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Introduction
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• Cross-domain recommendation can be roughly divided into two branches.

- Intra-domain ( user with few interactions)

- Inter-domain ( new-coming user )



Introduction

• Domain-shared information can help the prediction of both the 

source domain and the target domain.
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Data Notation
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Input:
• Domain

-
: user set ,     : item set ,     : interaction set       

(       is a binary interaction matrix )

Output:
• interaction                 , 



Data Notation
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• Domain specific/shared user representation 
- ,

• Domain specific/shared Item representation
- ,

X

Y
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Method
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Masking Mechanism 
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• A user’s historically interacted items
,

•  Interaction masking: 

•  Domain masking: 

/



Aggregator Architecture 
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•  Goal : find a well user representation

•  Mean-pooling

element-wise mean



Aggregator Architecture 
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•  User-attention-pooling

sum is 1



Aggregator Architecture 
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•  Item-similarity-pooling

A : interaction matrix , 
B : item-item similarity weight ,

* DIAG(): diagonal elements



Aggregator Architecture 
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* DIAGMAT(): diagonal matrix
1 : vector of ones
⊘ : element-wise division



Aggregator Architecture 
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A = v1 v2 v3

u1 1 1 0

u2 1 1 1

u3 0 1 1

u4 0 0 1

(A.T)A = v1 v2 v3

v1 2 2 1

v2 2 3 2

v3 1 2 3



Aggregator Architecture 
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A = 

v1 v2 v3

u1 1 1 0

u2 1 1 1

u3 0 1 1

u4 0 0 1

(A.T)A = 

v1 v2 v3

v1 2 2 1

v2 2 3 2

v3 1 2 3

λF = 0
P = 

v1 v2 v3

v1 5/3 -4/3 1/3

v2 -4/3 5/3 -2/3

v3 1/3 -2/3 2/3



Aggregator Architecture 
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P = DIAGMAT(1⊘DIAG(P))= 

v1 v2 v3

v1 3/5 0 0

v2 0 3/5 0

v3 0 0 3/2

λF = 0

v1 v2 v3

v1 5/3 -4/3 1/3

v2 -4/3 5/3 -2/3

v3 1/3 -2/3 2/3

B = 

v1 v2 v3

v1 0 0.8 -0.5

v2 0.8 0 1

v3 -0.2 0.4 0



Aggregator Architecture 
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A = v1 v2 v3

u1 1 1 0

u2 1 1 1

u3 0 1 1

u4 0 0 1

B = v1 v2 v3

v1 0 0.8 -0.5

v2 0.8 0 1

v3 -0.2 0.4 0

λF = 0



Aggregator Architecture 
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•  Item-similarity-pooling

AB = v1 v2 v3

u1 0.8 0.8 0.5

u2 0.6 1.2 0.5

u3 0.6 0.4 1

u4 -0.2 0.4 1

A = 
v1 v2 v3

u1 1 1 0

u2 1 1 1

u3 0 1 1

u4 0 0 1



Aggregator Architecture 

19

•  User representation



Loss function
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Interaction masking: 

Domain masking: 

positive negative•  Contrastive loss



Loss function

21

•  Prediction loss

•  Training loss
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Experiment
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Experiment

• Dataset
Use users with number of ratings greater than 5 and items with number of 

ratings greater than 10 in the Amazon dataset.

• Scenario 1 : Sport & Cloth,  Elec & Phone ( only use the overlapping user)
• Scenario 2 : Sport & Cloth,  Game & Video

• Evaluation
• Hit Ratio(HR)
• Normalized Discounted Cumulative Gain(NDCG)
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Experiment
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MLP-based GNN-based

Scenario 1
(user-attention)

Scenario 2
(mean)

embedding and mapping



Experiment
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• An appropriate aggregator is needed for different CDR scenarios. 



Experiment
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• Domain information play an essential role in the inter-domain 

recommendation.
* Inter: interaction mask

Domain : domain mask



Conclusion

• Well-learned domain-shared information can help both inter-domain 

and intra-domain recommendations.
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