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Abstract

Reward modeling aligns language models with
human preferences, yet coding tasks, requir-
ing strict logic and syntax, pose challenges
due to their domain diversity. In this paper,
we propose RewardCode, a generalist code re-
ward model trained via a two-stage pipeline, en-
abling scalable and precise evaluation through
Structured Coding Scoring and unit test gener-
ation. Specifically, the first stage combines
Structured Fine-Tuning and Rejective Fine-
Tuning to distill cross-domain summarization
and code evaluation capabilities from advanced
LLMs. The second stage introduces Pairwise-
GRPO, a reinforcement learning method that
uses preference pairs to improve solution dis-
crimination, while ensuring the generation of
consistent and verifiable unit tests. Further, to
train a cross-domain code reward model, we
construct CodePair-18K, a dataset of verifiable
code preference pairs and executable unit tests.
Experiments on multiple benchmarks show that
RewardCode outperforms strong baselines in
evaluation accuracy, verifying its effectiveness
in advancing general-purpose code LLMs.

1 Introduction

Large Language Models (LLMs) (Liu et al., 2024a;
Achiam et al., 2023; Yang et al., 2025) have demon-
strated superior performance across a wide range
of coding tasks, including software engineering
coding (Jimenez et al., 2023), machine learning
coding (Chan et al., 2024), and programming com-
petitions (Jain et al., 2024).

To further enhance LLMs in coding scenarios,
researchers try to explore Reinforcement Learn-
ing (RL) for post-training (Wei et al., 2025; Zhang
et al., 2024) and Test-time Scaling (TTS) (Zeng
et al., 2025a) for inference phase. However, Rule-
based rewards for code RL are typically derived
from unit test verification results or actual program

*Corresponding author, email: fengshiyang @pjlab.org.cn
Primary Contact: huangsongtao@pjlab.org.cn

Shiyang Feng?*
Bo Zhang?
2Shanghai Artificial Intelligence Laboratory

Xiaohan He'??
Lei Bai?

(c) Math MLE

(a) Single Domain (b) Single Domain

SWE *°** Contest
CodeA CodeB é Code L]
v v v
Generative Scalar
Reward Model Reward Model RewardCode

Winner: Code A Score: 3.21 Unittest Score: 6.66
Multi-Domain ° ° 0
Comprehensive o 0 o
Scalable 0 O o

Figure 1: Comparison of code reward modeling
paradigms. (a) Generative Reward Models provide com-
prehensive evaluation but lack scalability. (b) Scalar
Reward Models are scalable but often lack comprehen-
sive feedback. (c) RewardCode supports multi-domain
evaluation and achieves both scalability and comprehen-
sive verification through execution-based unit test and
score generation.

execution results specific to each domain. Con-
structing such large set of high-quality reward la-
bels in advance is extremely costly. Besides, TTS
methods guided by reward-based selection strate-
gies, such as Best-of-N (BoN), also depend on dy-
namic and accurate reward evaluation. Therefore,
a high-quality code reward model is a prerequisite
for boosting LLMs in coding tasks.

Furthermore, coding tasks range from algorith-
mic competitions to complicated Machine Learn-
ing Engineering (MLE) and Software Engineering
(SWE), where each domain requires distinct ex-
pert knowledge. Current reward models fall short
in addressing these differences. Existing special-
ized models, such as AceCodeRM (Zeng et al.,
2025b), are capable of evaluating simple program-
ming tasks but struggle to deliver accurate assess-
ments in complicated domains like MLE and SWE.
As a result, a unified reward modeling technique in
the context of RL and TTS for coding tasks remain
under-explored. Motivated by these observations,
we raise the following question: Can we design
a unified code reward model that works across
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diverse coding domains?

In this work, we propose RewardCode, a gener-
alist code reward model that integrates Structured
Coding Scoring with executable unit test genera-
tion. Complementary consensus filtering between
the two is used to derive the final evaluation re-
sults. Unlike pairwise reward models that rely on
repeated comparisons, RewardCode evaluates can-
didate solutions in a pointwise manner, enabling
scalable and fine-grained assessment across large
collections of code. Figure 1 illustrates the dif-
ferences between RewardCode and existing reward
models on coding tasks. To support the training
of a generalist code reward model, we construct
CodePair-18K, a cross-domain dataset of verifiable
preference pairs with structured task summaries
and executable unit tests, collected from diverse
domains including mathematical code translation,
programming competitions, data science engineer-
ing, and software engineering.

Besides, we design a two-stage training pipeline
to train RewardCode. In the first stage, we pro-
pose Structured Fine-Tuning to transform diverse
task descriptions into structured summaries in or-
der to alleviate cross-domain gaps, together with
Rejective Fine-Tuning to bootstrap high-quality
trajectories from large reasoning LLMs through
group rejection sampling. In the second stage, a
reinforcement learning method, Pairwise-GRPO,
is designed, which leverages preference pairs with
rule-based rewards to enhance the model’s ability
to discriminate between solutions and to generate
consistent and verifiable unit tests.

We evaluate RewardCode on different domains,
ranging from code snippet to complicated machine
learning and software engineering tasks. Experi-
mental results demonstrate that RewardCode sig-
nificantly outperforms existing reward models in
BoN selection scenarios, particularly in compli-
cated agent-based tasks. Moreover, we also find
that RewardCode can serve as a reliable reward
model for stable GRPO training of the base LLM
on code generation tasks, demonstrating its ability
to replace complex rule-based reward labeling. Our
main contribution can be summarized as follows:

* We introduce RewardCode, the first generalist
code reward model that provides accurate and
scalable evaluation from simple programming
tasks to complex real-world scenarios such as
MLE and SWE tasks.

* We design Pairwise-GRPO to optimize scor-

ing accuracy through relative score compar-
isons within preference pairs. It also prevents
reward hacking by jointly validating unit tests,
thereby enhancing the model’s ability to dis-
criminate between solutions and to generate
consistent, verifiable tests.

* We present CodePair-18K, a dataset of veri-
fiable code preference pairs coupled with ex-
ecutable unit tests, which aggregates cross-
domain tasks, including mathematical transla-
tion, algorithmic programming, competitive
challenges, data science, and software engi-
neering.

2 Related Work
2.1 Code LLMs and Autonomous Agents

Recent advancements in Large Language Models
(LLMs) have catalyzed significant progress in au-
tomated code generation. Foundation code LLMs,
pretrained on massive code corpora, have estab-
lished a strong baseline across diverse domains,
ranging from software engineering to data science
and algorithmic reasoning (Li et al., 2023; Guo
et al., 2024; Hui et al., 2024; Team et al., 2025).
This progress has necessitated the development
of rigorous benchmarks to systematically evalu-
ate model capabilities (Jain et al., 2024; Zhuo et al.,
2024; Zhou et al., 2025). Beyond function-level
generation, LLM-driven agents have emerged to ad-
dress complex, open-ended problems (Zhang et al.,
2025; Zeng et al., 2025a; Ou et al., 2025; Bai et al.,
2026; Feng et al., 2026; Zhang et al., 2026). For in-
stance, SWE-Agent (Yang et al., 2024) introduces
an agent-computer interface for repository-level
navigation and editing, while AIDE (Jiang et al.,
2025) and AutoMLGen (Du et al., 2025) employ
systematic search and scoped memory mechanisms
to automate software development and data science
workflows, respectively. However, the open-ended
nature of these complex tasks demands highly flexi-
ble and robust reward signals to guide agents effec-
tively, a capability that standard foundation models
often lack.

2.2 Reward Model

Reward Models (RMs) have become essential for
replacing human evaluators in assessing the quality
of LLM outputs. Early reward models often pro-
duced scalar scores based on the output’s quality,
typically trained with the Bradley-Terry (BT) loss.
However, these pointwise scores fail to capture
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Figure 2: The overall pipeline of RewardCode. The training process consists of two stages: it initiates with
the supervised fine-tuning of a base model on the CodePair-18K dataset and collected reasoning trajectories.
Subsequently, the model is optimized via Pairwise-GRPO to enhance its capability in discriminating code solutions

and generating correct unit tests.

the multi-dimensional aspects of code evaluation,
such as correctness, efficiency, and test coverage.
More recent developments in Generative Reward
Models (GRMs) (Mahan et al., 2024; Liu et al.,
2025b; Chen et al., 2025c; Guo et al., 2025; Chen
et al., 2025a; Zhao et al., 2025; Whitehouse et al.,
2025) have explored integrating natural language
critiques alongside evaluation signals. DeepSeek-
GRM (Liu et al., 2025b) introduces Self-Principled
Critique Tuning (SPCT) to guide models in apply-
ing their own evaluation principles. Similarly, RM-
R1 (Chen et al., 2025¢) frames reward modeling as
a reasoning task, leveraging high-quality reasoning
chains and verifiable rewards to improve evalua-
tion quality. However, in code generation tasks,
correctness is often measured by deterministic sig-
nals, such as unit tests, and incorporating natural
language critiques may introduce inconsistencies
or biases. To address this, CodeRM (Ma et al.,
2025) has explored the generation of unit tests via
LLMs, but it remains limited to relatively simple
code tasks. AceCodeRM (Zeng et al., 2025b) con-
structs code preference pairs to train scalar reward
models, yet it is constrained to simpler program-

ming challenges. In contrast, our work is the first
to integrate GRMs into a unified evaluation frame-
work for code. We propose a model that jointly
supports scalar scoring and unit test generation, en-
abling accurate and generalizable reward modeling
across diverse coding domains.

3 RewardCode

In this work, we develop RewardCode, a generalist
code reward model designed to provide judgment
across diverse coding domains. Figure 2 presents
the overall pipeline. We first construct CodePair-
18K, a dataset of 18K validated code preference
pairs with corresponding unit tests. RewardCode
is trained in two stages. We begin by extracting
task descriptions from CodePair-18K and employ-
ing a powerful LLM to generate structured sum-
maries for each domain. In addition, we collect
high-quality trajectories from large reasoning mod-
els through rule-based rejection sampling. These
two sources are used to perform supervised fine-
tuning the base model, rapidly enhancing its ability
to generate structured summaries and to perform
general evaluation across different code domains.

9411



Datasets Code

Verification Complex Executable Correctness | Function

Math2Code DTOSTAMMING w1y o GWE | # Size

Preference Code Task Unit Test Verification | Design Contest
Code-Preference-Pairs v X X X X v X X X X 54K
Target-DPO-59K v v X X X 4 X X X X 59K
CodeDPO-114K v v X X v v X X X X | 114K
AceCodePair-300K v v X X v v X X X X | 300K
CodePair-18K 4 v v v v v v v v v 18K

Table 1: Comparison of existing code preference datasets.

Finally, we design Pairwise-GRPO to strengthen
the model’s capacity to autonomously discriminate
between better and worse solutions when no mu-
tual information is available, and to improve its
ability to generate correct and consistent unit tests.

3.1 CodePair-18K Data Collection

Table 1 compares CodePair-18K with existing code
preference datasets. Unlike prior datasets that
primarily focus on function-level programming
tasks, CodePair-18K combines verifiable prefer-
ence pairs from algorithmic programming, math-
ematical code generation, machine learning engi-
neering, and repository-level software engineering.

We employ domain-specific construction strate-
gies according to the availability of reference so-
lutions and executable tests. For algorithmic and
math-to-code tasks, we introduce localized seman-
tic perturbations into verified reference implemen-
tations and retain only perturbations exposed by
the original tests. For MLE tasks, we collect candi-
date implementations from MLE-Dojo trajectories,
generate targeted tests with Claude-4-Sonnet, and
synthesize buggy counterparts that fail the same
tests. For SWE tasks, we derive chosen and re-
jected responses from the post-fix and pre-fix ver-
sions of R2E-Gym commiits, respectively, and ap-
ply AST- and dependency-based pruning to remove
repository code unrelated to the target defect. Fi-
nally, every pair is subjected to execution-based
consistency filtering, which requires the shared test
suite to pass the chosen implementation and fail
the rejected implementation. Detailed construction
and validation procedures are provided in Appen-
dices A.2 and A.3.

3.2 Structured Coding Scoring and Test
Generation

We formulate the general paradigm of code evalua-
tion as follows: given a programming task and its
candidate solution, a generalist code reward model
should be able to generate both a reliable score and
executable unit tests for verification. Based on this

principle, we design RewardCode as a pointwise
reward model, avoiding the limited applicability of
pairwise RMs and the computational bottleneck in
large-scale evaluation.

{T’ U} = W@(Say)a (D

where s and y represent the coding task and the
corresponding solution, respectively, 7 and u repre-
sent the scoring result and the generated unit test.
Unlike chat or math reasoning tasks, programming
tasks allow verification through carefully designed
unit tests, where the execution results directly deter-
mine correctness. Therefore, RewardCode adopts
Structured Coding Scoring and Test Generation to
produce both scores and tests. We design three
intuitive principles for code evaluation: Task Com-
pletion, Code Correctness, and Efficiency. Task
Completion checks whether the solution fulfills the
required functionality, Code Correctness assesses
the logical soundness of the code, and Efficiency
evaluates the quality and resource efficiency of
the implementation. RewardCode assigns individ-
ual scores for each principle and determines their
weights according to the task category. The final
score is the weighted sum of the three principle
scores. This scoring mechanism actively encour-
ages RewardCode to conduct detailed inspections
of the code and strengthens their understanding of
candidate solutions. After a thorough understand-
ing, RewardCode generates directly executable unit
tests according to the task objectives and code
content, thereby validating correctness in practice.
All unit tests are formalized in Pytest style, ensur-
ing easy and executable verification. In this way,
RewardCode can achieve efficient large-scale code
evaluation through score comparison, while exe-
cutable unit tests provide a reliable ground truth
of correctness. During evaluation, we employ a
consensus filtering strategy: among the candidates
that pass the unit tests, the one with the highest
score is selected as the optimal solution.
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3.3 Structured and Rejective Fine-Tuning

To equip RewardCode with basic Structured Cod-
ing Scoring and Test Generation capabilities, we
construct a cold-start dataset for Supervised Fine-
Tuning (SFT). This stage incorporates two key
strategies: Structured Fine-Tuning and Rejective
Fine-Tuning, which are designed to bridge cross-
domain gaps and ensure the generation of reliable
evaluations and verifiable tests.

Structured Fine-Tuning. Compared with other
tasks, programming tasks contain explicit Struc-
tured information such as inputs and outputs. How-
ever, task descriptions across different code do-
mains vary significantly and are often task-specific.
To enable the model to quickly understand hetero-
geneous programming tasks, we use GPT-40 to
transform diverse task descriptions from CodePair-
18K into structured summaries. Each summary
includes the task objective, input—output specifica-
tion, and other necessary details for solving the task.
Compared with verbose natural-language descrip-
tions, structured summaries provide RewardCode
with concise and informative inputs, enabling it to
quickly identify task goals and make more accurate
judgments.

Rejective Fine-Tuning. The purpose of Rejec-
tive Fine-Tuning is to bootstrap RewardCode’s abil-
ity to generate Structured Coding Scoring and Unit
Tests in the correct format by leveraging the rea-
soning capabilities of large models. Starting with
CodePair-18K, we sample a subset of task sum-
maries and their corresponding code solution pairs.
For each task-solution pair, we use DeepSeek-R1-
0528 to generate [N responses without revealing
correctness labels. To filter low-quality responses,
we employ Group Rejective Sampling: for correct
solutions, all NV responses must score higher than
those of incorrect solutions under the same task,
and vice versa. This ensures that the model learns
to distinguish between correct and incorrect solu-
tions. Additionally, we generate unit tests for each
solution and retain only those that pass validation
against expected outcomes, ensuring the generated
tests are accurate and executable.

3.4 Pairwise-GRPO

We propose Pairwise-GRPO to leverage large-
scale code preference pairs and further enhance
RewardCode’s ability in Structured Coding Scor-
ing and Test Generation. Specifically, for the input

code pair dataset D = (s;, Yq, yb)ij\il, RewardCode
generates scores and unit tests for each solution in
a pointwise manner:

({Tllv u(l}7 {TIN Ub}) = (71'9(82', ya)7 W@(Sh yb)):

2)
where s;,yq,y, denote task summary, correct
solution and incorrect solution. 7y represents
RewardCode model. {r, uq}, {7s, up} correspond
to the score and unit test generated for the correct
and incorrect solutions, respectively. We then com-
pute rewards in a pairwise fashion. First, we define
the Relative Score Reward R ..., Which evaluates
whether the relative ranking of r, and r aligns
with ground-truth correctness:

1 ifrg >y,
Rscore = “ . b (3)
0 otherwise.

Intuitively, Rsqore and Ry; evaluate solutions at
two complementary granularities. The score serves
as a coarse-grained preference signal that only re-
quires the relative ranking to be consistent, while
the unit test provides a fine-grained correctness
verification signal. To validate unit test quality, we
design the Unit Test Reward with a strict require-
ment: the generated test must pass on the correct
solution and fail on the incorrect one, driving the
model to generate reliable and discriminative tests.
The Unit Test Reward of u, is represented as:

. {0.5 if P(ya,uq) =1 A P(yp,uq) =0,
ut
0,
“4)

otherwise,
where P denotes the execution result of a unit
test. The Group Unit Test Reward is given by
Ry = R%, + RY,. The final pairwise reward R is
calculated as:

R= Rscore + RZt + Rgt + Rformata (5)

where Rjopmqt 1s Structured format reward. Af-
ter collecting rollout samples for each code pair
and their corresponding rewards, we optimize the
policy iteratively with the following objective:

J(0{0i}iy) =

E q~P(Q)
{oi}~mg ;4 (-19)

clip (

1 & m0(0i | q)
szin<91q140“

i1 Tooq(0i | @)

mo(0i | @)

, 1 —5,1—|—€)Aoi>
Treold(oi ‘ q)

—BE 4P [DKL[WeHﬂrefH,

{oit~mo 14 (la)

(6)
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where clip(z, ) := min(max(z, 1 —¢),1 + ¢),
g is the policy to be optimized, m.q is the old
policy, {0;}§; are the pairwise rollout, and A,, is
the normalized pairwise reward related to R, .

4 Experiment

4.1 Experimental Settings

Evaluation Metric and Benchmark To ver-
ify the cross-domain efficacy of different re-
ward models, we evaluate their performance as
Best-of-N (BoN) selectors across both complex
agent-based benchmarks and single-code bench-
marks. For complex agent-based evaluation, we
use subsets of MLE-Bench (Chan et al., 2024)
and SWE-Bench (Jimenez et al., 2023). Due
to computational limitations, we collected 7 ex-
ecutable data science tasks from MLE-Bench and
7 classes of diverse software engineering issues
from SWE-Bench-Verified as our complex agent-
based benchmarks. Using Qwen3-Coder-30B-
A3B-Instruct (Yang et al., 2025) as the backbone,
we implement a step-level BoN strategy where
the reward model selects the best of 8 candi-
dates at each turn. Specifically, we employ ML-
Master (Liu et al., 2025a) for MLE tasks to mea-
sure valid submissions within one hour and a Bash-
only mini-swe-agent for SWE tasks to measure
resolved rates (Yang et al., 2024). For single-code
evaluation, we use the code subsets of Reward-
Bench (Lambert et al., 2024) and RM-Bench (Liu
et al., 2024b) to measure preference selection accu-
racy. Additionally, on LiveCodeBench (Jain et al.,
2024), we generate 16 candidates using Qwen2.5-
Coder-7B-Instruct and report the post-selection suc-
cess rate to quantify test-time scaling capabilities.
The candidate budgets differ because agent-based
tasks require expensive multi-turn interactions with
an execution environment, whereas single-code
generation only requires independent model infer-
ence. We therefore use N = 8 for agent-based
MLE and SWE evaluation and N = 16 for single-
code evaluation. A controlled sensitivity analysis
over different candidate budgets is provided in Ap-
pendix A.10.

Model Implementation and Optimization. We
use Qwen2.5-Coder-7B-Instruct (Hui et al., 2024)
as the base model for RewardCode. For Pairwise-
GRPO optimization, we set the learning rate to
1 x 1079 and the KL coefficient to 0.001. RL
training is performed for 2 epochs over the full
CodePair-18K dataset.

Baselines. For agent-based benchmarks, we com-
pare RewardCode with GPT-40, RM-R1-Qwen2.5-
Instruct-7B, and AceCodeRM-7B. For BoN eval-
uation on single-code benchmarks, we consider
three categories of reward models: (1) scalar re-
ward models, including InternLM2-7B-Reward,
Eurus-RM-7B, and RM-Mistral-7B; (2) genera-
tive reward models, including JudgeLRM (Chen
et al., 2025b), RRM-7B (Guo et al., 2025), and RM-
R1-Qwen2.5-Instruct-7B (Chen et al., 2025¢); and
(3) specialized code reward models, including Co-
deRM (Ma et al., 2025) and AceCodeRM-7B (Zeng
et al., 2025b).

4.2 Results and Analysis
4.2.1 Best-of-N Evaluation

BoN on Agent-based Coding Benchmarks. We
evaluate different reward models on Agent-based
Coding Benchmarks in more complex scenarios.
Compared to LLM-based code benchmarks, agent-
based benchmarks involve more complex code im-
plementations and place higher demands on reward
models. We find that existing reward models strug-
gle with accurate judgment in complex tasks. Un-
like function-level code generation tasks, MLE and
SWE tasks require complete software implemen-
tations or modifications, demanding accurate judg-
ment of code details and a comprehensive under-
standing of the task’s macro functionality. We find
that RewardCode-7B achieved the best results in
improving the completion rate of BoN tasks. This
improvement is due to RewardCode benefiting from
a large amount of cross-domain preference data
during RL training, allowing it to obtain accurate
judgment signals at a macro level. Additionally, the
unit test generation ability requires RewardCode to
understand code details in depth. This comple-
mentary generation pattern allows RewardCode to
evaluate code accurately from a unified perspective.

BoN on Single Coding Benchmarks. We eval-
uate the Best-of-N selection performance on Live-
CodeBench and the code subsets of RewardBench
and RM-Bench. As shown in Table 3, RewardCode-
7B consistently outperforms all baseline methods
across these diverse benchmarks. We observe that
Scalar RMs perform competitively on Reward-
Bench and RM-Bench, likely benefiting from large-
scale general preference pretraining. However, they
struggle significantly with real-world code evalua-
tion on LiveCodeBench. Conversely, GRMs offer
improved selection capabilities over Scalar RMs
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Task name

GPT-40 RM-R1-Qwen2.5-Inst-7B

AceCodeRM-7B RewardCode-7B

MLE Task
aptos2019-blindness-detection 0.194 0.444 0.296 0.462
denoising-dirty-documents 0.211 0.071 0.107 0.095
dog-breed-identification 0.300 0.286 0.263 0.300
mlsp-2013-birds 0.326 0.127 0.274 0.268
nomad2018-predict-transparent-conductors ~ 0.487 0.468 0.500 0.581
plant-pathology-2020-fgvc 0.316 0.321 0.288 0.438
random-acts-of-pizza 0.417 0.583 0.600 0.666

SWE Task
astropy 0.136 0.091 0.091 0.136
django 0.169 0.186 0.156 0.186
pydata 0.182 0.227 0.136 0.364
pylint-dev 0.000 0.000 0.000 0.100
scikit-learn 0.188 0.188 0.250 0.406
sphinx-doc 0.046 0.114 0.046 0.159
sympy 0.160 0.227 0.147 0.173

Table 2: Performance comparison across different models on MLE and SWE tasks.

but incur prohibitive computational costs due to
pairwise inputs, with only limited performance
gains. Similarly, existing specialized Code RMs
show restricted robustness on diverse code distri-
butions, indicating room for improvement in multi-
scenario tasks.

In contrast, RewardCode demonstrates superior
robustness by achieving state-of-the-art results
across LiveCodeBench, RewardBench, and RM-
Bench. Furthermore, RewardCode supports di-
rect evaluation of individual solutions without re-
quiring paired inputs like standard GRMs, which
greatly improves evaluation efficiency. Notably,
the code subsets in RewardBench and RM-Bench
come from various programming languages, while
RewardCode and other code RMs are mainly
trained on Python data. This result highlights the
model’s robust generalization, confirming its abil-
ity to transfer evaluation logic to out-of-domain
programming languages.

4.2.2 RL Training Evaluation

To evaluate the reliability of RewardCode-7B as a
reward provider during RL training, we fine-tune
Qwen2.5-7B-Instruct on the KodCode-Light-RL-
10K dataset (Xu et al., 2025) for two epochs. We
employ Group Relative Policy Optimization with
a rollout size of 8 and a learning rate of 5 x 107",
We compare RL using reward signals generated
by RewardCode-7B with Rule-based RL, which di-
rectly uses verified ground-truth unit tests to pro-
duce binary execution rewards. Rule-based RL
therefore serves as a strong execution-based refer-

ence.

Since RewardCode-7B generates both scalar
scores and verification tests, we use the compos-
ite reward r = 0.57rgcore + 0.57y¢. As shown in
Table 4, RewardCode-based RL matches or outper-
forms Rule-based RL on four of the five bench-
marks and remains comparable on LiveCodeBench.
This result demonstrates that model-generated re-
ward signals can provide an effective and scalable
alternative when task-specific ground-truth tests
are unavailable. We further evaluate this behav-
ior across different policy-model families in Ap-
pendix A.9.

4.2.3 Ablation Study

We conduct an ablation study on four variants: (1)
RewardCode-Zero, optimized solely via Pairwise-
GRPO without Structured and Rejective Fine-
Tuning; (2) RewardCode-SFT, the version af-
ter fine-tuning but without RL optimization; (3)
RewardCode-Score, which relies exclusively on
scalar score-based judgments; and (4) RewardCode-
UT, which utilizes only unit test-based verification.

As shown in Table 5, the full RewardCode
outperforms all variants. RewardCode-Zero ex-
hibits significant performance degradation on Live-
CodeBench, indicating that the lack of an SFT
cold start severely limits the model’s foundational
reasoning and verification capabilities. While
RewardCode-SFT surpasses the Zero variant by
distilling these capabilities from powerful teacher
models, it still lags behind the full model. This
performance gap underscores the critical role of
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Model

RewardBench-Code

RM-Bench-Code LiveCodeBench-V4

Scalar Reward Models
Eurus-RM-7B 0.600 0.496 0.369
RM-Mistral-7B 0.940 0.530 0.304
InternLM2-7B-Reward 0.941 0.502 0.344
Generative Reward Models
JudgeLRM-7B 0.820 0.352 0.363
RM-R1-Qwen2.5-Inst-7B 0.888 0.568 0.362
RRM-7B 0.849 0.528 0.407
Code Reward Models
AceCodeRM-7B 0.520 0.613 0.404
Our Method
RewardCode-7B 0.949 0.621 0.418

Table 3: BoN evaluation results on single coding benchmarks.

Model HumanEval HumanEval+ MBPP MBPP+ LiveCodeBench-V4 Avg

Qwen?2.5-7B-Instruct 0.817 0.744 0.783 0.672 0.290 0.661
Rule-based RL 0.848 0.762 0.802 0.688 0.300 0.680
RewardCode-7B-based RL 0.854 0.787 0.812 0.688 0.299 0.688

Table 4: Performance comparison between Rule-based RL and RewardCode-7B-based RL methods on code

generation benchmarks.

Model RM-Bench-Code LiveCodeBench
RewardCode-Variant
RewardCode-Zero 0.589 0.366
RewardCode-SFT 0.582 0.387
RewardCode-Score 0.603 0.405
RewardCode-UT 0.591 0.347
Our Method
RewardCode-7B 0.621 0.418

Table 5: Ablation study of different RewardCode vari-
ants.

Pairwise-GRPO in fully activating and refining
these distilled skills for high-quality evaluation. Fi-
nally, the performance decline observed in both
RewardCode-Score and RewardCode-UT validates
our hybrid evaluation paradigm. This consensus
filtering helps RewardCode avoid missing details
with score-only evaluations and false positives with
unit test-only evaluations, thus maximizing the per-
formance of policy models in TTS.

5 Conclusion

In this paper, we have introduced RewardCode, a
generalist code reward model designed to provide
precise and scalable code evaluations across diverse
coding domains. RewardCode adopts Structured
Coding Scoring and test generation, with comple-
mentary consensus filtering used to derive the fi-
nal evaluation results. Besides, we have designed

Pairwise-GRPO to jointly optimize score and unit
test generation, which obtains pairwise shared re-
wards to ensure the correctness of the scoring pro-
cess and prevent false positives in unit test gen-
eration. Experimental results highlight the effec-
tiveness of RewardCode as a generalist evaluator
for coding tasks and demonstrate its potential for
future applications in more complex code domains.

Limitations

A primary limitation of this work is the linguistic
scope of our training data. Although RewardCode
shows potential for cross-lingual evaluation, it was
trained primarily on the Python-centric CodePair-
18K dataset. Its ability to generate executable unit
tests and accurately assess other programming lan-
guages, such as C++ and Java, may therefore be
weaker than in Python. The model may struggle
with language-specific syntax and execution envi-
ronments. Future work will expand CodePair-18K
to support more programming languages and im-
prove multilingual code evaluation across practi-
cal coding settings. Although CodePair-18K in-
cludes math-to-code examples, our current evalua-
tion does not isolate this domain. The associated
mathematical reasoning abilities are instead evalu-
ated indirectly through the MLE benchmarks.
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Ethics Statement

This work presents RewardCode, a generalist code
reward model. The CodePair-18K dataset con-
structed for this study is derived exclusively from
publicly available benchmarks and open-source
repositories. We ensure that data collection strictly
adheres to original licenses and privacy policies,
containing no personally identifiable information.
We conduct evaluations under consistent protocols
to ensure fair and transparent comparison. Our
experiments strictly adhere to the ARR Code of
Ethics, particularly regarding transparency and re-
producibility. Generative Al tools were used solely
for language polishing and did not contribute to the
research design, experiments, analysis, or conclu-
sions.
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A Appendix

A.1 Pairwise-GRPO Training Curve

We visualize the training curves of Pairwise-GRPO
in Figure 3 to validate the optimization process.
The leftmost plot shows the total mean reward R
steadily increasing, indicating stable convergence.
The middle plot illustrates the rise in Unit Test
Reward (R,;), confirming that the model learns
to generate high-quality tests that distinguish be-
tween correct and incorrect code. The rightmost
plot displays the improvement in Relative Score
Reward (Rscore), showing that the model becomes
increasingly accurate in ranking correct solutions
higher than incorrect ones. The simultaneous im-
provement across all sub-rewards demonstrates that
Pairwise-GRPO effectively harmonizes the dual
goals of precise scoring and verifiable test genera-
tion.

A.2 CodePair-18K Data Construction

CodePair-18K is a cross-domain code preference
dataset covering algorithmic programming, math-
to-code generation, Machine Learning Engineering
(MLE), and Software Engineering (SWE). It draws
tasks from KodCode (Xu et al., 2025), CodeCon-
test (Li et al., 2022), APPS (Hendrycks et al., 2021),
math-to-code benchmarks (Lu et al., 2024), MLE-
Dojo (Qiang et al., 2025), and R2E-Gym (Jain et al.,
2025). Each example contains a task description, a
chosen implementation, a rejected implementation,
and an executable test suite. Since the available
solutions and tests differ across domains, we adopt
a domain-specific construction procedure.

Algorithmic and Math-to-Code Tasks. For al-
gorithmic programming and math-to-code tasks,
we begin with verified reference implementations
and their associated tests. We use GPT-40 (Hurst
et al., 2024) to introduce localized semantic errors
into the reference implementations. These errors
include incorrect boundary conditions, modified
arithmetic operations, and incomplete case han-
dling. The reference implementation is used as the
chosen response, while the perturbed implementa-
tion serves as a candidate rejected response. We
retain the pair only when the original tests pass
on the chosen implementation and fail on the per-
turbed implementation.

MLE Tasks. For MLE tasks, we collect can-
didate implementations from iterative solution

trajectories produced in the MLE-Dojo environ-
ment (Qiang et al., 2025). Trajectory nodes marked
as non-buggy are used as candidate chosen re-
sponses. Because these intermediate implemen-
tations generally do not have executable tests, we
use Claude-4-Sonnet (Anthropic, 2025) to generate
targeted Pytest suites based on the task specifica-
tion and the candidate implementation.

Each generated test suite is first executed on
the candidate chosen response in its task-specific
Docker environment. Candidates that do not pass
the generated tests are discarded. We then use 03-
mini to construct a rejected counterpart by introduc-
ing a localized semantic defect while preserving the
original program structure and interfaces. The re-
jected implementation is evaluated using the same
test suite. We retain the pair only when the tests
pass on the original implementation and fail on the
synthesized counterpart.

SWE Tasks. For SWE tasks, we construct prefer-
ence pairs from the fail-to-pass repository instances
provided by R2E-Gym (Jain et al., 2025). The con-
tents of the modified Python files before the fix are
treated as the rejected response, while the corre-
sponding post-fix contents are treated as the chosen
response. The regression tests associated with each
instance are obtained from its execution records.
This procedure preserves realistic repository-level
defects and their verified fixes without introducing
additional synthetic bugs.

Repository files often contain substantial code
unrelated to the target defect. We therefore apply
an AST- and dependency-based context reduction
procedure. We first compute the difference be-
tween the pre-fix and post-fix implementations and
map the changed lines to their enclosing functions,
classes, methods, and global definitions. We then
use reverse dependencies to identify definitions
that may be affected by the modified code. Starting
from these affected definitions, we collect the for-
ward dependencies required for execution, includ-
ing referenced functions, classes, global variables,
and imports. The retained definitions are finally
ordered so that dependencies appear before their
consumers. We apply the same procedure to the
chosen and rejected implementations, producing
compact snippets that preserve the defect-related
logic and its required context.

After domain-specific construction, all examples
are converted into a unified representation and pro-
cessed by the execution-based consistency filter
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Figure 3: Training reward curves during the Pairwise-GRPO stage.

described in Appendix A.3.

A.3 Execution-Based Consistency Filtering

We apply execution-based consistency filtering to
ensure that each preference pair provides a reliable
training signal. Given a chosen implementation,
a rejected implementation, and their shared test
suite, we retain the pair only when the tests pass on
the chosen implementation and fail on the rejected
implementation. The executions are performed in
isolated environments, including restricted sand-
boxes for lightweight programming tasks and task-
specific Docker environments for MLE tasks.

A rejected implementation is not required to
crash or fail to compile; it may execute normally
but produce an incorrect output or violate an ex-
pected behavior. For LLM-generated MLE tests,
the tests are treated as candidate verification arti-
facts and are subjected to the same dual-execution
criterion. Tests that fail on the candidate chosen
implementation, pass on both implementations, or
cannot be executed reliably are discarded together
with the corresponding pair.

A.4 Diversity of Generated Unit Tests

The execution-based consistency filter ensures that
a generated unit test can distinguish a correct so-
lution from an incorrect one. However, this cri-
terion alone does not demonstrate whether the
model generates diverse testing behaviors across
different coding domains. We therefore conduct
a systematic analysis of the unit tests generated
by RewardCode on MLE, SWE, and algorithmic
programming tasks.

Specifically, we drew a stratified sample of 293
tasks and parsed 885 generated test functions us-
ing the Python AST. We measure the number of
test functions and assertion points for each task,
and identify tests that explicitly exercise exception
paths. To further analyze semantic diversity, we

cluster the representations of individual test func-
tions using K-Means with K = 7. We report the
within-domain cluster entropy normalized by the
maximum entropy log K, where a higher value
indicates that the generated tests cover a broader
range of testing patterns.

Metric MLE SWE KodCode
Test functions per task 268 258 3.77
Assertion points per task 6.07 3.72 4.07
Assertions per test function  2.26 1.44 1.08
Exception-checking tests 1.1% 28.3% 0.3%
Normalized cluster entropy 53.5% 44.4%  39.5%

Table 6: Structural and semantic diversity of the unit
tests generated by RewardCode across different coding
domains.

As shown in Table 6, the generated tests exhibit
distinct domain-dependent characteristics. MLE
tasks contain more assertion points per test func-
tion, reflecting the need to jointly verify data prop-
erties, tensor shapes, preprocessing behavior, and
model outputs. SWE tasks show a substantially
higher proportion of exception-checking tests, con-
sistent with the importance of error handling and
component interactions in repository-level pro-
grams. In contrast, tests for algorithmic tasks
more frequently instantiate multiple concrete input—
output cases. The non-trivial within-domain cluster
entropy further indicates that the generated tests do
not collapse into a single testing template. These
results suggest that the execution-based objective
encourages RewardCode to generate discriminative
tests while adapting their structure to different cod-
ing domains.

A.5 Contamination Audit

To examine whether the evaluation results are af-
fected by task overlap, we conduct a contamination
audit between CodePair-18K and the evaluation
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sets of LiveCodeBench, RewardBench-Code, and
RM-Bench-Code. We normalize each task descrip-
tion by converting it to lowercase, removing punc-
tuation, and collapsing consecutive whitespace. We
then apply four complementary overlap detectors:
exact normalized matching, contiguous 13-gram
matching, 8-gram Jaccard similarity, and ROUGE-
L F1 similarity.

Benchmark #Eval Exact 13-gram Jac. > 0.5 Jac. > 0.8 R-L > 0.8

LiveCodeBench 713 0 21(2.94%) 0 0 0
RewardBench-Code 984 0 6(0.61%) 0 0 0
RM-Bench-Code 228 0 1(0.44%) 0 0 0

Table 7: Contamination audit between CodePair-18K
and the evaluation benchmarks. Jac. and R-L denote 8-
gram Jaccard similarity and ROUGE-L F1, respectively.

Table 7 shows that exact matching, Jaccard sim-
ilarity, and ROUGE-L identify no high-similarity
task pairs. The more sensitive 13-gram detector
produces a small number of matches. Manual in-
spection shows that these matches are caused by
common programming-problem expressions, stan-
dard input descriptions, or generic numerical ex-
amples rather than duplicated task specifications or
solutions. We therefore find no evidence of substan-
tial task-level contamination between CodePair-
18K and the evaluated benchmarks.

A.6 Pairwise-GRPO vs. Standard GRPO

The primary motivation behind Pairwise-GRPO is
to prevent the severe reward hacking that occurs
when adapting standard GRPO for reward model
training. Since standard GRPO is designed to opti-
mize policy models, applying it directly to evaluate
single code solutions allows the model to easily
exploit the reward: it can consistently generate arti-
ficially high scores or trivial unit tests that always
pass to secure rewards without genuine evaluation.
Pairwise-GRPO addresses this by expanding the in-
put to paired solutions and redesigning the reward
calculation. The model receives a reward only if
its generated unit test passes the correct solution
while explicitly failing the incorrect one, and if
the relative score correctly reflects the preference.
Importantly, Pairwise-GRPO does not discard the
group-level ranking information present in stan-
dard GRPO. Instead of comparing rollouts on a sin-
gle input, it compares rollouts on pairwise inputs,
thereby preserving the native diversity optimization
advantages of GRPO.

As shown in Table 8, the standard GRPO vari-
ant yields inferior performance on LiveCodeBench

(0.391 vs. 0.418) and exhibits a much larger gap
on the complex MLE Task (0.287 vs. 0.401). This
empirical contrast confirms that Pairwise-GRPO is
essential for preventing reward hacking and train-
ing a functional generalist reward model.

Model LiveCodeBench  MLE Task
Qwen2.5-Coder-7B-Instruct 0.355 0.218
RewardCode-GRPO 0.391 0.287
RewardCode-Pairwise-GRPO 0.418 0.401

Table 8: Comparison between standard GRPO and
Pairwise-GRPO for reward model training.

A.7 Data Efficiency

We highlight the data efficiency of RewardCode
by comparing it with AceCodeRM-7B, which is
trained on 300K code preference pairs via DPO.
As shown in Table 9, RewardCode-7B achieves
superior performance across all evaluated scenar-
ios using only 18K samples for Pairwise-GRPO
training, which constitutes approximately 6% of
the data used by AceCodeRM-7B. This demon-
strates that our training framework, combining
cross-domain data with the Pairwise-GRPO opti-
mization, is highly sample-efficient.

Model Data Size LCB MLE SWE
AceCodeRM-7B 300K 0404 0.333 0.118
RewardCode-7B 18K 0.418 0.401 0.218

Table 9: Data efficiency comparison. LCB denotes
LiveCodeBench. RewardCode-7B achieves better per-
formance with only 6% of the training data used by
AceCodeRM-7B.

A.8 Generalization Across Base Models

To validate the generalizability of the RewardCode
training framework, we conduct experiments us-
ing the more advanced Qwen3-8B as an alternative
base model. As shown in Table 10, both base mod-
els exhibit substantial improvements after training
with our proposed pipeline. Notably, RewardCode-
Qwen3-8B achieves a LiveCodeBench score of
0.460 and an MLE Task score of 0.423, further
surpassing the Qwen2.5-Coder-7B-Instruct-based
variant. These results confirm that the effectiveness
of the RewardCode training framework is not lim-
ited to a specific base model and that the CodePair-
18K dataset provides high-quality training signals
that transfer across different foundation models.
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Model LiveCodeBench  MLE Task
Qwen2.5-Coder-7B-Instruct 0.355 0.218
RewardCode-Qwen2.5-Coder-7B 0418 0.401
Qwen3-8B 0.383 0.302
RewardCode-Qwen3-8B 0.460 0.423

Table 10: Generalization across different base models.
Both base models show significant improvements after
training with the RewardCode pipeline.

A.9 RL Generalization Across Policy
Backbones

We further investigate whether the effectiveness
of RewardCode as a reward provider depends on
a particular policy-model family. In addition
to Qwen2.5-7B-Instruct, we apply the same RL
pipeline to Mistral-7B-Instruct and Llama-3.2-3B-
Instruct. For each policy backbone, we compare the
original model, RL using verified execution-based
rewards, and RL using reward signals produced by
RewardCode.

Across the three policy-model families,
RewardCode-based RL consistently improves or
matches the corresponding untrained policy. It
remains competitive with the execution-based
reference on function-level benchmarks and
provides particularly strong improvements on
LiveCodeBench for the Mistral and Llama
backbones. These results demonstrate that the
reward signal produced by RewardCode is not
restricted to policies from the Qwen model family.

A.10 Sensitivity to the Candidate Budget

Agent-based and single-code evaluations use dif-
ferent candidate budgets because their inference
costs differ substantially. Agent-based MLE and
SWE tasks require multi-turn interaction with an
execution environment, whereas single-code gen-
eration only requires independent model inference.
We therefore use a smaller candidate budget for
agent-based evaluation.

To examine whether the selection performance
depends on a particular value of NV, we vary the
number of candidates on LiveCodeBench and com-
pare RewardCode-based selection with random se-
lection.

As shown in Table 12, RewardCode consistently
outperforms random selection across all candidate
budgets. Its performance increases up to N =
16 and remains stable with larger candidate pools,
with diminishing returns beyond this point. These
results support N = 16 as an effective trade-off
between selection performance and inference cost

for single-code evaluation.

A.11 Human Evaluation of Score
Interpretability

We conduct a blind human evaluation to examine
whether the scores produced by RewardCode are
consistent with expert judgments. The evaluation
contains 60 preference pairs sampled equally from
KodCode, MLE, and SWE. For each pair, domain
experts and RewardCode independently select the
preferred implementation without access to the ex-
ecution result. We use execution-based correctness
labels as the reference. We report the selection
accuracy of RewardCode, the accuracy of the hu-
man experts, and the agreement between their judg-
ments.

As shown in Table 13, RewardCode achieves
the same overall accuracy as the human experts.
Their judgments agree on 80% of the evaluated
pairs. The results also reveal different strengths
across domains. Human experts perform better on
SWE tasks, where repository conventions and in-
teractions between software components are impor-
tant. RewardCode performs better on the sampled
MLE tasks, which often contain numerical or data-
processing errors that do not immediately cause
execution failures.

The structured scoring outputs show similar
domain-specific behavior. For algorithmic tasks,
RewardCode focuses on boundary conditions and
logical correctness. For SWE tasks, it pays greater
attention to repository context, interfaces, and ex-
ception handling. For MLE tasks, it frequently
examines data leakage, tensor dimensions, label
alignment, and preprocessing behavior. In a rep-
resentative MLE example, both candidate imple-
mentations executed without an immediate runtime
error. The human expert identified a label-indexing
error. RewardCode identified the same defect and
additionally detected that continuous scaling was
applied to one-hot encoded features, which altered
their categorical semantics. This example illus-
trates how the structured scoring dimensions can
expose silent data-processing errors that are diffi-
cult to identify from execution behavior alone.

A.12 Task Summary Example

We present a task summary example in SWE task,
which provides a raw programming issue descrip-
tion regarding a context initialization error, while
the Output demonstrates the expected structured
JSON summary.
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Policy Model HumanEval HumanEval+ MBPP MBPP+ LiveCodeBench-V4

Qwen2.5-7B-Instruct 0.817 0.744 0.783 0.672 0.290
Qwen2.5-7B-Instruct + Rule-RL 0.848 0.762 0.802 0.688 0.300
Qwen2.5-7B-Instruct + RewardCode-RL 0.854 0.787 0.812 0.688 0.299
Mistral-7B-Instruct 0.372 0.305 0.495 0.410 0.081
Mistral-7B-Instruct + Rule-RL 0.439 0.390 0.563 0.484 0.118
Mistral-7B-Instruct + RewardCode-RL 0.433 0.384 0.519 0.426 0.202
Llama-3.2-3B-Instruct 0.530 0.482 0.624 0.513 0.116
Llama-3.2-3B-Instruct + Rule-RL 0.567 0.512 0.635 0.540 0.126
Llama-3.2-3B-Instruct + RewardCode-RL 0.561 0.512 0.624 0.526 0.198

Table 11: RL performance across different policy-model families. Rule-RL uses verified execution-based rewards,
whereas RewardCode-RL uses reward signals generated by RewardCode.

Selection Strategy N=4 N=8 N=16 N =32 N =64

Random Selection 0.321 0.320 0.335 0.311 0.333
RewardCode Selection  0.363  0.380 0.418 0.404 0.400

Table 12: Sensitivity of LiveCodeBench selection per-
formance to the candidate budget V.

Domain  #Pairs RewardCode Acc. Expert Acc. Agreement

KodCode 20 1.00 1.00 1.00
MLE 20 0.80 0.65 0.65
SWE 20 0.75 0.90 0.75
Overall 60 0.85 0.85 0.80

Table 13: Blind comparison between RewardCode and
domain experts. Execution-based correctness labels are
used as the reference.

A.13 Structured Coding Scoring and Test
Generation Example

We show two Structured Coding Scoring and Test
Generation examples in programming competition
task. These two examples respectively demonstrate
the evaluation scores and unit tests generated by
RewardCode for correct and incorrect solutions.

A.14 Prompt

We present the specific prompts used in
RewardCode. Below, we list the prompt of Struc-
tured Coding Scoring and Test Generation and the
prompt of Task Summary, respectively.
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Task Summary Example

PROGRAMMING TASK:

[ISSUE]
Title: Context migration fails to remove incompatible contexts, causing initialization errors

Description:

When initializing the

ContextHandler

with a mix of compatible and incompatible contexts, the migration process does not remove the
incompatible contexts as expected. Instead, it raises an

IncompatibleContext

error, preventing successful initialization.

Example Code:

handler = ContextHandler()
handler.bind(SimpleWidget)

widget = SimpleWidget()
contexts = [Context(foo=i) for i in (13, 13, @, 1, 13, 2, 13)]

def migrate_context(context, _):
if context.foo == 13:
raise IncompatibleContext()

handler.initialize(widget, dict(context_settings=contexts))

# Expected: Incompatible contexts with foo=13 should be removed

# Actual: IncompatibleContext error is raised, and contexts are not removed
Expected Behavior:

During initialization, contexts that are incompatible (e.g., those that cause
IncompatibleContext

to be raised) should be automatically removed, allowing the

ContextHandler

to proceed with only the compatible contexts.

Actual Behavior:

The

ContextHandler

does not remove incompatible contexts, resulting in an
IncompatibleContext

error being raised and preventing successful initialization.

[/ISSUE]

Task Summary:
"task_goal”: "Ensure that during initialization, the ~ContextHandler™ removes incompatible
contexts to prevent errors and allow successful initialization.”,
"input_description”: "A list of “Context™ objects, each having a ~foo™ attribute with
integer values. A “migrate_context™ function is used to determine compatibility based on the
“foo™ value.",
"output_description”: "The ~ContextHandler™ should only retain compatible contexts and
successfully initialize without raising an ~IncompatibleContext™ error.”,
"key_information”: "Contexts with ~foo=13" are considered incompatible and should be removed

during initialization. The “migrate_context™ function raises an ~IncompatibleContext™ error
for these contexts.”

Structured Coding Scoring and Test Generation Example (1)

[The Begin of Code Task]

"task_goal”: "Design a ticketing system function that calculates total revenue for each seat
category from ticket sales data.”,
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"input_description”: "A list of dictionaries, where each dictionary contains keys 'category'

(a non-empty string) and 'amount' (a non-negative integer). The list represents individual
ticket sales.”,
"output_description”: "A dictionary with seat categories as keys and their total revenue as
values. Categories with no sales are not included in the output.”,
"key_information"”: {
"seat_categories”: [
"VIP",
"Premium”,
"Economy”
]y
"input_constraints”: "1 to 1000 ticket sales”,
"requirements”: [
"Function must handle different orderings of input list.",
"Function must process large numbers efficiently.”,
"Category names are case sensitive."
]:
"function_signature”: "def calculate_revenue(ticket_sales):"
}

3
[The End of Code Task]

[The Begin of Code Answer]
# @file_source: solution.py

def calculate_revenue(ticket_sales):

nnn

Calculates the total revenue for each seat category from a list of ticket sales.

Parameters:
ticket_sales (list of dict): A list of dictionaries where each dictionary contains
a "category" (str) and an "amount” (int).

Returns:
dict: A dictionary with seat categories as keys and their respective total revenue as
values.

nnn

revenue = {}

for ticket in ticket_sales:
category = ticket["category"]
amount = ticket["amount"]

if category in revenue:
revenue[category] += amount
else:
revenue[category] = amount

return revenue
[The End of Code Answer]

Response:

<score>10</score>

<unit_test>

from solution import calculate_revenue

def test_empty_input():
"""Test with empty ticket sales list."""
assert calculate_revenue([]) == {}

def test_single_ticket():
"""Test with one ticket sale.
ticket_sales = [{"category”: "VIP", "amount"”: 2003}]
assert calculate_revenue(ticket_sales) == {"VIP": 200}

nnn

def test_multiple_same_category():
"""Test aggregation for same category.

nnn
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ticket_sales = [

{"category"”: "Economy”, "amount”: 100},
{"category": "Economy"”, "amount": 50}
]
assert calculate_revenue(ticket_sales) == {"Economy"”: 150}

def test_mixed_categories():
"""Test different categories in random order.
ticket_sales = [

nnn

{"category”: "Premium”, "amount": 150},
{"category": "VIP", "amount": 300},
{"category”: "Economy”, "amount”: 80},
{"category": "Premium”, "amount": 50}

]
result = calculate_revenue(ticket_sales)
assert result == {"Premium”: 200, "VIP": 300, "Economy”: 80}

def test_case_sensitivity():
"""Test handling of case-sensitive categories.
ticket_sales = [
{"category”: "vip", "amount”: 100},
{"category": "VIP", "amount": 200}

nnn

]

assert calculate_revenue(ticket_sales) == {"vip": 100, "VIP": 200}

def test_large_amounts():
"""Test with large numerical values.
ticket_sales = [

nnn

{"category”: "Premium”, "amount": 10x*63},
{"category": "Premium”, "amount"”: 2*10**63}
]
assert calculate_revenue(ticket_sales) == {"Premium”: 3000000}

</unit_test>

\

Structured Coding Scoring and Test Generation Example (2)

[The Begin of Code Task]

{
"task_goal”: "Design a ticketing system function that calculates total revenue for each seat
category from ticket sales data.”,
"input_description”: "A list of dictionaries, where each dictionary contains keys 'category'

(a non-empty string) and 'amount' (a non-negative integer). The list represents individual
ticket sales.”,
"output_description”: "A dictionary with seat categories as keys and their total revenue as
values. Categories with no sales are not included in the output.”,
"key_information”: {
"seat_categories”: [
"VIP",
"Premium”,
"Economy”
]’
"input_constraints”: "1 to 1000 ticket sales”,
"requirements”: [
"Function must handle different orderings of input list."”,
"Function must process large numbers efficiently.”,
"Category names are case sensitive.”
Ay
"function_signature”: "def calculate_revenue(ticket_sales):"”
3

3
[The End of Code Task]

[The Begin of Code Answer]
# @file_source: solution.py

def calculate_revenue(ticket_sales):

nnn
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Calculates the total revenue for each seat category from a list of ticket sales.

Parameters:
ticket_sales (list of dict): A list of dictionaries where each dictionary contains
a "category" (str) and an "amount” (int).

Returns:
dict: A dictionary with seat categories as keys and their respective total revenue as
values.

nnn

revenue = {}

for ticket in ticket_sales:
category = ticket["category"]
amount = ticket["amount"]

if category in revenue:
revenue[category] += amount
else:
revenue[category] = amount

return revenue
[The End of Code Answer]

Response:

<score>3.6</score>

<unit_test>

from solution import calculate_revenue

def test_single_ticket():

tickets = [{"category”: "Premium”, "amount”: 150}]
result = calculate_revenue(tickets)
assert result == {"Premium”: 150}

def test_multiple_tickets_same_category():
tickets = [
{"category”: "VIP", "amount”: 200},
{"category": "VIP", "amount": 300},
{"category”: "VIP", "amount": 100}
]
result = calculate_revenue(tickets)
assert result == {"VIP": 600}

def test_mixed_categories():

tickets = [
{"category": "Economy”, "amount": 503},
{"category”: "VIP", "amount”: 250},
{"category": "Economy”, "amount": 75}
]

result = calculate_revenue(tickets)
assert result == {"Economy”: 125, "VIP": 250}

def test_zero_amount_tickets():

tickets = [
{"category": "Premium"”, "amount”: @},
{"category": "Premium”, "amount”: 100}
]
result = calculate_revenue(tickets)
assert result == {"Premium”: 100}

def test_case_sensitivity():
tickets = [
{"category": "vip"”, "amount"”: 50},
{"category”: "VIP", "amount": 150}
]
result = calculate_revenue(tickets)
assert result == {"vip": 50, "VIP": 150}
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def test_large_quantities():
tickets = [{"category”: "Economy"”, "amount": 10003}] * 100
result = calculate_revenue(tickets)
assert result == {"Economy”: 100000}

</unit_test>

Prompt of Task Summary

You are an expert engineer and programming specialist with extensive experience in analyzing
and solving various programming problems. Code tasks may include various tasks such as
software engineering, data science engineering, code competitions, etc. Your task is to
analyze programming tasks and extract key implementation information in a concise,
structured format.

reeg

When given a programming task description, you should:

*xIdentify Task Goal*x: Identify what exactly needs to be implemented.

*xDefine Input/Output Specifications**: Clearly specify expected inputs and outputs.
*xIdentify Key Informationx*: Note important limitations and requirements. Completely copy
some information that is crucial to code implementation, such as the fields of the dataset.
*xFilter Irrelevant Informationx*: Focus only on information crucial for implementation.

HMrewenvs

Required fields (keep even if empty):

- task_goal: Clear description of the ultimate goal of the given task.

- input_description: Describe input data (type, format, fields, structure, shape, constraints).
- output_description: Describe expected output (type, format, fields, structure, constraints).

Additionally, include any other relevant fields specific to this task that would be crucial for
< implementation (e.g., constraints, algorithms, edge cases, performance requirements, etc.).

Your analysis should be concise, precise, and contain only the essential information needed to
< successfully implement the solution. Avoid unnecessary details while ensuring all critical
< requirements are captured. Do NOT invent facts. Output exactly ONE JSON object.
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Prompt of Structured Coding Scoring and Test Generation

Please act as an expert dedicated to analyzing and judging code outputs in diverse programming
scenarios.

For a given *xCode Task*x and its corresponding xxCode Answerx*, evaluate the Code Answer
according to the steps below, and output your answer with structured tags.

### Required Steps

1. **Scorexx*:

- Determine how critical each of the four Basic Principles (Task Completion, Code Correctness,
Efficiency) is for this task, and assign a percentage weight to each (total = 100%).

- For each principle, restate its objective in the context of the Code Task, then perform a
detailed, principle-guided review of the code.

- From your analysis, assign an integer score (1-10) per principle. For each, show its weighted
contribution (“score x weight™), then sum these to yield an overall score out of 10.

2. **Unit Test Generationxx*:

- The goal of Unit Test is to validate the provided solution code. For programming or
algorithmic tasks, ensure the tests verify that the program produces the expected correct
outputs for given inputs. For engineering-oriented tasks, provide a quick end-to-end
validation of the pipeline while avoiding unnecessary or overly complex tests.

- Output a complete Python file using pytest that can be run directly. Write multiple pytest
“def test_*" functions, each testing one critical functionality . Focus on verifying that
functionality works as intended, including logical correctness, implementation correctness, or
edge conditions.

- The Solution Code may consist of one or multiple files. Each file path will be indicated at
the beginning with an ~@file_source™ tag. You should “import needed functions/modules™ from
these paths, or redefine small logic snippets when necessary.

- For data-driven tasks, use the x*same data-loading method** as in the solution; then slice a
small subset. Run with **epochs=1*x (or the minimum allowed), **small batch size*x. Do not add
strict numeric checks. Keep all checks **lightweight** and avoid brittle thresholds.

- For tasks that do not rely on a given dataset, manually create data as needed. Ensure all
tests execute quickly.

### Basic Principles
1. xxTask Completionx*
- x%9-10*x: The code implements all core functionalities and directly achieves the final
goal.
- *x6-8%x: Most functionalities are implemented, with a few subtasks not covered.
- %%3-5%%: Covers core functionalities but misses several important requirements.
- *x1-2%x: The core objective is not met and the solution significantly diverges from the
task intent.

2. x*Code Correctness**
- *%9-10x*: Algorithm logic is rigorous, with no runtime or boundary errors; robust handling
of exceptional cases.
- *x6-8%x: Core algorithm is correct, with only minor defects in extreme or rare boundary
cases; basic error handling is present.
- *%*3-5%%: Several logic or runtime errors exist; error handling is missing or inadequate.
- x%1-2%%: Major functionality is severely broken and does not run correctly; no error
recovery strategies are implemented.

3. x*xEfficiencyxx*
- *x%9-10*%: The algorithm has low complexity with efficient execution on the critical path;
excellent resource (time/memory) utilization.
- *x6-8*x: Performs well in most scenarios, with a few optimizable bottlenecks.
- *%x3-5%x: Contains obvious redundancies or inefficient implementations; inadequate
performance on medium-sized inputs.
- **%1-2%%: The algorithm is bloated with excessive complexity; performs poorly on typical
inputs.

### Unit Test Example
* T “python
from solution import add

def test_add_positive_numbers():
assert add(2, 3) ==
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def test_add_with_zero():
assert add(@, 5) ==
assert add(5, @) ==

def test_add_negative_numbers():

assert add(-1, -1) == -2
The final response should strictly follow this format:
<score> ... </score> - contains only the final weighted score, which should be a simple number.
<unit_test> ... </unit_test> - the generated pytest-style unit tests without code block tags.

[The Begin of Code Task]\n{task_summary}\n[The End of Code Task]\n\n[The Begin of Code
AnswerJ\n{solution}\n[The End of Code Answer]\n
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