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TL;DR

We propose contrastive sparse autoencoders (CSAE), a novel feature extraction framework based on pairs of activations. Our preliminary study shows
qgualitative and quantitative results attesting that CSAE can extract meaningful planning concepts.

Introduction Activation Maximisation

In this work, we focus on the open-source version of Alpha Zero, Leela Chess  Figure 3 illustrates a feature linked with the concept of rook threat. The shown
Zero [1], interpreting the neural network heuristic in combination with the  board were picked among the samples that most activated the feature.
tree search algorithm.

(a) Board encoding (b) Network backbone
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(a) Rook threat 1 (b) Rook threat 2

Figure 3. The feature activates for both black and white. In (a), the black rook should move
to the red square to check the king, while in (b), the white rook should take the knight.
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Contrastive Sparse Autoencoders

| | Limitations What's Next?
We propose contrastive sparse autoencoders (CSAE), an extension of the dy-
namic concepts introduced in [4], base on SAE. We illustrate their architecture =« SAFE generalisation issues = Train better SAE
in figure 2, which is trained using the base SAE loss, equation 3, augmented = Shallow feature interpretation = Explore variations of models,
by a contrastive loss, equation 4. = Shallow feature relevance layers and CSAE
analysis = Feature extraction benchmark
L contrast =Ky, [HC+ _C_H1"|_ ||d+®d_”1} (4)
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