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Complementary and Interference

« S-features and Spectral features

.  Complementary information exists between the two features, Fbank
features give better performance but slow convergence, S-features
converge faster but have poorer performance.
Interference between two features, direct fusion can not take
advantage of the advantages of each of the two features.

We prevent the problem of conflicting gradients of
different features by constraining the gating weights.

Multi-stage Gropout

* To enhance the model robustness to each input feature and ensure that
all features can be fully utilized, we dynamically sample from three
features during the training stage and input them into the next layer
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Model Settings

Value

Table.1: BLEU scores of the model using only FBanks or S-feature in multiple speech translation direction. Encoder layers 12 Cvdam Zh O'Z;)'gé =098
armu

Textual encoder layers 6 Early stFZ)p -

Better performance FBan ks-only > Performance degradation Textual decoder layers 6

Concatenate : : Hidden size 512 Inference Settings Value
: Relative rapid convergence .

Rapid convergence S-feature-only P J Feedforward size 2048 Ensemble 10

Attention head 8 Beam 5

Gradient-sensitive Gating Network (GSGN)

* Our primary analysis reveals a significant divergence in the update
directions between FBanks and S-feature.
|.  We calculated the cosine similarity between the gradients of the
two features (Figure 3, left) and measured the probability of the
cosine value being less than zero across the entire training set
(Figure 3, right).

Main Results

|.  Our approach achieves fast convergence while guaranteeing model
performance by effectively fusing the two features.

Our approach can achieve better performance than spectral

features when based on a better S-features which from wavim.
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Figure.3: The Cos(0) between two
gradients generated by each feature.

Figure.2: Gradient conflict and
gradient instability.

* We propose a gradient-sensitive gating network (GSGN). The
system consists of an acoustic encoder, a textual encoder and a
decoder, and an fusion layer.

Feature fusion based on conditional computation: Our proposed method
effectively resolves the conflict between the two features, which can provide
comparable performance and average 1.24 times training speed up.
Better S-feature: Improved S-features may lead to greater gains in speech
translation and potentially benefit a wider range of speech processing tasks.
Future work: Enhance the precision of our method, more accurately
measure the relationship between two features.



