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Background and Objective
• LM-generated explanations may contain factual errors or invalid causal

reasoning.
• Reliable auditing requires fine-grained expert labels, which are scarce.
• Large volumes of unlabeled model-generated explanations are readily available.
• Objective 1: Build a reasoning-point-level NLI verifier for the detection of

factual and causal errors.
• Objective 2: Use semi-supervised learning to improve verification with limited

expert labels, and test its effectiveness across models and labeling budgets.

Methodology
• Reasoning-point decomposition: Given a financial claim C and an LM-

generated explanation E = (r1, . . . , rm), LLM segments the explanation into
individual reasoning points.

• Two binary NLI verification tasks:
– Factual verification: C ⇒ ri; Contradict indicates a factual error.
– Causal verification: ri ⇒ rconcl; Contradict indicates a causal error.

• NLI verifier training: We compare supervised fine-tuning, pseudo-labeling,
and FreeMatch. FreeMatch uses adaptive confidence thresholds and consistency
regularization to better leverage unlabeled explanations.

• Labeling-budget evaluation: We vary the labeled-data budget 100%, 75%,
50%, 25%, 10% while keeping the unlabeled dataset fixed.

• Verifier architectures: Experiments are conducted with both BART (encoder-
only) and Gemma-2-2B (decoder-only).

Experiments
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Figure 1: Factual error detection across labeling budgets for BART and Gemma-2-2B.
• SSL improves over both the pre-trained baseline and supervised fine-tuning for

both verifiers.
• Gains show diminishing returns as labeling budget increases.
• FreeMatch is generally as good as or stronger than pseudo-labeling, especially

at moderate-to-high budgets.

Causal Error Detection
• SSL also improves causal-error detection over both pre-trained and supervised

baselines.
• At a 50% labeling budget, Gemma-2-2B causal AUPRC increases from 0.41

(LoRA) to 0.81 (Pseudo-labeling) and 0.8 (FreeMatch).
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Figure 2: Causal error detection across labeling budgets for BART and Gemma-2-2B.

Unlabeled-Data Utilization
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Figure 3a. Utilization of unlabeled data for BART.
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Figure 3b. Utilization of unlabeled data for Gemma-2-2B.
• FreeMatch stays close to full utilization across training for both verifiers.
• Pseudo-labeling fluctuates more strongly, especially for Gemma-2-2B, indicating

less stable use of unlabeled data.
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Takeaways
• SSL consistently improves factual and causal error detection in LM-generated explanations.
• FreeMatch is generally more robust than simple pseudo-labeling, with better control of pseudo-label noise and unlabeled-data utilization.
• More labeled data improves NLI verification, but with diminishing returns.


