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Abstract

We present FINNLI-PARA, a paraphrased ver-
sion of financial natural language inference
(FinNLI). We investigate how much predictions
on FinNLI depend on the particular wording
used to express a financial hypothesis. We gen-
erate three paraphrases for each FinNLI hy-
pothesis and use them to test prediction con-
sistency across eleven model-prompt config-
urations. Models change their predictions on
7.9-12.3% of paraphrased examples, despite
98.35% of paraphrases preserving the original
NLI label, indicating that financial NLI systems
remain sensitive to hypothesis wording.

1 Introduction

Natural language inference (NLI) is the task of
determining whether one statement can likely be
inferred from another (Cooper et al., 1996; Da-
gan et al., 2006; MacCartney and Manning, 2009;
Bowman et al., 2015; Poliak, 2020). In financial
settings, the same underlying proposition can of-
ten be expressed through multiple linguistic for-
mulations. A robust financial NLI system should
therefore reach the same inference when a hypoth-
esis is reformulated without changing its mean-
ing. FinNLI (Magomere et al., 2025) provides
a benchmark for financial NLI, but each exam-
ple contains only a single hypothesis formulation,
so strong benchmark performance does not reveal
whether predictions remain stable when hypotheses
are paraphrased. Robustness to paraphrastic vari-
ability is particularly important in finance, where
equivalent hypotheses may vary in wording across
reports, filings, and earnings calls, while quantities,
comparative direction, modality, and temporal re-
lations must remain unchanged for the inference
relation to hold.

We introduce FINNLI-PARA, a paraphrased ver-
sion of FinNLI. For each hypothesis, we generate
three sentence-level paraphrases — lexical, syn-
tactic, and plain-language reformulations — while
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Premise: “Analysts expect the company’s stock price to increase by
10% if the merger is approved before December 31st.”

Original hypothesis: “The company’s stock price may increase
by 10% if the merger is approved before December 31st.”

Entailment

Lexical: “The company’s stock price could rise by 10% if the
merger is approved before December 31st.”

Entailment

Syntactic: “If the merger is approved before December 31st,
the company’s stock price may increase by 10%.”

Entailment

Plain-language: “The company’s stock price is likely to go up
by 10% if the merger gets approved by December 31st.”

Entailment

Figure 1: Illustrative example of a FinNLI premise and
original hypothesis together with its lexical, syntactic,
and plain-language paraphrases. Because each reformu-
lation preserves the same underlying financial claim, all
four hypotheses retain the same NLI label, Entailment.

keeping the premise and gold NLI label fixed
(Figure 1). Our evaluation complements standard
benchmark performance by asking whether models’
predictions remain stable when the same financial
propositions are expressed differently.

We validate the generated paraphrases through
human annotation and find that 98.35% pre-
serve the original NLI label. We then evaluate
eleven model-prompt configurations spanning fine-
tuned encoder models and instruction-tuned LLMs.
Across all systems, paraphrasing reduces macro-F1
by 1.5-3.4 points and changes 7.9-12.3% of paired
predictions. Syntactic reformulations and neutral
hypotheses produce the highest prediction-change
rates, and changes are substantially more likely to
turn correct predictions into errors than to repair
incorrect ones.

These results show that strong FinNLI perfor-
mance does not imply robustness to alternative
formulations of the same financial hypothesis.
FINNLI-PARA complements conventional bench-
mark evaluation by exposing sensitivity to hypoth-
esis wording that aggregate performance hides.



2 Related Work

Financial natural language inference
FinNLI (Magomere et al., 2025) introduces
a multi-genre financial NLI benchmark spanning
financial reports, filings, and earnings calls. More
broadly, recent work has developed increasingly
comprehensive benchmarks for evaluating lan-
guage models in finance. PIXIU combines a
financial instruction dataset, a finance-specialized
LLM, and a benchmark covering multiple fi-
nancial NLP and prediction tasks (Xie et al.,
2023), while FinBen expands this evaluation
to 42 datasets spanning 24 financial tasks and
evaluates a broad collection of contemporary
LLMs (Xie et al., 2024). InvestorBench extends
financial evaluation further to LLM-based agents
performing financial decision-making tasks across
products and market settings (Li et al., 2025).
Related financial inference tasks address economic
causal reasoning (Guo and Yang, 2024) and claim
verification over long and multimodal financial
documents (Zhao et al., 2024). Together, these
resources demonstrate the growing breadth of
financial language-model evaluation, but they
do not test whether model predictions remain
stable across alternative formulations of the same
financial hypothesis. Building on recent work that
positions NLI as a useful framework for evaluating
modern language models (Madaan et al., 2025),
recent financial NLP work has also used NLI to
detect factual and causal errors in language-model
reasoning (Wu et al., 2025). These applications
further motivate evaluating whether financial
NLI systems themselves remain stable under
meaning-preserving reformulations.

Paraphrase robustness Paraphrases and
semantics-preserving transformations reveal
behavior that aggregate held-out performance can
obscure (Iyyer et al., 2018; Ribeiro et al., 2018,
2020). Prior work documented inconsistent predic-
tions across semantically equivalent inputs (Jang
et al., 2021; Elazar et al., 2021; Rabinovich et al.,
2023; Cho and Watson, 2025; Fu and Barez, 2025)
and showed that paraphrastic variability accounts
for a meaningful fraction of errors in natural
language reasoning systems (Srikanth et al., 2024).
Arakelyan et al. (2024) study semantic sensitivity
in NLI using adversarial surface-form variations
filtered through symmetric entailment from the
evaluated model. More recently, Zgreabin et al.
(2025) introduce MERGE, which constructs

non-adversarial NLI variants through minimal
expression replacement and finds consistency
failures in both fine-tuned NLI models and LLMs.
Our work most closely follows Verma et al.
(2023), who used a T5-based paraphraser fine-
tuned on PAWS (Zhang et al., 2019) to rewrite
examples from the Pascal RTE1-3 challenges (Da-
gan et al., 2006; Bar-Haim et al., 2006; Giampic-
colo et al., 2007). We extend this line of work
to financial NLI by generating lexical, syntactic,
and plain-language hypothesis reformulations. Un-
like approaches that condition generation or vali-
dation on the evaluated NLI model, we generate
paraphrases independently of model predictions
and manually assess them for semantic and NLI-
label preservation. This design tests sensitivity to
broader reformulations without conditioning para-
phrase construction on the evaluated model.

3 FinNLI-Para Construction

Source data We leave the FinNLI training split
unchanged and use the 1,800-example development
split to evaluate the paraphrasing procedure be-
fore applying it to the test set. Because the proce-
dure achieved high semantic-equivalence and label-
preservation rates on the development split, we
apply the paraphrasing procedure to the 1,247 avail-
able examples in the test set.! For each test hypoth-
esis, we generate three reformulations—Iexical,
syntactic, and plain-language—yielding 3,741 para-
phrased hypotheses. To evaluate model robustness,
we compare each model’s prediction on each of the
1,247 original test examples with its predictions on
the three corresponding paraphrased hypotheses.

Controlled paraphrase generation For each
FinNLI hypothesis, we generate three variants: lex-
ical paraphrases primarily change word choice
while retaining approximately the same sen-
tence structure; syntactic paraphrases substantially
change sentence structure, voice, or clause organi-
zation; and plain-language paraphrases express the
proposition more directly while retaining its finan-
cial meaning. Figure 1 illustrates the three variants,
and the prompt is provided in Appendix A.

We generate paraphrases locally using Qwen3
8B through Ollama with temperature 0.8, top-p 0.9,
and top-k 40. The prompt requires preservation of
named entities, numbers, percentages, currencies,

'The publicly released FinNLI test set shared by the au-
thors contains only the Llama-generated portion of the bench-
mark’s full test set.



System Prompt Original FI ParaFl A FI \ Pred. change % Harmful % Helpful %
ROBERTA-LARGE - 73.58 70.86 -2.71 12.16 6.84 4.17
BART-LARGE-MNLI - 74.26 71.65 -2.61 11.20 6.44 3.90
LLAMA 3.3 70B ZS 70.90 68.48 242 7.91 4.70 2.35
LLAMA 3.3 70B ZSAG 76.31 74.04 -2.27 9.76 5.72 3.45
LLAMA 3.3 70B FSAG 78.41 76.31 -2.10 10.29 5.93 3.96
MISTRAL MEDIUM 3.5 ZS 76.61 74.17 -2.44 9.80 5.89 3.35
MISTRAL MEDIUM 3.5 ZSAG 78.23 76.72 -1.50 12.27 6.63 5.21
MISTRAL MEDIUM 3.5 FSAG 79.38 77.32 -2.05 11.28 6.44 4.33
PHI-3 14B ZS 75.31 72.28 -3.03 11.87 6.98 4.22
PHI-3 14B ZSAG 76.44 73.03 341 12.16 7.56 4.04
PHI-3 14B FSAG 75.09 72.72 -2.36 10.26 6.12 3.72

Table 1: Model performance and paraphrase robustness on FinNLI. Original and Para F1 are macro-F1 scores;
Pred. change is the percentage of original-paraphrase pairs with different predictions; Harmful and Helpful denote

correct—incorrect and incorrect—correct changes

dates and units, negation, modality and uncertainty,
comparative direction, quantifiers, and temporal
relations. It explicitly prohibits modifying claims.

The paraphrasing model receives only the hy-
pothesis. Providing the premise could encourage
premise-conditioned rewriting — adding supporting
evidence or correcting a contradictory hypothesis.
Moreover, prior work shows that LLM-elicited NLI
hypotheses can encode systematic label-associated
artifacts (Proebsting and Poliak, 2025). Thus, we
hide the premise and gold label during generation.

Human quality audit We manually evaluated
all three paraphrases for a stratified sample of 585
FinNLI examples, yielding 1,755 new NLI pairs.
The first author judged whether each paraphrase
preserved the original hypothesis meaning and NLI
label when paired with the premise; the second
author spot-checked annotations and adjudicated
ambiguous cases. Overall, 95.90% were judged
semantically equivalent and 98.35% preserved the
original NLI label. As Table 2 shows, label preser-
vation remained high across all three conditions,
ranging from 97.78% for plain-language to 99.15%
for lexical paraphrases. These results support using
the generated reformulations as controlled pertur-
bations for evaluating paraphrase robustness.

Condition Semantic Equivalence. Label Pres.
Lexical 97.27 99.15
Syntactic 96.24 98.12
Plain-language 94.19 97.78

Table 2: Human evaluation of paraphrase quality of
1,755 examples. Values represent percentages.

4 Experimental Setup

We evaluate two encoder-based NLI models,
RoBERTa-large and BART-large-MNLLI, fine-tuned
on the original FinNLI training split using the hy-
perparameters of Magomere et al. (2025). We also
evaluate three instruction-tuned LLMs—Phi-3 14B,
Llama 3.3 70B, and Mistral Medium 3.5—chosen
to span different model families and scales. All
LLMs are run locally through Ollama.

For each LLLM, we evaluate three prompting con-
figurations: zero-shot (ZS), zero-shot with answer
guidance (ZSAG), and few-shot with answer guid-
ance (FSAGQG). In all settings, the model receives
the premise and hypothesis and predicts entailment,
contradiction, or neutral. We use the same prompt-
ing configuration for each original hypothesis and
its three paraphrases, and no model is trained or
adapted on paraphrased examples.

We report F1 on the original and paraphrased
sets and measure robustness using prediction-
change rate, the percentage of original-paraphrase
pairs for which the predicted label changes. We
distinguish harmful changes, where a correct pre-
diction becomes incorrect, from helpful changes,
where an incorrect prediction becomes correct.

5 Results

Table 1 shows that paraphrasing consistently re-
duces performance across all evaluated systems.
Macro-F1 decreases for every model-prompt con-
figuration, with drops ranging from 1.5 points for
Mistral Medium 3.5 under zero-shot answer guid-
ance to 3.4 points for Phi-3 14B under the same con-
dition. Prediction-change rates range from 7.9% to
12.3%, showing substantial instance-level instabil-
ity despite relatively modest aggregate performance



16 Gold label

Prediction change rate (%)

Plain language

Paraphrase type

Figure 2: Prediction-change rate by paraphrase type and
gold NLI label, averaged across systems. Error bars
show standard error of the mean.

degradation. Higher original FinNLI performance
does not guarantee greater paraphrase robustness,
as some of the strongest systems also exhibit rela-
tively high prediction-change rates.

Our model ranking also differs from that re-
ported by Magomere et al. (2025). In their exper-
iments, fine-tuned RoOBERTa-large outperformed
all evaluated LLMs except Llama 3.1 70B. On the
publicly released test set, several LLM configura-
tions outperform RoBERTa-large on both the origi-
nal and paraphrased examples. For example, Mis-
tral Medium 3.5 with few-shot answer guidance
reaches 79.4 macro-F1 on the original examples
and 77.3 on the paraphrases, compared with 73.6
and 70.9 for RoBERTa-large.

Figure 2 shows that prediction changes vary
across paraphrase types and NLI labels. Syntactic
reformulations produce the highest overall change
rates, particularly for contradiction and neutral ex-
amples, while lexical paraphrases generally change
the least. Neutral hypotheses are the most unstable
across all three paraphrase conditions.

Prediction changes are also more harmful than
beneficial. Averaged across systems, 6.3% of
original—paraphrase pairs change from correct to
incorrect, compared with 3.9% that change from
incorrect to correct. Among pairs whose prediction
changes, 58.3% are harmful, 35.7% are helpful,
and 6.0% move between two incorrect labels. Syn-
tactic paraphrases produce the greatest net harm,
at 3.2 percentage points, compared with approx-
imately 2.0 points for lexical and plain-language
reformulations. Although neutral examples have
the highest harmful and helpful change rates, con-
tradiction exhibits the largest net harm at 3.7 points.
Thus, prediction changes under paraphrasing are
more likely to create errors than to correct them.

m Entailment  Contradiction Neutral
rig.

Entailment - 4.18% 29.42%
Contradiction 5.15% - 18.79%
Neutral 27.69% 14.79% -

Table 3: Prediction transitions across all 11 model—
prompt configurations. Cells show the percentage
of paraphrase-induced prediction changes and add to
100.02 due to rounding.

Sensitivity to paraphrase quality To ensure that
prediction instability is not driven by imperfect
paraphrases, we repeat the analysis on the para-
phrases manually judged to preserve both the mean-
ing of the original hypothesis and its NLI label.
Prediction-change rates remain substantial, ranging
from 8.7% to 13.5% across the model-prompt con-
figurations, closely matching and slightly exceed-
ing the 7.9-12.3% range observed in the full evalu-
ation. This result indicates that the observed sen-
sitivity to hypothesis wording persists even when
evaluation is restricted to human-verified meaning-
and label-preserving reformulations.

Prediction transitions Prediction-change rates
do not capture how the inferred NLI relation
changes across specific labels. We analyze the
direction of every paraphrase-induced prediction
change, aggregating across all 11 model-prompt
configurations. For each original-paraphrase pair
whose predicted label differs, we record the tran-
sition from the prediction on the original to the
prediction on the paraphrased hypothesis.

Table 3 shows that these changes overwhelm-
ingly involve the neutral class: 90.69% of all pre-
diction changes cross the neutral boundary, while
only 9.33% directly reverse entailment and contra-
diction. The most common transitions are between
entailment and neutral. This concentration around
the neutral class may reflect the inherently less de-
terminate nature of neutral examples: unlike entail-
ment or contradiction, neutrality often corresponds
to insufficient evidence for either relation (Williams
et al., 2018; Jiang and Marneffe, 2022; Nighojkar
et al., 2023). Models may therefore be particularly
sensitive to surface-form changes when distinguish-
ing neutral hypotheses from those expressing an
entailed or contradicted claim. This pattern is con-
sistent across paraphrase types: 89.3% of lexical,
91.3% of plain-language, and 91.3% of syntactic
prediction changes cross this boundary. Although
syntactic paraphrases produce the highest overall



change rates, they do not disproportionately induce
entailment—contradiction reversals; most changes
still involve the neutral class. Transitions are also
asymmetric, with contradiction—neutral occurring
more often than neutral—contradiction (18.79% vs.
14.79%).

6 Conclusion

We introduced FINNLI-PARA, a human-validated
evaluation of paraphrase robustness in finan-
cial natural language inference. Across eleven
model—-prompt configurations, paraphrasing re-
duced macro-F1 by 1.5-3.4 points and changed
7.9-12.3% of paired predictions. Instability was
greatest for syntactic reformulations and neutral hy-
potheses, and prediction changes were more likely
to turn correct predictions into errors than to repair
incorrect ones. These findings show that strong
FinNLI performance did not guarantee robustness
to alternative formulations of the same financial hy-
pothesis. FINNLI-PARA therefore provides a com-
plementary evaluation of model behavior that is
not captured by aggregate benchmark performance
alone.

7 Limitations

Our study has several limitations. We use a single
LLM to generate paraphrases, and other models
may produce different reformulations. Semantic
and label preservation cannot be guaranteed auto-
matically; however, we mitigate this risk through
human validation. Our lexical, syntactic, and plain-
language categories are operational rather than per-
fectly isolated linguistic transformations. Addition-
ally, human validation was conducted primarily by
a single author rather than through independent an-
notation by multiple annotators. Finally, FinNLI’s
license restricts redistribution of derivative text;
where necessary, we will instead release generation
code, prompts, model configuration, validation pro-
cedures, and permitted metadata.
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A Prompts

We provide the prompt templates used to generate the paraphrases and evaluate LLMs. The prompts to
evaluate the LLLMs are direct copies of the corresponding prompts used in Magomere et al. (2025).

Paraphrase Generation Prompt .

You are paraphrasing a hypothesis from a financial natural language inference
dataset.

Produce three sentences that express exactly the same proposition as the original
sentence:

1. lexical: primarily change word choice;

2. syntactic: substantially change sentence structure;

3. plain_language: express the same proposition more directly.
Strict requirements:

* Do not add or remove any claim or implication.

e Preserve all named entities.

e Preserve all numbers, dates, percentages, currencies, and units.
e Preserve negation.

* Preserve modality and uncertainty, including words such as may, must, likely,
could, and will.

* Preserve comparative direction, including increase/decrease, greater/less,
before/after, and higher/lower.

e Preserve quantifiers such as all, some, most, only, and at least.
* Preserve tense and temporal relationships.

* Do not explain your response.

e Return valid JSON.

Original hypothesis:
{HYPOTHESIS}

Return:

{

n n

"lexical”: "...",
n n

"syntactic": "...",
"plain_language"”: "..."

Zero-Shot (ZS) .

You will be given pairs of sentences: a premise and a hypothesis. Assign one of
the following labels to each pair: ‘entailment’, ‘neutral’, or ‘contradiction’.
Return only the label.

Premise: {premise}

Hypothesis: {hypothesis}

Label:

. J




Zero-Shot w/ Annotation Guidelines (ZSAG)

You will be given pairs of sentences: a premise and a hypothesis. The premise
sentence comes from one of three types of financial texts:

e A company’s SEC filings

e A company’s annual report

* A company’s earnings call transcript
Your task is to assign one of the following labels to each pair based on these
definitions:

e entailment: The truth of the premise guarantees the truth of the hypothesis.

* neutral: The truth of the premise neither guarantees nor contradicts the truth
of the hypothesis.

e contradiction: The truth of the premise guarantees that the hypothesis is
false.

Given the premise and hypothesis below, determine the relationship between the
sentences and return ‘entailment’, ‘neutral’, or ‘contradiction’:

Premise: {premise}

Hypothesis: {hypothesis}

Label:




Few-Shot w/ Annotation Guidelines (FSAG)

You will be given pairs of sentences: a premise and a hypothesis. The premise
sentence comes from one of three types of financial texts:

e A company’s SEC filings
e A company’s annual report

* A company’s earnings call transcript

Your task is to assign one of the following labels to each pair based on these
definitions:

e entailment: The truth of the premise guarantees the truth of the hypothesis.

* neutral: The truth of the premise neither guarantees nor contradicts the truth
of the hypothesis.

e contradiction: The truth of the premise guarantees that the hypothesis is
false.

Here are a few examples:

1. Premise: And then the actual funded balances that we get from various other
lines Hypothesis: The funded balances obtained from various lines are expected
to increase in the next fiscal quarter. Label: neutral

2. Premise: We remember, I think about 126 stores that we’ve already remodeled on
that new store prototype. Hypothesis: The company has completed the remodeling
of approximately 126 stores using the new store prototype. Label: entailment

3. Premise: We maintain allowances for doubtful accounts for estimated losses
resulting from the inability of customers to make required payments.
Hypothesis: We do not anticipate any losses from customers being unable
to make their required payments, so no allowances for doubtful accounts are
maintained. Label:contradiction

Given the premise and hypothesis below, determine the relationship between the
sentences and return ‘entailment’, ‘neutral’, or ‘contradiction’:

Premise: {premise}

Hypothesis: {hypothesis}

Label:
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