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Motivation
Sparse autoencoders have shown SAE-based LLM
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Despite great capabilities, LLMs are still
prone to outputting toxic content.

Can sparse autoencoders be used to
detoxify language model generations?
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What kind of tradeoffs does it present - - - - ——— ——- | Activations
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for model fluency and capabilities?
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|ldentification of Features Feature Ablation and Activation Steering

e Sample pairs from ParaDetox dataset e Feature ablation: Set toxic features to zero
[1] and store SAE activations for positive e Constant steering: Steer always using SAE decoder

and negative sentences vector corresponding to toxic features

e |dentify top-K features with highest e Conditional steering: Steer at input-level or token-level if
mean absolute difference in activations feature activation is higher than a given threshold

e Corroborate using Neuronpedia (finer-grained control over interventions)
auto-interpretability explanations e Baselines: Prompting, DPO, LM-Steer, ProFS, LoORA/SFT

Toxicity Reduction

e Constant steering leads to best detoxification, but at the cost of
significant fluency degradation in GPT-2 Small. Outperforms
detoxification baselines at moderate to high steering strengths.

e Conditional steering lags behind constant steering yet
outperforms baselines at high steering strengths, while largely
preserving fluency of generations.

e Feature ablation lags behind steering-based approaches but still Read full paper for further details and

o ) feature-splitting experiments here!
leads to reasonable toxicity reduction and also preserves fluency.
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GPT2 becomes non-fluent, Gemma-2-2B is resistant!

[1] ParaDetox: Detoxification with Parallel Data (Logacheva et al., ACL 2022) Not Affected!



