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Abstract

Large language models (LLMs) are now widely
used in applications that depend on closed-
ended decisions, including automated surveys,
policy screening, and decision-support tools.
In such contexts, these models are typically ex-
pected to produce consistent binary or ternary
responses (for example, Yes, No, or Neither)
when presented with questions that are semanti-
cally equivalent. However, recent studies show
that LLM outputs can be influenced by rela-
tively minor changes in prompt wording, rais-
ing concerns about the reliability of their de-
cisions under paraphrasing. In this paper, we
conduct a systematic analysis of paraphrase ro-
bustness across five widely used LLMs. To
support this evaluation, we develop a con-
trolled dataset consisting of 200 opinion-based
questions drawn from multiple domains, each
accompanied by five human-validated para-
phrases. All models are evaluated under de-
terministic inference settings and constrained
to a fixed Yes/No/Neither response format. We
assess model behavior using a set of comple-
mentary metrics that capture the stability of
each evaluated model. DeepSeek Reasoner
and Gemini 2.0 Flash show the highest sta-
bility when responding to paraphrased inputs,
whereas Claude 3.7 Sonnet exhibits strong in-
ternal consistency but produces judgments that
differ more frequently from those of other mod-
els. By contrast, GPT-3.5 Turbo and LLaMA 3
70B display greater sensitivity to surface-level
variations in prompt phrasing. Overall, these
findings suggest that robustness to paraphras-
ing is driven more by alignment strategies and
reasoning design choices than by model size
alone.

1 Introduction

LLMs have become an enabling technology across
many aspects of life. They can generate natural lan-
guage and assist across a wide range of domains,
including healthcare, education, public policy, and

e-commerce (Naveed et al., 2025; Siino et al., 2025;
Raiaan et al., 2024). However, in many real-world
scenarios LLMs are not mainly used for long-form
text generation. Instead, they are also deployed to
produce direct decisions, typically in the form of
binary or ternary responses such as Yes, No, or Nei-
ther. These decisions can influence significant pro-
cesses, including clinical triage, policy assessment,
and public opinion analysis, making the reliability
and stability of model outputs especially important
(Buhnila et al., 2024; Karanjai et al., 2025). De-
spite their strong performance, LLMs are known
to be sensitive to variations in prompt formulation
(Wang et al., 2021; Errica et al., 2025). Multiple
studies have shown that semantically equivalent
inputs may cause models to generate different out-
puts which slightly differ in wording, syntax, or
structure. This has been examined extensively in
open-ended generation tasks, while it has received
less attention in closed-ended settings. In practice,
even minor rephrasing—such as substituting syn-
onyms or reordering clauses—can lead to changes
in binary judgments, potentially undermining trust
in downstream systems.

This study addresses this gap by systematically
evaluating the robustness of five state-of-the-art
LLMs—OpenAI GPT-3.5 Turbo, Claude 3.7 Son-
net, DeepSeek Reasoner, Google Gemini 2.0 Flash,
and LLaMA 3 70B—when responding to para-
phrased opinion prompts. We construct a dataset
of 200 opinion questions spanning multiple do-
mains, each paired with five LLM-generated and
human-validated paraphrases. Model behavior is
analyzed under controlled conditions using a fixed
Yes/No/Neither response format. By measuring
consistency, agreement, and variability across para-
phrased inputs, this work provides insight into how
different model design and alignment choices influ-
ence decision stability under semantic equivalence.

Our findings provide new insights into how
LLMs respond to paraphrased opinion prompts,
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highlighting both recent progress in improving de-
cision stability and the continued need for careful
evaluation of robustness in closed-ended, decision-
oriented applications.

The remainder of this paper is organized as fol-
lows. Section 2 reviews prior work on LLM robust-
ness, paraphrasing, and opinion-focused question
answering. Section 3 describes the methodology
and experimental setup. Section 4 presents the re-
sults along with a comparative analysis, followed
by discussion, ethical considerations and limita-
tions.

Prior studies have shown that LLM outputs can
change under paraphrased inputs. However, most
existing work primarily examines response stabil-
ity within specific application domains, such as
psychometric questionnaires or political opinion
surveys (Haller et al., 2024). For example, recent
large-scale analyses generate multiple paraphrases
per item and evaluate response validity and sta-
bility across models. While these studies provide
important insights into paraphrase robustness, they
typically focus on domain-specific settings or eval-
uate robustness using a single perspective, such as
response variance or validity.

In contrast, this work systematically measures
sensitivity to paraphrased opinion prompts using
controlled prompt groups and consistency-based
evaluation metrics across multiple modern LLM
families. Rather than evaluating stability only at
the individual prompt level, we analyze consistency
patterns across structured paraphrase groups and
across models. This enables a comparative and
model-agnostic analysis of paraphrase sensitivity
in closed-ended opinion tasks. Furthermore, the
dataset and evaluation framework introduced in
this work are designed to support reproducible
cross-model analysis under semantically equiva-
lent prompt variations, providing a complementary
perspective to prior stability-focused studies.

Fine-tuning and instruction modification are as
important as pretraining when adapting LLMs for
practical deployment (Wu et al., 2025). Instruction
tuning ensures that models behave in accordance
with human intent by training them on carefully
curated prompt–response pairs, often combined
with reinforcement learning from human feedback
(RLHF) (Ouyang et al., 2022). Modern LLMs such
as ChatGPT and Gemini demonstrate that instruc-
tion tuning improves instruction-following, coher-
ence, and safety alignment (Kalla et al., 2023; Deng
et al., 2025; Team et al., 2024). These alignment

and tuning choices strongly influence how models
respond to variations in prompt formulation.

Paraphrasing preserves the semantic meaning
of a question while modifying its surface form
through lexical, syntactic, or grammatical changes
(Bhagat and Hovy, 2013). An increasing body of
research demonstrates that surface-level variations
in prompt wording can significantly influence LLM
behavior. These findings highlight the strong sensi-
tivity of LLMs to prompt phrasing. Paraphrasing is
commonly used to improve model performance and
robustness by rephrasing prompts while preserving
semantic intent. However, this also exposes an im-
portant limitation: semantically equivalent prompts
do not always produce consistent model outputs,
particularly in decision-making and classification
settings. The CheckList behavioral testing frame-
work (Ribeiro et al., 2020) evaluates model robust-
ness using capability-based test suites designed to
expose systematic model weaknesses.Recent stud-
ies further confirm that LLM outputs can vary sub-
stantially across paraphrased prompts, even when
response formats are constrained and tasks are
closed-ended (Haller et al., 2024).

In the context of opinion-focused question an-
swering, paraphrasing introduces additional chal-
lenges beyond sentiment classification, including
the identification of opinion holders. Kim and
Hovy 2005 established opinion-holder recognition
as a ranking problem among candidate entities,
demonstrating that grammatical structure and con-
textual signals are critical for accurate attribution.
Prior work on human respondents has also shown
that paraphrased question formulations can alter
how individuals interpret opinion expressions, af-
fecting categorization and extraction performance
(Uemlianin, 2000). Similarly, studies on LLMs
show that semantically equivalent paraphrases can
lead to different model outputs and reduced deci-
sion stability (Haller et al., 2024).

Paraphrasing also presents challenges for robust-
ness and detection. Prior work shows that adver-
sarial paraphrasing can significantly degrade the
performance of AI-generated text detectors, while
training on paraphrased examples can improve de-
tection robustness (Kurt Pehlivanoğlu et al., 2024;
Lau and Zubiaga, 2025). Beyond automated sys-
tems, prompt formulation has also been shown to
shape human–AI interaction, influencing user trust,
reliance, and decision diversity in mixed human–AI
decision-making settings (Lai et al., 2023; Chen
et al., 2023). Together, these findings demonstrate
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that prompt phrasing affects both model behavior
and downstream human interpretation.

Although previous studies have investigated the
effects of paraphrasing in open-ended generation,
retrieval, detection, and relevance judgment tasks,
comprehensive evaluation of paraphrase robustness
in closed-ended, decision-oriented opinion prompts
remains limited. In particular, the consistency of
fixed Yes/No/Neither responses under controlled
paraphrase variation has not been systematically
evaluated across multiple modern LLM families.
This gap directly motivates the empirical evaluation
presented in this work, which measures response
consistency under controlled paraphrase variation
across diverse LLM architectures.

2 Methodology

This section describes the experimental design used
to evaluate the robustness of large language mod-
els (LLMs) to paraphrased opinion prompts. We
outline the construction of the paraphrase dataset,
the selection of evaluated models, the prompt exe-
cution protocol, and the quantitative metrics used
to measure consistency and agreement.

The experimental setup used in this work was
designed specifically to address the research objec-
tive of measuring paraphrase sensitivity in closed-
ended opinion prompts, rather than directly adopt-
ing a single existing evaluation methodology. How-
ever, the design is conceptually aligned with prior
work on robustness and behavioral evaluation of
NLP systems, which emphasizes evaluating model
behavior under semantically equivalent input trans-
formations and paraphrased prompts (Ribeiro et al.,
2020; Haller et al., 2024).

Building on these evaluation principles, this
work introduces a task-specific framework based
on controlled paraphrase groups and consistency-
based metrics across multiple modern LLM fami-
lies. This enables systematic cross-model compari-
son while maintaining consistency with established
robustness evaluation practices.

All experiments were conducted under con-
trolled and deterministic conditions to ensure that
observed variations in model outputs were at-
tributable to paraphrase differences rather than sam-
pling randomness or decoding variability.

2.1 Data Collection

A set of 200 distinct opinion prompts spanning
technology, public policy, work culture, and ed-

ucation was generated using OpenAI’s ChatGPT-
4o-mini model. Prompt generation was guided by
domain-balanced topic selection to ensure coverage
across major societal and decision-oriented themes.
For each original prompt, five paraphrased variants
were generated using the same model, yielding
a total of 1,200 items (200 original prompts and
1,000 paraphrases). All automatically generated
paraphrases were manually reviewed and verified
by the authors to ensure semantic equivalence with
the original question. To illustrate the nature of the
paraphrasing process, Table 1 presents a represen-
tative example consisting of one original opinion
question and its corresponding paraphrased vari-
ants.

The paraphrase validation process was con-
ducted through manual review by one of the au-
thors to ensure semantic equivalence between each
paraphrased prompt and its corresponding orig-
inal question. During this process, paraphrases
were evaluated for preservation of intent, opinion
framing, and decision context. Paraphrases that in-
troduced semantic drift, ambiguity, or unintended
bias were either corrected or regenerated. Overall,
approximately 7% of the automatically generated
paraphrases required minor manual adjustments
to ensure semantic consistency with the source
prompt.

Because validation was performed by a single
annotator, no inter-annotator agreement metric was
computed. However, a consistent validation proto-
col was applied across all prompts, focusing on se-
mantic equivalence, grammatical correctness, and
preservation of response intent.

To support reproducibility and facilitate future
research, the dataset is publicly released via Hug-
ging Face under the name Paraphrased Opinion
Prompt Sensitivity (POPS) Dataset1

2.2 Model Selection and Specifications

We deliberately selected a diverse set of language
models to capture variation across model size, rea-
soning capability, and deployment properties, as
summarized in Table 2. The selected models rep-
resent diversity across deployment type, reasoning
specialization, and alignment design rather than
strict parameter scale comparisons. The evaluation
includes both open-weight and closed, provider-
managed systems, as well as models optimized

1https://huggingface.co/datasets/mazew2000/
Paraphrased_Opinion_Prompt_Sensitivity_Dataset_
POPS
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1 Original
Opinion
Question

Do you believe higher edu-
cation should be provided
at no cost to students?

2 Paraphrased
Questions

Should governments
eliminate tuition fees for
university-level education?

3 In your opinion, should col-
lege education be free for
everyone?

4 Would it be fair to make uni-
versity education accessible
without financial burden?

5 Do you support the idea of
publicly funded college ed-
ucation for all citizens?

6 Should students have the
right to attend university
without paying tuition fees?

Table 1: Sample Original Opinion Prompt and Corre-
sponding Paraphrased Questions

for general-purpose reasoning and models specifi-
cally designed for structured reasoning tasks. This
diversity enables comparative analysis across per-
formance, operational cost, latency, and real-world
deployment constraints.

As shown in Table 2, Claude 3.7 Sonnet and
GPT-3.5 Turbo represent closed, provider-managed
models designed for strong safety alignment, re-
liability, and production integration. LLaMA 3
70B represents a large open-weight model support-
ing full customization, local deployment, and re-
search flexibility (Ersoy and Erşahin, 2024; Gue
et al., 2024). DeepSeek Reasoner was included
to capture reasoning-specialized behavior under
structured decision tasks, while Gemini 2.0 Flash
represents a low-latency model optimized for real-
time interaction scenarios (Comanici et al., 2025).
Together, these models enable comparative evalua-
tion across differences in deployment architecture,
reasoning behavior, alignment strategy, and system-
level trade-offs.

2.3 Prompt Design and Experimental
Execution

To ensure consistent and deterministic model be-
havior, all prompts were issued under a fixed sys-
tem instruction: “You are a strict yes-or-no an-
swerer. For each question, answer with exactly
‘Yes’, ‘No’, or ‘Neither’. No numbering, no ex-
tra text.” This instruction was applied verbatim to

every request. In addition, the temperature param-
eter was set to 0.0 for all model calls, minimiz-
ing stochastic variation and ensuring that observed
response differences arose from paraphrase varia-
tion rather than sampling randomness. To comply
with rate-limit constraints and maintain execution
stability, prompts were dispatched sequentially in
fixed-size batches of ten, with a 200 ms delay en-
forced between API calls. No parallelization was
employed, ensuring strict request ordering.

2.4 Evaluation Metrics
Four primary metrics were computed for each
model to quantify robustness and comparison under
paraphrase variation.

Consistency Rate (CR). Consistency Rate mea-
sures the proportion of paraphrased responses that
match the majority answer within each question
group. For a question group q with P paraphrases,
it is defined as:

CRq =
1

P

P∑

i=1

I
(
aq,i = amaj

q

)
, (1)

where I(·) is the indicator function. The overall
model consistency is obtained by averaging CRq

across all Q questions.

Pairwise Agreement (PA). Pairwise Agreement
measures the proportion of identical responses pro-
duced by two models M1 and M2 on the same
prompts:

PA(M1,M2) =
1

N

N∑

i=1

I
(
a
(M1)
i = a

(M2)
i

)
, (2)

where N denotes the total number of prompts.

Cohen’s Kappa (κ). Cohen’s Kappa evaluates
agreement between a model’s responses to original
prompts and their paraphrases while correcting for
chance agreement:

κ =
po − pe
1− pe

, (3)

where po is the observed agreement and pe is the
expected agreement under random labeling.

Aggregate Statistics. For each model, the mean
consistency rate and 95% confidence intervals
across question groups were computed to summa-
rize overall robustness and uncertainty in model
responses under paraphrased prompts.
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Attribute Claude 3.7 Son-
net

LLaMA 3 70B DeepSeek Rea-
soner

Gemini 2.0 Flash GPT-3.5 Turbo

Parameters Not publicly dis-
closed

70B (open
weights)

Not publicly dis-
closed

Not publicly dis-
closed

Not publicly dis-
closed

Reasoning Orientation General-use General-use Reasoning-
oriented

Paraphrase-robust General-use

Context Window Large (varies
plan/API)

8k tokens (stan-
dard LLaMA 3)

Varies by offer-
ing/API

Varies by offer-
ing/API

Up to 16k (variant-
dependent)

Inference Cost Moderate–High
(relative)

Moderate
(deployment-
dependent)

Moderate (rela-
tive)

Low (relative) Low (relative)

Latency Low–Moderate
(deployment-
dependent)

Moderate
(hardware-
dependent)

Moderate (rela-
tive; deployment-
dependent)

Low (deployment-
dependent)

Low (deployment-
dependent)

Fine-tuning / Plugins No public fine-
tuning

Fully customiz-
able (open-
weight)

No public fine-
tuning

Limited (prompt-
based)

Supports fine-
tuning and
function calling

Safety & Robustness Provider-aligned
safety tuning

User/deployment
controlled

Provider-
dependent safety

Provider-aligned
safety tuning

Provider-aligned
safety tuning

Primary Strengths Strong reasoning
and writing, long-
context use cases

Open-weight flexi-
bility; on-prem de-
ployment

Reasoning-
centric behavior

Fast interactive re-
sponses

Mature tooling
ecosystem

Ideal Use Cases Document-heavy
workflows, assis-
tants

Research and cus-
tom deployments

Reasoning-
centric evaluation
pipelines

Real-time chat
systems

Prototyping and
assistants

Table 2: Model Selection and Comparative Specifications

3 Results and Comparison

This section presents a quantitative analysis of
how consistently each evaluated language model
responds to paraphrased versions of the same opin-
ion questions. Using multiple complementary met-
rics, we examine both within-model stability and
cross-model alignment under controlled rewording
conditions.

Figure 1 presents the mean consistency rates
across question groups for the five evaluated lan-
guage models together with 95% confidence in-
tervals. Overall, all models exhibit high consis-
tency under paraphrased versions of the same opin-
ion questions, indicating substantial robustness to
superficial prompt rewording. However, measur-
able differences in consistency are observed across
models. DeepSeek Reasoner achieves the high-
est mean consistency rate (approximately 91%),
followed closely by Gemini 2.0 Flash (approxi-
mately 90–91%). Both models also show relatively
narrow confidence intervals, indicating stable be-
havior across paraphrase groups. Claude 3.7 Son-
net demonstrates strong performance with a mean
consistency rate around 90%, though with slightly
higher variability. GPT-3.5 Turbo and LLaMA
3 70B show lower mean consistency and wider
uncertainty ranges, suggesting greater sensitivity
to paraphrase variation. In practical terms, while
all models demonstrate generally robust behavior,

Figure 1: Mean consistency rate across question groups
for each evaluated model with 95% confidence intervals.
Error bars indicate uncertainty in consistency estimates
across paraphrase groups.

DeepSeek Reasoner and Gemini 2.0 Flash exhibit
the most stable response patterns under paraphras-
ing, making them particularly suitable for appli-
cations requiring consistent closed-ended decision
outputs.

Figure 2 illustrates the pairwise agreement ma-
trix across all models, revealing how frequently
two models produce identical responses to the same
prompts. As expected, perfect self-agreement ap-
pears along the diagonal. Among off-diagonal en-
tries, the highest agreement is observed between
GPT-3.5 Turbo and LLaMA 3 70B at 92.9%, in-
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Figure 2: Pairwise Agreement Matrix Between Evalu-
ated Language Models

dicating that these two models frequently reach
the same binary conclusions despite originating
from different providers. High agreement is also
observed between Gemini 2.0 Flash and LLaMA
3 70B, as well as between Gemini 2.0 Flash and
GPT-3.5 Turbo, with values in the 77–79% range.
These results suggest that Gemini’s decision be-
havior aligns closely with that of GPT-3.5 Turbo
and LLaMA 3 70B. DeepSeek Reasoner demon-
strates moderate agreement (approximately 70%)
with most other models, indicating broadly similar
but less tightly coupled decision boundaries. In
contrast, Claude 3.7 Sonnet consistently exhibits
low agreement with all other models, ranging from
33% to 48%. This divergence suggests that Claude
applies a substantially different internal decision
strategy for binary opinion questions. In ensemble
settings, Claude’s outputs may therefore require
careful weighting or fallback mechanisms to avoid
instability arising from inter-model disagreement.
Figure 3 reports each model’s self-consistency us-
ing Cohen’s Kappa (κ), which measures agreement
between responses to original prompts and their
paraphrased variants while correcting for chance
agreement. Claude 3.7 Sonnet achieves the high-
est Kappa score (κ = 0.665), indicating substan-
tial agreement beyond chance and strong internal
stability under paraphrasing. DeepSeek Reasoner
(κ = 0.638) and Gemini 2.0 Flash (κ = 0.642)
follow closely, confirming that these models gen-
eralize their binary decisions reliably across lex-
ical and syntactic variations. By comparison,
LLaMA 3 70B (κ = 0.312) and GPT–3.5 Turbo
(κ = 0.307) fall within the fair agreement range.
While these models still achieve high raw consis-

Figure 3: Self-Consistency of Language Model Outputs
(Cohen’s Kappa)

tency rates, their lower Kappa values indicate that a
larger portion of the observed agreement can be at-
tributed to chance. This suggests greater sensitivity
to paraphrase-induced variation when evaluated un-
der a chance-corrected reliability framework, rather
than implying direct flip probabilities.

Collectively, these results reveal three distinct
robustness profiles:

• High and stable: DeepSeek Reasoner and
Gemini 2.0 Flash.

• High but moderately variable:
Claude 3.7 Sonnet and GPT–3.5 Turbo.

• Lower and highly variable: LLaMA 3 70B.

For applications requiring predictable binary out-
puts under paraphrase variation, DeepSeek Rea-
soner and Gemini 2.0 Flash emerge as the
strongest candidates. Claude 3.7 Sonnet and
GPT–3.5 Turbo remain viable but may benefit from
ensemble voting or post-processing safeguards,
while LLaMA 3 70B should be deployed with ad-
ditional validation mechanisms when phrasing sta-
bility is critical.

4 Discussion and Conclusion

This paper presented a systematic evaluation of
large language model sensitivity to paraphrased
opinion prompts using a controlled dataset and
consistency-based evaluation framework. The re-
sults demonstrate that while modern LLMs exhibit
high overall consistency across paraphrased inputs,
measurable variability remains even under seman-
tically equivalent prompt transformations. These
findings reinforce the importance of considering
prompt formulation as a key factor influencing
model behavior in structured decision tasks.
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Beyond confirming previously observed prompt
sensitivity behavior, this work contributes three
primary advances. First, it introduces a new evalu-
ation setting focused specifically on closed-ended,
decision-oriented opinion prompts, which remain
underexplored compared to open-ended generation
and domain-specific robustness studies. Second, it
proposes a reproducible evaluation methodology
based on controlled paraphrase groups and con-
sistency metrics, enabling systematic cross-model
comparison under deterministic inference condi-
tions. Third, the empirical results provide new
insight into robustness mechanisms, suggesting
that alignment strategies, reasoning specialization,
and deployment design contribute more strongly to
paraphrase robustness than parameter scale alone.

The publicly released Paraphrased Opinion
Prompt Sensitivity (POPS) dataset further supports
reproducibility and future research by enabling
consistent benchmarking of paraphrase robustness
across models and architectures. This resource
allows researchers to extend evaluation beyond
single-prompt testing and toward structured robust-
ness assessment under semantically controlled vari-
ation.

Future work may expand this framework to mul-
tilingual settings, open-ended generation tasks, and
interactive multi-turn decision scenarios. Addition-
ally, integrating human evaluation and uncertainty-
aware benchmarking methods could provide deeper
insight into how paraphrase sensitivity influences
real-world human–AI decision workflows.

Overall, this work highlights the importance of
evaluating LLM robustness not only across tasks
and domains, but also across semantically equiva-
lent prompt formulations. Understanding and im-
proving decision stability under paraphrase vari-
ation will be critical for reliable deployment of
LLMs in real-world decision-support applications.

Limitations

Our evaluation was conducted under a single de-
terministic inference setting with the temperature
fixed to zero, and therefore does not capture how
paraphrase robustness may vary under stochas-
tic decoding conditions. In addition, paraphrased
prompts were generated by a language model and
manually validated, which may not fully reflect the
linguistic diversity of paraphrases produced by hu-
man experts. Exploring robustness across different
inference settings and human-authored paraphrases

is an important direction for future work.
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