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MOTIVATION
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MOTIVATION
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MOTIVATION

Missing Modality : In real-world scenarios, many items often have more than one missing modality.

‣ Multi-modal Recommendation System
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MOTIVATION

Missing Modality : In real-world scenarios, many items often have more than one missing modality.

‣ Multi-modal Recommendation System

Missing Modality leads to following problems:

1) Can not be used in training

2) Significant performance decrease in inference



8

MOTIVATION

Missing Modality : In real-world scenarios, many items often have more than one missing modality.

‣ Multi-modal Recommendation System

1. Typically, synthetic features deviate from the 

original features of items.
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MOTIVATION

Missing Modality : In real-world scenarios, many items often have more than one missing modality.

‣ Multi-modal Recommendation System

1. Typically, synthetic features deviate from the 

original features of items.

2. Consequently, this leads to a more significant 

recommendation performance gap.
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MOTIVATION

Missing Modality : In real-world scenarios, many items often have more than one missing modality.

‣ Multi-modal Recommendation System

1. Typically, synthetic features deviate from the 

original features of items.

2. Consequently, this leads to a more significant 

recommendation performance gap.

More fine-grained synthetic features are needed to effectively substitute original features.
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MOTIVATION

Unique Characteristic of  Modality : modalities possess unique characteristics not fully shared across others.

‣ Multi-modal Recommendation System

1. Each modality has unique information which is not 

align with other modalities when predicting user 

preferences.
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MOTIVATION

Unique Characteristic of  Modality : modalities possess unique characteristics not fully shared across others.

‣ Multi-modal Recommendation System

1. Each modality has unique information which is not 

align with other modalities when predicting user 

preferences.

Generating synthetic features requires consideration of each modality's specific properties.
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MAIN CHALLENGES

Unique Characteristic of  Modality : modalities possess unique characteristics not fully shared across others.

‣ Multi-modal Recommendation System

1. Each modality has unique information which is not 

align with other modalities when predicting user 

preferences.

2. Therefore, generating synthetic features requires 

consideration of each modality's specific properties.

Main challenges our work, DGMRec, addresses: 

‣ C1. What is the most effective approach for generating synthetic features to address missing modalities?

‣ C2. How can the specific properties of modalities be incorporated for fine-grained representations?
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‣ Encoder-Decoder Structure for Reconstructing Modality
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‣ Disentangling Modality Features for General and Specific Features
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‣ Disentangling Modality Features for General and Specific Features
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‣ Disentangling Modality Features for General and Specific Features
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‣ Disentangling Modality Features for General and Specific Features
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‣ Overall Structure

METHODOLOGY
1. Disentangling Modality Feature Module

2. Missing Modality Generation Module
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METHODOLOGY
‣ 1. Disentangling Modality Feature Module
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METHODOLOGY
‣ 1. Disentangling Modality Feature Module
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METHODOLOGY
‣ 1. Disentangling Modality Feature Module
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METHODOLOGY
‣ 1. Disentangling Modality Feature Module
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METHODOLOGY
‣ 1. Disentangling Modality Feature Module
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METHODOLOGY
‣ 1. Disentangling Modality Feature Module
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General features share common information across modalities. 
In contrast, specific features capture the distinct characteristics of each modality.
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METHODOLOGY
‣ 2. Missing Modality Generation Module
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METHODOLOGY
‣ 2. Missing Modality Generation Module

However, Items with missing modalities 

don’t have modality features.

Audio

Text

Image

D
is

e
n

ta
n

gl
in

g 
M

o
d

al
it

y

En
co

d
er

En
co

d
er

En
co

d
er

Modality-General
Feature

Image-Specific
Feature

Text-Specific
Feature

Audio-Specific
Feature

D
ec

o
d

er
D

ec
o

d
er

D
ec

o
d

er

ത𝐸𝑣
𝑠 

ത𝐸𝑣
𝑔

 

ത𝐸𝑡
𝑔

 

ത𝐸𝑡
𝑠 

ത𝑋𝑣 
𝑓𝑣
𝑑𝑒𝑐

ത𝑋𝑡 
𝑓𝑡
𝑑𝑒𝑐

Reconstructed 
Features

Reconstructed
Visual Feature

Reconstructed
Textual Feature



28

METHODOLOGY
‣ 2. Missing Modality Generation Module

Train modality general / specific generator. 

Assume textual modality generator training.
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METHODOLOGY
‣ 2. Missing Modality Generation Module

Train modality general / specific generator. 

Assume textual modality generator training.
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METHODOLOGY
‣ 2. Missing Modality Generation Module

ത𝐸𝑣
𝑔

 

ത𝐸𝑎
𝑔

 

Visual Specific Feature

Audio Specific Feature

General Feature
Aggregation for Text 𝒢𝑡

𝑔

Audio

Text

Image

D
is

e
n

ta
n

gl
in

g 
M

o
d

al
it

y

En
co

d
er

En
co

d
er

En
co

d
er

Modality-General
Feature

Image-Specific
Feature

Text-Specific
Feature

Audio-Specific
Feature

D
ec

o
d

er
D

ec
o

d
er

D
ec

o
d

er

DGMRec can generate modality feature which captures general and specific information. 
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METHODOLOGY
‣ Summary
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EXPERIMENTS
‣ Model Performance with Real-world Scenario

DGMRec successfully outperforms existing approaches in missing modality scenarios.

1. Missing Modality Setting : Item’s modalities is randomly missing

The number and type of missing modalities are randomly determined.
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EXPERIMENTS
‣ Model Performance with Real-world Scenario

2. Missing Modality + New Items Setting : new items unseen during training appear in the test set. 

A more realistic and challenging scenario where item modality features are more crucial.

DGMRec demonstrates greater performance gains in New Items Setting, where item modality is critical.
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EXPERIMENTS
‣ How Does Performance Vary Across Different Missing Modality Levels?

DGMRec demonstrates superior performance when missing modalities are present,
even when all modalities are absent.

Performance comparison by group according to the number of missing modalities

‣ Full Modality

All modalities are present

‣ Missing N

N modalities are missing.
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EXPERIMENTS
‣ Do Varying Missing Ratios Impact Recommendation Performance?

DGMRec demonstrates robustness even with increasing missing modalities,
achieving higher performance than other models in most cases. 

‣ Performance Drop

Relative performance drop compared to when the missing ratio is 0%.

Performance comparison based on missing modality ratio
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EXPERIMENTS
‣ Can DGMRec Facilitate Cross-Modal Retrieval with Missing Modalities?

DGMRec can successfully retrieve the original modality features when modalities are missing,
even works when all modalities are absent.
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CONCLUSIONS
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Code: https://github.com/ptkjw1997/DGMRec

Paper: https://arxiv.org/abs/2504.16352

Email: kim.jiwan@kaist.ac.kr
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