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Abstract

Recent studies have raised significant concerns regarding
the reliability of current mathematical benchmarks, high-
lighting key limitations such as simplistic design and poten-
tial data contamination that undermine evaluation accuracy.
Consequently, developing a reliable benchmark that effec-
tively evaluates large language models’ (LLMs) genuine ca-
pabilities in mathematical reasoning remains a critical chal-
lenge. To address these concerns, we propose RV-BENCH,
a novel evaluation methodology for BENCHmarking LLMs
with Random Variables in mathematical reasoning. Specif-
ically, we develop question-generating functions to produce
random variable questions (RVQs), whose background con-
tent mirrors the original benchmark problems, but with ran-
domized variable combinations, rendering them ‘“unseen”
to LLMs. Models must completely understand the inherent
question pattern to correctly answer RVQs with diverse vari-
able combinations. Thus, an LLMs’ genuine reasoning capa-
bility is reflected through its accuracy and robustness on RV-
BENCH. We conducted extensive experiments on over 30 rep-
resentative LLMs across more than 1,000 RVQs. Our findings
reveal that LLMs exhibit a proficiency imbalance between en-
countered and “unseen” data distributions. Furthermore, RV-
BENCH reveals that proficiency generalization across similar
mathematical reasoning tasks is limited, but we verified that
it can still be effectively elicited through test-time scaling.

Code — https://github.com/DEEP-PolyU/RV-Bench
Extended version — https://arxiv.org/abs/2501.11790

Introduction

The emergence of LLMs has led to impressive results across
a wide range of applications, including machine transla-
tion (Zhang, Haddow, and Birch 2023), text summariza-
tion (Liu et al. 2024), and question answering (Kamalloo
et al. 2023). With advancements in LLMs’ reasoning capa-
bilities (Huang and Chang 2023), their performance on com-
plex real-world challenges such as code generation (Chen
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... Lucy at point (6,1), and Liz at point
(1,7). How many units away is the
farther person from Robert?
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Figure 1: When mathematical problems are presented with
“unseen” random variables, LLMs suffer a significant accu-
racy drop. This discrepancy highlights the limitations of ex-
isting evaluations of the mathematical reasoning of LLMs.

et al. 2021; Hong et al. 2025), planning (Huang et al.
2024), and especially mathematical reasoning and compu-
tation (Romera-Paredes et al. 2024) has become a central
focus within the LLM research community (Zhao et al.
2023). Advanced domain-specific studies on LLMs’ math-
ematical reasoning (Shao et al. 2024) further highlight their
strong potential for addressing real-world challenges. Con-
sequently, numerous promising methods (Luo et al. 2023)
and benchmarks (Zhou et al. 2025d) have been developed to
further enhance and comprehensively evaluate LLMs’ per-
formance on mathematical tasks (Mirzadeh et al. 2025).
However, are existing benchmarks for LLMs’ mathe-
matical reasoning truly reliable? Figure 1 illustrates a dis-
crepancy in the well-known MATH (Hendrycks et al. 2021b)
dataset. In our pilot experiments, powerful LLMs like GPT-
40 (Achiam et al. 2023) perform well on MATH problems
but suffer a significant accuracy drop when answering ques-
tions with identical content but different variable combina-
tions (Mirzadeh et al. 2025), as detailed in the experimental
section. This discrepancy raises two critical concerns about
current evaluation frameworks: 1) Existing benchmarks



may be overly simplistic for contemporary LLMs, as they
typically evaluate performance on fixed-variable problems
with one-step reasoning. LLMs may not truly understand the
problems but rather “guess” the correct answers (Dong et al.
2024; Mirzadeh et al. 2025) to achieve high performance; 2)
Problems in widely-used benchmarks might be encoun-
tered by LLMs during training through data contamina-
tion, enabling models to achieve high accuracy on original
benchmark problems (Ni et al. 2025) without genuinely un-
derstanding the inherent question patterns. These concerns
pose a significant challenge in evaluating the genuine math-
ematical reasoning capabilities of LLMs (Deng et al. 2024).
Advanced studies present in-depth analyses of LLMs’
probabilistic modeling during the reasoning process, obscur-
ing the fact that these models are not genuinely capable
of formal reasoning (Shi et al. 2023; Jiang et al. 2024).
Additionally, potential issues such as data contamination
and overfitting during LLM training have been widely stud-
ied (Balloccu et al. 2024; Xu et al. 2024; Mirzadeh et al.
2025), suggesting that LLMs can “reason” simply by mem-
orizing and replicating the same steps. Given that mathe-
matics is a foundational domain applicable across a wide
range of semantic scenarios, the growing popularity of pub-
licly available datasets like GSM8K (Cobbe et al. 2021)
and MATH (Hendrycks et al. 2021b) increases the risk of
data contamination. Although recent studies on contamina-
tion detection (Chern et al. 2024; Ni et al. 2025) can signal
unreliable results, they fail to reflect LLMs’ genuine perfor-
mance, as data contamination occurs during pretraining and
remains non-intervenable (Kapoor and Narayanan 2023).
The abovementioned phenomenon raises a critical issue:
existing benchmarks may fail to accurately reflect LLMs’
genuine performance on mathematical tasks (Balloccu et al.
2024; Mirzadeh et al. 2025). In this context, effectively eval-
uating LLMs’ genuine mathematical reasoning capabili-
ties remains a significant challenge. As a solution, this pa-
per introduces RV-BENCH, a new evaluation framework for
benchmarking LLMs’ mathematical reasoning through ran-
dom variable questions (RVQs): diverse, “unseen” ques-
tions generated with randomized variable combinations and
algorithmic problems reformulated into mathematical ex-
pressions that remain out-of-distribution for LLMS’ training.
RV-BENCH provides an effective evaluation methodology
that directly addresses the two concerns discussed above.
Specifically, we construct question-generating functions
based on original problems from two selected mathemati-
cal data sources: the MATH (Hendrycks et al. 2021b) test
set and the LeetCode-Math branch. These functions dy-
namically generate instantiated questions with random vari-
able combinations and corresponding answers. The resulting
RVQs are then collected to evaluate LLMs. Unlike existing
mathematical benchmarks (Cobbe et al. 2021; Hendrycks
et al. 2021b), RV-BENCH comprises questions with a wide
range of variable combinations, rather than fixed, static
problems. Furthermore, RV-BENCH provides ‘“unseen”
and out-of-distribution questions, enabling LLMs to
demonstrate genuine mathematical reasoning capabili-
ties even if they have previously encountered the original
problems (Mirzadeh et al. 2025). To achieve high accuracy
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on RV-BENCH, an LLM must completely understand the in-
herent question pattern to correctly answer RVQs, thereby
effectively evaluating its genuine mathematical reasoning
capabilities. Overall, our contributions are listed as follows:

* We propose RV-BENCH, a leaderboard for comprehen-
sively evaluating LLMs’ genuine mathematical reason-
ing capabilities using four well-designed metrics. Our
macroscopic analysis quantifies LLMs’ understanding of
inherent mathematical question patterns.

We reveal a significant accuracy drop when LLMs solve
RVQs compared to the original problems, exposing the
unreliability of existing benchmarks that overlook factors
such as data contamination and randomness.

By analyzing LLMs’ accuracy and robustness on RV-
BENCH, we suggest LLMs acquire partial mathematical
reasoning proficiency, which has limited generalization
but can be effectively elicited through test-time scaling.

Related Work

The rapid advancement of LLMs has triggered the de-
velopment of benchmarks for evaluating their general and
domain-specific capabilities (Chang et al. 2024). General-
purpose benchmarks like MMLU (Hendrycks et al. 2021a),
GLUE (Wang et al. 2018) assess broad tasks such as ques-
tion answering and natural language understanding, while
domain-specific datasets such as GSM8K (Cobbe et al.
2021) and MATH (Hendrycks et al. 2021b) target mathe-
matical reasoning. With the emergence of math-specialized
models like Qwen-Math (Yang et al. 2024) and DeepSeek-
Math (Shao et al. 2024), performance on existing math
benchmarks has reached near-perfect. However, recent ad-
vanced studies like GSM-Symbolic (Mirzadeh et al. 2025)
and PAL (Gao et al. 2023) reveal that such improvements
may arise from pattern replication rather than truly un-
derstanding and reasoning. Our proposed RV-BENCH ad-
dresses this concern by introducing mathematical questions
with random variables, challenging LLMs to beyond memo-
rization and better evaluate their genuine reasoning capabil-
ities. Further related works are in the extended version.

RV-BENCH Construction

Figure 2 provides a sketch workflow for RV-BENCH con-
struction from both the MATH and LeetCode data sources.
In this section, we will provide a brief introduction to the
data sources and question-generating function form of RV-
BENCH, and detail the process in the extended version.

Data Sources & Sampling Strategy

Two selective data sources are used for constructing RV-
BENCH: the MATH test set and the LeetCode-Math branch.
MATH (Hendrycks et al. 2021b) is a well-known dataset that
covers 12,500 challenging mathematics problems targeted at
high-school mathematics competitions. Following the pre-
processing settings of the MATH by PRM800K (Lightman
et al. 2024), we construct 120 question-generating functions
based on randomly and uniformly selected problems from



A N ) A AB=16
/ABC = 90° class Question: JaBc —ope BC=10
def initialization(): o
M AB = random.randint(5, 30) - s _16 —> 0
AB =10 [cos ZABM =? BC = random.randint(5, 30) cos LABM =72 o
def solution(): & BC = 10 €
BY B vC AC = math.sqrt(AB**2 + BC**2)
Be=x BM = AC/2
In right triangle ABC, we have AB = 10, BC = 24, > answer = (AB/2)/BM
and £ABC = 90°. If M is on AC such that BM is a return "{:.2f}".format(answer)
median of triangle ABC, what is cos ZABM?
Solution: def generation():
The Pythagorean Theorem gives us AC = J(AB? + = f"In right triangle ABC, we . @
BC?) = /(100 + 576) = /676 = 26. have..." % (AB, BC) St
The median to the hypotenuse of a right triangle ? A LABC = 90° AB=6
has length half the hypotenuse, so BM = AM, = 501”?0"() A BC=21 o
which means 2ABM = 2BAM. Therefore, we have return {"Question”: question, —>1AB = 6 g N
cos 2ABM = cos 2BAM = cos £BAC = AB/AC = y "Answer": str(answer)} Cos LABM =7 N
10/26 = 5/13. And 5/13 is rounded to 0.38 5 BC = 21 V¢
----- Original Problem -=-=--=--=---- . Threg-sfep . +====-- Generated QA pairs ‘----
Question Functions Construction
2
candies: 6 class Question: ’. ,‘ 4
children: 4 def initialization(): ¥ ﬂ 1
— limitation: 2 num_children = 3 r g% § *
’ ﬂ candy_limit = random.randint(1, 5) — —> 4
total_candies = random.randint(1, num_children *
candy_limit)
def solution(): 4
def ways(remaining, candy_limit, pv ?ﬂ 4
remaining_children_number): g % 1
\ [.] P w»
return ways —> — 1
return ways(total_candies, candy limit, ..)
def generation(): 5
= f"Suppose there are.." % (candy limit, | 4 a
num_children, total_candies) ] ) ﬂ 2
Suppose there are 6 candies and 4 children. Each |/ = solution() > » *
child can receive up to 2 candies. How many ways return {"Question": question, — : S’% —> 10

can you distribute the candies among the children?

"Answer": str(answer)}

Figure 2: The workflows of RV-BENCH are illustrated for the MATH (top) and LeetCode (bottom) data sources. Each question-
generating function (Question) comprises three modules: First, the initialization (init) module randomizes a vari-
able combination. Next, the solution (sol) module computes the corresponding answer. Finally, the generation (gen)
module outputs the instantiated question and its answer, forming a QA pair for the questions utilized in RV-BENCH evaluation.

the test split. LeetCode is a well-recognized platform pro-
viding algorithmic problems for users to practice coding
skills (Coignion, Quinton, and Rouvoy 2024). LeetCode-
Math is a branch that includes algorithmic problems whose
content is designed based on mathematical reasoning and
computation. Our motivation for selecting LeetCode as our
data source comes from its original focus on coding prob-
lems. By transforming these problems into mathematical ex-
pressions, we posit that the resulting formulations are un-
likely to have been encountered during LLMs’ training, ren-
dering them out-of-distribution and effectively “unseen” to
the models. Through a careful review of each problem, we
construct 130 question-generating functions by manually re-
formatting the content with random variables, selected uni-
formly at random. Consequently, the question-generating
functions in RV-BENCH are constructed based on the re-
spective data sources, maintaining similar distributions of
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difficulty, type, and bias as the original dataset.

Question Functions & Difficulty Control

As illustrated in Figure 2, a question function consists of
three modules: init, sol, and gen. These modules are
responsible for instantiating the random variables, solving
the RVQs, and generating the RVQ-A pairs for RV-BENCH,
respectively. To enable a fair comparison between RVQs and
original problems, we implement a strict difficulty calibra-
tion for each question function. Specifically, both the numer-
ical complexity and conceptual difficulty of each RVQ are
manually controlled to ensure consistency, since empirical
studies (Gao et al. 2023) indicated that increasing numerical
magnitude can lead to accuracy drop. However, it primarily
reflects the LLMs’ limited arithmetic capability, rather than
their genuine mathematical reasoning in RVQs. This tailored
calibration minimizes confounding effects arising from dif-



ficulty and inconsistency in RVQs. Further details and anal-
ysis are also provided in the extended version.

Experimental Setups

Datasets. Overall, RV-BENCH comprises 230 question
functions, evenly split between MATH and LeetCode-Math
(115 each). To compare LLMs under random variables
and original settings, we sample the corresponding original
problems for each question function, denoted as MATH-Sp
and LEETCODE-SP, respectively. For each question func-
tion, we construct an RVQ group with five RVQs instan-
tiated using varied variable combinations. In total, 1,150
RVQs are generated from 230 RVQ groups based on the
manually designed question functions in RV-BENCH. These
RVQs are evenly split by data source into MATH-RV and
LEETCODE-RY, both of which are used throughout the pa-
per. More details are listed in the extended version.

Evaluation Metrics. We define four metrics for the evalu-
ation process. Given a set of RVQ groups Qry = {G*) }Zl,
let Qsp denote the corresponding set of original problem
groups. Each RVQ group generated from the i-th question

function is denoted as G(9 = (q](i)) - € Qgy, where n is

Jj=1
the number of RVQs in the group G*). The original problem

corresponding to G is denoted as qélp) € Osp. Let dg-i), ay),

déip), and agip) denote the predicted and ground-truth answers
for q]@ and qélp) , respectively. We further define Ny as the

number of correctly answered RVQs associated with G(*):
1) Exact Match Accuracy (Acc): Measures the correctness
of the answer for each RVQ through strict string matching:

M)

m-n
2) Group Accuracy@n (GA@n): Indicates that all n gen-
erated RVQs are answered correctly in G(*):

2

Acc = (D

m
=1

m

GA@n = )

3) Complete Ratio (CR): Evaluate whether the original

problem is answered correctly and at least 80% of the RVQs

are also correct, as a measure of the model’s understanding:
A Ngoy > [80% - n1)

s

4) Original Only Ratio (OOR): Evaluates whether the orig-
inal problem is answered correctly while at least 80% of the
RVQs are incorrect, indicating the proportion of cases where
the model solves the original but fails on the RVQs:

m
i=1

~ (8

alV (4)

= Qgp
CR =

3

m
i=1

1 (agip) = a§) A Ngo < [20% - n])

m

OOR =

C)
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Implementations. Following LLaMA-3 (Dubey et al.
2024), we use 4-shot prompting from Minerva (Lewkowycz
et al. 2022) as few-shot examples for inference on MATH-
RV and MATH-SP. Similarly, for LEETCODE-RV and
LEETCODE-SP, we randomly select 4 problems out of
LEETCODE-RV and manually craft step-by-step solutions
to serve as the few-shot examples. All the experiments with
open-source LLMs are conducted on an NVIDIA server
with 8 A100 GPUs, while proprietary LLMs are accessed
via APIs provided by their respective official platforms.

Model Selection. The selected models span a diverse
range of LLMs, covering various sizes and families
to enable comprehensive evaluation across multiple di-
mensions. We include open-source LLMs (Dubey et al.
2024), math-specific models (Yang et al. 2024), proprietary
LLMs (Achiam et al. 2023), and large reasoning models
(LRMs) (Guo et al. 2025) in RV-BENCH evaluation. The
detailed list of models is provided in the extended version.

RV-BENCH Learderboard

Table 1 summarizes the performance of various LLMs on
the proposed RV-BENCH. As expected from the metric def-
initions, the performance of a given LLM typically follows
the order: Acc > CR > GA@5. Specifically, higher Acc and
GA @5 indicate stronger performance on RVQs and greater
consistency across RVQ groups, respectively. A higher CR
reflects the model’s more complete understanding of the rea-
soning process underlying both the original problem and its
RV variants. Correspondingly, a higher OOR suggests that
while the model may answer the original problem correctly,
it fails to capture the underlying problem structure, leading
to poor generalization on the RVQs.

LLMs are expected to demonstrate higher Acc, CR, and
GA@5, and are preferably to have lower OOR. Models
that meet this expectation are recognized as having com-
plete question pattern understanding and possessing gen-
uine mathematical reasoning capabilities. Furthermore, the
generally lower GA @5 suggests that while models can solve
individual instances correctly, they struggle to maintain con-
sistency across various variable combinations. To mitigate
the potential impact of numerical complexity on the RVQs’
difficulty, we compared the distribution of computational er-
rors in the RVQs with those in the original problems, as re-
ported in the extended version. The results show that under
the Random Variables setting, LLMs do not experience a
significant increase in computational errors. Accordingly, we
ignore the impact of numerical complexity in the subsequent
experimental analysis and conclusions in this paper.

In detail, 03-mini and DeepSeek-R1 lead significantly
in performance on RV-BENCH, highlighting their excep-
tional mathematical reasoning capabilities. Additionally,
proprietary LRMs such as o1-mini and GLM-Zero-Preview
demonstrate reliable performance. The open-source LRM
QwQ-32B also achieves promising accuracy, surpassing
that of renowned advanced LLMs such as GPT-40 and
Claude-3.5. Large-scale chatLLMs, including Gemini-2.0-
Pro, DeepSeek-V3, and Claude-3.5-Sonnet, achieve strong
results, further supporting the benefits of scaling model



# Models Size MATH-SP MATH-RV LEETCODE-SP LEETCODE-RV RV-BENCH
Acc Ace GA@5 CR OOR (}) Acc Acc GA@5 CR OOR(]) Acc
1 03-mini ~ 97.39  92.52 82.61 87.83 6.09 82.61 77.57 61.74 67.83 6.09 85.05
2 DeepSeek-R1 671B 100.00 92.52 85.22 88.70 6.09 80.00 72.17 52.17 57.39 5.22 82.35
3 ol-mini ~ 90.43 84.00 67.83 80.87 5.22 76.52 66.09 41.74 51.30 6.09 75.05
4 Gemini-2.0-Pro ~ 92.17  84.17 71.30 78.26 8.70 72.17 60.17 34.78 42.61 8.70 72.17
5 DeepSeek-v3 671B 89.57 85.04 72.17 76.52 5.22 66.09 5826 3478 37.39 12.17 71.65
6 GLM-Zero-Preview ~ 92.17  83.13 65.22 7739 6.09 66.96 60.00 35.65 44.35 9.57 71.57
7 QwQ-32B-Preview 32B 91.30 83.83 60.87 79.13 5.22 62.61 58.96 3043 42.61 7.83 71.40
8 Claude-3.5-Sonnet ~ 88.70  80.35 63.48 73.04 6.09 70.43 61.39 35.65 42.61 8.70 70.87
9 Qwen2.5-Max ~ 88.70  81.39 63.48 7478 6.96 72.17 58.43 33.04 42.61 12.17 69.91
10 Qwen2.5-72B-It 72B 87.83 81.04 62.61 76.52 6.09 66.09 58.43 29.57 40.00 10.43 69.74
11 Qwen2.5-32B-It 32B 90.43 80.00 61.74 7391 4.35 69.57 55.48 26.09 39.13 12.17 67.74
12 GLM-4-Plus ~ 86.09 7791 5391 7130 6.96 66.96 55.30 2696 38.26 14.78 66.61
13 ol-preview ~ 80.87  75.83 42.61 59.13 6.96 66.09 54.78 32.17 40.87 9.57 65.31
14 GPT-40 ~ 83.48 76.70 57.39 63.48 6.09 61.74 50.09 20.00 32.17 13.04 63.40
15 Phi-4 14B 7739  72.00 53.04 61.74 8.70 60.00 54.78 26.96 34.78 9.57 63.39
16 Llama-3.3-70B-It 70B 83.48 7443 52.17 62.61 9.57 60.00 45.57 18.26 22.61 15.65 60.00
17 Qwen2.5-7B-It 7B 81.74  71.65 52.17 60.00 8.70 53.91 46.78 20.87 26.09 13.04 59.22
18 Qwen2.5-Math-It 7B 87.83 72770 51.30 62.61 12.17 54.78 3791 1043 17.39 14.78 55.31
19 Qwen2.5-3B-It 3B 82.61 67.65 43.48 60.00 8.70 43.48 37.04 12.17 19.13 14.78 52.35
20 Llama-3.1-70B-It 70B 73.04 6278 39.13 5043 9.57 57.39 40.35 14.78 2348 15.65 51.57
21 Gemma-2-27B-It 27B 66.09 59.13 34.78 4696 6.09 43.48 35.65 13.04 17.39 1391 47.39
22 Phi-3-medium-4k-It 14B 64.35 53.04 2435 35.65 11.30 50.43 3722 870 19.13 1391 45.13
23 Yi-1.5-Chat 34B 64.35 5096 21.74 31.30 11.30 38.26 33.74 870 13.04 13.04 42.35
24 Phi-3-mini-4k-It 3.8B 6348 5026 26.09 3739 14.78 41.74 3426 9.57 1652 11.30 42.26
25 Qwen2.5-7B-Base 7B 66.96 5322 2522 36.52 13.04 48.70 31.13 7.83 12.17 21.74 42.18
26 Gemma-2-9B-It 9B 65.22 5130 30.43 36.52 13.04 38.26 2991 522 12.17 13091 40.61
27 GPT-3.5 Turbo ~ 60.00  48.35 20.87 30.43 11.30 35.65 31.48 9.57 14.78 12.17 39.92
28 Mathstral-7B 7B 59.17 4522 19.13 29.57 14.78 35.65 28.70 696 12.17 11.30 36.96
29 Llama-3.1-8B-It 8B 5739  46.43 2522 3043 16.52 33.04 27.13 696 1043 15.65 36.78
30 DeepSeek-Math-It 7B 59.13  48.17 18.26 33.04 11.30 29.57 2470 6.09 7.83 12.17 36.44
31 Mixtral-8x7B-It-v0.1 46.7B  44.35  33.22 11.30 1391 17.39 41.74 27.65 6.09 9.57 20.00 30.44
32 Llama-3.2-3B-It 3B 50.43 36.70 15.65 22.61 14.78 38.26 23.83 522 9.57 20.00 30.27
33 Llama-3.1-8B-Base 8B 39.13 2452 6.09 12.17 17.39 34.78 21.57 522 7.83 16.52 23.05

Table 1: The RV-BENCH leaderboard for various LLMs includes RVQs from MATH-RV and LEETCODE-RYV. Rankings
are based on RV-BENCH Acc (overall accuracy), which measures the overall exact match accuracy across all RVQs in both
MATH-RYV and LEETCODE-RYV. For intuitive comparison, we also report the accuracy on the original problems, listed under
MATH-SP and LEETCODE-SP. The best and second-best results in each column are highlighted in bold and underlined,
respectively. A tilde (~) in the “Size” column indicates that the model is proprietary and its size is not publicly disclosed. For
the proposed evaluation metrics: Acc, GA@5, and CR, higher values are better; and for ORR ({), lower values are better.

size. In contrast, other open-source LLMs tend to exhibit
mediocre accuracy. In summary, the performance of LLMs
on RV-BENCH remains closely correlated with their under-
lying mathematical reasoning capabilities.

Macroscopic Analysis of RV-BENCH

We further advanced the analysis from a macroscopic per-
spective, considering the LLMs’ accuracy on both RVQs
from MATH-RV and LEETCODE-RV, as well as the origi-
nal problems from MATH-SP and LEETCODE-SP. The CR
and OOR metrics, reported in Table 1, evaluate the model’s
understanding of question patterns by verifying the con-
sistency of accuracy. Specifically, a higher accuracy corre-
lates with a higher CR. Leading models, such as 03-mini
and DeepSeek-R1, achieve nearly 90% CR, demonstrating
that they fully comprehend most of the inherent question
patterns that can effectively handle the associated RVQs.
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For well-performing models, CR and Acc remain largely
consistent, suggesting that only a small subset of question
patterns eludes complete understanding. Conversely, LLMs
with lower performance and fewer parameters exhibit a
higher OOR and a greater variance between CR and Acc.

Since CR and OOR indicate both complete and insuffi-
cient understanding behaviors based on accuracy inconsis-
tencies, we further quantify the degree of the LLMs’ patterns
understanding for comprehensive analysis when LLMs cor-
rectly answer the original problems. Specifically, we assign
a pattern understanding score S to each RVQ group G(9):

1, Ng(q‘,) 2 [08 . ’fl—l
Sg(i) = O, Ng(i) < f0.2 . TL~| . (5)
0.5, otherwise

Different values of Sg reflect varying degrees of LLMs’



Exact Match Accuracy on MATH-RV and LeetCode-RV
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Figure 3: The accuracy drop from original problems to their corresponding RVQs is illustrated. Green data points represent
the drop in accuracy from MATH-SP to MATH-RYV, while pink data points represent the drop from LEETCODE-SP to
LEETCODE-RV. All vertical axis values are computed as the direct difference in accuracy between the original problems and
their corresponding RVQs. Different types of LLMs are indicated by distinct marker shapes, and several representative models
are annotated by name for clarity. A dotted regression line is fitted using the MATH-RV data points, and the shaded region de-
notes the corresponding 95% confidence interval. The Pearson correlation coefficient for the green data points is 7y = —0.72,
indicating a strong negative correlation, while that for the pink data points is 7, = —0.14 with no clear relationship.

understanding of the question pattern corresponding to qé?.

These degrees are categorized as complete understanding
(Sgw = 1), partial understanding (Sg) = 0.5), and col-

lapsed understanding (Sgi) = 0) of qézp), respectively.
Due to space considerations, the detailed visualization of
the average frequency of various understanding behaviors
and the average pattern understanding score of all the LLMs
is provided in the extended version. We directly turn to the
corresponding conclusion. Based on that analysis, we iden-
tify that models with an average score below 0.6 demon-
strate significant inconsistency in their question pattern un-
derstanding. In other words, these models do not perform
genuine mathematical reasoning capability on RV-BENCH.
What can be concluded from the previous observation is
that: the performance of nearly all LLMs on MATH-RYV is
significantly better than their performance on LEETCODE-
RV. One possible reason for this discrepancy is the higher
task difficulty and complexity of LEETCODE-RV and
LEETCODE-SP. Beyond this, we introduce another expla-
nation based on our findings: the mathematical reasoning
capabilities of LLMs partially depend on the data distri-
bution involved in their training, which does not gener-
alize well across mathematical reasoning tasks. Following
our motivation for selecting LeetCode-related data, which
is primarily utilized for enhancing coding skills and kept
“unseen” for mathematical reasoning tasks. For questions in
MATH-RYV, although these RVQs remain new to the LLMs,
it is highly likely that they have encountered MATH train-
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ing sets with same-source problems within the same dis-
tribution to enhance their mathematical reasoning capabili-
ties. Through this, LLMs can develop specific proficiency in
MATH-related data. However, such proficiency is relatively
scarce on LeetCode. Deducing from the performance vari-
ance, this proficiency does not generalize well, even when
directly applied to similar mathematical reasoning tasks.

Accuracy Dropping in RVQs

Figure 3 illustrates the accuracy drop of various LLMs
when transitioning from answering the original problems
in MATH-SP and LEETCODE-SP to solving the RVQs in
MATH-RV and LEETCODE-RV. Each data point in the
scatter plot represents the accuracy drop of a specific LLM
on a particular data distribution. Significantly, all models ex-
hibited varying degrees of accuracy drop introduced by ran-
dom variable setting, ranging from 4% to 16%. The preva-
lence of this accuracy dropping supports our previous con-
cern: the existing benchmark design is overly simplistic for
current LLMs. We consider that matching a single answer
only for a fixed problem is unreliable, as it may neglect
influences such as data contamination and inherent ran-
domness, potentially introducing bias into the final results.
In our proposed RV-BENCH, replacing variables in mathe-
matical problems can lead to significant accuracy deviations.

For the observed data points corresponding to different
question distributions, we intuitively fit a line using the
MATH-related data points. When computing the correlation



coefficient between the accuracy on MATH-RYV and the ac-
curacy drop (measured as the difference between MATH-
Sp and MATH-RV), we obtain 7y = —0.72, indicating
a strong negative correlation: models with lower perfor-
mance tend to exhibit larger accuracy drops. In other words,
higher accuracy on MATH-RV implies better robustness
and consistency across varying variable combinations in
RVQs. By contrast, the correlation coefficient calculated for
the LeetCode-related data points is 1L —0.14, suggest-
ing no clear relationship between the model’s accuracy on
LEETCODE-RYV and its robustness or consistency.

Similarly, we observe that the consistency and robust-
ness of LLMs on RVQs in LEETCODE-RV are significantly
weaker than those in MATH-RV. Beyond the possible ex-
planation of varying task difficulty, we extend the hypothesis
introduced at the end of the previous section: the robustness
and consistency of LLMs in mathematical reasoning are
also partially dependent on data distribution. Proficiency
within a specific data distribution does not generalize well
in terms of robustness and consistency to other, even similar,
mathematical reasoning tasks. In conclusion, we unify these
observations into a potential underlying explanation for the
inconsistency: LLMs obtain certain proficiency in math-
ematical reasoning through training, but this proficiency
is partially distribution-dependent. While it may apply to
similar questions within the same distribution, it does not
generalize reliably across others. This raises an important
question: does such distribution-dependent proficiency truly
reflect genuine mathematical reasoning capability?

Test-time Scaling Elicits Proficiency

The previous section introduced two potential explana-
tions for the inconsistency in model accuracy and robust-
ness across different data distributions: (1) variation in task
difficulty, and (2) the distribution-dependent proficiency
of LLMs. This kind of proficiency presents a critical is-
sue: LLMs tend to replicate reasoning patterns encoun-
tered within a familiar distribution, even when faced with
problems from a different, “unseen” distribution (Mirzadeh
et al. 2025), leading to biased single-turn reasoning. To fur-
ther investigate this phenomenon, we extend our experi-
mental setting by applying test-time scaling, which enables
LLMs to attempt each question multiple times (Brown et al.
2024). Specifically, we evaluate the LLMs’ performance us-
ing pass@k metrics (Chen et al. 2021). For each mathemat-
ical question, the LLM generates P independent answers.
For 1 < k < P, the pass@Fk metric is defined as:
P —c)

W ]

P
k
where c denotes the number of correctly answered questions.
We set P =256 and re-evaluate two selected LLMs: Llama-
3.2-3B-It and GPT-3.5 Turbo using the pass @k metric.
Figure 4 illustrates the pass @k accuracy with multiple at-
tempts. Taking LEETCODE-RYV as an example, with a single
attempt, Llama-3.2-3B-It achieves an accuracy of 26.67%.
However, with up to 10 attempts, its pass@10 accuracy in-
creases substantially to 56.52%. Notably, the upper bounds

PaSS@k’ = IEQuestions ll - (6)
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Figure 4: The accuracy evaluated using the pass@k met-
ric. Each line represents test-time scaling performance for a
given LLM. The solid line denotes accuracy on MATH-RV,
while the dotted line shows accuracy on LEETCODE-RV.

of pass@k performance in LEETCODE-RV align closely
with those in MATH-RYV, reaching approximately 90% at
pass@200. We identify the remaining 10% of questions as
likely representing high-difficulty questions (further discus-
sion is provided in the extended version) that LLMs fail to
solve due to fundamental limitations in their mathematical
reasoning capabilities, possibly constrained in model size.
In other words, improving the performance on these high-
difficulty questions remains beyond the reach of test-time
scaling. Apart from task difficulty, the degree of pass@F im-
provement in the LeetCode distribution is noticeably greater
than in MATH. We refer to this phenomenon as an “elicita-
tion of proficiency generalization in mathematical reason-
ing tasks”. These findings provide indirect support for our
earlier hypothesis: the inconsistency between MATH-RV
and LEETCODE-RYV performance is more likely caused by
LLMs’ imbalance in proficiency between encountered and
“unseen’ data distributions. The generalization of profi-
ciency is not well-established across similar mathematical
reasoning tasks but can be elicited by test-time scaling.

Conclusions

Motivated by significant limitations in existing mathemat-
ical reasoning benchmarks, such as simplistic design and
potential data contamination, we introduce RV-BENCH,
a novel evaluation methodology that leverages RVQs to
more accurately evaluate LLMs’ mathematical reasoning
capabilities. Our findings reveal substantial accuracy drops
when LLMs encounter RVQs that are “unseen” during their
training, highlighting the potential unreliability of existing
benchmarks in truly capturing LLM performance. While
LLMs acquire partial mathematical proficiency during pre-
training and fine-tuning, this proficiency is often tied to spe-
cific data distributions and exhibits limited generalization
across broader mathematical tasks during evaluation. How-
ever, we further demonstrate that test-time scaling can ef-
fectively elicit this generalization. Overall, RV-BENCH pro-
vides a more reliable and effective methodology for eval-
vating LLMs in mathematical reasoning, offering valuable
insights for advancing LLM-based mathematical reasoning
research and its application to real-world challenges.
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