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Abstract

Reinforcement learning with verifiable rewards
(RLVR) has been effective on tasks with struc-
tured solutions like math and coding, but its
reliance on simple, rule-based verifiers creates
a fundamental bottleneck. We find their appli-
cability is surprisingly narrow even in struc-
tured domains, a limitation that is compounded
at scale: rule-based systems can paradoxically
degrade in performance as multi-domain, free-
form training data increases. To overcome
these challenges, we propose a new RLVR
framework that uses a generative verifier to
provide soft, probabilistic rewards. Our key
insight is that powerful LLMs show high agree-
ment with human evaluators when judging an-
swer correctness given a ground-truth refer-
ence, allowing us to automate reward gener-
ation without costly human annotation. Our
experiments demonstrate the effectiveness of
this approach. We show that a compact 7B
generative reward model can guide a 7B pol-
icy model to decisively outperform models up
to 10x its size, including the 72B Qwen2.5-
Instruct (by a margin of +8.6%). This effec-
tiveness is robust, holding true across diverse
training datasets with answers sourced from
experts, web users, and other LLMs, and gen-
eralizes strongly to seven out-of-distribution
benchmarks. Our work provides a scalable and
effective framework for extending RLVR be-
yond the limitations of pattern-based verifica-
tion to complex, noisy, real-world domains.

1 Introduction

Reinforcement learning with verifiable rewards
(RLVR) is a powerful paradigm for improving the
reasoning capabilities of large language models
(LLMs)(Luong et al., 2024; Lambert et al., 2024;
Guo et al., 2025). This approach has excelled in
domains with structured solutions, such as math
and coding, where binary correctness can be easily
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judged. However, its reliance on simple, rule-based
verification has limited its application to more com-
plex domains with free-form answers. Our analysis
highlights this bottleneck, a limitation that worsens
at scale when trained with cross-domain data with
free-form answers: we find that as training data
increases, the performance of rule-based systems
can paradoxically degrade, revealing a critical flaw
in conventional RLVR methods.

However, we identify a promising path to
broaden RLVR’s applicability. Our key observa-
tion is that when provided with an expert-written
reference, powerful LLMs exhibit remarkable con-
sistency in their correctness judgments. Specifi-
cally, we validate that proprietary models like GPT-
40 and powerful open-source LLMs show near-
perfect agreement (Cohen’s x >0.81), a finding that
holds true when compared against human annota-
tors. This insight opens the door to automating
reward generation and reducing the dependence on
the extensive, domain-specific human annotations
traditionally required for reward modeling (Team
et al., 2025).

Building on this observation, we extend RLVR
to diverse, reasoning-intensive domains such as
medicine, chemistry, economics, psychology (see
detailed domains in Figure 2). Instead of relying on
rigid binary signals, our framework uses a genera-
tive verifier to produce soft, probabilistic rewards.
These granular reward signals provide a more effec-
tive learning signal for the model, especially where
correctness may be partial or ambiguous.

Crucially, we demonstrate that a compact, 7B
cross-domain reward model can be trained effi-
ciently using only exploration-derived data and
teacher model judgments, bypassing costly hu-
man annotation. Our experiments show that this
enhanced RLVR framework, particularly the use
of soft, probabilistic rewards, enables a 7B pol-
icy model to outperform not only baselines with
rule-based rewards (+7.0%) but also powerful
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models up to ten times its size, including the
Qwen2.5-72B-Instruct (Team, 2024) (+8.6%) and
DeepSeek-R1-Distill-Qwen-32B (Guo et al., 2025)
(+9.5%). This effectiveness remains consistent
across RL training datasets with varied answer
sources, from experts (Yu et al., 2021) to gen-
eral web users (Yue et al., 2024) and LLMs (Yuan
et al., 2025). The resulting performance gains are
not only substantial but also generalize robustly to
seven out-of-distribution (OOD) reasoning tasks,
such as MATHS500 (Hendrycks et al., 2021b) and
MMLU_Pro (Wang et al., 2024). Our work pro-
vides a scalable and effective framework for extend-
ing RLVR beyond the limitations of pattern-based
verification to complex, noisy, real-world domains.

reasoning data | teacher grader
(x, @)
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STEP 2

- 1
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STEP 3 (x,a)

RLVR final policy

Figure 1: Overview paradigm of RLVR with our cross-
domain verifier.

exploration data
(x, a,y), €)

reward model
3

Contributions Our primary contributions are:

* We significantly broaden the applicability of
RLVR beyond structured tasks, successfully
adapting it for diverse, free-form reasoning do-
mains such as medicine, law, and economics.

* We achieve this using a generative verifier that
provides soft, probabilistic rewards. This frame-
work is highly efficient, relying on a compact
7B reward model trained without costly, domain-
specific human annotation.

* We demonstrate the effectiveness of our ap-
proach through consistent gains on training data
from diverse sources (experts, web users, and
LLMs) and strong generalization to seven OOD
benchmarks.

* We will release our 570K-example multi-domain
dataset with expert-written answers and our
trained 7B reward model to facilitate future re-
search.

2 Method

Figure 1 presents the overview paradigm of our ap-
proach. We consider a setting where each prompt
x is paired with an expert-written reference answer
a. Such references have proven crucial for provid-
ing accurate rewards in RL on reasoning-intensive
tasks such as coding and mathematics (Shao et al.,
2024), and help mitigate reward hacking (Mroueh,
2025). Ideally, in these domains, a response y can
be objectively verified against the reference answer
a. In practice, however, this verification may be
affected by factors such as imperfect answer ex-
traction and matching when rule-based verifiers
are used, as well as noise introduced by automated
evaluation systems like a reward model 74 (z, a, ).

Nevertheless, we can still use this verifiable re-
ward in a policy gradient algorithm, with REIN-
FORCE (Williams, 1992) as an example:

J(0) = E(z.0)~D Ey,omp () [%(%a,yi)] (1)

When the generation of an entire response is
modeled as a single action (Ahmadian et al., 2024),
the gradient becomes (see Section A.4 for details):

VoJ(0) = E(:Jc,a)ND Ey¢~7r9('|$)

2)
re(z,a,y;)Vologmy(yi | z)|.

2.1 Reward Estimation

Or the binary reward signal, we constrain a genera-
tive LLM 74 to output only O or 1 through specific
instructions in its prompt (see system prompt in
Table 6). For notational simplicity, we assume that
each response consists of exactly 7' steps, where
each step corresponds to a non-empty line. Fol-
lowing a common practice for reasoning tasks, our
system prompt requires the model to output its
reasoning followed by a conclusive answer sum-
marized in the final line of the response. For a
response y;, we denote this final line containing
the answer as yiT . The binary model-based reward
function is then defined as:

re(z,a,y;) = 1(c; = 1), 3)
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where ¢; is sampled from 7y (- | z, a, yl), repre-
senting m,’s judgment on the correctness of y;.

While the binary reward relies on a single sam-
pled judgment, we can also define a soft reward
function that uses the verifier’s probability distribu-
tion over the judgment tokens (i.e., 0 or 1):

7T<15(1| $va’y?)
7T¢(0 | z,a, yZT) +7T¢(1 | xaaayiz)

7’¢>($707yi) =

As shown in Equations 3 and 4, r4(x, a,y;) is
bounded within [0, 1], ensuring consistency with
the widely adopted binary rule-based reward scale
in RLVR. We set r4(x, a,y;) = 0 whenever 74 (0 |
z,a,yl) + (1| 2, a,yl) = 0.

2.2 Reward Model Training

When considering generative verifiers, a natural
choice is to use an off-the-shelf, aligned LLM
as the reward model 4, inspired by prior work
that employs LLMs as judges (Zheng et al., 2023).
However, we observe a noticeable performance
gap on downstream tasks when using LLMs of dif-
ferent sizes. For example, the 72B reward model
achieves 3.5% improvement compared to its 7B
counterpart (see training details and Figure 4 in
Sections 3 and 4). To address this trade-off, we
explore training a moderately sized reward model
(e.g., 7B) for diverse-domain use, aiming to bal-
ance performance and efficiency.

Since there are no ground-truth reward labels,
for each (z, a, y) triple, we prompt a fixed LLM to
obtain the binary judgments ¢ € {0, 1}, indicating
whether y matches the reference answer a. During
the RL phase, we collect the data {((x, a,y),c)}
from the exploration stages and use it to fine-tune
our reward models with the cross-entropy loss over
c. Unlike relying on a fixed LLM to generate
vy, the improving actor policy produces responses
with varying performance and potential formatting
noise, which may enhance the robustness of the
trained reward models.

3 Experimental Setting

3.1 Data

Multi-Subject Data Since no publicly available
large-scale, free-form dataset with objective refer-
ence answers exists across general domains, we use
ExamQA (Yuetal., 2021), a multi-subject multiple-
choice question answering (QA) dataset originally
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Figure 2: Distribution of subject occurrences in the test
set of ExamQA (excluding unclassified).

written in Chinese. Spanning 48+ first-level sub-
jects, ExamQA contains 638K college-level exam-
ples, with questions and answers written by domain
experts for examination purposes. Unlike resources
such as web forum data (Yue et al., 2024), where
answer quality and objectivity can vary, ExamQA
offers standardized, curriculum-aligned answers
that are accurate, concise, and pedagogically sound,
ideal for RLVR training and evaluation. We remove
the distractor options and convert each instance
into a free-form QA pair, then use GPT-40-mini to
translate the data into English.

For evaluation, we randomly sample 6,000 ques-
tions from ExamQA as the test set, while the re-
maining questions are used as the training pool.
Since subject labels are not provided for each QA
pair, we use GPT-40-mini to classify them into one
of 48 subjects or mark them as unclassified if uncer-
tain. The detailed classification prompt is provided
in Table 7. Excluding unclassified instances (15.8%
of the test data), the most frequent subjects include
basic medicine, law, economics, management, civil
engineering, mathematics, computer science and
technology, psychology, and chemistry, as shown
in Figure 2. For ease of analysis, we further cate-
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gorize these subjects into four broad fields (STEM,
social sciences, humanities, and applied sciences)
as detailed in Table 8. See examples in Table 11.

Data for Training the Reward Model To gen-
erate training data for our reward model, we first
select 40K examples from the ExamQA training
set. Using the methodology in Section 2.2, we
employ Qwen2.5-7B (Team, 2024) to conduct RL
training. We use the RLOO (Kool et al., 2019; Ah-
madian et al., 2024) algorithm and generate four
online samples for each prompt. We use Qwen2.5-
72B-Instruct as the teacher reward model for hard
(binary) label determination. This model was cho-
sen as our teacher due to its strong performance
as a zero-shot verifier and its high agreement with
both GPT-40 and human evaluators, as established
in our evaluation (Section 3.3). By preserving all
input-output pairs, this process yields 160K dis-
tilled training samples from Qwen2.5-72B-Instruct
for reward model training. We fine-tune Qwen2.5-
7B-Instruct (Team, 2024) using SFT on the result-
ing data to train our reward models.

To verify the training approach’s validity, we
exclude these 40K original samples from the final
training dataset. This strict separation ensures that
the reward model never encounters any data used
in previous training stages, thereby guaranteeing
evaluation objectivity.

3.2 Model

We use Qwen2.5-7B (Team, 2024) as the base
model for all our RL experiments. We use dif-
ferent RL algorithms to validate the robustness
and effectiveness of our method, including REIN-
FORCE (Williams, 1992; Ahmadian et al., 2024),
RLOO (Kool et al., 2019; Ahmadian et al., 2024),
and GRPO (Shao et al., 2024). Following Stien-
non et al. (2020); Ouyang et al. (2022); Hu (2025),
we also consider a Kullback-Leibler divergence
penalty between the policy model and the reference
policy distributions to mitigate bias in the reward
model and batch reward normalization inspired by
prior studies such as GRPO (Shao et al., 2024) and
REINFORCE++ (Hu, 2025). However, in our ex-
periments, these two modifications do not lead to
clear performance gains.
We consider two types of rewards:

* Binary: a reward € {0, 1}, either from conven-
tional rule-based methods (exact match on the
final answer) or predicted by a reward model.

* Soft: the soft reward in the range [0, 1] produced
by a reward model.

We also compare our trained reward model, RM-
7B, with its teacher, Qwen2.5-72B-Instruct (Team,
2024), which functions as a larger generative RM.
See the training hyper-parameters of RL distilled
data collection, reward model training, and the
main experiments in the Appendix (Table 5).

3.3 Evaluation

We first investigate majority voting using a strong
open-source LLM, Qwen2.5-72B-Instruct (Team,
2024), as the reward model 7. The evaluation pro-
cess follows the prompting template provided in
Table 6. Given a prompt x and a reference answer
a, we generate m evaluation samples and deter-
mine the correctness of a response y via majority
vote. Specifically, a response is considered cor-
rect if at least half of the sampled judgments clas-
sify it as such: 357", 1 [Wg)(x,yT,a) =1] > 2.
To assess this method’s reliability, we compare
the majority-voted judgments from Qwen2.5-72B-
Instruct against those of GPT-40, one of the most
capable proprietary LLLMs, which provides a single
evaluation per response. Agreement is measured
using Cohen’s Kappa (k). As shown in Figure 5,
the two evaluation methods exhibit almost perfect
agreement (0.81 < k < 1.00), with x exceeding
0.87 for multi-subject college-level problems and
0.85 for pre-college mathematics.

We further validate the reliability of the au-
tomated evaluations by comparing them against
human annotations on randomly selected 500 in-
stances, where both LL.Ms exhibit strong agree-
ment with human judgments (more details in Ap-
pendix A.2 and Appendix A.3). This high level
of agreement remains consistent across different
values of m, indicating that results are robust to the
number of sampled judgments. We also provide a
granular view of verifier reliability across domains
(Applied Sciences, Humanities, STEM, Social Sci-
ences, and Unclassified) (Table 15). Based on this
observation, we adopt m = 1 in all subsequent
evaluations to improve efficiency without compro-
mising evaluation quality.

4 Experimental Results

4.1 Main Results on Multi-Subject Tasks

Table 1 shows the results on the multi-subject
dataset, which is notably challenging with even
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Reward Score Multi-Subject
Method
Model Type STEM Social Humanities Applied Others Avg
Qwen2.5-7Bsiruct (Team, 2024) 18.5 15.0 15.8 14.7 14.6 16.0
Phi-4-14B (Abdin et al., 2024) 20.6 15.3 19.1 14.2 140 16.7
Llama3.1-70B et (Grattafiori et al., 2024)  19.8 16.4 21.5 16.8 158 17.7
Qwen2.5-72Bngryuct (Team, 2024) 252 20.1 28.7 20.5 21.0 226
DeepSeek-R1-Qwen-32B (Guo et al., 2025)  23.2 21.8 26.7 20.5 185 21.7
Vanilla (Qwen2.5-7B) 16.3 149 15.2 13.3 148 15.0
+ SFT 246 228 25.7 20.9 22.6 23.1
Rule-based binary 253  26.6 27.7 21.1 20.7 242
7777777777777 binary 279 279 307 = 244 232 266
REINFORCE "2372Bmme o’ 30 328 360 249 219 303
RM-TB binary  29.0 29.1 28.4 23.8 248 273
soft 327 328 35.6 28.6 274 312
Rule-based binary 282 279 274 224 245 263
7777777777777 binary 29.4 305 337 = 246 261 284
RLOO VRNt or’ 329 314 M7 217 268 306
binary 293  29.0 333 25.8 256 28.1
RM-7B (ours) o 310 320 35.6 270 27.0 300
Rule-based binary 249 225 23.8 20.7 202  22.6
7777777777777 binary 263 266 287 247 222 255
GRpo  OWMITBmme o’ 231 274 320 258 240 270
] inary 26.7 239 27.4 23.8 243  25.0
RM-7B (ours) ot 314 316 31.4 291 275 303

Table 1: Performance comparison of different methods on the multi-subject tasks in ExamQA.

Mathematical Benchmarks

General Benchmarks

Model
AMC GSMS8K MATH Mine. Olym. Avg. GPQA GPQA®“? MMLUP™ Avg.
Vanilla (Qwen2.5-7B) 25.3 81.9 52.6 154 194 389 221 18.1 40.3 26.8
__tRule-based Reward  37.3  88.6  65.6 268 29.5 496 266 227 = 459 317
+Qwen2.5-72Bnstruct . 32.5 87.1 68.0 257 329 492 275 25.5 50.0 343
+RM-7B (ours) 37.3 88.9 67.0 287 31.0 50.6 266 25.5 50.0 34.0

Table 2: Adaptation results of policies on out-of-distribution mathematical and general-domain benchmarks. Policies
are trained on our multi-domain data using either rule-based (binary) or model-based (soft) rewards.

strong open-source models achieving relatively
low accuracies. We argue that incorporating such
tasks into the RLVR setting is crucial for fostering
deeper investigation and accelerating progress in
this promising area.

RLVR with model-based soft rewards delivers
the largest overall gains across all domains. Us-
ing our RM-7B as the reward model and the RE-
INFORCE trainer, the soft reward setting reaches
31.2% average accuracy, surpassing RLVR with bi-
nary rule-based rewards by +7.0%, the strongest su-

pervised baseline (SFT, 23.1%) by +8.1%, and the
vanilla 7B model by +16.2%. Gains are consistent
across all subject clusters (STEM :+7.4%, Social
:+6.2%, Humanities :+7.9%, Applied :+7.5%, Oth-
ers :+6.7%) over rule-based reward settings, con-
firming that the proposed RLVR extension scales
beyond strictly structured tasks and supports our
first contribution claim.

Soft scoring consistently outperforms hard bi-
nary scoring. Across all trainers (REINFORCE,
RLOO, and GRPO) and reward models (RM-7B
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and Qwen2.5-72B), switching to soft rewards pro-
vides a consistent performance boost of +2.2% to
+5.0%, with the largest gains in less structured So-
cial and Humanities categories. These observations
corroborate our second contribution: soft, model-
based rewards provide richer, more informative
feedback that is especially valuable in free-form
answer settings.

Extended RLVR decisively outperforms strong,
much larger, instruction-tuned models. The
best 7B RLVR model surpasses Qwen2.5-72B-
Instruct (22.6%) by +8.6% and even outperforms
DeepSeek-R1-Qwen-32B (21.7%) by +9.5%, es-
tablishing a new state of the art among open-source
models on this multi-domain benchmark. The mar-
gin is largest in Humanities (+6.9%) and STEM
(+7.5%), underscoring the practical relevance of
our approach for knowledge-intensive applications.

A compact cross-domain reward model rivals
or even surpasses a 10x larger teacher. Despite
being trained on noisy exploration data and having
only 7B parameters, RM-7B matches or exceeds
its 72B teacher in three of the six macro metrics un-
der REINFORCE (Avg :+0.9%) and outperforms
it clearly under GRPO (Avg :43.3%). This vali-
dates our third contribution, demonstrating the fea-
sibility of distilling reliable, cross-domain reward
functions into modestly sized networks without ad-
ditional human annotation.

All three RL algorithms benefit from model-
based rewards. REINFORCE attains the highest
overall score (31.2%), yet both RLOO (30.0%) and
GRPO (30.3%) also substantially outperform SFT
baselines, indicating that the gains stem primarily
from the quality of the reward rather than a spe-
cific policy-optimization recipe. This robustness
under different algorithms further highlights the
scalability of the proposed RLVR framework.

4.2 Generalization to Other Datasets

To evaluate if a reward model trained on expert-
written academic data can generalize to other styles
of free-form content, we test it on two additional
multi-domain free-form datasets: NaturalReason-
ing (NR) (Yuan et al., 2025) and Weblnstruct
(Web) (Yue et al., 2024). Examples for each dataset
is provided in Appendix (Table 12 and 13). We
compare policies trained with rule-based binary
or model-based soft rewards. For each data, we
randomly sample 30K examples for training and

RL Algorithm Reward Model NR Web
RLOO RMTE Gurs) 398 440
REINFORCE  Rwetased 710 207
GRPO RMTE ours) 440 493

Table 3: Accuracy (%) on multi-subject, long-form QA
datasets . Soft rewards from RM-7B generalize across
RL algorithms, consistently outperforming baselines
with rule-based rewards.

5K for evaluation. The model-based reward set-
ting yields over 10% improvement on both datasets
(Table 3), showing strong generalization to noisy
settings where answers may be written by web
users (Web) or generated by LLMs (NR).

We further evaluate the policies trained on multi-
subject data using RLOO with different reward
functions, without applying any additional fine-
tuning. These evaluations are conducted across
several out-of-distribution (OOD), reasoning-
intensive benchmarks, which are grouped into
two primary categories: (1) Mathematical Bench-
marks: AMC 23, GSM8K (Cobbe et al., 2021),
MATHS500 (Hendrycks et al.,, 2021b), Min-
erva (Lewkowycz et al., 2022), and Olympiads (He
et al., 2024); and (2) General Reasoning Bench-
marks: GPQA Diamond (Rein et al., 2024), Super
GPQA (Du et al., 2025), and MMLU_Pro (Wang
et al., 2024). The results presented in Table 2 indi-
cate that policies optimized using our model-based
rewards consistently exhibit robust generalization
capabilities across diverse reasoning tasks.

Policies trained with soft, model-based rewards
transfer best to out-of-distribution benchmarks.
Table 2 shows that a single policy learned on our
multi-subject corpus with RM-7B rewards attains
the highest average accuracy on five OOD math
sets (50.6%) and nearly ties the best score on three
challenging general-knowledge sets (34.0%). Rela-
tive to the vanilla 7B baseline, this corresponds to
+11.7% and +7.2% absolute improvements, respec-
tively. Crucially, the same policy even edges out
(Math Avg: +1.4%) or matches (General Avg) the
policy trained with the 10x larger Qwen2.5-72B re-
ward model, confirming that reliable cross-domain
knowledge can be distilled into a compact verifier.

Our approach consistently offers better general-
ization than rule-based rewards across diverse
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Figure 3: Impact of training data size on ExamQA.

OOD benchmarks, reinforcing the advantages
of nuanced feedback. Across both math and
general OOD datasets, policies trained with soft
rewards from our RM-7B generally outperform
the policy trained with binary rule-based rewards.
Specifically, RM-7B surpasses Rule-based by 1.0%
on mathematical benchmarks, and by 2.3% on gen-
eral benchmarks. This pattern highlights that the
more nuanced feedback provided by soft, model-
based rewards not only benefits in-domain perfor-
mance but also translates to improved adaptability
and robustness on unseen tasks, aligning with our
second contribution regarding the superiority of
soft rewards for generalization and scalability.

4.3 Analysis

In this section, we provide some insights into how
our approach improves performance.

Our approach demonstrates superior scalability
over rule-based rewards. Scalability remains a
critical challenge in RL. A key question is whether
model performance continues to improve as RL
training progresses and the data grows. To exam-
ine this, we conduct experiments using our trained
reward model against rule-based reward while pro-
gressively scaling the dataset. We randomly sam-
pled 100K samples from our training corpus as the
scaling set and evaluate performance on the same
multi-subject test set.

The results in Figure 3 clearly show that as
the amount of training data increases from 20K
to 100K, the performance of our RM-7B reward
model consistently improves, rising from 30.8% to
35.0%. In contrast, the rule-based reward function
exhibits a declining trend, dropping from 26.2%
to 16.9% across the same data scale. This diver-
gence highlights the fundamental limitations of

40
I Qwen2.5-7BEEE (Qwen2.5-72B ll RM-7B
0 303 312 30.3
271 27.0
)
Q
]
=
2
51 J
2 20
10+

REINFORCE GRPO

Figure 4: Impact of RMs on policy accuracy (ExamQA).

rule-based reward mechanisms, which fail to adapt
effectively as tasks and data scale, especially in
complex multi-subject settings. Meanwhile, the
learned reward model robustly captures more nu-
anced feedback and generalizes better with larger
datasets. The results support the effectiveness of
our method in real-world conditions where data
availability increases over time and reward inter-
pretation needs to be dynamic and context-aware.

Larger reward models improve policy quality,
but our RM-7B offers a strong alternative. The
choice of a teacher model for generating reward
signals strongly impacts the performance of the RL
policy, as shown in Figure 4. Generally, employing
larger, well-aligned instruction-following models
as reward sources is expected to yield better policy
outcomes. For instance, policies trained with re-
wards from the Qwen2.5-72B-Instruct model sub-
stantially outperform those trained with rewards
from the smaller Qwen2.7-7B-Instruct model when
using REINFORCE (30.3% vs. 10.9%) and RLOO
(30.6% vs. 0.3%). This general trend is often
because smaller aligned LLMs, like Qwen2.7-7B-
Instruct, can exhibit underconfidence; they may as-
sign unduly low probabilities to correct responses,
resulting in noisy or uninformative reward signals
even when their discrete, binary judgments might
be accurate. Remarkably, our RM-7B model, de-
spite being considerably smaller than Qwen2.5-
72B, demonstrates highly competitive or even supe-
rior performance. Specifically, RM-7B achieves a
score of 31.2% against Qwen2.5-72B’s 30.3% with
REINFORCE, performs competitively with RLOO
(30.0% for RM-7B vs. 30.6% for Qwen2.5-72B),
and notably outperforms with GRPO (30.3% for
RM-7B vs. 27.0% for Qwen2.5-72B). This strong
performance from a more compact model under-

3878



scores the success of our specific training phase
in developing a robust and efficient reward model
capable of effectively guiding RLVR to achieve
high-quality policy outcomes.

5 Related Work

Reward Estimation in RLVR For reasoning
tasks such as math reasoning, a solution is typi-
cally considered correct if it arrives at correct final
answer (Cobbe et al., 2021). This is because reli-
ably assessing the correctness of individual steps
remains an open challenge. Similarly, the correct-
ness of solutions to coding problems is typically ac-
cessed based on whether all test cases pass (Austin
etal., 2021; Hendrycks et al., 2021a; Gehring et al.,
2024). Therefore, previous RLVR studies have
mainly focused on math and coding tasks.

In most previous studies (Zelikman et al., 2022;
Gandhi et al., 2024; Zhang et al., 2024b; Lambert
et al., 2024; Guo et al., 2025; Ma et al., 2025a;
Yu et al., 2025), given access to the reference an-
swer a, the correctness label z for a response ¥ to
a prompt x is typically a binary value. 2z can also
take on a value in the range [0, 1] to reflect vary-
ing degrees of correctness (Luong et al., 2024; Li
etal., 2024; Ma et al., 2025b; Xie et al., 2025; Chen
et al., 2025). Labels are assigned by a deterministic
function z = f(z,y, a), which operates based on
predefined rules (e.g., exact match). These rules
can also be combined with tools, such as a Python
library, for verification (Xiong et al., 2025; Luo
et al., 2025). This method is particularly effective
when the answer type is fixed and easily matchable,
such as a numerical value or a multiple-choice op-
tion. Each response is rated individually, without
considering any preference information.

Besides using closed-source LLMs such as GPT-
40 as verifiers (Chen et al., 2024), recent studies
have also explored training reference-based reward
models for mathematical reasoning (Team et al.,
2025). However, these models are confined to a
single domain and still require large-scale training
data (e.g., 800k instances for math).

Generative Reward Modeling Using next-token
prediction for reward modeling has attracted great
interest in recent years (Lightman et al., 2023;
Zheng et al., 2023; Tian et al., 2024; Zhang et al.,
2024a), as it enables LLMs to fully leverage their
generative capabilities, not only to produce accu-
rate rewards but also to provide rationales that jus-
tify their judgments. In this work, we explore

applying generative, reference-based verifiers to
reinforcement learning and investigate their effec-
tiveness across a variety of domains, an area that
remains largely underexplored.

Furthermore, we explore training generative re-
ward models without the need for annotated or
synthetic step-by-step rationales (Team et al., 2025;
Zhang et al., 2024a) to justify the final assessment.
Specifically, we leverage the confidence of gen-
erative verifiers to provide stable and informative
reward signals, enhancing the robustness of RL
training in the presence of noise and ambiguity.

Verifiable Reasoning Data Most RLVR studies
focus on narrow tasks (Liu and Zhang, 2025; Xie
et al., 2025) such as math word problem solving,
code generation, and logic puzzles, where short,
structured reference answers allow for simple, rule-
based verification. For example, SimpleRL (Zeng
et al., 2025) and Tulu (Lambert et al., 2024) use
math datasets GSM8K (Cobbe et al., 2021) and
MATH (Hendrycks et al., 2021b), in which each ref-
erence answer typically consists of fewer than two
words. However, this reliance on well-structured
data constrains the scale and diversity of resources
that can be used for RLVR across broader do-
mains. This work explores RLVR using multi-
domain reasoning-intensive data, where the free-
form reference answers are written by domain ex-
perts for unbiased evaluation (Yu et al., 2021). We
also consider two additional multi-domain datasets,
Weblnstruct (Yue et al., 2024) and NaturalReason-
ing (Yuan et al., 2025), which provide reference
answers either extracted from pre-training corpora
written by web users or generated by LLMs, re-
spectively. While the two datasets contain longer
answers with varied or uniform styles, the quality
and objectivity of references may differ. Neverthe-
less, we observe trends consistent with our main
observations. Additional details are provided in the
Appendix A.6.

6 Conclusions

This work extends Reinforcement Learning with
Verifiable Rewards (RLVR) to diverse domains that
require nuanced, free-form answers. By replacing
rigid, rule-based verifiers with a generative model
that provides soft, probabilistic rewards, our frame-
work achieves significant gains in robustness, scal-
ability, and generalization. We demonstrate that
an effective cross-domain reward model can be
distilled into a compact 7B model without costly
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human annotation. The results are compelling: our
7B policy decisively outperforms powerful, well-
aligned open-source models up to 10 times its size
on challenging multi-domain reasoning tasks.

Limitations

On the Use of Format-Based Rewards This
work does not incorporate format-based re-
wards (Guo et al., 2025; Xie et al., 2025). We
revisit the role of format-related constraints and re-
wards in this context. Prior work often uses pattern-
based functions for scoring, making it critical to
guide LLMs to enclose final answers in a machine-
parsable format. These extracted answers are then
compared to reference answers for verification and
evaluation. However, recent studies show that rigid
format-based rewards may hinder exploration, es-
pecially when training from base models (Zeng
et al., 2025). In contrast, by reintroducing a reward
model in RLVR without imposing any format con-
straints on reference answers or model outputs, we
reduce the need for extensive human effort in data
standardization and pattern design. We view this
as part of a broader shift toward format-agnostic
reward modeling in RLVR, which invites further
research on balancing structural guidance and ex-
pressive flexibility.

To CoT or Not to CoT for Verifiers in RLVR
In this work, we simplify the verification task by
instructing a generative reward model to output
either 1 or 0, without requiring chain-of-thought
(CoT) reasoning (Nye et al., 2021; Wei et al., 2022).
While CoT has proven useful in both reference-
based (Team et al., 2025) and reference-free (Zhang
et al., 2024a) settings, it remains an open question
how essential in-depth rationales are for assessing
semantic equivalence between reference answers
and model responses in the same language, particu-
larly when focusing on the conclusive part of each
response. We explored using RL to train the RM to
encourage more “talkative” behavior (Team et al.,
2025) in the absence of CoT data for supervision.
However, this underperforms compared to using
SFT for distillation. This also raises a broader ques-
tion in process reward modeling (Lightman et al.,
2023): how should rewards be assigned in the ab-
sence of direct supervision for intermediate steps,
regardless of the segmentation strategy?

Scalability of Data and Model Sizes Due to
computational constraints, all training in our ex-

periments is performed on 7B-parameter models.
Nonetheless, we observe consistent trends across
both Qwen and DeepSeek-7B (Shao et al., 2024)
models (Table 10 in the Appendix). Extending
RLVR to larger models and more comprehensive
multi-subject or multi-domain datasets is a natural
next step, and we anticipate that scaling studies
will play a critical role in advancing the field.

Scope of Reference-Based Judgments of LL.Ms
Our observation of high agreement in binary
reference-based judgments among LLLMs focuses
on relatively short free-form reference answers (ap-
proximately four words) for college-level multi-
subject questions, and moderately long reference
answers (30-50 words) for pre-college mathemati-
cal tasks (Section 3.3). While our study focuses on
specific answer lengths and task domains, large-
scale evaluation of human-LLM agreement re-
mains an open and important challenge for the
broader research community. In addition, broaden-
ing this scope to longer, more complex reference
answers, particularly in diverse domains and ad-
vanced tasks such as IMO-style proofs, represents
a promising direction for future work.
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A Appendix

A.1 Template

Table 6 shows the template for the grading task.
Table 7 shows the template for the classification
task. Table 8 shows the classification of subjects
into STEM (Science, Technology, Engineering, and
Mathematics), Social Sciences, Humanities, and
Applied Sciences.

A.2 Discussions about RLVR for
Mathematical Tasks

Mathematics Data To ensure high-quality ref-
erence answers, we use a large-scale dataset of
773k Chinese QA pairs, collected under authorized
licenses from educational websites. This dataset
covers three educational levels: elementary, middle,
and high school. Unlike well-structured yet small-
scale benchmarks such as MATH (Hendrycks et al.,
2021b) and GSMS8K (Cobbe et al., 2021), our
reference answers are inherently free-form, often
interwoven with rationales or involving several
sub-questions yet lacking clear structural patterns.
As a result, rule-based reward functions that rely
on clean, well-structured answers for verification
struggle to process these unstructured reference
answers effectively. We use GPT-40-mini to trans-
late questions and their corresponding responses
into English. We randomly sample 3,000 QA pairs
from each level and reserve them for testing. The
average length of reference answers in the test set
is 33.7, 36.3, and 53.9 words for elementary, mid-
dle, and high school levels, respectively. These are
much longer than those in the GSM8K (1 word)
and MATH (1.3 words) test sets. We use the same
7B reward model introduced in Section 3.1. We
will release the data.

In our experiments, we find GRPO is not sta-
ble when the number of the samples is small (e.g.,
four). For the results in Table 9, eight responses are
sampled from the policy during exploration for all
GRPO experiments, compared to four for the other
two methods. As a result, the comparison between
GRPO and the other algorithms is not entirely fair.

A.3 Agreement

Note that for each instance, we obtain only a single
judgment from GPT-40. As shown in Figure 5, the
standard deviation of x across different values of m
is below 0.004, indicating the agreement between
the two evaluation methods is highly stable with
respect to the number of sampled judgments. For

multi-subject tasks, we observe only marginal gains
as m increases, suggesting that additional samples
may offer diminishing returns in terms of reliability.
These results are based on evaluations of 6,000
multi-subject test instances (Section 3.1) and 9,000
math-specific test instances (Section A.2).

To further assess the reliability of LLM-based
evaluation, we compare GPT-40 and Qwen2.5-72B-
Instruct (with m = 1) against human annotations
on a randomly selected subset of 100 instances
from the multi-subject test set. As shown in Table 4,
both LLM-based evaluations exhibit strong agree-
ment with human judgments: GPT-40 achieves a
Cohen’s k of 0.882, while Qwen2.5-72B-Instruct
reaches 0.857. These results indicate that auto-
mated evaluations are well-aligned with human
preferences, at least for short reference answers
across domains, supporting their use as scalable,
high-quality alternatives to manual evaluation.

Evaluation Method m

GPT-40

% vs. Human (1)
0.882

0.857
0.810
0.832
0.857
0.857
0.857
0.832
0.832
0.832
0 0.832

Qwen2.5-72B-Instruct

= O 001NN AW~

Table 4: Agreement with human annotations, measured
using Cohen’s k.

Reward Training Main Experiments

Hyperparameter

RL SFT RL SFT
micro_train_batch_size 8 4 8 4
train_batch_size 128 128 128 128
micro_rollout_batch_size 16 - 16 -
rollout_batch_size 128 - 128 -
n_samples_per_prompt 4 - 4/8 (GRPO) -
max_samples 40000 1600000 30000 30000
max_epochs 1 1 1 1
prompt_max_len 1024 - 1024 -
generate_max_len 1024 - 1024 -
max_len - 4096 - 4096
actor_learning_rate Se-7 - Se-7 -
init_kl_coef 0.01 - 0.01 -

Table 5: Training hyper parameters. Other hyper param-
eters are the default configuration in OpenRLHF.
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Agreement Between GPT-40 and Voted Qwen2.5-72B-Instruct Judgments

0.88

0.87 1
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—O— Multi-Subject
Math
Almost Perfect Agreement (0.81)
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Number of Samples (m) from Qwen2.5-72B-Instruct

Figure 5: Agreement between GPT-40 and the majority vote of m sampled judgments from Qwen2.5-72B-Instruct,

measured using Cohen’s Kappa.
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A.5 Hyper-Parameters

Table 5 shows the hyper parameters of our experi-
ments.

A.6 Application to Other Multi-Domain
Datasets

In addition to ExamQA, we experiment with
two free-form, multi-domain datasets: Webln-
struct (Yue et al., 2024), with lengthy reference
answers extracted from pre-training corpora writ-
ten by web users, and NaturalReasoning (Yuan
et al., 2025), with similarly long answers generated
by LLMs. We present results in Section 4.2 and
provide example instances in Table 12 and 13.

A.7 Back-Translation Quality Analysis for
ExamQA

To assess potential semantic drift introduced by ma-
chine translation of the ExamQA dataset from Chi-
nese to English, we conducted a back-translation
analysis on a random sample of 5,000 instances.
Specifically, we used GPT-40-mini to translate the
English questions and answers back into Chinese
and computed semantic similarity between the orig-
inal Chinese texts and the back-translated versions

using Sentence-BERT (paraphrase-multilingual-
MiniLM-L12-v2). The results, broken down by
subject category, are shown in Table 14.

A.8 Human Agreement by Subject Category

To provide a granular view of verifier reliability
across domains, we conduct human evaluation on
500 randomly selected test instances and computed
agreement metrics by subject category. Cohen’s
Kappa (k) and accuracy between human judgments
and two LLM verifiers (Qwen2.5-72B-Instruct and
GPT-40) are reported in Table 15.

A.9 Soft Reward Distribution Analysis

We analyzed the distribution of soft rewards gen-
erated by RM-7B during training on the MATH
dataset (first 3,000 samples). As shown in Table 16,
while the majority of rewards are near O or 1 (re-
flecting clear correctness/incorrectness), approx-
imately 9.8% of rewards fall in the intermediate
range [0.1,0.9], providing nuanced learning sig-
nals for ambiguous cases.
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Given a problem, determine whether the final answer in the provided (incomplete)
solution process matches the reference answer.

The reference answer may be one single option character (e.g., A, B, C, D), a
numerical value, an expression, or a list of answers if multiple questions
are involved.

*xThe reference answer may be in Chinese or another language, but your evaluation

should be language-agnostic.x*x*

Your task:

- Compare the final output of the solution process with the reference answer.

- If they **match exactly**, output **YES*x.

- If they **do not match*x, output **NOx*x*.

- If the solution process is unclear, incomplete, or ambiguous, assume it is
incorrect and output *xNO**.

Your output must be strictly *x'YES'#* or **'NO'**, with no additional words,
punctuation, or explanation.

**xQuestion:xx
{question}

*%*Solution Process (Final Step Only):*x
{response}

*xReference Answer :xx
{reference}

*x0Qutput :x*

Table 6: Template for the grading task.
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Based on the content of 'Question' and 'Answer' classify the subject into one of
the following categories.

Return only the corresponding subject ID. If classification is uncertain, return
999.

**Question:x*
{question}

*xAnswer :x*

{answer}

110 Mathematics

120 Information Science and System Science

130 Mechanics

140 Physics

150 Chemistry

170 Earth Science

180 Biology

190 Psychology

210 Agronomy

230 Animal Husbandry and Veterinary Science

310 Basic Medicine

320 Clinical Medicine

330 Preventive Medicine and Public Health

350 Pharmacy

360 Chinese Medicine and Chinese Materia Medica
413 Information and System Science Related Engineering and Technology
416 Natural Science Related Engineering and Technology
420 Surveying and Mapping Science and Technology
430 Materials Science

460 Mechanical Engineering

470 Power and Electrical Engineering

510 Electronics and Communications Technology
520 Computer Science and Technology

530 Chemical Engineering

550 Food Science and Technology

560 Civil Engineering

570 Water Conservancy Engineering

580 Transportation Engineering

610 Environmental/Resource Science and Technology
620 Safety Science and Technology

630 Management

710 Marxism

720 Philosophy

730 Religious Studies

740 Linguistics

750 Literature

760 Art

770 History

790 Economics

810 Political Science

820 Law

840 Sociology

850 Ethnology and Cultural Studies

860 Journalism and Communication

870 Library, Information, and Documentation

880 Education

890 Sports Science

910 Statistics

999 Unclassified

Table 7: Template for the classification task, with subject names and IDs referenced from (Yu et al., 2021).
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Category Subject IDs
STEM

110 (Mathematics), 120 (Information Science and System
Science),

130 (Mechanics), 140 (Physics), 150 (Chemistry), 170 (
Earth Science),

180 (Biology), 430 (Materials Science), 460 (
Mechanical Engineering),

470 (Power and Electrical Engineering), 510 (
Electronics and Communications Technology),

520 (Computer Science and Technology), 530 (Chemical
Engineering),

560 (Civil Engineering), 570 (Water Conservancy
Engineering),

580 (Transportation Engineering), 610 (Environmental/
Resource Science and Technology),

620 (Safety Science and Technology), 910 (Statistics)

Social Sciences ) o
190 (Psychology), 790 (Economics), 810 (Political

Science),

820 (Law), 840 (Sociology), 850 (Ethnology and
Cultural Studies),

860 (Journalism and Communication), 870 (Library,
Information, and Documentation),

880 (Education), 890 (Sports Science), 630 (Management

)
Humanities
710 (Marxism), 72@ (Philosophy), 730 (Religious
Studies),
740 (Linguistics), 750 (Literature), 760 (Art), 770 (
History)
Applied Sciences

210 (Agronomy), 230 (Animal Husbandry and Veterinary
Science),

310 (Basic Medicine), 320 (Clinical Medicine),

330 (Preventive Medicine and Public Health), 350 (
Pharmacy),

360 (Chinese Medicine and Chinese Materia Medica),

413 (Information and System Science Related
Engineering and Technology),

416 (Natural Science Related Engineering and
Technology),

420 (Surveying and Mapping Science and Technology),
550 (Food Science and Technology)

Table 8: Classification of subjects into STEM (Science, Technology, Engineering, and Mathematics), Social
Sciences, Humanities, and Applied Sciences.
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MATH

Method Reward Score

Model Type Elementary Middle High Avg

Qwen2.5-72Bngruct (Team, 2024) 442 577 403 474

DeepSeek-R1-Qwen-32B (Guo et al., 2025) 27.6 348 174 266

Vanilla (Qwen2.5-7B) 43.1 539 332 434

+SFT 53.6 505 329 457

Rule-based binary 58.5 66.5 467 57.2
7777777777777 binary 644 721 516 627

REINFORCE4++ QWen2-3-72Bumstnuet (o 62.5 712 531 623
7777777777777 binary  63.8 717 519 625

RM-78 soft 62.9 70.7  53.0 622

Rule-based binary 58.2 67.0 502 58.5
7777777777777 binary  63.0 708 51.I 61.6

RLOO Qwen2.5-72B1msiruct ¢ 63.8 710 524 62.4
7777777777777 binary 634 ~ 71.8 53.8 63.0

RM-7B (ours) soft 63.3 717 536 62.9
_Rule-based | binary ~ 60.6 674 487 58.9

binary 64.4 725 548 639

GRPO Qwen2.5-72B1msiruct ¢ 65.0 722 528 633
7777777777777 binary 657 728 56.0 64.8

RM-7B (ours) soft 65.7 722 542 64.0

Table 9: Performance comparison of different methods on math tasks.

Method Reward Score Type Math Multi-Subject
E M H Avg STEM Social Humanities Applied Others Avg
Qwen2.5-72B-Instruct - - 442 577 403 474 252 20.1 28.7 20.5 21.0 22.6
DeepSeek-R1-Distill-Qwen-32B  — - 27.6 348 174 26.6 232 21.8 26.7 20.5 18.5 21.7
Base - - 43.1 539 332 434 16.3 14.9 15.2 13.3 14.8 15.0
SFT - - 53.6 505 329 457 24.6 22.8 25.7 20.9 22.6 23.1
rule based binary 39.1 544 542 493 10.8 8.8 12.2 11.6 6.3 9.8
Qwen2.5-72B binary 39.7 549 544 497 7.1 6.2 5.6 3.0 5.7 5.7
DeenSeek-Math-7B i Instruct gof 39.7 549 542 496 11.2 10.1 14.2 11.9 7.0 10.5
P RM-7B (ours) binary 27.1 253 168 23.1 11.2 7.9 6.3 52 8.8 8.5
ours soft 346 425 447 40.6 11.5 10.0 13.2 12.0 6.9 10.6
rule based binary 572 672 494 579 22.5 18.2 18.2 18.9 16.8 19.5
binar: 63.6 721 540 633 26.0 22.6 24.8 20.1 22.6 233
Qwen2.5-72B y
Qwen2.5-7B-Instruct ens. Instruet gof 63.6 71.1 543 63.0 28.0 28.5 294 254 22.6 26.8
e binar: 63.6 719 546 634 24.4 223 244 213 21.0 22.7
RM-7B (ours) y
ours soft 63.8 71.6 530 628 249 23.5 26.4 21.7 22.0 23.5
rule based binary 582 67.0 502 585 28.2 27.9 274 224 24.5 26.3
Qwen2.5-72B binary 63.0 70.8 51.1 61.6 29.4 30.5 33.7 24.6 26.1 28.4
Qwen2.5-7B i Instruet— gofie 638 710 524 624 329 314 34.7 27.7 26.8 30.6
i RM-7B (ours) binary 634 718 538 63.0 29.3 29.0 333 25.8 25.6 28.1
’ soft 633 717 536 629 31.0 32.0 35.6 27.0 27.0 30.0

Table 10: Performance comparison of different base models under RLOO. E: elementary. M: middle. H: high.
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coarse

fine

question

answer

Social Sciences

Psychology

Setting up an activity for students to
’bomb’ each other with compliments be-
longs to ().

Self-awareness guidance

STEM

Civil Engineer-
ing

A gravity retaining wall meets the Rank-
ine earth pressure conditions, H = 3 m,
top width 2m, bottom width 3m, fill
c=0,¢=230°~=18.0kN/m>, the
base friction coefficient is 0.4, the anti-
sliding stability safety factor K; and the
anti-tilting stability safety factor K are
respectively ()

2.67;1.73

Humanities

Philosophy

Laozi pointed out in the *Tao Te Ching’,
’Without leaving the door, one knows
the world; without peering through the
window, one knows the way of heaven.
The farther one goes, the less one knows.
Therefore, the sage knows without trav-
eling, sees without looking, and achieves
without doing.” Laozi’s view here

denies the decisive role of prac-
tice in understanding

Applied Sciences

Agronomy

Under light, the physiological processes
that can occur in the mesophyll cells and
vascular bundle sheath cells of wheat
(C3) are

Production of ATP and [H]

Table 11: Example question and reference answer pairs in ExamQA.

3890



question

answer

I’m uncertain if my calculation is correct. Given the probability
distribution function P(X > ¢) = (1—¢)®, I originally had ¢ =
0.01 for the left-hand side (LHS). However, I’'m now thinking
that the LHS should be 1 — 0.01 = 0.99 due to the shape of the
curve. Could someone please clarify which is the proper LHS
for this expression? Thank you.

Your revised understanding is correct. The left-
hand side (LHS) should indeed be 1 — ¢, not
just ¢. Thus, for ¢ = 0.01, the LHS would be
0.99. To verify the correctness of the expression
P(X > ¢) = (1 — ¢)®, consider the following
checks: 1. When ¢ = 0, the probability P(X >
0) should be 1, which is true because (1 —0)° =
1. 2. When ¢ = 1, the probability P(X > 1)
shguld be 0, which is also true because (1 —
1)> =0.

These checks confirm that the expression
P(X >c¢) = (1 —¢)% is correct.

Is 3y = 9x a direct variation? If so, what is the constant of
variation?

A direct variation has the form y = kx, where
k is the constant of variation. Rearranging 3y =
9z gives y = Jx = 3w, so it matches y = kx
with £ = 3. Therefore, 3y = 9z is a direct
variation, and the constant of variation is 3.

How should I connect the backplane for an MM5452 with a
4-digit parallel 7-segment LCD display (specifically a Varitronix
VI-422), considering the MM5452 datasheet mentions a BP pin
connection, but the display doesn’t have a BP pin label?

The MM5452 datasheet refers to the backplane
(BP) connection, which is essential for the
proper functioning of the display. In the case
of the Varitronix VI-422 display, the backplane
connection corresponds to the COMpins, which
are labeled Pin 1 and Pin 40. These common
pins serve as the backplane, as they provide the
reference for the alternating current (AC) signal
applied to the segments to make them visible.
Connect the MM5452’s backplane pins to the
display’s COM pins to establish the necessary
connection.

How can we prove that any linearly independent set of vectors
in a finite-dimensional vector space cannot have more vectors
than a basis of the vector space?

To prove this, consider an arbitrary linearly in-
dependent set of vectors with n + 1 elements,
where n is the number of vectors in a basis of
the vector space. Express each vector in this
set as a linear combination of the basis vectors.
Substituting these expressions into the equation
defining linear independence, we obtain a homo-
geneous system of linear equations with more
unknowns (the coefficients of the linear combi-
nations) than equations. By the properties of
homogeneous systems, this system must have
a nontrivial solution, implying that the vectors
in the linearly independent set are linearly de-
pendent, contradicting the assumption of linear
independence. Therefore, any linearly indepen-
dent set cannot have more vectors than a basis.

Table 12: Example question and reference answer pairs in Weblnstruct.
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question answer

What is the maximum possible order for an element in S5, and  The largest order would be the least common
how can it be determined by analyzing the disjoint cycle struc- multiple of 3 and 2, which is 6.
tures and their least common multiples?

Explain how the energy from sunlight contributes to the orga- The energy from sunlight provides the energy to
nization of chemical molecules into primordial biomass, and enable the organization of chemical molecules
discuss the role of entropy in the process of evolution. Provide a  into primordial biomass, but it does not directly
detailed analysis of the relationship between the Second Law of  cause the organization.

Thermodynamics and the emergence of complex life forms on

Earth.

Find the second derivative of y = 2z°¢** Yy’ = 622’ + 8x3e!® 4 24x3e® 4 3224

. L o 2
Prove algebraically the combinatorial identity (5:) = (3n> = Z <n> ( " )
S (")(,2") using the Binomial Theorem. Show all steps " = \"/\" T
clearly, starting from the expansion of (1 4+ z)3" and explain

how the coefficients of ™ on both sides of the equation lead to

the desired identity.

n—

Table 13: Example question and reference answer pairs in NaturalReasoning.

Category Sample Size  Avg. Cosine Similarity Avg. MSE
Question Answer Question  Answer
Applied Sciences 1063 0.9389 0.9486 0.0038 0.0036
Humanities 248 0.9518 0.9564 0.0031 0.0030
STEM 1580 0.9615 0.9645 0.0027 0.0027
Social Sciences 1315 0.9631 0.9536 0.0027 0.0033
Unclassified 794 0.9572 0.9530 0.0030 0.0032
Overall 5000 0.9560 0.9560 0.0030 0.0031

Table 14: Semantic similarity between original Chinese and back-translated Chinese texts for ExamQA. High cosine
similarity (>0.95) and low MSE ( 0.003) indicate strong semantic preservation.

Category Sample Size Cohen’s K Accuracy
Qwen GPT-40 Qwen GPT-4o

Applied Sciences 98 0.726 0.767 0.891 0.908
Humanities 21 0.978 1.000 0.990 1.000
STEM 163 0.868 0.860 0.942 0.939
Social Sciences 129 0.850 0.800 0.937 0.915
Unclassified 89 0.753 0.861 0.918 0.955
Overall 500 0.827 0.834 0.929 0.932

Table 15: Agreement between LLM verifiers and human annotators by subject category. Results confirm strong
cross-domain alignment (Qwen refers to Qwen2.5-72B-Instruct).

Score Range  Count Percentage (%)

[0.0-0.1) 2215 73.83
[0.1-0.2) 58 1.93
[0.2-0.3) 39 1.30
[0.3-0.4) 22 0.73
[0.4-0.5) 24 0.80
[0.5-0.6) 21 0.70
[0.6 - 0.7) 25 0.83
[0.7-0.8) 31 1.03
[0.8 - 0.9) 46 1.53
[0.9 - 1.0] 519 17.30
Total 3000 100.00

Table 16: Distribution of soft rewards on MATH training data. Intermediate rewards (9.8% of total) enable finer-
grained policy updates.
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