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LLMs still hallucinate even with retrieved evidence

● Retrieval-augmented generation (RAG) helps factuality of LLM outputs

● However, the models can still hallucinate information that is not grounded in the 

retrieved context.



Requirements of training/inference resources in existing methods
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Sparse autoencoders can find interpretable features

● Sparse autoencoders (SAEs)1 can disentangle specific, semantically meaningful 

features from the hidden states of LLMs

1 Sparse autoencoders find highly interpretable features in language models. ICLR. 2024.



Do LLMs know when they are hallucinating?
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RAGLen: Faithful RAG via sparse representation probing

RAGLens supports the 

detection, explanation, 

and mitigation of 

unfaithful RAG outputs 

using interpretable 

sparse features



Detection: Performance on RAG hallucination detection

● RAGLens outperforms existing prompting-based, uncertainty-based, internal 

representation-based detectors on self-detection.



Detection: Internal signals vs. self-judgment across models

● LLMs contain sufficient internal knowledge to detect other models’ hallucinations

● The SAE-based detector outperforms each model’s own CoT-style self-judgments



Interpretability: RAGLens discovers interpretable features

● RAGLens discovers features that are most indicative of RAG hallucinations

● RAGLens also illustrates how each feature contributes to the final prediction through 

learned shape functions



Interpretability: Identified features are RAG-specific

● Perturbation on the context validates that feature is specialized for detecting RAG 

hallucinations rather than general hallucination



Mitigation: Mitigating unfaithfulness with RAGLens

● RAGLens can provide post-hoc feedback to LLMs to mitigate hallucinations

○ Both instance-level and token-level feedback effectively reduce hallucinations in the revised output.

○ The token-level feedback enabled by RAGLens interpretability leads to further reductions compared to 

instance-level feedback.



Mitigation: Causal intervention of SAE features

● The identified features not only correlate with RAG hallucination but also play a causal 

role in driving unfaithful generations.



Discussion: LLM layer selection

● The performance trend in layers is consistent among LLMs but varies by task.

○ In the Summary and QA tasks of RAGTruth, the performance peaks around the middle layers

○ The Data2txt task exhibits a comparatively flat performance pattern across layers.



Discussion: Feature extractor comparison

● Pre-activation SAE feature retain more informative signals about RAG hallucinations
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Discussion: Analysis of feature count

● Detection performance drops when fewer features are used.

● MI effectively prioritizes informative features for hallucination detection.



Discussion: Predictor ablation

● GAM consistently outperforms LR and also surpasses more complex models such as 

MLP and XGBoost.
○ The overall contribution of SAE features can be effectively captured in an additive manner.



Thank You!

Homepage: https://gzxiong.github.io/RAGLens

Code: https://github.com/gzxiong/RAGLens

https://gzxiong.github.io/RAGLens
https://github.com/gzxiong/RAGLens
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