic Loss (LogLoss) is a loss function used

to evaluate classi�cation models, particularly in binary and multi-

class problems. It measures the di�erence between the predicted

probabilities of the model and the actual labels, with smaller values,

indicating more accurate predictions by the model.
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Table 2: Performance comparison of di�erent methods across three domains on two tasks with unit of ∗10−2. The best and

second-best results are highlighted in bold and underlined, respectively. Higher AUC is better, while lower Logloss is better.

Type Model

KuaiRand (AUC ↑) Movielens (AUC ↑)

Click (T1) Long-view (T2) Click (T1) Like (T2)

D1 D2 D3 ALL D1 D2 D3 ALL D1 D2 D3 ALL D1 D2 D3 ALL

MTR

ShBot-MTR 71.73 72.56 77.25 77.01 91.69 76.74 79.84 82.56 78.93 80.30 78.99 79.54 81.44 81.07 80.17 80.80

MMoE-MTR 71.88 72.57 78.18 77.17 91.47 76.73 80.03 82.48 79.21 80.28 79.08 79.64 81.48 80.94 80.15 80.72

PLE-MTR 71.75 72.60 78.13 77.08 91.66 76.78 79.63 82.50 79.15 80.35 78.78 79.55 81.84 81.03 80.26 80.92

MDR

ShBot-MDR 71.89 72.09 78.36 77.07 91.17 76.59 80.22 82.14 80.41 81.09 79.77 80.49 81.35 81.92 79.49 80.85

MMoE-MDR 71.96 72.13 78.29 77.09 90.54 76.63 80.16 82.08 80.33 81.15 79.85 80.54 81.16 81.74 79.54 80.76

PLE-MDR 71.84 72.08 78.36 77.12 91.32 76.64 80.28 82.32 80.05 81.07 79.95 80.48 81.07 81.71 79.65 80.77

STAR 71.73 72.15 78.28 76.62 90.39 76.24 79.95 81.71 80.46 81.21 80.07 80.66 81.82 82.35 79.81 81.25

MDMTR

ShBot-MDMTR 71.78 72.30 78.45 77.05 91.82 76.59 80.31 82.54 80.28 81.29 80.81 80.56 82.57 80.63 80.29 81.48

MMoE-MDMTR 71.84 72.34 78.48 77.08 91.79 76.61 80.23 82.55 80.76 82.10 81.07 80.85 82.73 80.27 80.44 81.73

PLE-MDMTR 71.81 72.41 78.42 77.12 91.89 76.63 80.21 82.58 80.74 81.87 81.10 80.90 82.92 80.33 80.70 81.80

M2M 71.73 72.31 78.04 76.91 91.59 76.24 79.92 82.21 80.14 81.14 79.84 80.48 82.22 80.47 79.81 80.97

HiNet 71.57 73.07 78.01 77.10 91.72 76.38 80.04 82.39 80.48 81.55 80.22 80.61 82.31 82.89 80.48 82.08

PEPNet 71.45 72.92 78.45 77.09 91.40 76.91 80.24 82.67 81.26 81.95 80.56 80.78 82.40 82.92 80.40 82.05

M3oE 71.87 72.31 78.46 77.06 91.84 76.54 80.33 82.50 80.62 82.08 81.03 80.72 82.86 80.01 80.32 81.71

Ours PRP 72.72 73.25 79.37 78.00 92.83 77.50 81.48 83.49 82.04 82.13 81.13 81.75 84.07 83.18 82.06 82.88

Type Model

KuaiRand (LogLoss ↓) Movielens (LogLoss ↓)

Click (T1) Long-view (T2) Click (T1) Like (T2)

D1 D2 D3 ALL D1 D2 D3 ALL D1 D2 D3 ALL D1 D2 D3 ALL

MTR

ShBot-MTR 33.65 60.59 59.29 54.40 17.18 52.94 53.06 44.80 54.89 52.68 53.26 53.38 41.37 40.61 43.34 41.81

MMoE-MTR 33.54 60.59 55.77 54.24 18.36 52.96 53.78 45.11 54.57 53.02 53.28 53.45 41.48 41.21 43.22 42.05

PLE-MTR 33.58 60.56 58.33 54.32 17.60 52.89 53.60 44.87 54.87 52.80 53.75 53.60 41.14 40.73 43.31 41.84

MDR

ShBot-MDR 33.48 60.76 53.65 54.29 17.45 53.03 49.24 44.79 53.18 51.94 52.59 52.45 41.65 40.27 44.25 42.12

MMoE-MDR 33.50 60.74 53.65 54.28 19.28 53.10 49.41 45.26 53.08 51.83 52.31 52.28 41.70 40.32 44.18 42.13

PLE-MDR 33.48 60.71 53.79 54.25 18.04 53.04 49.25 44.94 53.35 51.96 52.28 52.38 41.67 40.25 43.95 42.00

STAR 34.82 60.97 53.98 54.75 19.63 53.49 49.71 45.63 52.97 51.79 52.22 52.19 41.30 39.88 44.27 41.89

MDMTR

ShBot-MDMTR 33.53 60.79 53.65 54.31 16.80 53.06 49.34 44.66 53.09 51.63 52.26 52.18 41.41 39.62 43.37 41.43

MMoE-MDMTR 33.49 60.76 53.54 54.28 16.77 53.03 49.36 44.63 52.45 51.46 51.77 51.79 40.69 39.59 43.22 41.12

PLE-MDMTR 33.52 60.72 53.55 54.25 16.72 53.00 49.29 44.60 52.59 51.42 51.79 51.82 41.20 39.49 43.06 41.11

M2M 33.60 60.79 53.94 54.54 17.11 53.18 49.39 44.75 53.47 51.82 52.38 52.39 41.52 41.02 43.60 41.74

HiNet 33.76 60.66 54.27 54.28 16.89 52.98 49.41 44.62 53.42 51.89 52.48 52.46 40.91 39.67 43.85 41.34

PEPNet 33.49 60.59 53.88 54.12 18.29 53.37 49.97 45.48 53.43 51.73 51.99 52.23 40.73 39.51 43.54 41.28

M3oE 33.56 60.76 53.69 54.31 16.81 53.11 49.51 44.71 52.88 51.60 52.06 52.06 40.93 39.54 43.45 41.24

Ours PRP 33.08 60.09 53.39 53.69 16.47 52.41 48.74 44.10 51.90 51.18 51.46 51.44 39.13 39.44 42.40 40.54

Table 3: Ablation results on the e�ects of di�erent distribution measurements in PRP.

Distribution

Alignment

KuaiRand (AUC ↑) Movielens (AUC ↑)

Click (T1) Long-view (T2) Click (T1) Like (T2)

D1 D2 D3 ALL D1 D2 D3 ALL D1 D2 D3 ALL D1 D2 D3 ALL

OT 72.72 73.25 79.37 78.00 92.83 77.50 81.48 83.49 82.04 82.13 81.13 81.75 84.07 83.18 82.06 82.88

Manhattan 72.09 73.15 79.01 77.57 92.12 77.08 80.57 83.11 81.59 82.12 81.11 81.05 83.74 83.04 81.67 82.47

Euclidean 71.98 73.13 78.69 77.44 91.93 77.11 80.63 82.86 81.17 82.07 81.09 81.29 83.27 83.01 81.07 82.28

4.1.4 Implementation Details. For all methods, we use Adam op-

timizer with a learning rate of 14−3. The batch size is 4096 for

training and testing. In D-PRP, we set the number of experts to the

number of domains, and the speci�c prototype is also equal to the

number of domains. For each expert, we use a two-layer MLP with

64 and 32 hidden layers. In T-PRP, we set the number of experts to

the number of tasks, and the speci�c prototype is also equal to the

number of tasks. For each expert, we use a two-layer MLP with 64

and 32 hidden layers. We set the  of prototype learning to 32 and

the weight of independence loss U to 0.5.

4.2 Performance Comparison

Table 2 shows the performance comparison of PRP and other base-

lines in MDMTR on two widely used metrics, respectively. In Ta-

ble 2, we consider three domains and two tasks on KuaiRand and
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Figure 2: Results of the ablation study under D1, D2, and D3

for T1 and T2. “All” denotes all domains.

Movielens, respectively. We report the AUC and LogLoss of two

tasks for each domain and the whole domain.

From the experimental results, we �nd the following observa-

tions: (i) For the baselines, MTR, MDR, and MDMTR all exhibit

seesaw problems to varying degrees, i.e., they cannot maintain

consistent results across multiple domains/tasks, with one usually

performing better while the other performs worse. (ii) Compared

with di�erent baselines, PRP gains signi�cant improvements in var-

ious domains and di�erent tasks, mitigating the unbalance among

MDR and MTR. This bene�t comes from PRP extracting common-

ality and speci�city separately, mapping them to distinct spaces

to avoid representation entanglement. (iii) By capturing the com-

mon and speci�c characteristics of di�erent �elds and tasks, PRP

can e�ectively balance the stable performance in multiple domains

and multiple tasks, and will not have strengths in one domain and

weaknesses in another.

4.3 Ablation Study

In this part, we conduct the ablation study to explore the contri-

bution of each designed module in PRP. Therefore, we compare

PRP with two di�erent variants: (i) w/o OT, where the optimal

transportation for aligning the instance into the prototype space

is not used. (ii) w/o IL, without using independence loss to ensure

di�erent prototype networks are orthogonal.

These results illustrate two facts: (i) All designed modules are

important for PRP. If any module is removed, AUC and LogLoss

will decrease. For example, in Figure 2(a) and Figure 2(b), each

variant performs poorly on KuaiRand and Movielens. (ii) Optimal

transfer has the greatest impact on performance, because aligning

di�erent domains and tasks to corresponding prototype networks is

an important basis for achieving stable MDMTR in PRP. Compared
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A
U

C Click (T1)
Long-view (T2)

0.3 0.4 0.5 0.6
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A
U
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U
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Like (T2)

(b) Movielens

Figure 3: Performance comparison under di�erent hyperpa-

rameter settings on KuaiRand and Movielens.

with existing methods that map features to the same space, our

method ensures the ability to fully capture common features and

characteristic features in di�erent feature spaces. In addition, the

addition of an orthogonal mechanism based on independent loss

can ensure the correctness of feature mapping. Moreover, Table 3

compares the e�ects of di�erent distribution measurements in PRP,

including OT, Manhattan, and Euclidean. The results show that

OT has the best performance, further highlighting its role in our

proposed PRP.

4.4 E�ciency Analysis

In this section, we further compare the e�ciency. We conduct an

e�ciency analysis of each model. Table 4 presents speci�c statistics

on the number of parameters and the running time per epoch. The

results indicate that PRP exhibits similar parameter numbers and

running time as baselines, such as PEPNet and M3oE. Compared

with existing methods, our framework improves accuracy while

ensuring acceptable model e�ciency.

4.5 Hyperparameters Analysis

In Figure 3, we investigate the impact of several key hyperparame-

ters on the recommendation performance for PRP.

4.5.1 E�ects of  . We �rst evaluate the recommendation perfor-

mance of PRP under di�erent values of  , one crucial setting for

representation alignment. From the results, we can �nd that the

metrics �rst rise and then fall, with the optimal settings of  = 32

on KuaiRand and Movielens. Too small  will lead to under�tting

of spatial mapping, while too large  will hinder generalization.

4.5.2 E�ects of U . Additionally, we investigate PRP’s perfor-

mance under di�erent values of the loss weight U for independence

loss. For U , it can e�ectively regularize OT to prevent over�tting on

the samples’ locations. Results indicate that U = 0.5 yields superior

performance. Larger values may impede e�ective model updates,

while smaller values compromise model robustness.
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Table 4: E�ciency Analysis. We statistics the number of parameters and the running time per epoch for each model.

Dataset Metric
Model

ShBot-MDMTR MMoE-MDMTR PLE-MDMTR M2M HiNet PEPNet M3oE PRP

KuaiRand
#Parameters 65.32M 65.48M 65.78M 72.08M 68.82M 66.88M 65.57M 65.54M

Time Cost (min) 3.4 3.48 3.47 3.9 3.67 3.77 3.6 3.65

Movielens
#Parameters 0.24M 0.24M 0.28M 0.57M 0.68M 0.66M 0.25M 0.36M

Time Cost (min) 0.8 0.95 1.12 1.37 1.23 1.25 1.17 1.21
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Figure 4: T-SNE results of domain prototypes/instances (left)

and task prototypes/instances (right) on KuaiRand.

Table 5: Online A/B test results on a video platform.

Domain Metric Con�dence Interval Improvement

Main
Like [−0.02%, +0.30%] +0.142%

Long-view [+0.05%, +0.35%] +0.204%

Home
Like [−0.23%, +0.27%] +0.126%

Long-view [+0.22%, +1.10%] +0.422%

Slide
Like [−0.46%, +0.88%] +0.283%

Long-view [+0.03%, +0.40%] +0.214%

4.6 Visualization and Further Analysis

To further evaluate the impact of PRP in MDMTR, we conduct

experiments on KuaiRand. In Figure 4, we compare D-PRP and

T-PRP. For each PRP, we visualize the distribution of prototype

vectors and instances in the feature spaces, employing T-SNE for di-

mensionality reduction. The visualizations demonstrate successful

di�erentiation of di�erent distributions and the presence of distinct

boundaries in the space. In contrast to the conventional approach of

mapping features from di�erent domains/tasks into a single space,

our method enhances the synergy between domains and tasks by

mapping information into multiple feature spaces.

4.7 Online Development and A/B Test

To validate the e�ectiveness of the PRP model in real-world ap-

plications, we conduct A/B testing on an online video platform.

We integrate the PRP model into the fully connected module of

the ranking model and test it across three di�erent domains (Main,

Home, and Slide) with two tasks (like and long-view). As shown in

Table 5, the PRP model signi�cantly improves performance in all

domains. Speci�cally, it not only increases the user-like rate but also

signi�cantly extends the time users spend watching videos. This

demonstrates the broad applicability of the PRP model in various

application domains and highlights its great potential in enhancing

user experience.

5 Conclusion

In this paper, we propose a Prototype-guided Representation Projec-

tion (PRP) model for enhancing Multi-Domain Multi-Task Recom-

mendation (MDMTR). Our method leverages prototype learning to

handle commonality and speci�city among various domains/tasks.

By employing a shared Mixture of Experts (MoE) for common rep-

resentation and speci�c feature extraction experts for domain/task-

speci�c projections, constrained by the independence loss, PRP

e�ectively manages complex domain/task relationships. Di�erent

from existing methods, Optimal Transport (OT) is utilized to guide

the projection of representations within various prototype spaces,

avoiding representation entanglement. Our extensive o�ine exper-

iments on two open-source datasets, along with online A/B testing,

consistently demonstrate that PRP outperforms existing methods

in real-world applications across di�erent domains/tasks.
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