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Abstract

Language models (LMs) are increasingly used
to generate decisions and explanations for high-
stakes financial tasks, but these explanations
can contain factual inconsistencies with the un-
derlying claim or invalid causal reasoning. We
propose a two-step auditing framework that
decomposes each explanation into reasoning
points and verifies them using natural language
inference (NLI): (i) claim ⇒ point for factual-
ity verification and (ii) point ⇒ conclusion for
causality verification. To reduce reliance on ex-
pensive expert annotations, we study effective
fine-tuning strategies based on semi-supervised
learning (SSL) for NLI verifiers, leveraging
abundant unlabeled explanations via pseudo-
labeling and FreeMatch with self-adaptive con-
fidence thresholds. Experiments across small
language models and both encoder-only and
decoder-only verifiers under varying labeling
budgets show that SSL consistently outper-
forms the pre-trained baseline and supervised
fine-tuning. FreeMatch is generally more ro-
bust than simple pseudo-labeling, suggesting
better utilization of unlabeled data for scaling
error detection of LMs’ generations.

1 Introduction

The integration of Generative Artificial Intelligence
(GenAI) into financial services is accelerating, yet
the "Black Box" nature of language models (LMs)
presents significant operational risks (Loughran
and McDonald, 2011). In financial analysis, an ex-
planation that contains a factual error (e.g., stating
“The applicant has no missed payments” when the
recorded history shows delinquencies) or a causal
fallacy (e.g., “Credit score improved due to recent
hard inquiries”) can lead to liability and regulatory
non-compliance. Regulators, such as the U.S. Secu-
rities and Exchange Commission (SEC) and the Eu-
ropean Securities and Markets Authority (ESMA),
have increasingly emphasized explainability and
robust controls to ensure the reliability and accu-

racy of AI-generated outputs in financial services
(U.S. Securities and Exchange Commission, 2024;
European Securities and Markets Authority, 2024).
Consequently, there is a need for automated audit-
ing tools that can validate the model explanations.

Explanation auditing requires fine-grained super-
vision (e.g., point-level decisions for factual and
causal checks), but such labels are expensive in fi-
nance because they must be produced or verified by
domain experts and often require cross-checking
supporting evidence. As a result, labeled datasets
are typically small relative to the volume of avail-
able unlabeled narratives (e.g., model-generated
rationales), creating a bottleneck for training robust
detectors. This motivates semi-supervised learning
(SSL) that leverages abundant unlabeled data to
reduce reliance on manual annotation, as demon-
strated by data-efficient SSL methods (Lee, 2013;
Berthelot et al., 2019; Wang et al., 2023b).

In this study, we enhance GenAI explanation
auditing in financial services under limited super-
vision by combining reasoning-point verification
with label-efficient SSL approaches. Specifically,
we make the following contributions:

1. Reasoning-point auditing for factual and
causal errors. We cast explanation auditing
as binary NLI at the reasoning-point level,
enabling fine-grained identification of which
specific statements contradict the claim (fac-
tual) or fail to support the conclusion (causal).

2. Practical SSL for scarce expert labels. To
reduce reliance on costly domain-expert an-
notation, we leverage unlabeled explanations
using two complementary SSL strategies:
(i) simple pseudo-labeling (Lee, 2013) and
(ii) self-adaptive thresholding via FreeMatch
(Wang et al., 2023b) to scale auditing models
as unlabeled data grows.

3. Realistic evaluation. We evaluate across mul-
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Figure 1: Factual error detection with labeling budget for encoder-only and decoder-only NLI verifiers under
different fine-tuning strategies. FPFT: full-parameter fine-tuning. LoRA: Low-Rank Adaptation.

tiple small language models (SLMs) and mul-
tiple labeled-data ratios, demonstrating consis-
tent benefits of SSL for explanation auditing
in data-scarce settings.

2 Related work

2.1 LMs’ Reasoning and Process Supervision

Natural-language rationales can improve LMs’ rea-
soning and make model behavior more auditable in
high-stakes domains (Xie et al., 2023). Chain-of-
thought prompting and self-consistency use step-
by-step reasoning to improve performance (Wei
et al., 2022; Wang et al., 2023a), but such ratio-
nales are not always faithful and can appear plausi-
ble even when the final answer is wrong or biased
(Turpin et al., 2023). This motivates process-level
verification: instead of supervising only final out-
comes, verifiers assess intermediate reasoning steps
to identify unsupported or faulty claims (Cobbe
et al., 2021; Uesato et al., 2022; Lightman et al.,
2024; Wu et al., 2025). Related work studies self-
checking, step-aware verifiers, factuality bench-
marks such as TruthfulQA, and causal-reasoning
evaluations such as CLadder (Miao et al., 2024; Li
et al., 2023; Weng et al., 2023; Lin et al., 2021; Jin
et al., 2023). Our work follows this direction by

verifying each reasoning point for factual consis-
tency (claim ⇒ step) and causal consistency (step
⇒ conclusion) in a unified NLI formulation.

2.2 Semi-Supervised Learning

SSL improves label efficiency by leveraging unla-
beled data alongside a small labeled set. One line of
work uses pseudo-labeling (self-training), turning
high-confidence model predictions into training tar-
gets (Lee, 2013); recent thresholding-based meth-
ods combine this idea with strong augmentation
(FixMatch (Sohn et al., 2020); FlexMatch (Zhang
et al., 2021); FreeMatch (Wang et al., 2023b)). A
second line focuses on consistency regularization,
enforcing stable predictions across perturbations
or over time (Temporal Ensembling (Laine and
Aila, 2017); Mean Teacher (Tarvainen and Valpola,
2017); UDA (Xie et al., 2020)), and can be paired
with representation learning objectives such as con-
trastive losses (Chen et al., 2020; Khosla et al.,
2020). Finally, hybrid frameworks such as Mix-
Match (Berthelot et al., 2019) and ReMixMatch
(Berthelot et al., 2020) explicitly blend pseudo-
labeling with consistency and distribution align-
ment. Despite broad success, SSL is still less ex-
plored for LMs’ explanation auditing, where un-



labeled rationales are plentiful but labels are step-
level and pseudo-label noise can be amplified by
fluent yet incorrect explanations.

3 Methodology

3.1 Problem Formulation

Given a financial claim C and a generated expla-
nation E, we detect factual and causal errors by
casting verification as NLI, as explored in former
explanation reliability analysis (Yuan et al., 2025).

We decompose E into m reasoning points E =
(r1, . . . , rm) and denote the final conclusion as
rconcl.
Factual NLI (Claim ⇒ Point). For each ri,

P
(f)
i = C, H

(f)
i = ri.

Causal NLI (Point ⇒ Conclusion). For each ri,

P
(c)
i = ri, H

(c)
i = rconcl.

We use a binary NLI label set Z =
{Entail,Contradict}. Neutral is ignored be-
cause, under our constructed pairs of premise Pi

and hypothesis Hi, the verifier is expected to
make a decisive judgment between Entail and
Contradict; Neutral typically reflects missing/in-
sufficient evidence rather than correctness, and can
be handled as abstention outside the core detector.

An NLI model fθ predicts

ẑ
(t)
i = argmax

z∈Z
fθ(P

(t)
i , H

(t)
i )[z], t ∈ {f, c},

where ẑ
(f)
i = Contradict flags a factual inconsis-

tency between C and ri, and ẑ
(c)
i = Contradict

flags a causal inconsistency between ri and rconcl.

3.2 NLI verifier

We use three SLMs as gϕ, e.g., Llama-3.2-3B, Phi-
3.5-3.8B, and Gemma-2-2B, to generate an expla-
nation E = gϕ(c) for a financial claim c (Yuan
et al., 2026a). We use GPT-4.1 to split E into m rea-
soning points E = (r1, . . . , rm); the prompts are
detailed in the Appendix. After that, we use an NLI
verifier fθ to predict ẑ ∈ {Entail,Contradict} for
factual and causal pairs. The verifier can be instan-
tiated as either an encoder-only model like BART
or a decoder-only model such as Gemma-2-2B.

3.3 SSL framework

We consider two SSL approaches to leverage unla-
beled explanations. We focus on pseudo-labeling
and FreeMatch because they are simple, model-
agnostic drop-in objectives for text NLI: they only
require generating pseudo-labels and enforcing pre-
diction consistency under light textual augmenta-
tions, without label-mixing/interpolation. In con-
trast, hybrid methods such as MixMatch (Berthelot
et al., 2019) and ReMixMatch (Berthelot et al.,
2020) rely on interpolation (e.g., MixUp) and dis-
tribution alignment, which are less robust for the
current context where mixing or aggressive pertur-
bations can twist the factual or causal meaning.

3.3.1 Pseudo-labeling
A teacher model fθT generates hard pseudo-labels
ỹ = argmax fθT (x) for unlabeled samples x ∈
DU , and a student fθS is trained on the union of
labeled DL and pseudo-labeled {(x, ỹ)} samples.

3.3.2 FreeMatch
We adopt FreeMatch to perform confidence-
adaptive pseudo-labeling with consistency regu-
larization: a sample is assigned a pseudo-label only
if max fθT (x) exceeds an adaptive threshold, and
the student is trained to make consistent predictions
under weak and strong augmentations. Concretely,
we use the original input as the weak augmentation
and synonym replacement as the strong augmenta-
tion. We also ablate augmentation type and strength
and find that both designs affect performance.

3.4 Dataset

We use the German credit financial classification
dataset (Hofmann, 1994), a widely recognized
benchmark in financial natural language processing
(Xie et al., 2023; Bhatia et al., 2024; Yuan et al.,
2026b). In this dataset, label L = 1 indicates a
good profile and L = 0 represents a bad profile.
We first adopt LMs to generate profile decisions
and corresponding explanations for the samples,
and then focus on detecting factual and causal er-
rors in the generated explanations to facilitate a
more informed understanding of the outputs.

Specifically, we segment each LMs’ explana-
tions into reasoning points and have multiple do-
main experts annotate each point with binary NLI
labels (Entail vs. Contradict) for factual (claim ⇒
point) and causal (point ⇒ conclusion) verification.
We vary the labeling budget by subsampling the
labeled set while keeping the unlabeled set fixed: a
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Figure 2: Causal error detection with labeling budget for encoder-only and decoder-only NLI verifiers under
different fine-tuning strategies. FPFT: full-parameter fine-tuning. LoRA: Low-Rank Adaptation.

ratio of 1.0 uses all labeled data together with all
unlabeled data, while a ratio of 0.5 uses 50% of the
labeled data together with all unlabeled data.

4 Experiments

4.1 Factuality

We first evaluate factual error detection and study
how SSL strategies affect performance under dif-
ferent labeling budgets.

Fig. 1 shows that SSL substantially improved fac-
tual error detection over the pre-trained model and
supervised fine-tuning (FPFT / LoRA (Hu et al.,
2022)) for both models. For each fine-tuning strat-
egy, the benefit of additional supervision exhibited
diminishing returns as the labeling budget increases
(a concave trend). Overall, FreeMatch was consis-
tently competitive and often stronger than pseudo-
labeling at moderate-to-high budgets (≥25%), in-
dicating better control of pseudo-label noise; this
is consistent with higher unlabeled-data utilization
under FreeMatch in Fig. 3 for both verifiers.

4.2 Causality

Fig. 2 shows that SSL fine-tuning also improved
causal error detection over both the pre-trained
baseline and supervised fine-tuning. Consistent

with the factuality, the improvement of return di-
minishes as supervision increases, and FreeMatch
is typically stronger than pseudo-labeling.

For the encoder-only verifier, the marginal ben-
efit of adding SSL over supervised fine-tuning is
relatively modest, whereas the SSL gains are more
pronounced with the decoder-only verifier (lower
panels in Fig. 2), where SSL yields a larger lift
relative to its supervised fine-tuned model. For ex-
ample, under the budget of 50% labeling, Gemma-
2-2b achieved AUPRCs of 0.41 for LoRA, 0.81 for
Pseudolabeling, and 0.82 for FreeMatch.

5 Conclusions

This study contributes to efficient explanation au-
diting for LMs in a high-stakes financial context
by verifying factual and causal correctness at the
reasoning-point level and by showing that semi-
supervised fine-tuning can improve verifiers when
expert labels are scarce. The resulting verifiers
can support governance workflows by triaging gen-
erated rationales for another round of human re-
view, flagging potentially misleading statements,
and monitoring explanation reliability under model
and data drift. Future work should test broader fi-
nancial scenarios, more diverse LMs, lightweight



verifiers, stronger augmentations that preserve fac-
tual and causal meaning based on LMs, etc.
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A Data Preprocessing

The original dataset includes outdated information
and pre-existing bias (Zehlike et al., 2017) that
pose challenges for SLMs. For instance, certain
features are denominated in Deutsche Marks, a cur-
rency that has been obsolete for over two decades;
moreover, SLMs often exhibit limited sensitivity
to numeric reasoning (Mishra et al., 2022). To ad-
dress these issues, we exclude features misaligned
with contemporary SLM development contexts and
convert numeric features into percentile represen-
tations. All processing steps are performed ad hoc
and do not involve any operations related to the
labels, ensuring that performance is not affected
by information leakage. We also conduct all ex-
periments using all minority cases paired with an
equal number of majority cases to avoid the adverse
impact of data imbalance on the analyses.

B Prompt for Point Segmentation

Segmentation Prompt

Role. You are an expert in credit risk assessment with
strong logical reasoning skills.
Task. Given another expert’s assessment, split the reason-
ing into individual sentences, where each sentence repre-
sents a distinct reasoning point.
Requirements. Omit summary sentences that aggregate
reasoning points; do not alter the original wording—only
split the text into separate items.
Transition rules. Split addition, comparison, sequence,
and clarification links; keep the closest contrast, cause,
and emphasis links together; remove the point that directly
states the final good/bad credit conclusion; explicitly re-
solve references such as “these factors.”
Example. Original reasoning: {Original reasoning}.
Structured reasoning: {Structured reasoning}.

C Experimental Details

We obtain 8989 reasoning points from explana-
tions generated by the SLMs and segmented using
GPT-4.1. Among these, 1782 points are manu-
ally annotated by two authors of this paper, each
with more than two years of experience in finan-
cial services. Disagreements are adjudicated by
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Figure 3: Utilization of unlabeled data under different
SSL strategies.

a senior author with more than five years of ex-
perience in financial services. The annotated set
contains 4.04% factual errors and 18.46% causal
errors. We split the labeled points into three folds
for cross-validation, ensuring that all reported eval-
uation results are computed on manually labeled
samples.

For BART, we perform FPFT using AdamW
with a learning rate of 1e-5, weight decay of 0.01,
batch size of 32, and train for 5 epochs. For
Gemma-2-2B, given its larger model size relative to
the encoder-only verifier, we use LoRA with rank
8 and scaling factor 8, and optimize the trainable
parameters using AdamW with a learning rate of
5e-5, weight decay of 0.01, batch size of 4, for 1
epoch. Our code is publicly available on GitHub.1

D Utilization of Unlabeled Data

For BART (Fig. 3a), FreeMatch maintains near-
full utilization throughout training, whereas sim-
ple pseudo-labeling fluctuates noticeably, typically
staying around 0.85–1.0 but dropping to roughly
0.75 in its lowest-utilization epoch. For Gemma-
2-2b (Fig. 3b), FreeMatch again stays close to 1.0
across epochs, while pseudo-labeling exhibits a
bimodal pattern, alternating between very low uti-
lization (about 0.2) and full utilization (about 1.0)

1https://github.com/Han-Yuan-Med/semi-supervised-
learning

and indicating unstable or overly conservative ac-
ceptance of unlabeled samples.

Disclaimer

This paper is provided solely for informational pur-
poses as an academic contribution by the authors
to the research community and does not represent,
reflect, or constitute the views, policies, positions,
or practices of American Express or its affiliates.
Nothing in this paper should be cited or relied upon
as evidence of, or support for, the business views,
policies, positions, or practices of American Ex-
press or its affiliates.
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