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The Challenge of Harmonized Learning in Multimodal Models
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Human perception is inherently multimodal, we integrate 
sounds, visuals, and language seamlessly. Deep learning 
aims to mimic this through multimodal models, but:

Modality Dominance
 One strong modality often overshadows 

weaker ones, limiting the model's ability 
to learn diverse, complementary 
features.

Uncoordinated Convergence
 Each modality converges at a different 

speed. Encoders and shared networks 
become misaligned.
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Key Strategy: Adjust Unimodal Encoder Learning  Rates

• Modulating gradient flow for each modality 
during training.

• Adjustment is done dynamically on learning rates or 
through intermittent learning

• Decision-level fusion Simple fusion 

• They tune each modality neural path independently

• Neural paths are separated through the architecture

• They all use unimodal performance (signal) so they 
support limited very late fusion

• Validation Delta or Gradient Norm

Typical methods (Gradient Balancing Techniques)
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Key Strategy: Use Dedicated Unimodal Losses to 
Improve Multimodal Encoders

• In a bi-modality system it has 3 terms of loss:
 𝐿𝐿𝑇𝑇 =  𝐿𝐿𝑚𝑚𝑚𝑚 + 𝐿𝐿𝑚𝑚1 + 𝐿𝐿𝑚𝑚2

• This approach tends to extract most discriminative 
features

• Not necessarily gradients are aligned

• Teacher-student supervisory signal can be adopted 
from stronger modality 

• DLM losses can be applied to align representations

• Limited to simple fusion strategies

Typical methods (Multi-task Learning)
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M-SAM selectively applies SAM optimization
• SAM is in favor of dominant modality
• SAM would Not be beneficial for other 

modalities

Shapley based contribution analysis
• Tracks which modality drives performance
• Indirectly help in loss surface decomposition

What we seek for
• The dominant modality lands in the flat 

minima
• Non-dominant modality explore more freely 

(Reacher feature synergy)

M-SAM: Gradient Modulation for Balanced Learning
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M-SAM’s Core Workflow and Key Operation
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Inspired by cooperative game theory, the Shapley value answers:
 "How much does modality 𝑚𝑚 contribute to the total prediction if it joins all possible combinations of other modalities?"

• Let Φ(𝑥𝑥) be the model performance using all modalities.
𝑉𝑉𝑚𝑚 𝑆𝑆,Φ =  Φ 𝑆𝑆 ∪ 𝑚𝑚 −Φ(𝑆𝑆)

• Repeat it across all subsets 𝑆𝑆 of modality 𝑚𝑚.
• Shapley value Φ𝑚𝑚(𝑥𝑥) is the weighted average of all 𝑉𝑉𝑚𝑚 𝑆𝑆,Φ  terms

Φ𝑚𝑚 𝑥𝑥 =  ∑𝑆𝑆⊆ℳ\m
𝑆𝑆! 𝑀𝑀− 𝑆𝑆 −1 !

𝑚𝑚!
𝑉𝑉𝑚𝑚 𝑆𝑆,Φ  

• For two modalities:
Φ𝑚𝑚1 𝑥𝑥 = 1

2
Φ 𝑥𝑥1, 𝑥𝑥2 − Φ(01, 𝑥𝑥2)  + Φ(𝑥𝑥1, 02)

• For three modalities:
Φ𝑚𝑚1 𝑥𝑥 = 1

3
Φ 𝑥𝑥1, 𝑥𝑥2, 𝑥𝑥3 − Φ(01, 𝑥𝑥2, 𝑥𝑥3)  +

 1
6
Φ 𝑥𝑥1, 02, 𝑥𝑥3 − Φ(01, 02, 𝑥𝑥3)  +

 1
6
Φ 𝑥𝑥1, 𝑥𝑥2, 03 − Φ(01, 𝑥𝑥2, 03)  +

1
3
Φ 𝑥𝑥1, 02, 03 − Φ(01, 02, 03)  

modality importance in accuracy

Loss contribution in training

𝜈𝜈𝑚𝑚 =
Φ𝑚𝑚
∑1𝑀𝑀Φ𝑖𝑖

Modality Contribution in M-SAM
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Shapley framework --> 𝜈𝜈𝐴𝐴, 𝜈𝜈𝐵𝐵

𝜑𝜑𝐴𝐴(𝑥𝑥𝐴𝐴 + 𝑥𝑥𝐵𝐵) 𝜑𝜑𝐵𝐵(𝑥𝑥𝐴𝐴 + 𝑥𝑥𝐵𝐵)

𝑓𝑓𝑠𝑠(𝜑𝜑𝐴𝐴 + 𝜑𝜑𝐵𝐵)

𝜈𝜈𝑚𝑚 =
Φ𝑚𝑚
∑1𝑀𝑀Φ𝑖𝑖

𝐿𝐿 =
1
𝑁𝑁
�
1

𝑁𝑁

𝐿𝐿 𝑓𝑓𝑠𝑠 𝜑𝜑𝐴𝐴 + 𝜑𝜑𝐵𝐵 ,𝑦𝑦

𝐿𝐿 = 𝜈𝜈1 + 𝜈𝜈2 +  … + 𝜈𝜈𝑀𝑀 L 

M-SAM’s Core Workflow and Key Operation
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𝜀𝜀 =  𝜌𝜌
∇𝐿𝐿
∇𝐿𝐿

= 𝜌𝜌
∇ 𝜈𝜈1 + 𝜈𝜈2 +  … + 𝜈𝜈𝑀𝑀 𝐿𝐿

∇𝐿𝐿

𝜀𝜀 =  �𝜌𝜌 ∇(𝜈𝜈1𝐿𝐿)
∇(𝜈𝜈1𝐿𝐿)

+ �𝜌𝜌 ∇(𝜈𝜈2𝐿𝐿)
∇(𝜈𝜈2𝐿𝐿)

 + … + �𝜌𝜌 ∇(𝜈𝜈𝑀𝑀𝐿𝐿)
∇(𝜈𝜈𝑀𝑀𝐿𝐿)

=  𝜀𝜀1 + 𝜀𝜀2 + ⋯+ 𝜀𝜀𝑀𝑀

min
𝜃𝜃

max
𝜀𝜀 ≤𝜌𝜌

𝐿𝐿 𝜃𝜃 + 𝜀𝜀 +
𝜆𝜆
2 𝜃𝜃 2

min
𝜃𝜃

max
𝜀𝜀 ≤𝜌𝜌

𝐿𝐿1 𝜃𝜃 + 𝜀𝜀 +  … + 𝐿𝐿𝑀𝑀 𝜃𝜃 + 𝜀𝜀 +
𝜆𝜆
2 𝜃𝜃 2

min
𝜃𝜃

max
𝜀𝜀 ≤𝜌𝜌

𝐿𝐿𝑚𝑚𝑑𝑑 𝜃𝜃 + 𝜀𝜀𝑚𝑚𝑑𝑑 − 𝐿𝐿𝑚𝑚𝑑𝑑(𝜃𝜃) + 𝐿𝐿𝑚𝑚𝑑𝑑(𝜃𝜃)

+ 𝐿𝐿1 𝜃𝜃 + 𝐿𝐿2 𝜃𝜃 + ⋯+ 𝐿𝐿𝑀𝑀 𝜃𝜃 +
𝜆𝜆
2 𝜃𝜃 2

M-SAM’s Core Workflow and Key Operation
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Fusion Strategy:
• Early fusion:  MAXOUT
• Late fusion: Independent modality encoders, fused at the decision level

CREMA-D:
• Audio: ReasNet18 (spectrogram)
• Video: 1 frame per minute

AV-MNIST:
• Audio: ReasNet18 (spectrogram)
• Video: Image

UR-Funny:
• Audio, Frame, Text: Transformer

Linear Projections

𝑍𝑍1

𝑍𝑍2

𝑍𝑍𝐾𝐾

𝜑𝜑1

𝜑𝜑2

𝜑𝜑𝑀𝑀

M
ax

im
um

Experimental Setting
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Experimental Results (AV-MNIST curves)
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Experimental Results (CREMA-D curves)
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Experimental Results (UR-Funny curves)
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Experimental Results (Late Fusion)
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Experimental Results (Early Fusion)
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To rank models by their real-world reliability, 
we need a metric that reflects how well they 
generalize, not just memorize.
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Hessian eigenvalues  captures curvature 
but requires second-order derivatives.

Sharpness Metric 

𝑄𝑄𝑥𝑥,𝑓𝑓 𝜀𝜀,𝐴𝐴 =
𝑚𝑚𝑚𝑚𝑚𝑚𝑦𝑦∈𝐶𝐶𝜀𝜀𝑓𝑓 𝑥𝑥 + 𝐴𝐴𝐴𝐴 − 𝑓𝑓(𝑥𝑥)

1 + 𝑓𝑓(𝑥𝑥) × 100

Normalized Generalization Gap

• Cheap: No extra computation

• 𝐴𝐴𝐴𝐴𝐴𝐴𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡 − 𝐴𝐴𝐴𝐴𝐴𝐴𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡
𝐴𝐴𝐴𝐴𝐴𝐴𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡

 × 100

• Larger Gap --> Sharper minima --> less generalization

Quantifying Generalization of Models
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Quantifying Generalization of Models
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