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Multi-behavior Recommendation: Definition
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• Users interact with items in multiple ways (e.g., by clicking or adding them to the cart).

• Goal: To predict future purchases by leveraging interactions of various types.
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Motivational Analysis: Concepts
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• For each user, we divide unpurchased items into:

• Visited items: Items that a user has interacted with through auxiliary behaviors.

• Unvisited items: Items that a user has not interacted with through auxiliary behaviors.
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Motivational Analysis: Concepts (cont.)
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• For each user, we divide unpurchased items into:

• Visited items: Items that a user has interacted with through auxiliary behaviors.

• Unvisited items: Items that a user has not interacted with through auxiliary behaviors.

Click Cart Buy

(1)

(2)

(3)

(4)

present



A Self-supervised Mixture of Experts Framework for Multi-behavior Recommendation (Kyungho Kim)CIKM 2025

Motivational Analysis: Concepts (cont.)
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• For each user, we divide unpurchased items into:

• Visited items: Items that a user has interacted with through auxiliary behaviors.

• Unvisited items: Items that a user has not interacted with through auxiliary behaviors.
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Motivational Analysis: Concepts (cont.)
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• For each user, we divide unpurchased items into:

• Visited items: Items that a user has interacted with through auxiliary behaviors.

• Unvisited items: Items that a user has not interacted with through auxiliary behaviors.
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Motivational Analysis: Observations
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• Our method is motivated by two observations:

• Observation 1. Performance gap is large between visited and unvisited items. 
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Motivational Analysis: Observations (cont.)
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• Our method is motivated by two observations:

• Observation 2. There is no one-size-fits-all model.

M1: MF-BPR
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Motivational Analysis: Design Rationale
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• How we addressed each observation: 

• Observation 1. Performance gap is large between visited and unvisited items.

→ Specific focus on unvisited items. 

• Observation 2. No one-size-fits-all model. 

→ Separate experts & expert-specific training strategy.
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Motivational Analysis: Design Rationale (cont.) 
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• How we addressed each observation: 

• Observation 1. Performance gap between visited and unvisited items.

→ Specific focus on unvisited items. 

• Observation 2. No one-size-fits-all model. 

→ Separate experts & expert-specific training strategy.
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Roadmap

Motivational Analysis
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Experiments

Conclusions

11



A Self-supervised Mixture of Experts Framework for Multi-behavior Recommendation (Kyungho Kim)CIKM 2025

Proposed Method: MEMBER
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• MEMBER: Mixture-of-Experts for Multi-BEhavior Recommendation

• Mixture-of-Experts

• Expertise-Adaptive Self-Supervised Learning

Visited-item recommendation

Visit-filtering contrast

Unvisited-item recommendation

Novelty-inferring contrast

Behavior-generation

Unvisited-Item ExpertVisited-Item Expert

Visited Items Unvisited Items

Ranked List of Items
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MEMBER: Mixture-of-Experts (MoE) Framework
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• Mixture-of-Experts Framework

• Visited-item expert: Rank items with which a user has already interacted.

• Unvisited-item expert: Discover and rank items that a user has not yet interacted with.

Interact

Visited Items

Unvisited Items

Visited-Item Expert

Unvisited-Item Expert

Rank
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MoE Framework: Expert Design
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• Each expert encodes users and items into embeddings based on the graph topology.

• To this end, graph convolution is employed.

Graph: User-item 
interaction

[Input] [Expert] [Output]
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MoE Framework: Expert Design (cont.)

15

• Each expert has two sub-experts operating on distinct graphs:

• Global sub-expert: Encode users and items based on the graph including all interactions.

• Local sub-expert: Encode users and items based on the graph from a specific behavior.

Graph: User-item 
interaction

[Input]
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MoE Framework: Expert Design (cont.)

16

• Each expert has two sub-experts operating on distinct graphs:

• Global sub-expert: Encode users and items based on the graph including all interactions.

• Local sub-expert: Encode users and items based on the graph from a specific behavior.

Graph: User-item 
interaction
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MoE Framework: Expert Design (cont.)
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• Each expert’s final score is the weighted sum of scores from two sub-experts.

[Output from Global sub-expert] [Output from Local sub-expert]

Weighted 
Sum

Expert’s Score
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Expertise-Adaptive SSL: Overview

18

• Two different SSL: (1) Contrastive learning and (2) Generative learning.

• Introduce expert-specific auxiliary losses to support the main task loss.

18

Visited-item recommendation

Visit-filtering contrast <<
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Novelty-inferring contrast <<

Behavior-generation <<



A Self-supervised Mixture of Experts Framework for Multi-behavior Recommendation (Kyungho Kim)CIKM 2025

Expertise-Adaptive SSL: (1) Contrastive Learning
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• Expertise-Adaptive SSL: (1) Contrastive Learning

• Visit-filtering contrastive learning for the visited-item expert.

• Novelty-inferring contrastive learning for the unvisited-item expert.

• Goal of the expertise-adaptive contrastive learning: 

• Make expert pay enough attention to the portion of interactions most relevant to their task.
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Contrastive Learning: Goal
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• Visited-item expert: Focuses on purchases with auxiliary interactions.

• Unvisited-item expert:  Focuses on purchases without auxiliary interactions.

Click Items

Cart Items

Buy Items

Visited-item Expert:

Should focus on these cases!
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Contrastive Learning: Goal (cont.)
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• Visited-item expert: Focuses on purchases with auxiliary interactions.

• Unvisited-item expert:  Focuses on purchases without auxiliary interactions.

Unvisited-item Expert:

Should focus on this case!

Click Items

Cart Items

Buy Items
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Contrastive Learning: Objective
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• Contrast embeddings from a full-interaction graph and an augmented graph.

Full interaction graph

Augmented graph
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Contrastive Learning: Graph Augmentation

• For graph augmentation, we keep only the edges each expert should pay attention.

Full interaction graph

Augmented graph 
for the visited-item expert

Augmented graph 
for the unvisited-item expert

23
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Expertise-Adaptive SSL: (2) Generative Learning
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• Expertise-Adaptive SSL: (2) Generative Learning

• Behavior-generative learning for the unvisited-item expert.

• Goal of the behavior-generative learning:

• To enrich representations by predicting dense behavioral structures from sparse interactions.

Too rare!
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Generative Learning: Objective
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• Behavior-generative learning for the unvisited-item expert:

• Reconstruct dense (i.e., frequent) behaviors (i.e., edge) from sparse (i.e., rare) ones.

Click Items

Cart Items

Buy Items
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Scoring: How to Integrate Two Experts
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• For each user-item pair, we choose the expert based on the user-specific item type.

• Visited or Unvisited.

• The score from the chosen expert is used as the final score for the pair.

Interacted before? 
Yes

Interacted before? 
No

Get the score from the 
visited-item expert

Get the score from the 
unvisited-item expert
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Training: How to Train Each Expert
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• As training objectives, we use the weighted sum of BPR loss and expertise-specific SSL losses.

• BPR loss: commonly-adopted recommendation loss based on pairwise comparisons.

[Visited-item expert]

[Unvisited-item expert]

BPR Loss
Contrastive 

Learning Loss

BPR Loss
Contrastive 

Learning Loss

Generative 
Learning Loss

Shared
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Experiment Settings

29

• Datasets: Three benchmark datasets on the e-commerce (Tmall, Taobao, Jdata).

• Baselines: Nine baseline methods.

• Single-behavior recommender systems: MF-BPR, LightGCN

• Multi-behavior recommender systems: MBGMN, CML, CIGF, CRGCN, BCIPM, MBHGCN, MULE

• Evaluation protocols: Two evaluation protocols.

• Standard setting: Overall recommendation over all items.

• Item-type specific settings: Separate evaluation on visited vs. unvisited items.
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Experimental Results: Standard Setting
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• In the standard recommendation setting:

• MEMBER achieves SOTA performance across all three benchmarks.

• MEMBER outperforms the best competitor by up to 65% in terms of Hit Ratio@20.
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Experimental Results: Item-Type Specific Settings
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• For both types of Items:

• MEMBER outperforms all the baseline methods in 9 out of 12 settings.
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Experimental Results: Ablation Study
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• Effectiveness of each component:

• Removing mixture-of-experts architecture degrades performance in all settings.

• Removing SSL for visited items degrades performance on visited item recommendations..

• Removing SSL for unvisited items degrades performance on unvisited item recommendations..



A Self-supervised Mixture of Experts Framework for Multi-behavior Recommendation (Kyungho Kim)CIKM 2025

Roadmap

Motivational Analysis

Proposed Method: MEMBER 

Experiments

Conclusions <<

33



A Self-supervised Mixture of Experts Framework for Multi-behavior Recommendation (Kyungho Kim)CIKM 2025

Conclusion

34

• Key Observations:

• (1) Performance gap is large between visited items and unvisited items.

• (2) Challenge of achieving balanced performance with a single model.

• Novel Architecture:

• (1) Mixture-of-experts framework.

• (2) Expertise-adaptive self-supervised Learning.

• Accuracy:

• Achieve the best performance in both standard and item-type specific settings.



Thank you!

Kyungho Kim Sunwoo Kim Geon Lee Kijung Shin

https://github.com/K-Kyungho/MEMBER

https://github.com/K-Kyungho/MEMBER
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