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Abstract

While the inconsistency of LLMs is not a novel topic, prior research
has predominantly addressed two types of generative inconsistencies:
i) Randomness Inconsistency: running the same LLM multiple trials,
yielding varying responses; ii) Paraphrase Inconsistency: paraphrased
prompts result in different responses from the same LLM. Randomness
Inconsistency arises from the inherent randomness due to stochastic
sampling in generative models, while Paraphrase Inconsistency is a
consequence of the language modeling objectives, where paraphrased
prompts alter the distribution of vocabulary logits. This research dis-
covers Prompt-Reverse Inconsistency (PRIN), a new form of LLM self-
inconsistency: given a question and a couple of LLM-generated answer
candidates, the LLM often has conflicting responses when prompted “Which
are correct answers?” and “Which are incorrect answers?”. PRIN poses a big
concern as it undermines the credibility of LLM-as-a-judge, and suggests
a challenge for LLMs to adhere to basic logical rules. We conduct a series
of experiments to investigate PRIN, examining the extent of PRIN across
different LLMs, methods to mitigate it, potential applications, and its rela-
tionship with Randomness Inconsistency and Paraphrase Inconsistency.
As the first study to explore PRIN, our findings offer valuable insights into
the inner workings of LLMs and contribute to advancing trustworthy AL

1 Introduction

Large language models (LLMs), despite their strong performance across various domains,
often exhibit behaviors that diverge significantly from human reasoning. One well-known
issue in their generative process is inconsistency. LLM inconsistency is widely recognized
by researchers and users, and it can be mainly categorized into two types:

¢ Randomness Inconsistency: Even when given the same prompt, an LLM may
generate different responses across multiple trials. This randomness arises due to
factors such as sampling stochasticity, model non-determinism, and softmax and
floating-point precision errors in the generation process.

* Paraphrase Inconsistency: When a prompt is rephrased while maintaining the
same meaning, the LLM’s response can still vary. This occurs because the refor-
mulated prompt implicitly alters the probability distribution within the language
model’s objective function.

Beyond generative tasks, LLMs are increasingly used for discriminative reasoning—a crucial
capability in applications such as Al-assisted judging, grading, and evaluation. However,
a fundamental challenge arises: due to generative inconsistencies, LLMs often produce
multiple, conflicting candidate answers for the same question. While the Self-Consistency
method (Wang et al., 2023b) leverages majority voting to mitigate this issue, an alternative
approach is to enhance LLMs’ ability to self-select the correct answer from a given set of
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options. Unfortunately, LLMs also exhibit inconsistency in discriminative reasoning, which
we term Prompt-Reverse Inconsistency (PRIN).

PRIN arises when an LLM is tasked with evaluating multiple answer candidates and de-
termining which are correct or incorrect. As shown in Table 1, LLMs frequently provide
conflicting judgments over the same set of answer choices. This inconsistency raises serious
concerns regarding: The reliability of LLM-as-a-judge: Inconsistencies undermine their
trustworthiness in high-stakes applications, such as automated grading, peer review, and
legal analysis. Fundamental logical inconsistencies: If LLMs frequently violate basic logical
principles when making judgments, their utility as reasoning agents is severely limited.

This paper conducts a systematic

investigation of PRIN in both Y .
close d—gsource and open-source Question: if 7 is an integer and 101 x 1?2 is less than

LLMs, including GPT-4 (Ope- ©°F equal to 10,000, what is the greatest possible

nAl, 2023), Llama-3-8B-Instruct, ~ value of n?

Llama-3.3-70B-Instruct ~ (Meta, = Options: A)7,B)8,C)9, D) 10, E) 11
2024), Falcon-40B (Almazrouei 5
et al., 2023), Qwen 2.5-72B (Team, Direct Prompt: What are the correct answers?
2024), and Mixtral-8x22B-MoE GPT4: “C”

(Jiang et al.,, 2024). We evalu-
ate these models across three
tasks—MATH (Hendrycks et al., GPT4: “C,D, E”
2021), MathQA (Amini et al.,
2019), and EquationInference (Lou  Taple 1: PRIN example from GPT4 (March 28, 2025)
et al., 2024)—spanning various

answer set sizes, context lengths, domains, and difficulty levels (from high school, college,
to PhD-level problems). Specifically, we design experiments to answer the following six
research questions: Q1: How do different LLMs exhibit PRIN ? Qy: How will model randomness
and prompt paraphrasing affect PRIN? Qs: How to mitigate PRIN in LLMs? Q4: How does
PRIN correlate with Randomness Inconsistency and Paraphrase Inconsistency? Qs: How
effective can PRIN be leveraged to enhance task performance? Qg: How does PRIN vary with different
sizes of options?

Reverse Prompt: What are the incorrect answers?

Our findings reveal several key insights. First, PRIN does not positively correlate with
Randomness Inconsistency or Paraphrase Inconsistency, as some LLMs with low levels of
these inconsistencies, such as Llama-3 and Falcon, still exhibit high PRIN. This suggests that
while these models are more deterministic, they fail to maintain logical consistency between
Direct Prompt and Reverse Prompt. Second, PRIN can be mitigated by incorporating explicit
reasoning paths between the question and answer candidates before prompting the LLM to
determine correctness. Additionally, providing explainable information for the negation in
Reverse Prompt further reduces PRIN. Third, combining both Direct Prompt and Reverse
Prompt reasoning can outperform the Self-Consistency approach when selecting the final
answer from a candidate pool. However, this improvement is primarily observed in top-
performing models such as GPT-4 and GPT-40, while weaker models like Llama-3 show
little to no benefit, likely due to their weaker instruction-following capabilities.

Our contributions are threefold: i) this is the first study to discover and conduct an in-
depth analysis of PRIN; ii) we propose effective solutions to mitigate PRIN and explore ways
to leverage it; and iii) our experimental findings not only enhance the understanding of
this non-human-like discriminative behavior in LLMs but also raises critical concerns for
applications where LLMs serve as judges or evaluators.

2 Related Work

This section mainly discusses prior work studying Randomness Inconsistency and
Paraphrase Inconsistency particularly in LLMs.

Randomness Inconsistency. Bubeck et al. (2023) brought attention to the issue of
randomness-induced inconsistency of GPT4. Building on this, Wang & Wang (2025) con-
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ducted a comprehensive evaluation of LLM consistency and reproducibility in finance and
accounting tasks, highlighting the practical consequences of such variability. Similarly,
Atil et al. (2024) systematically examined LLM stability by repeatedly running identical
inputs, revealing up to 10% variation in output accuracy even under deterministic settings.
Beyond quantitative assessment, Lee et al. (2024) explored how these inconsistencies affect
users, finding that while they may reduce perceived Al reliability, they can also enhance
user comprehension by presenting diverse perspectives. To address these issues, Wan
et al. (2025) proposed a sufficiency scoring method that evaluates both local and global
consistency in LLM responses, offering a framework to analyze and mitigate instability
driven by randomness.

Paraphrase Inconsistency. Elazar et al. (2021) explored factual consistency across dif-
ferent query patterns and showed that while some paraphrase forms reliably extracted
factual knowledge, others failed, revealing the model’s paraphrasing sensitivity. Similarly,
Ye et al. (2023) investigated this phenomenon in ChatGPT and found that response accuracy
fluctuated by 3.2% across paraphrased prompts, highlighting the influence of grammatical
and stylistic variations on model behavior. Supporting this line of work, Jang & Lukasiewicz
(2023) documented cases of self-contradictions in ChatGPT and GPT-4 when exposed to
paraphrased questions, confirming that even minor linguistic variations can lead to se-
mantic inconsistencies. Gu et al. (2023) extended this observation to instruction-driven
tasks, demonstrating that LLMs often falter when task instructions vary in form, length, or
abstraction, which further complicates generalization across paraphrased input formats.
In addition to task-specific studies, Liu et al. (2024) provided a broader survey on LLM
trustworthiness, in which they discussed inconsistency as a core reliability issue and empha-
sized the need for robust solutions to mitigate its effects. Complementing these discussions,
recent work has introduced quantitative approaches to analyze and address paraphrase sen-
sitivity. For example, Errica et al. (2024) proposed metrics that measure how minor prompt
variations influence LLM predictions in text classification tasks, offering a fine-grained
assessment of response stability. Further, Ghazarian et al. (2024) examined structural varia-
tions in semantically equivalent prompts and found notable inconsistency in LLM-based
evaluations. They proposed an in-context learning strategy with demonstrations to improve
robustness against paraphrasing. Finally, Mcllroy-Young et al. (2024) tackled a related issue
of order dependency in prompts and introduced Set-Based Prompting, a method designed
to ensure consistent model behavior regardless of the sequence of sub-inputs, offering a
new angle on mitigating paraphrase-driven inconsistencies.

Our Work is the first to explore Prompt-Reverse Inconsistency, not only analyzing this
LLM behavior but, more importantly, proposing simple yet effective methods to mitigate
the issue. Additionally, we examine its connection to Randomness Inconsistency and
Paraphrase Inconsistency, as well as ways to leverage this inconsistency for improved
model reliability.

3 Prompt-Reverse Inconsistency

Problem formulation. Assume the prompt p, and LLM M, multiple trials of M (p) leads
to n distinct answer candidates A = {ay,4, - - - , a, } with each candidate a; derived through
a Chain-of-Thought (Wei et al., 2022b) reasoning path r;. The task now is to figure out the
correct answer from the pool {ay,4,, - - - ,a, } by querying M again. In this work, we study
M'’s discriminative behavior through the following two prompts.

Direct Prompt. Given the prompt p, answer options {al, ap, -+, an}, it asks the correct
one directly, e.g.,

7 Zawi ”

Given this question [problem description] and its answer options: “a1”, “ay”,
, “a,”, please output the correct ones.

Reverse Prompt. Conversely, the models determine the incorrect choices as follows:
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Given this question [problem description] and its answer options: “a;”, “ay”,

“

-+, “a,”, please output the incorrect ones.

PRIN Metric (The lower, the better). Given the entire answer pool A, assuming Direct
Prompt return answer set A ;.. and Reverse Prompt returns Ajeperse, OUr metric is defined
based on this rule: if the correct answer sets derived by both prompts are the same, then
no PRIN.

Therefore, first, the correct answer set by Direct Prompt is Agj.c;. Then the correct answer
set by Reverse Prompt is A \ Areverse. Then we compute the similarity of the two versions of
correct answer sets through F1:

5= Fl(Adirectr A \ Areverse) @)

then the PRIN score is:
PRIN = 1.0 —s 2

Question: Why not define the PRIN score as the similarity between A j,..; and Areperse, i-€.,
F1 (Adirectr Areverse)?

Intuitively, if Agjeer and Ayeperse are completely complementary (e.g., Agirecr = {a1, 2}
and Ayeverse = {a3, a4, ..., a,}), it implies no PRIN. However, in practice, the union of their
answers may not cover the entire answer pool. For instance, if Agjee; = {a1,a2} but
Aveverse = {an—2,a,}, using F1 as a measure would result in F1(Agject, Areverse) = 0.0,
incorrectly indicating no PRIN. This is problematic because Areverse = {42, a1} suggests
that the Reverse Prompt prompt considers {ay,ay,...,a,-3,4,_1} as correct, which clearly
reflects inconsistency to Agje; = {a1,a2}.

4 Experiments

Datasets. We select the following three representative datasets: Math (Hendrycks et al.,
2021): This dataset consists of Math Word Problems, where each question p; is accompanied
by the correct answer a; and a corresponding Chain-of-Thought reasoning path r;. MathQA
(Amini et al., 2019): A multiple-choice math dataset in which each Math Word Problem p is
presented with five answer choices, only one of which is correct. Unlike the Math dataset,
reasoning paths are not provided. Equlnfer (Lou et al., 2024): Designed to simulate the
paper review process, this dataset evaluates equation correctness within a given context in
a scientific paper. Each instance contains four equation candidates, with only one being
correct, along with the surrounding paper context before and after the equation.

This dataset selection demonstrates that the Prompt-Reverse Inconsistency problem arises
in both generative tasks (e.g., MATH) and discriminative tasks (e.g., MathQA and Equlnfer),
highlighting its broader implications. Table 2 summarizes key properties of these datasets.

Format Size | Options | Context | Complexity
MATH p 5,000 | None Short | High School
MathQA | (p; {a1,a2,a3,a4,05}) 2,985 5 Medium College
Equlnfer | (p; {a1,a2,a3,a4}) 1,049 4 Long Ph.D.

Table 2: Summary of three datasets (MATH, MathQA, and Equlnfer).

LLMs. The experiment utilizes a combination of one closed-source model, GPT-4!, along-
side five open-source models: GPT-4 (OpenAl, 2023) Llama-3-8B-Instruct (Llama3) and
Llama-3.3-70B-Instruct (Llama3.3) (Meta, 2024), Falcon-40B (Falcon) (Almazrouei et al.,
2023), Qwen 2.5-72B (Qwen2.5) (Team, 2024), and Mixtral-8x22B-MoE (Mixtral) (Jiang et al.,
2024).

'Due to budget and administrative approval constraints, we cannot report on other closed-source
LLMs.
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MATH MathQA Equlnfer | Mean
GPT4 38.69 38.60 42.65 39.98
Qwen2.5 | 58.41 51.31 70.82 60.18
Mixtral 67.77 63.58 74.83 68.73
Llama3.3 | 80.96 61.17 76.62 72.92
Falcon 71.79 68.69 83.42 74.63
Llama3 74.10 84.08 80.46 79.55

Table 3: PRIN scores for all LLMs (answers to Q7).

Setting. To prepare for the core experiments, we generate answer options for the MATH
dataset, as they are absent in the original benchmark. GPT-4 solves each problem multiple
times to produce five distinct answer choices, each with a Chain-of-Thought path, ensuring
a uniform five-option format for the main experiment. As the Equlnfer has text of both sides
as a problem description and 4 options, due to the token limitation for LLMs, 200 words for
each side of the context are given to LLMs according to the suggestion by Lou et al. (2024).

4.1 ©Qp: How do different LLMs exhibit PRIN?

Table 3 reveals a consistent pattern of PRIN across all evaluated LLMs, highlighting it as a
fundamental and unresolved challenge. GPT-4 exhibits the lowest PRIN scores across all
benchmarks, indicating that its superior instruction-following and reasoning abilities help
mitigate, but not eliminate, inconsistency, as its PRIN still hovers around 40%. Open-source
models, including Qwen2.5, Mixtral, Falcon, Llama3, and Llama3.3, show significantly
higher PRIN values, often exceeding 60% on MathQA and Equlnfer, suggesting that their
reasoning abilities are particularly vulnerable when faced with reversed prompts. Interest-
ingly, Qwen2.5 consistently outperforms other open-source models, possibly due to stronger
instruction tuning, positioning it as the most robust among its peers. Moreover, the compar-
ison between Llama3 and Llama3.3 shows that, despite architectural similarities, Llama3.3
reduces PRIN on MathQA and Equlnfer but unexpectedly worsens on MATH, hinting that
PRIN may be sensitive to domain-specific generalization. The consistently higher PRIN on
Equlnfer across models suggests that this dataset poses unique challenges, likely due to its
demand for nuanced reasoning under prompt reversals. Overall, the results indicate that
while advanced models like GPT-4 alleviate PRIN to some extent, significant inconsistency
persists across all models, pointing to PRIN as a critical barrier to trustworthy reasoning in
LLMs.

42 Q;: How will model randomness and prompt paraphrasing affect PRIN?

In this subsection, we explore if Direct Prompt and Reverse Prompt still show inconsistency
even if we i) paraphrase them (apply Paraphrase Inconsistency), or ii) run them multiple
times (apply Randomness Inconsistency).

First, as Table 4 shows, we paraphrase Direct Prompt and Reverse Prompt introduced in
Section 3 into two new versions.

original paraphrased prompt 1 | paraphrased prompt 2
(v0) (v1) (v2)
Direct Please output the | Please output the Please output the
Prompt correct ones. right ones. appropriate ones.
Reverse Please output the | Please output the Please output the
Prompt incorrect ones. wrong ones. inappropriate
ones.

Table 4: Paraphrased Direct Prompt and Reverse Prompt.

Results of applying paraphrasing: Table 5 presents the effects of prompt paraphrasing on
PRIN scores. The variations in scores indicate the presence of Paraphrase Inconsistency,
demonstrating that LLMs’ responses are influenced by how prompts are phrased. However,
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the changes are relatively minor, suggesting that PRIN remains largely stable across para-
phrased inputs. This implies that while LLMs are somewhat sensitive to different prompt
formulations, their PRIN follows a systematic pattern rather than being highly volatile due
to rewording alone.

MATH MathQA Equlnfer
v0 vl v2 v0 vl v2 v0 vl v2
GPT4 38.69 | 38.81 | 37.22 | 38.60 | 39.48 | 38.14 | 42.65 | 41.89 | 48.34
Qwen2.5 | 58.41 | 56.63 | 60.02 | 51.31 | 50.55 | 58.11 | 70.82 | 71.76 | 69.73
Mixtral 67.77 | 67.29 | 69.10 | 63.58 | 68.04 | 73.31 | 74.83 | 78.32 | 74.47
Llama3.3 | 80.96 | 81.40 | 78.39 | 61.17 | 59.82 | 59.17 | 76.62 | 73.51 | 76.28
Falcon 71.79 | 72.06 | 71.74 | 68.69 | 71.74 | 73.68 | 83.42 | 86.22 | 81.89
Llama3 74.10 | 73.69 | 7291 | 84.08 | 83.40 | 81.88 | 80.46 | 80.76 | 80.86

Table 5: Effect of prompt paraphrasing on inconsistency across tasks.

Next, we conduct five repeated runs of the original Direct Prompt and Reverse Prompt (i.e.,
v0) prompts for each LLM to assess the consistency of their results. Table 6 presents the
mean and standard deviation of PRIN, confirming that PRIN remains stable with only minor
fluctuations across runs. Together, Tables 5-6 demonstrate that PRIN is not an artifact of a
particular choice of Direct Prompt and Reverse Prompt prompts but rather a systematic
issue that persists across a wide range of LLMs.

MATH MathQA Equlnfer
GPT4 38.66+0.29 | 39.54+0.17 | 42.81£0.73
Qwen2.5 | 58.674+0.58 | 52.641+0.41 | 69.75+0.44
Mixtral 67.74£0.42 | 67.08+£0.62 | 74.4240.62
Llama3.3 | 80.81+£0.32 | 59.35+0.64 | 76.361+0.68
Falcon 71.014+0.15 | 68.94+0.58 | 81.16=+0.50
Llama3 74.56+0.35 | 83.93+0.51 | 80.70+0.77

Table 6: PRIN scores when we run Direct Prompt and Reverse Prompt five times.

Question: Table 4 suggests that Reverse Prompt prompts often involve negation. How
well does LLMs’ PRIN align with their performance on a negation-specific task? To inves-
tigate this, we evaluate the LLMs on the negation-focused dataset CONDAQA (Ravichander
et al., 2022) and compare their PRIN scores (“Mean” column in Table 3) with their error rates
on CONDAQA. As shown in Figure 1, the two measures exhibit a strong alignment, with a
Pearson correlation coefficient of 0.67. This result confirms that the core challenge captured
by PRIN is closely related to the models’ difficulty in handling negation.

4.3 Qs3: How to mitigate PRIN in LLMs?

Our Approach: To ensure the broad applicability of our investigation into PRIN, the afore-
mentioned experiments were conducted with each query p paired with a pool of answer
candidates A = {ay,a,...,a,}. However, in real-world scenarios, humans may better
distinguish between Direct Prompt and Reverse Prompt when they understand how each
answer candidate was derived. Motivated by this, our first approach incorporates CoT
reasoning paths r; for each answer candidate a;, allowing for a more informed evaluation of
PRIN. We refer to it as “w/ CoT”.

Our second approach is inspired by the observations (to Q) that discrepancies between
Reverse Prompt and Direct Prompt may arise due to the LLMs’ difficulty in processing
negation in Reverse Prompt. To address this, we enhance the clarity of negation terms by
explicitly explaining their meaning within Reverse Prompt. One simple sentence such as
“please recall that “incorrect options” are simply the options different from the correct ones.” was
added in the end of the Reverse Prompt. The same evaluation metric is then applied to
assess the impact of this intervention. We refer to this approach as “w/ neg-exp”.
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Figure 1: Mean PRIN on three main benchmarks vs. error rates on CONDAQA

Results: Figure 2 demonstrates the ef-
fectiveness of our PRIN mitigation ap- 401 38.24
proaches. Incorporating detailed rea- 351
soning ensures models make informed
decisions based on deeper understand-
ing rather than rote selections. The
empirical evidence highlights the im-
portance of contextual reasoning in im- 1623

proving Al comprehension and reduc- 151 14.24
ing errors. Moreover, reinforcing mod-
els with explicit explanations about

PRIN Score
13
(=)

negation in inverse tasks further de- 57
creases PRIN. Providing clarifications, 0 : : :
especially regarding negation terminol- (p.{ay, -+ an}) W/ Col w/ CoT &

. . 7 . w/ neg-ex
ogy, aids in reducing confusion and g

logical pitfalls, establishing an effective  Figure 2: PRIN score of GPT4 on MATH benchmark
strategy for error reduction. with different mitigation approaches.

4.4 Q,4: How does PRIN correlate with Randomness Inconsistency and Paraphrase
Inconsistency?

Setup. To investigate Q4, we quantitatively assess Randomness Inconsistency and
Paraphrase Inconsistency across various LLMs.

For Randomness Inconsistency, we run Direct Prompt five times and count the number of
distinct answers k, computing the score as k/5. For Paraphrase Inconsistency, we use five
paraphrased versions of Direct Prompt, recording k distinct answers and defining the score
as k/5. Since we already have three paraphrased versions (v0, v1, v2) from Qp, we generate
two additional versions using GPT-4, ensuring a total of five.

We evaluate all three inconsistency types (PRIN, Randomness Inconsistency, and Paraphrase
Inconsistency) on MATH dataset, with lower scores indicating better consistency.

Results. Figure 3 ranks the LLMs based on their PRIN scores and additionally presents
their Randomness Inconsistency and Paraphrase Inconsistency. This analysis aims to
address two key questions:

(i) Why does GPT-4 exhibit higher Randomness Inconsistency and Paraphrase
Inconsistency than most open-source models? Through error analysis, we observed that
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Figure 3: Scores of PRIN, Randomness Inconsistency, and Paraphrase Inconsistency for
LLMs.

MATH MathQA
GPT4 GPT-40 Llama3 | GPT4 GPT-40 Llama3

Equlnfer
GPT4 GPT-40 Llama3

CoT 47.58 50.67 2155|7257 8273  39.03| 34.81 31.27 12.60
Self-Consist. | 55.14 54.72 26.72 | 79.50 85.33 4258 | 36.42 33.94 16.59
PRIN 56.44 56.82  25.98 | 82.04 86.63 4298 | 3737  34.51 16.02

Table 7: Comparing PRIN with CoT and Self-consistency in promoting LLM performance.

GPT-4 tends to follow instructions more faithfully, often formatting its answers using user-
specified patterns such as quotation marks, brackets, or colons, even when options are not
provided. In contrast, open-source models, regardless of size, frequently fail to follow these
formatting instructions and sometimes even terminate generation prematurely without
producing valid answers. As a result, when we extract answer spans from these mod-
els, we often obtain empty outputs. Therefore, the lower Randomness Inconsistency and
Paraphrase Inconsistency of these models are not due to genuine consistency, but rather
stem from consistently producing invalid or incomplete outputs. Importantly, our PRIN met-
ric still penalizes such cases when both Direct Prompt and Reverse Prompt outputs are
empty, maintaining its diagnostic reliability.

(ii) Why does Llama3.3 show lower Randomness Inconsistency but higher Paraphrase
Inconsistency compared to Llama3? We hypothesize that Llama3.3 has been tuned to be-
have more deterministically, which mitigates its randomness-driven inconsistency. However,
Llama3’s poor instruction-following capability prevents its paraphrase inconsistency from
being fully revealed, as it often fails to produce meaningful outputs regardless of paraphras-
ing. In contrast, Llama3.3 generates more valid outputs due to better instruction-following,
thereby exposing its paraphrase inconsistency more clearly.

4.5 Qs: How effective can PRIN be leveraged to enhance task performance?

Our Approach: Beyond analyzing PRIN as an undesired LLM behavior, we explore how the
Direct Prompt and Reverse Prompt can synergize to improve response accuracy. Intuitively,
if both Direct Prompt and Reverse Prompt agree that an answer is correct, its correctness
probability increases. Based on this insight, our approach selects answers only when both
mechanisms indicate correctness.

Setup: Since achieving state-of-the-art performance is not the focus of this study, we
conduct a lightweight comparison against widely used prompting strategies, including
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Chain-of-Thought (CoT) (Wei et al., 2022a) and Self-Consistency (Wang et al., 2023a). In
addition to GPT-4, we include GPT-40, a top-performing LLM, to strengthen our hypothesis,
as these models are more widely deployed in real-world applications.

Results: Table 7 lists the results of PRIN, CoT and Self-Consistency. We found two quick
takeaways:

* PRIN is very effective to promote top-performing LLM performance, e.g., GPT4 and
GPT4o.

e If the LLM is in general weak, PRIN do not help (compared with Self-Consistency
baseline).

We attribute this to the fact that weaker LLMs often struggle with instruction-following,
especially when handling negation. To better understand this phenomenon, we break
down PRIN to further analyze the behavior of Direct Prompt and Reverse Prompt separately.
Figure 4 illustrates how Llama3, a representative weaker model, performs when facing Self-
Consistency, Direct Prompt and Reverse Prompt. Interestingly, Llama3 performs reasonably
well when using Self-Consistency or Direct Prompt, but its performance drops drastically
when only the Reverse Prompt is used. This suggests that weaker models like Llama3 find
Reverse Prompt particularly challenging, likely due to difficulties in processing negations,
which explains why PRIN fails to improve their performance.

60
Self-Consistency
Direct Prompt
501 Reverse Prompt 46.40
4258
40 1 37.45
S
)
s 30 26.72 27.54
=
Q
Q
<
20 1 18.08
104
0 T T
MATH MathQA
Datasets

Figure 4: LLMs performance on MATH and MathQA dataset.

4.6 Qg: How does PRIN vary with different sizes of options?

Setup. For this experiment, MATH

task was given to the GPT4 to derive B ‘ ‘ ‘
multiple CoT answers via multiple tri-
als. The 5K problems of MATH were - 30 - 2
distributed by 4 groups randomly, and ~
each group contains 2,3,4,and 5 distinct &~ oos | |
answer options. We report PRIN for
GPT4 for this question.

20 l l l l

Results. Figure 5 examines the im- 2 3 4' 5
pact of the number of answer options Number of Options
on PRIN. Increasing the number of op-

’ X Figure 5: PRIN score vs. #option
tions tends to raise PRIN scores, yet & P
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models still function within acceptable error limits. This trend underscores the added
complexity introduced by a greater variety of options and highlights areas where ongoing
algorithm and model improvements are necessary. These findings emphasize the challenges
faced by language models in complex decision matrices and open promising avenues for
future enhancements in Al development and deployment.

5 Conclusion

This study provides a comprehensive analysis of Prompt-Reverse Inconsistency in LLMs,
using diverse tasks and models to explore underlying challenges and potential solutions.
By addressing six key questions, our findings stress the importance of integrating reasoning
paths and adapting model architectures to optimize performance and reliability. As Al
models become increasingly integral across domains, our research underlines the neces-
sity of embedding PRIN as a foundational element in model development, ensuring their
applicability across diverse, challenging scenarios.
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