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Can LLMs judge the factuality of their own generations?

Prior work (Azaria and Mitchell, 2023) suggests that LLM hidden activations contain a truth signal.

If robust, this would allow LLMs to self-diagnose the factuality of their own generations without relying on external verifiers. [ The Eiffel Tower] This
is in London. doesn’t
Problem: Current approaches cannot properly assess factuality self-evaluation due to unrealistic datasets that do not adhere Sek i seemright.

to the analyzed LLM generative process.

What We Propose:

1. The reproduction of the SAPLMA probe (Azaria and Mitchell, 2023) on Llama-2-7B and OPT-6.7/B;

2. Two new dataset construction pipelines: A Perplexity-based Tabular Sampling and an LLM-based Fact Generation (QA datasets);
3. The assessment of whether hidden states encode factuality signals on LLM-aligned benchmarks.

Reproduction Study: “The internal state of an LLM knows when it’'s lying?” (Azaria and Mitchell, 2023)

= True-False Dataset: Fixed templates, object substitutions across topics;

= SAPLMA: 3-layer MLP (256—128—=64);

= Layer-wise probing: 5 hidden layers (32, 28, 24, 20, 16);

= Training protocol: 5 training epochs, leave-one-topic-out evaluation strategy.

We train each model 20 times to replicate results.
= Reproducibility: Results closely match the original study.
= Performance: Middle layers (16-24) outperform final layers.
= Thresholding: Optimal thresholding boosts accuracy.

Conclusion: SAPLMA is reproducible. Hidden states, especially in middle layers, retain factuality signals.

LLM-alighed dataset construction as a step toward more reliable self-evaluation

Goal: Build LLM-aligned datasets to test an LLM’s ability to judge the truth of its own outputs, an assessment that is unreliable with externally generated True-False sets.
Limitations of the Original True-False Dataset (Azaria and Mitchell, 2023):

= Template rigidity. Fixed patterns curb linguistic diversity and overfit the probe;
= Distribution misalignment. Statements are not drawn from LLM distribution;

= Knowledge mismatch. LLMs cannot judge facts they never saw:;
= Varying cardinality. Statements have different admissible object substitutions.

Proposed Remedies

2. QA-Based Fact Generation
Goal: Build a realistic, diverse true/false factual dataset using LLM-generated
statements, addressing the limitations of template-based generation.

1. Perplexity-based Tabular Sampling
Goal: Improve false statement quality in synthetic datasets via perplexity-guided
sampling.

1. Insert correct entity-property pairs into sentence templates;

2. Replace the property to generate false candidates; compute LLM perplexity;
3. Keep examples where the true statement has low perplexity (top-, k& = «|C|);
4. Retain false candidates whose perplexity is within (1 + g8) of the true’s;

5. Compute scores from perplexity (lower = better); normalize into probabilities;
6. Apply top-k and nucleus sampling to select the final false statement.

1. Begin with a QA dataset Dy, = {(g;,a,)};

2. For each question ¢;, prompt the LLM K times to generate answers {a};
3. An oracle LLM assigns veracity labels v € {0,1}, conditioned on ¢; and a;;
4. Compute the ratio of correct answers p; = mean(v});

5. Select questions with mixed responses where |p, —0.5| < 7

6. Collect the answers and labels that meet this filter: De,cis = {(a, vM)}.

Outcome: Datasets that better reflect the LLM’s learned distribution and enable more reliable evaluation of its self-assessment abilities.

LLMs show signal of factuality, yet struggle on LLM-generated data

We test SAPLMA probe classifiers on two new datasets:

1. Refined True-False dataset with perplexity-based sampling 2. LLM-generated dataset obtained by sampling answers from TriviaQA.
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Conclusion: Factuality appears encoded in LLMs on synthetic data, but fails to generalize to LLM-generated content, revealing the need for more reliable probes.
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