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Cross-domain recommender systems (CDRs)
• Transferring informa-on across domains [Fernández-Tobías et. al. 2012]

• Addressing data sparsity and the cold-start issues
• Improving the quality of recommenda<ons 

• Assuming some user interest similarity across domains
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User representation similarity across domains

• Complete overlap
• Same or similar user representa-on shared across domains
• Too restricted

Shared representa,on space

Domain 1
projec.on

Domain 2
projection



User representation similarity across domains

• Complete overlap
• Same or similar user representa<on shared across domains

• Some overlap
• Domain-shared representa-on

• Informa(on sharing between domains 

• Domain-specific representa-on
• Represen(ng unique user interests within each domain 

• Unbalanced freedom
Shared representation 

Domain2 

specific Domain1 specific



• Over-restric<on of domain-shared representa<ons 

• Free representa<ons of domain dispari<es 

  

• Pushing most of the informa<on into domain-
specific representa<ons 

• Can’t differen<ate Domain-specific and domain-
shared representa<ons

Imbalance between domain specific & shared
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T-SNE of DisenCDR [Cao et al., 22] User Representations



DiCUR-CDR: 
structured & balanced 

representa/ons 

Shared representation 

Domain2 

specific Domain1 specific

Shared representa,on space

Domain 1
projecBon

Domain 2
projection

all similar
restrictive

no structure for domain-specific
unbalanced

Our solution: DiCUR-CDR



Discerning Canonical User Representation Learning for 
Cross-Domain Recommendation (DiCUR-CDR)

• Discerning Canonical Correla-on (DisCCA) user representa-on learning
• Genera-ve adversarial learning to model user preferences and 

generate recommenda-ons 
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• Discerning Canonical Correla-on (DisCCA) user representa-on learning
• Genera-ve adversarial learning to model user preferences and 

generate recommenda-ons 
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Discerning Canonical User Representation Learning for 
Cross-Domain Recommendation (DiCUR-CDR)



Discerning Canonical Correla.on - Background
Canonical Correlation Analysis (CCA) [Michel van de Velden, 2011]

• Maximize the linear correlation between multivariate variables
• Keep an orthonormal projection space
• Only maps “similarities” [Sahebi & Brusilovsky, 2016]
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Discerning Canonical Correla.on (DisCCA)

• Maximize the correlation between domain-
shared user representations
• Keep an orthonormal projection space

• Maximize the disparities between domain-specific 
representations 
• Structured: Using the same projections as domain-shared ones 

• Keep the domain-shared and domain-specific projections far 
apart
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Discerning Canonical Correla.on (DisCCA)

• Maximize the correlation between domain-shared user 
representations
• Keep an orthonormal projection space

• Maximize the disparities between domain-
specific representations 
• Structured: Using the same correlation 

projections as domain-shared ones 
• Keep the domain-shared and domain-specific projections far 

apart
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Discerning Canonical Correla.on (DisCCA)

• Maximize the non-linear correlation between domain-shared 
user representations
• Keep an orthonormal projection space

• Maximize the non-linear disparities between domain-specific 
representations 
• Structured: Using the same projections as domain-shared ones 

• Keep the domain-shared and domain-specific 
projections far apart
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• GAN for each domain
• Generator (𝒢): generates implicit feedback vectors 
• Discriminator (𝔇): differen<ates between the actual & generated feedback 

vectors

DiCUR-CDR
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• Generator:
• Learning Domain-Shared & domain-Specific Representation 

• Fully-connected layer:

• Recommendation Prediction
• Fully-connected layer:

DiCUR-CDR Model – GAN
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• Discriminator:
• Estimating the probability of #𝒓-𝒜  amd #𝒓-ℬ being real

DiCUR-CDR Model – GAN
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• Nega<ve Sampling 
• Randomly selec(ng 𝜔 (hyperparameter) por(on of the unobserved items as the nega(ve items 

(𝑁'𝒜 and 𝑁'ℬ)
• Genera(ng values close to 1 for the observed items 
• Producing low values for the nega(ve ones. 

• Generators loss: 

• Discriminators loss: 

DiCUR-CDR Model – Learning
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,

+ 𝜆) (𝒓#𝒜 − (𝒓#𝒜)⨀(𝒎#
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#
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Experiments

• Five sets of experiments 
• Recommendation Prediction 
• Ablation Studies
• Sensitivity Analysis
• Cold-start Analysis
• Learned User Representations Visualization 
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Comparison with Baselines
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• DiCUR-CDR outperforms all baselines across both datasets and domains
• Demonstra<ng the feasibility of incorpora<ng DisCCA 

Recommendation Performance Prediction results, ∗∗ and ∗ indicate t-test p − value < 0.05 and p − value < 0.1



Ablation Studies: all discerning representations matter
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• Removing either ℒB or ℒC, or both, leads to a performance decline 
• Distinguishing between domain-shared & domain-specific representation, ensuring distinct 

domain-specific representations, are all crucial 

Ablation study results



Abla&on Studies: GAN maKers

28

• DiCUR-CDR w/o GAN exhibits the lowest performance 
• Highligh<ng the effec<veness of using GAN 

Ablation study results



Cold-start Analysis
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Restaurants domain Shopping domain

Recommenda?on results (HR) for users with different numbers of interac?ons on the Yelp dataset 

• The largest recommenda<on predic<on improvements happen for 
• users with fewer interac(ons (groups < 10 and 10 − 20) 
• sparser domain



Baseline Learned User Representa&ons
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T-SNE of DisenCDR [Cao et al., 22] User Representations
Shared representa,on 

Domain2 

specific Domain1 specific



DiCUR-CDR Learned User Representa2ons

Pushing the domain-shared representa<ons close to each other
Separa<ng and differen<a<ng between the domain-specific ones 
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T-SNE of DiCUR-CDR User Representations



Conclusions

• Proposed Discerning Canonical User Representa-on Learning for Cross-
Domain Recommenda-on (DiCUR-CDR) 
• Introduced Discerning Canonical Correla-on (DisCCA) user 

representa-on learning

• Emphasized the effec-veness of
• Capturing both cross-domain and within-domain user preferences
• Discerning the domain-specific representa<ons in a structured way
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Thank you!
Q & A

38
This paper is based upon work supported 
by the Na?onal Science Founda?on under 
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Our code and sample data are available at GitHub: 
hBps://github.com/persai-lab/2024-RecSys-DiCUR-CDR
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