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Background

• Large-scale datasets often contain a variety of multi-

view data

➢ These data have different patterns, sources, and modalities

➢ But they share highly similar high-level semantic 

information

Yan X, Hu S, Mao Y, et al. Deep multi-view learning methods: A review[J]. Neurocomputing, 2021, 448: 106-129.

Huh M, Cheung B, Wang T, et al. The platonic representation hypothesis[J]. arXiv preprint arXiv:2405.07987, 2024.

Oncevay A, Haddow B, Birch A. Bridging linguistic typology and multilingual machine translation with multi-view language representations[J]. arXiv preprint arXiv:2004.14923, 2020.

Multi-view learning：

Multi-view learning aims to 
learn the common feature 
spaces or shared patterns by 
combining multiple distinct 
features or data sources



Background

• In speech processing tasks, there is also multi-view data

➢ Multiple Resolutions

High-resolution:

better envelope information in 

the time domain

low-resolution:

more detailed information in 

the frequency domain

Shi J, Tang Y, Inaguma H, et al. Exploration on HuBERT with multiple resolutions[J]. arXiv preprint arXiv:2306.01084, 2023.

Hsu W N, Bolte B, Tsai Y H H, et al. Hubert: Self-supervised speech representation learning by masked prediction of hidden units[J]. IEEE/ACM transactions on audio, speech, and language 

processing, 2021, 29: 3451-3460.



Background

• In speech processing tasks, there is also multi-view data

➢ Multiple Resolutions

➢ Spectral features (Fbank) and Self-supervised learning features (Unit)

spectral

S-features

Hsu W N, Bolte B, Tsai Y H H, et al. Hubert: Self-supervised speech representation learning by masked prediction of hidden units[J]. IEEE/ACM transactions on audio, speech, and language 

processing, 2021, 29: 3451-3460.



• Self-supervised learning features (S-features):

➢  refer to discrete speech units derived from raw audio or spectral 

features (e.g., MFCC, FBanks) using a BERT-based model with 

clustering techniques.. 

➢  provide multi-view representations for speech processing tasks and 

exhibit a strong capability for integrating contextual information.

Question

Question 1:

Do multi-view features provide distinct advantages in speech 

processing tasks?

Question 2:

If so, are these advantages complementary?

Hsu W N, Bolte B, Tsai Y H H, et al. Hubert: Self-supervised speech representation learning by masked prediction of hidden units[J]. IEEE/ACM transactions on audio, speech, and language 

processing, 2021, 29: 3451-3460.



Phenomena (Speech Translation, ST)

• Phenomenon 1: 

➢  There exists complementary information between the two features: Fbank features yield better performance but 

exhibit slower convergence, while S-features converge more quickly but provide lower performance

• Phenomenon 2:

➢  Interference between the two features means that direct fusion does not fully leverage the advantages of each feature

Wavlm
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Shan W, Zhang Y, Han Y, et al. Optimizing Speech Multi-View Feature Fusion through Conditional Computation[J]. arXiv preprint arXiv:2501.08057, 2025.



Methodology

• Traditional multi-view learning requires a large number of additional parameters

Yan X, Hu S, Mao Y, et al. Deep multi-view learning methods: A review[J]. Neurocomputing, 2021, 448: 106-129.

Is there a simple and effective method 

to leverage both features while 

minimizing interference between them?



• The Gradient-sensitive Gating Network (GSGN) :

➢ implements conditional computation for the gradient of parameters

➢ dynamically computes the correlation between heterogeneous features and adjusts the weights of different feature branches 

to achieve optimal fusion.

• Architecture:

➢ consists of an acoustic encoder with 12 layers, a textual encoder and decoder with 6 layers each, and a fusion layer.

Methodology

Shan W, Zhang Y, Han Y, et al. Optimizing Speech Multi-View Feature Fusion through Conditional Computation[J]. arXiv preprint arXiv:2501.08057, 2025.



Methodology

• The Gradient-sensitive Gating Network (GSGN) :

➢ implements conditional computation for the gradient of parameters

➢ dynamically computes the correlation between heterogeneous features and adjusts the weights of different feature branches 

to achieve optimal fusion.
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➢ consists of an acoustic encoder with 12 layers, a textual encoder and decoder with 6 layers each, and a fusion layer.
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• The Gradient-sensitive Gating Network (GSGN) :

➢ implements conditional computation for the gradient of parameters

➢ dynamically computes the correlation between heterogeneous features and adjusts the weights of different feature branches 

to achieve optimal fusion.

• Architecture:

➢ consists of an acoustic encoder with 12 layers, a textual encoder and decoder with 6 layers each, and a fusion layer.

Methodology

➢(Fusion layer) outputs a weighted sum of the two input features

➢(Gating vector g [∙]) serves as the weight for each input, computed 

based on a linear mapping applied to each input
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Methodology

• The Gradient-sensitive Gating Network (GSGN) :

➢ implements conditional computation for the gradient of parameters

➢ dynamically computes the correlation between heterogeneous features and adjusts the weights of different feature branches 

to achieve optimal fusion.

• Derive:

➢GSGN for Conflicting Gradient

链式求导

（A + B) × C = A × C + B × C (分配律)
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Methodology

• The Gradient-sensitive Gating Network (GSGN) :

➢ implements conditional computation for the gradient of parameters

➢ dynamically computes the correlation between heterogeneous features and adjusts the weights of different feature branches 

to achieve optimal fusion.

• Derive:

➢GSGN for Conflicting Gradient

 𝟏 ∘ 𝒈𝒊 + 𝟏 ∘ 𝒈𝒋 if  cos θ ≥ 0

𝟏 −
𝒈𝒋 cos θ

𝒈𝒊
∘ 𝒈𝒊 + 𝟏 ∘ 𝒈𝒋 else 

Conflicting Projection Non-Conflicting

Yu T, Kumar S, Gupta A, et al. Gradient surgery for multi-task learning[J]. Advances in neural information processing systems, 2020, 33: 5824-5836.

Shan W, Zhang Y, Han Y, et al. Optimizing Speech Multi-View Feature Fusion through Conditional Computation[J]. arXiv preprint arXiv:2501.08057, 2025.

Additional Loss



Methodology

• The Gradient-sensitive Gating Network (GSGN) :

➢ implements conditional computation for the gradient of parameters

➢ dynamically computes the correlation between heterogeneous features and adjusts the weights of different feature branches 

to achieve optimal fusion.

• Derive:

➢GSGN for Instability Gradient

Softmax

Shan W, Zhang Y, Han Y, et al. Optimizing Speech Multi-View Feature Fusion through Conditional Computation[J]. arXiv preprint arXiv:2501.08057, 2025.

Drop



Result 

• Our method :

➢leverages the complementary information between the two features by dynamically adjusting the activation parameters, while 

preventing interference between them

The dimension of the linear projection in g [∙] is ℝ𝑑𝑚𝑜𝑑𝑒𝑙 ∗ 𝑑𝑚𝑜𝑑𝑒𝑙  , 

with the parameters approximating those in an attention layer

Wavlm

Hubert
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• Conflicting and Instability :

➢ Pre-trained model compared to the model trained from scratch

ANALYSIS

Scratch Model: gradient instability 

problem becomes more apparent
Pretrained Model: Gradient Conflict 

Problem Becomes More Obvious

Shan W, Zhang Y, Han Y, et al. Optimizing Speech Multi-View Feature Fusion through Conditional Computation[J]. arXiv preprint arXiv:2501.08057, 2025.

In the model trained from scratch

GSGN not good enough, but 

GSGN+Drop can give better results

In the Pre-trained model 

GSGN performs well, GSGN+Drop 

does not show substantial 

improvement compared to a model 

trained from scratch

Instability

cos 𝜃 change significantly 

Conflicting

A large percentage of cos 𝜃 < 0



ANALYSIS

• g [∙] in pre-trained model and the model training from scratch

Scratch Model：

Since the conflict is not 
severe in the model trained 
from scratch, GSGN relies 
more on S-features during the 
initial stage of training 
(g fbank is relatively small), 
achieving faster convergence.

Pretrained Model：

The conflict problem is more 
pronounced in the pre-
trained model. Therefore, 
during the early stage of 
training, GSGN utilizes more 
Fbank features to ensure 
optimal model 
performance(g fbank is 
relatively large)

Shan W, Zhang Y, Han Y, et al. Optimizing Speech Multi-View Feature Fusion through Conditional Computation[J]. arXiv preprint arXiv:2501.08057, 2025.
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