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Motivation

« Sample inefficiency and poor generalization are common issues in
reinforcement learning. Researchers have attempted to enhance
generalization capabilities through data augmentation. However, existing
methods suffer from the following problem: agents cannot effectively
distinguish between noise signals and important pixels in images, causing
their attention to be diverted to non-critical features.



Main idea

- To address the issue of agents’ inability to effectively distinguish
between noise signals and important pixels in images, we
propose using attention mechanisms to identify and extract key
features, and employ a mask decoder network to map these
features onto the input states as masks.

- To address the issue of insufficient training data and prevent
suboptimal exploration, we propose introducing noise
perturbations into both observation states and state rewards.

- To enhance the stability of Q values, reduce estimation bias, and
Improve generalization capability, we propose applying
consistency regularization to both the augmented images and
the original state images.
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Fig. 1 An overview of the saliency-extracted Q-value by augmentation (SEQA) framework. The augmented
data 7(s¢) are encoded and decoded to generate M (f,7(s:),a), and the Q-functions of the augmented state
sy and the unaugmented state s;; are regularized consistently to obtain LEEQA(H). Here, () represents the
Hadamard product and & represents addition to (. EMA: exponential moving average
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Fig. 2 Attention model. The detailed design of the attention mechanism is given, including how channel
attention, spatial attention, and mixed attention are implemented

The channel attention weight matrix M.: M, =sig(MLP(MaxPool( X ))+MLP (AvgPool( X)))

The spatial attention weight matrix Mg: M, = sig(f"*"([MaxPool(X ); AvgPool(X)]))

: : : . QK"
The mixed attention weight matrix My. M; = softmax( N )V
k

A complete feature map X,: X, = M. ® M, @ M,
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Fig. 4 Performance on training. SEQA achieves the best performance in almost all environments (References
to color refer to the online version of this figure)



Results
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Fig. 5 Performance on the video hard benchmark. SEQA performers significantly better than the other
algorithms in four environments and slightly worse than the optimal algorithm SGQN in the other two
environments. References to color refer to the online version of this figure



Conclusions

In this paper, we propose SEQA, an algorithm that relies
primarily on three key components: noise augmentation,
mask coverage, and consistency regularization. These
components collectively encourage that the agent
concentrates on important features during its decision-making
process while disregarding distract factors.
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