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Abstract
Reasoning in large language models has long been a central
research focus, and recent studies employing reinforcement
learning (RL) have introduced diverse methods that yield sub-
stantial performance gains with minimal or even no external
supervision. Surprisingly, some studies even suggest that ran-
dom or incorrect reward signals can enhance performance.
However, these breakthroughs are predominantly observed
for the mathematically strong Qwen2.5 series on benchmarks
such as MATH-500, AMC, and AIME, and seldom transfer
to models like Llama, which warrants a more in-depth in-
vestigation. In this work, our empirical analysis reveals that
pre-training on massive web-scale corpora leaves Qwen2.5
susceptible to data contamination in widely used benchmarks.
Consequently, conclusions derived from contaminated bench-
marks on Qwen2.5 series may be unreliable. To obtain trust-
worthy evaluation results, we introduce a generator that cre-
ates fully clean arithmetic problems of arbitrary length and
difficulty, dubbed RandomCalculation. Using this leakage-
free dataset, we show that only accurate reward signals yield
steady improvements that surpass the base model’s perfor-
mance boundary in mathematical reasoning, whereas random
or incorrect rewards do not. Moreover, we conduct more fine-
grained analyses to elucidate the factors underlying the dif-
ferent performance observed on the MATH-500 and Ran-
domCalculation benchmarks. Consequently, we recommend
that future studies evaluate models on uncontaminated bench-
marks and, when feasible, test various model series to ensure
trustworthy conclusions about RL and related methods.

Extended version — https://arxiv.org/abs/2507.10532

1 Introduction
In recent years, advances in reinforcement learning (RL)
have markedly strengthened the reasoning abilities of large
language models (LLMs). Flagship systems, including
OpenAI’s o1 (OpenAI 2024b, 2025, 2024a), DeepSeek-
R1 (DeepSeek-AI et al. 2025), and QwQ (Qwen Team 2024,
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2025), already match or exceed human-level accuracy on
a variety of challenging benchmarks. Among open-source
contenders that excel in these mathematical benchmarks, the
Qwen family (Yang et al. 2024a,b, 2025), ranging from 0.5B
to 72B and pre-trained on up to 36T high-quality tokens,
produces state-of-the-art results in language understanding,
mathematics, programming, and preference alignment.

Within this landscape, mathematical reasoning emerges
as a particularly discriminative test bed because it demands
precise symbolic manipulation and multi-step logical de-
duction. Standard suites such as MATH-500 (Hendrycks
et al. 2021), AIME (Li et al. 2024), AMC (Li et al. 2024),
and Minerva Math (Lewkowycz et al. 2022) require mod-
els to parse natural-language problem statements, uncover
the latent mathematical structure, and generate exact nu-
meric answers. Recent work has further enhanced this ca-
pability by reinforcement learning with verifiable rewards
(RLVR) (DeepSeek-AI et al. 2025): rule-based reward that
returns 1 when the predicted answer equals ground truth
and 0 otherwise. Because the reward is computed analyt-
ically, RLVR removes the need for a separate learned re-
ward model, lowering computational cost while providing a
precise training signal, especially attractive for domains like
mathematics, where solutions are unambiguous.

Although RL nominally depends on accurate reward sig-
nals to guide training, recent studies (Zuo et al. 2025; Shao
et al. 2025) find that even random or incorrect rewards
can improve Qwen’s performance on standard math bench-
marks, while the same procedures offer little or no benefit to
Llama3.1-8B (Dubey et al. 2024). To understand why these
seemingly problem-agnostic rewards help Qwen but not
Llama, we undertake a systematic comparison of two model
families under identical training protocols. We consider
two working hypotheses to explain this phenomenon. (i)
Data Contamination: Considering Qwen2.5 is pre-trained
on massive web-scale corpora from the Internet, including
GitHub repositories that store benchmark problems along-
side their official solutions. If segments of the evaluation
benchmarks leaked into the pre-training corpus, spurious re-
wards could cue the model to retrieve memorized answers
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Example from MATH-500

Problem: For how many positive integers n > 1 is it true that
224 is a perfect nth power?
Answer: 7

Partial Prompt

Prompt: For how many positive integers n > 1 is

Qwen2.5-7B Output

it true that 224 is a perfect
nth power?
To determine for how many
positive integers n > 1 the
number 224 is a perfect n-th
power...
Let’s count these values.
There are 7 such values...
The final answer is 7 .

Llama3.1-8B Output

the set of positive divisors of
n (including 1 and n) less
than 50 ?
(A) 15 (B) 16 (C) 17 ...
The number of positive divi-
sors of n is given by...
The number of factors of
each of these numbers is...
The answer is (B) 16

Figure 1: Memorization Example of Qwen2.5 on MATH-
500. In this case, the first 40% of the original problem is
used as the prompt, and the generation is performed under
the Greedy (w/o Template) configuration (see Table 1). The
Qwen2.5-7B model accurately reproduces the original ques-
tion verbatim and, moreover, generates a complete and pre-
cise chain of reasoning that yields the correct answer. In con-
trast, Llama3.1-8B produces an incorrect completion and ul-
timately arrives at an incorrect answer.

rather than acquire new reasoning skills. (ii) Strong Math
Capacity: Qwen’s pre-training endows it with better math-
ematical capacity than Llama, so even noisy policy-gradient
updates appear to help on MATH-500. However, if strong
capacity is the real driver, the same spurious rewards should
still work on a clean benchmark. Distinguishing between
these possibilities requires both a leakage audit and a rig-
orously out-of-distribution RLVR evaluation.

To assess the extent of potential data contamination in
popular mathematical benchmarks, we propose two metrics:
partial-prompt completion rate (can the model reconstruct
the tail of a problem?) and partial-prompt answer accu-
racy (can the model give the correct answer with an in-
complete problem?). As shown in Fig. 1, Qwen can indeed
complete the problem accurately and provide the correct an-
swer, whereas Llama fails. Furthermore, prompting with the
first 60% of each MATH-500 problem, Qwen2.5-Math-7B
regenerates the remaining 40% with a 54.60% exact-match
rate and answers 53.6% of these incomplete problems cor-
rectly. In contrast, Llama3.1-8B scores 3.8% and 2.4% on
both metrics. Crucially, on the newly released LiveMath-
Bench (version 202505) (Liu et al. 2024), Qwen’s comple-
tion rate drops sharply to 0.0%, consistent with Llama’s
0.0%. Its partial-prompt answer accuracy also falls to just
2.0%, comparable to Llama’s 1.0%. These results confirm
that Qwen’s pre-training corpus suffers from test data con-

tamination. So, results derived from MATH-500 and similar
datasets for Qwen should be interpreted with caution.

Based on this, we attribute that data contamination is the
main factor behind the ‘magical’ success of spurious re-
wards on Qwen. To test this claim, we first create a clean
benchmark (i.e., RandomCalculation, example shown in
Fig. 2): We use automatic generator to construct arithmetic
expressions of arbitrary length with random operands and
operators, guaranteeing that every instance post-dates the
public release of Qwen. Zero-shot evaluation on this bench-
mark shows no memorization: the accuracy of Qwen2.5 de-
clines monotonically with the number of computation steps.
To isolate the effect of rewards, we next trained Qwen2.5-
Math-7B under the standard RLVR protocol on two sub-
sets. The outcome is unambiguous: Correct rewards deliver
consistent performance gains, surpassing the model’s per-
formance ceiling. In contrast, random rewards make train-
ing highly unstable, yielding no reliable improvement, while
inverse rewards rapidly erode the model’s mathematical-
reasoning ability. These results rule out the ‘Strong Math
Capacity’ hypothesis and directly imply ‘Data Contamina-
tion’: once leakage is removed, spurious gains evaporate.

To further test this hypothesis, we measure the similar-
ity between model outputs before and after RL. In MATH-
500, the pre- and post-RL responses exhibited substantially
higher lexical overlap than in RandomCalculation, indicat-
ing that Qwen inadvertently retrieves its memory and an-
swers during RL with spurious rewards. A more detailed
token-level analysis also supports this: the token-level KL
divergence between the pre- and post-RL models is signif-
icantly lower for MATH-500. These results strengthen our
hypothesis that data contamination leads to successful RL
through spurious rewards on Qwen series. Based on these
findings, we recommend that future work should test on un-
contaminated benchmarks or more diverse model series to
draw trustworthy conclusions about RL-related methods.

Contributions of our work can be summarized as follows:
• We conduct a systematic leakage audit of math bench-

marks with two novel metrics and demonstrate that Qwen
suffers from data contamination on public benchmarks.

• We propose an automatic generator that creates arbitrar-
ily long arithmetic expressions. Zero-shot evaluation on
this dataset exposes the absence of memorization, en-
abling fair assessment of RL methods.

• Using this clean dataset, we conduct RL experiments and
demonstrate that only correct reward yields stable im-
provement, whereas spurious rewards provide no benefit.

• We reveal that spurious rewards solely enable the re-
trieval of memory from pre-training, leading to spurious
performance improvement on MATH-500.

2 Related Works
2.1 RL on Qwen2.5 for Mathematical Reasoning
A growing body of work investigates how reinforcement
learning (RL) can amplify the mathematical-reasoning ca-
pacity of the open-source Qwen2.5 family. Early studies use
verifiable rewards that score an answer as 1 / 0 by exact nu-
merical agreement. Test-time RL (Zuo et al. 2025) applies
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10-Step Calculation

Problem: Evaluate this LaTeX numerical expression step-by-
step and give the final value within \boxed{}:
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Answer: 6490.42220471333

Figure 2: Examples of RandomCalculation dataset.

this signal on-the-fly during inference and yields sizeable
gains on MATH-500 and AIME2024. Subsequent efforts
pursue extreme data efficiency: few labeled (Wang et al.
2025a; Li et al. 2025) or even unlabeled examples (Gao et al.
2025; Zhao et al. 2025a) can suffice to boost performance.
A parallel research replaces external supervision with intrin-
sic signals derived from the model itself: Prabhudesai et al.
(2025); Agarwal et al. (2025) reward low-entropy output dis-
tributions, while Zhao et al. (2025b); Shafayat et al. (2025)
rely on self-consistency or self-certainty as feedback. These
approaches report large jumps on Qwen2.5-Math-7B, occa-
sionally matching or surpassing stronger supervised base-
line. Other variants explore noisy (Lv et al. 2025) or even
random rewards (Shao et al. 2025) for Qwen2.5. However,
these methods fails to transfer to Llama or OLMo (OLMo
et al. 2025), suggesting model-specific idiosyncrasies.

2.2 Factors Influencing Performance on Math
The choice of pretraining corpora plays a crucial role
in shaping the reasoning abilities of LLMs, partic-
ularly in mathematical domains. Several math-specific
datasets (Paster et al. 2024; Han et al. 2024; Wang et al.
2024; Allal et al. 2025) have been proposed and shown to
significantly enhance performance on relevant benchmarks.
Further, Wang et al. (2025b) finds that mid-training Llama
models on high-quality mathematical corpora substantially
improve their capacity, both at the base level and after rein-
forcement learning. However, evaluation of math capability
can be misleading due to potential test data contamination.
Xu et al. (2024) observed that certain widely-used bench-
marks may be partially included in the pretraining corpus of
LLMs, including early versions of Qwen. On the other hand,
Liu et al. (2025) found that omitting dialogue-style prompt-
ing can lead to improved mathematical reasoning. These ob-
servations underscore the presence of multiple confound-
ing factors in evaluating model performance, motivating the
need for rigorous and systematic analysis.

3 Experimental Setup
3.1 Model Selection
Prior researches on mathematical reasoning with LLMs fo-
cus predominantly on the Qwen-2.5 (Yang et al. 2024a,b).

Accordingly, we center our study on four representa-
tive checkpoints from this series: Qwen2.5-7B, Qwen2.5-
7B-Instruct, Qwen2.5-Math-7B, and Qwen2.5-Math-7B-
Instruct. For a controlled comparison, we also evaluate
Llama3.1-8B and Llama3.1-8B-Instruct (Dubey et al. 2024),
which possess comparable parameter counts and thus help
isolate model-specific differences in behavior.

3.2 Evaluation of Memorization Capability
We assess the model’s memorization of benchmark data,
i.e., data contamination, using two metrics: Partial-Prompt
Completion Rate and Partial-Prompt Answer Accuracy.

Specifically, we prompt the model to complete the re-
maining parts of a problem based on partial prefixes. To
evaluate its performance, we use the Partial-Prompt Com-
pletion Rate measured by ROUGE-L (Lin 2004), which
calculates the overlap of the longest common subsequence
between the generated and reference text, capturing fluency
and sentence-level structure. Additionally, we utilize Exact
Match (EM) accuracy, which checks if the model’s output
exactly matches the reference. The final EM score is the
average across all instances. Higher EM indicates a greater
proportion of partial-prompts that model can recall exactly.

Besides, for each question, we supply the model with only
a truncated prompt (e.g., the first 60% of the original prob-
lem) and allow it to generate an unconstrained continuation.
After generation, we check whether the completion contains
the ground-truth answer; if so, the instance is scored as cor-
rect. Partial-Prompt Answer Accuracy is defined as the
fraction of prompts for which the model’s continuation em-
beds the correct answer. A high accuracy indicates that the
model frequently ‘recovers’ the answer even from a partial
problem, which in turn may signal data contamination.

3.3 RLVR-Based Evaluation
Group Relative Policy Optimization (GRPO) (Shao et al.
2024) is adopted as our RLVR algorithm. Formally, for each
question q, GRPO samples a group of outputs {o1, · · · , oG}
from the old policy πθold and then optimizes the policy model
by maximizing the following objective:

J GRPO(θ) = Eq,{oi}G
i=1

1

G

G∑
i=1

1

|oi|

|oi|∑
t=1

{
min

(
ri,tÂi,t,

clip (ri,t, 1− ϵ, 1 + ϵ) Âi,t

)
− βDKL [πθ||πref]

}
,

(1)
where ri,t =

πθ(oi,t|q,oi,<t)
πθold (oi,t|q,oi,<t)

, ϵ and β are hyperparameters,

and Âi,t is the advantage calculated based on the relative
rewards of the outputs inside each group only.

Spurious Reward. Following Shao et al. (2025), we con-
sider following spurious reward types for RLVR:

• Random: assigns 1 with probability γ and 0 otherwise
(γ = 0.5 in our experiments).

• Inverted: flips the correct signal, i.e., 1−correct, so that
correct solutions receive 0 and incorrect ones 1.
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Figure 3: Accuracy on the MATH-500 for Qwen2.5-Math-
7B, Qwen2.5-Math-7B-Instruct, and Llama3.1-8B-Instruct
trained with RLVR under various reward signals. Greedy
and pass@16 scores are reported without template.

• Mv-incorrect: uses the majority-voted incorrect labels
from the model, assigning a reward of 1 when the model
output matches an incorrect label, and 0 otherwise.

4 Results & Analysis
4.1 Spurious Rewards on MATH-500
Following the work of Shao et al. (2025), we replicate
the performance of Qwen2.5-Math-7B and Llama3.1-8B-
Instruct on the MATH-500 benchmark under various reward
signal configurations, using the same experimental setup.
The accuracy curves of MATH-500 are shown in Fig. 3.
Interestingly, the results demonstrate that while random re-
wards and mv-incorrect rewards noticeably boost accuracy
for Qwen2.5-Math-7B, they have little or even adverse im-
pacts on the performance of Llama3.1-8B-Instruct. Addi-
tionally, we apply the same RLVR procedure to Qwen2.5-
Math-7B-Instruct and discover that the resulting gains are
marginal when compared with those of Qwen2.5-Math-7B,
indicating that the two Qwen variants exhibit differential
sensitivity to RLVR under spurious rewards.

Considering the base and instruct variants of Qwen
are trained under different paradigms: the former is pre-
trained as a general language model without exposure to
any dialogue-specific templates, whereas the latter under-
goes an additional instruction-tuning stage on data wrapped
in a fixed dialogue template. This mismatch creates a train-
ing–testing gap for the base model at the start point of
RLVR, and its initial accuracy is therefore likely under-
estimated. Consequently, to obtain a fair estimate of each
model’s starting point, we next measure performance under
four decoding configurations as shown in Tab. 1. The cor-
responding results are summarized in Fig. 4. Surprisingly,
we discover that applying the official chat template sub-
stantially degrades performance for the Qwen base model:
both Qwen2.5-7B and Qwen2.5-Math-7B suffer pronounced
drops once the template is enabled.

Building on this observation, we report two additional ini-
tial accuracy for reference in Fig. 3: (i) Greedy (w/o Tem-
plate) corresponds to the best performance of the initial
model, and (ii) pass@16, adopted from Yue et al. (2025),
serves as a plausible performance upper bound for the ini-
tial model. Viewed against these baselines, the seeming ‘RL

Configuration # Sample Temp. Top-P Top-K

Greedy (w/o Template) 1 1.0 1.0 1
Avg@16 (w/o template) 16 0.7 0.8 20
Greedy (w/ Template) 1 1.0 1.0 1
Avg@16 (w/ template) 16 0.7 0.8 20

Table 1: The sampling parameters used under different gen-
eration configurations. Greedy sampling is performed using
the default model.generate(...) function, while ran-
dom sampling is implemented using vLLM. w/ Template in-
dicates the usage of official chat template.
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Figure 4: Accuracy (%) of Qwen and Llama models on
the MATH-500 dataset under different generation config-
urations, using original questions as prompts. More detailed
results can be found in Tab. 4 of Appendix.

gains’ of Qwen2.5-Math-7B largely reflect adaptation to the
template format and merely converge to the Greedy (w/o
Template) baseline, indicative of memory recall rather than
genuine mathematical generalization. However, spurious re-
wards, e.g., random and mv-incorrect, still boost the accu-
racy of Qwen base and maintain the performance of Qwen
instruct, while degrading Llama eventually. This is the point
we need to further explore in the following sections.

4.2 Analysis of Memorization Capability
Considering the Qwen series is trained on massive web-scale
corpora, we hypothesize that its divergent RLVR behavior
from Llama is because the evaluation set MATH-500 may
be inadvertently contaminated in Qwen’s large-scale train-
ing data, which is hard to eliminate completely. To verify our
hypothesis, we probe memorization on several widely used
mathematical-reasoning benchmarks. Concretely, we trun-
cate the original questions at 40%, 60%, and 80% of their
lengths and feed these partial questions as prompts into the
model, and then evaluate the model’s partial-prompt com-
pletion rate by computing ROUGE and EM scores between
the generated completion and ground-truth continuations. In
addition, we evaluate the model’s partial-prompt answer
accuracy by checking if the continuation contains the cor-
rect answer, across both partial and full question settings.

The detailed results are presented in Tab. 2, revealing
strong signs of data contamination in the Qwen2.5 series
models when evaluated on commonly used benchmarks,
such as MATH-500, AMC, and AIME2024. For instance,
when only the first 60% of the questions are provided,
Qwen2.5-Math-7B is able to accurately reconstruct more
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Model Dataset Size 80%-Problem 60%-Problem 40%-Problem

ROUGE-L EM ROUGE-L EM ROUGE-L EM

Qwen2.5-Math-7B

MATH-500 500 81.25 65.80 78.06 54.60 69.01 39.20
AMC 83 77.38 55.42 70.25 42.17 75.17 36.14
AIME2024 30 74.04 56.67 55.31 20.00 57.72 16.67

AIME2025 30 54.71 16.67 34.88 0.00 27.43 0.00
MinervaMath 272 36.08 2.94 31.22 0.37 29.35 0.00
LiveMathBench 100 42.76 5.00 32.78 0.00 29.97 0.00

Qwen2.5-7B

MATH-500 500 66.42 40.20 60.98 21.20 50.36 8.20
AMC 83 73.24 49.40 64.42 33.73 63.79 28.92
AIME2024 30 59.80 30.00 48.69 13.33 44.65 10.00

AIME2025 30 54.61 10.00 37.59 0.00 30.30 0.00
MinervaMath 272 35.24 2.94 32.35 0.37 27.89 0.00
LiveMathBench 100 41.15 4.00 32.74 0.00 27.95 0.00

Llama3.1-8B

MATH-500 500 48.33 17.80 40.55 3.80 32.07 0.60
AMC 83 44.54 4.82 30.62 0.00 27.10 0.00
AIME2024 30 50.50 13.33 30.80 0.00 26.08 0.00

AIME2025 30 47.04 10.00 33.49 0.00 25.20 0.00
MinervaMath 272 36.24 2.21 29.52 0.00 27.11 0.00
LiveMathBench 100 35.55 5.00 31.93 0.00 26.88 0.00

Table 2: Accuracy (EM) and ROUGE-L on several datasets (lower scores in gray) under different prompt prefix ratios with
Greedy (w/o Template) configuration. Suspicious accuracy is highlighted in bold.

than half of the remaining problems on MATH-500. Even
when just 40% proportion of the questions are shown, the
model still manages to recover 39.2% of the problems on
MATH-500. Similar patterns are observed on AMC and
AIME2024. These results indicate that the evaluation bench-
marks for Qwen2.5 may suffer from data contamination.
Although pre-training on massive web-scale corpora brings
strong capacity on mathematical reasoning, e.g., superior
performance on recently introduced mathematical tasks like
LiveMathBench and AIME2025, those large-scale corpora
also include publicly available benchmark problems in-
evitably, leading to less convincing results of old bench-
marks, while removing such instances during large-scale
crawling is notoriously difficult.

Meanwhile, we summarize the answer accuracy of the
model under different ratios of prefix in Fig. 5. The Qwen2.5
models achieve remarkably high accuracy on MATH-500
even with partial questions. For instance, with 80% propor-
tion of the questions, Qwen2.5-Math-7B reaches an accu-
racy of 63.8% on MATH-500. Even with only 40% propor-
tion of the questions, the model still achieves an accuracy
of 41.2%. Because our evaluation matches only the final nu-
meric answer, the model can sometimes output the correct
value by accident, which explains the anomalous accuracy
of Llama on AIME2025 (solving exactly one problem with
a faulty reasoning process). Besides, we also inspect several
questions that Qwen solves correctly, as shown in Fig. 11 to
15 in Appendix. We find that the responses of Qwen con-
tain coherent reasoning chains and even syntactically valid
Python code, which, however, is not executed. The emer-
gence of such structured solutions indicates that the train-
ing corpora may have included publicly available resources
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Figure 5: Accuracy (%) of LLMs on various math datasets
under Greedy (w/o Template) configuration. More detailed
experimental results can be found in Tab. 5 of Appendix.

where benchmark problems are accompanied by detailed so-
lutions. Besides, we provide more results for Qwen2.5 and
Qwen3 under various sampling configurations in Appendix.
The memorization of Qwen2.5 on LiveCodeBench (Jain
et al. 2024) and Qwen3 series on math is also analyzed in
Appendix, showing similar results as Tab. 2.

4.3 Spurious Rewards on RandomCalculation
To further support our hypothesis that the anomalous perfor-
mance surge of the Qwen2.5-Math-7B on the MATH-500
benchmark is primarily caused by data contamination rather
than the model’s intrinsic mathematical reasoning ability, we
replicate this experiment on a newly constructed dataset that
the model has never encountered before. We hypothesize
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Figure 6: Performance of the Qwen2.5 series models on the
RandomCalculation datasets under different configurations.

that for math problems free from contamination, the model’s
reasoning ability still requires properly aligned reward sig-
nals to yield meaningful performance improvements.

Dataset Construction of RandomCalculation. To obtain
an uncontaminated evaluation benchmark, we employ Al-
gorithm 1 (shown in Appendix) to construct a suite of chal-
lenging yet verifiable datasets. These datasets are composed
of expressions built from basic numerical elements, includ-
ing integers from 0 to 100, as well as fractions, squares, and
cubes derived from them. Using these components, we ran-
domly generate mathematical expressions that involve be-
tween 1 and 20 steps, using the four fundamental arithmetic
operations: addition, subtraction, multiplication, and di-
vision. To construct the final datasets, we append a standard-
ized problem prefix to each generated expression, resulting
in 20 sub-datasets, each containing 1,000 unique problems.
We refer to this suite of datasets as RandomCalculation. Ex-
amples from the datasets can be found in Fig. 2.

Zero-shot Performance on RandomCalculation. We
first test the zero-shot performance of the Qwen2.5 series
on the RandomCalculation dataset in Fig. 6. We find that
when using chat templates, the models’ performance de-
grades gradually as the number of computation steps in-
creases, leaving ample room for improvement in multi-step
calculation problems. When chat templates are removed, the
reasoning performance peaks on problems of three compu-
tation steps, and then gradually declines.

Correct Reward Function for RandomCalculation. The
ground-truth answers to our randomly generated arithmetic
problems often contain high-precision decimals. When us-
ing the standard RLVR framework, which only provides bi-
nary feedback, the model rarely receives positive reinforce-
ment, making training unstable and prone to divergence. To
overcome this, we design a continuous reward function that
ranges from 0 to 1 and penalizes both absolute and rela-
tive errors between the model’s prediction and the reference
answer. This richer feedback helps stabilize reinforcement
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Figure 7: Reward of Qwen2.5-Math-7B and Llama3.1-8B-
Instruct on RandomCalculation. Results are presented for
datasets with 5-step and 10-step calculations.

learning. Let a be the model output, b be the reference an-
swer, and ϵ = 10−6 be a small constant for numerical stabil-
ity. The reward r is computed as:

r = 1− 0.5 ·min (|a− b|, 1)︸ ︷︷ ︸
absolute distance

− 0.5 ·min

(
|a− b|
|b|+ ϵ

, 1

)
︸ ︷︷ ︸

relative distance
(2)

RLVR on RandomCalculation. We also perform RLVR
training on Qwen2.5-Math-7B using the RandomCalcula-
tion datasets. Specifically, experiments are conducted on
two sub-datasets comprising 5-step and 10-step calculation
problems. Each dataset contains 1,000 problems, with 700
used for training and the remaining 300 reserved for valida-
tion. As shown in Fig. 7, the performance improves steadily
throughout training under correct rewards. However, train-
ing becomes unstable and inconsistent with random or incor-
rect rewards. Under inverted rewards, the performance col-
lapses rapidly. These findings suggest that for problems not
leaked during pretraining, only correct reward signals can
effectively guide the model toward improved performance.
For comparison, we also evaluate Llama3.1-8B-Instruct and
observe similar findings.

Qwen v.s. Llama on Clean Benchmark. Considering ob-
taining a reward of 1 on a RandomCalculation instance is
virtually impossible, we report Max@16, the highest reward
among 16 samples of initial model, in Fig. 7. We observe
that on RandomCalculation datasets, Qwen2.5-Math-7B can
surpass Max@16 when provided with correct reward sig-
nals. This finding indicates that reward-aligned RLVR ef-
fectively transfers the high-accuracy single-step arithmetic
skills (as shown in Fig. 6) to more complex multi-step
calculations, as illustrated by one reasoning trace in Fig.
16 of Appendix. In contrast, under the incorrect and ran-
dom reward configurations, the Qwen model either main-
tains its base performance or exhibits only marginal and un-
stable improvements, due to the learning of format as ex-
plained in Shao et al. (2025). This improvements gradually
disappear when calculation steps increased from 5 to 10.
This further highlights the critical role of correct and well-
aligned reward signals in enhancing model performance on
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uncontaminated and difficult datasets. Notably, Llama3.1-
8B-Instruct fails to surpass the Max@16 even when trained
with correct reward signals, and its accuracy falls below
the greedy-decoding baseline when exposed to spurious sig-
nals. This discrepancy indirectly suggests that Qwen2.5 ex-
hibits stronger mathematical capabilities than Llama3.1 be-
fore mid-training. However, such inherent strength is not the
root cause of its performance boosting under spurious re-
ward on contaminated datasets.

4.4 More Evidence for Memorization
Here, we provide more detailed analyses of Qwen’s sudden
performance gains on MATH-500 under random reward. Let
JCLIP = EÂi,t

[
min

(
ri,tÂi,t, clip (ri,t, 1− ϵ, 1 + ϵ) Âi,t

)]
,

where Âi,t is a random variable under the setup of random
reward. Referring to Appendix B of Shao et al. (2025), the
gradient of the clipped policy has the following format:

∇θJCLIP = ∇θri,t ·G(ri,t), (3)

G(ri,t) =


µ, ri,t < 1− ϵ,

0, 1− ϵ ≤ ri,t ≤ 1 + ϵ,

−µ, ri,t > 1 + ϵ,

(4)

where µ > 0 is a positive coefficient, ri,t =
πθ(oi,t|q,oi,<t)
πθold (oi,t|q,oi,<t)

.

Memory Retrieval due to Exploitation Bias. Assume a
high-probability token with πold = 0.85 and ϵ = 0.20,
the upper clipping boundary is 1.02 for πθ, which ex-
ceeds the probability ceiling of 1.0 and therefore is never
reached. Consequently, the gradient is non-negative for this
token, leading to a net positive gradient bias on the pol-
icy model, In general, for high-probability token, we have
∇θJCLIP(θ) ∝ ∇θri,t, due to G(ri,t) ≥ 0 hold al-
most surely. So high-probability tokens continue to be up-
weighted without penalty. For MATH-500, correct answers
typically have a high probability due to data contamination
in the initial model (results shown in Fig.9 of Appendix),
except for the low-probability answer format. Therefore,
GRPO with random reward can retrieve these answers after
learning format and leads to sharp accuracy jump in Fig 3.

On the other hand, assume another token with pre-update
likelihood πold = 0.5 (which is a typical value for our 10-
step RandomCalculation as shown in Fig. 9 of Appendix).
The corresponding clipping boundary is [0.4, 0.6] for πθ.
Gradient update with random reward perturbs πθ around this
narrow band, so that G(ri,t) ≈ 0 in most cases. Conse-
quently, ∇θJCLIP(θ) ≈ 0. Therefore, no meaningful perfor-
mance improvement observed in 10-step RandomCalcula-
tion with random reward in Fig. 7. Overall, clipped objective
introduces systematic exploitation bias for high-probability
tokens, whereas mid-probability tokens are less optimized.

Response Similarity Before and After RL. We further
compare the responses of the model before and after RL,
with ROUGE-L and KL distance1 as the similarity score. As

1For each generated answer we compute KL(PBase ∥ PFT) over
the full vocabulary, where PBase and PFT denote probability distri-
butions produced by the fine-tuned and base models, respectively.

Dataset Reward Signal ROUGE-L

MATH-500
Correct 0.555
Random 0.601

Mv-Incorrect 0.563

RandomCalculation 5 Steps
Correct 0.225
Random 0.247

Mv-Incorrect 0.251

RandomCalculation 10 Steps
Correct 0.193
Random 0.251

Mv-Incorrect 0.279

Table 3: Similarity of model outputs before and after RL.
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Figure 8: KL distance of model outputs before and after RL.

shown in Tab. 3 and Fig. 8, the similarity in MATH-500 is
substantially higher than in RandomCalculation, further im-
plying that MATH-500 suffers from data contamination. Ad-
ditionally, spurious rewards achieve even higher ROUGE-L
than correct reward after RL. Therefore, performance surge
under spurious rewards arises because GRPO inadvertently
triggers Qwen to retrieve memorized answers, rather than
stimulating Qwen’s existing reasoning patterns like codes as
explained in Shao et al. (2025). This is due to the exploita-
tion bias of GRPO. However, RL with correct reward can
still stimulate the model to find new reasoning paths, as ver-
ified with a smaller ROUGE-L of response.

5 Conclusion

In this work, we investigate the unexpected performance im-
provements of Qwen on mathematical reasoning with spuri-
ous rewards. Our analysis reveals that these gains were pri-
marily due to data contamination rather than Qwen’s inher-
ent mathematical capabilities. By auditing the MATH-500
dataset and introducing a clean benchmark, we demonstrate
that Qwen’s successes with spurious reward were driven
by memorization of benchmark problems rather than gen-
uine reasoning skills. Additionally, we show that only cor-
rectly aligned rewards lead to consistent performance im-
provements, while spurious rewards fail to provide mean-
ingful benefits. These findings underscore the importance of
using uncontaminated benchmarks in evaluating RL-based
methods and call for caution when interpreting results from
datasets that may suffer from data leakage. Our work high-
lights the need for rigorous evaluation protocols in future re-
search to ensure that performance gains reflect true advance-
ments in ability, rather than data contamination.
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