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Abstract

Providing accurate reward signals for code gen-
erated by large language models (LLMs) is
a significant challenge in applying reinforce-
ment learning (RL) to code generation. Exist-
ing methods rely on unit tests to evaluate code
correctness and provide rewards, which are hin-
dered by the difficulty of acquiring and verify-
ing reliable unit tests at scale. In this work, we
propose CODERM-NT, a code reward model
with no reliance on unit tests. Our method lever-
ages Monte Carlo Tree Search guided by LLMs
to generate code snippets and judges execution
traces to annotate code with reward signals. We
use the rewards to train CODERM-NT that is
capable of providing rewards for code during
RL. CODERM-NT also facilitates curriculum
learning by scoring and sorting training sam-
ples based on their difficulty. Experimental re-
sults demonstrate that training with CODERM-
NT consistently outperforms synthetic unit
test-based rewards, yielding superior perfor-
mance on multiple code generation bench-
marks. Additionally, curriculum learning based
on CODERM-NT further enhances model per-
formance. Our code and dataset are available at:
https://github.com/THUDM/CodeRM-NT.

1 Introduction

Reinforcement learning (RL) has become a promi-
nent method for advancing the capabilities of large
language models (LLMs) in recent years (Ouyang
et al., 2022; Jaech et al., 2024; Guo et al., 2025).
A central challenge in this paradigm is designing
rewards that credibly reflect the quality of LLM
outputs (Le et al., 2022; Wang et al., 2023; Lam-
bert et al., 2024). This issue is critical in code
generation, where the output quality depends on
whether the generated code correctly implements
the target functionality of a coding question. Thus,

* Equal contribution.
† Corresponding author.

improving the performance of RL on code gener-
ation requires rewards that provide accurate and
trustworthy feedback on whether the code meets
the intended specification (Dou et al., 2024).

The functional correctness of generated code is
typically assessed through unit testing, which in-
volves executing the code with specified inputs and
verifying whether the resulting outputs align with
the expected outcomes (Le et al., 2022; Shojaee
et al., 2023; Liu et al., 2023a; Gehring et al., 2025).
Recent LLMs frequently rely on unit tests as the pri-
mary source of verifiable rewards for code genera-
tion during RL (Guo et al., 2025; Team et al., 2025;
Zeng et al., 2025a; Yang et al., 2025; Seed et al.,
2025). However, obtaining reliable unit tests for
coding questions poses the following challenges:

(1) Curating unit tests for large datasets
is prohibitively expensive. Unit tests must
be faithfully aligned with the target functional-
ity of a programming task, rewarding only cor-
rect implementations while penalizing erroneous
ones (Dinella et al., 2022). Existing coding datasets
like APPS (Hendrycks et al., 2021), CodeCon-
tests (Li et al., 2022), and TACO (Li et al., 2023)
derive their unit tests from expert-annotated and
validated resources available on coding platforms
or by extracting input–output pairs from verified
ground-truth solutions. However, manually author-
ing and validating tests or reference solutions for
each question is costly and becomes nearly infeasi-
ble when curating new coding datasets (Daka and
Fraser, 2014), limiting their scalability.

(2) Automatically synthesized unit tests often
produce unreliable reward signals. An estab-
lished approach to automatically generate unit tests
for large-scale code datasets leverages LLMs to
synthesize inputs for the target code and infer the
corresponding outputs. However, the reliability of
such tests remains limited, as LLMs must predict
code outputs through complex reasoning processes
that are prone to logical errors (Yuan et al., 2024;
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Large-Scale Code Dataset

Given a positive integer x, let f(x) be the positive integer 
formed by reversing the binary representation of x without 
leading zeroes. Given an integer `n`, write a function `g` that 
returns True if there exists a positive integer x such that x 
XOR f(x) = `n` and False otherwise.

assert g(0) == True
assert g(1) == False
assert g(2) == False
assert g(5) == True
assert g(21) == True
assert g(9) == False
...

❌

Synthetic Unit Test

CodeRM-NT(Ours)  1.155                             >                        0.500
AceCodeRM-7B        -2.474                           <                        -0.783       

✅

❌

Reward Model
def g(n):

b = bin(n)[2:].rstrip('0')
if b != b[::-1]:

return False
if len(b) % 2 == 1 and b[len(b) // 2] == '1':

return False
return True

✅
def g(n):

b = bin(n)[2:].rstrip('0')
if b != b[::-1]:

return False
if len(b) % 2 == 1 and b[len(b) // 2] == '1':

return True
return True

❌

Figure 1: Left: Illustration of rewards for code from synthetic unit tests and reward models. Right: Overall
performance of Qwen3-4B-Thinking trained with different rewards on code generation benchmarks. As a reward
model built without unit tests, CODERM-NT outperforms synthetic unit tests on most benchmarks and the average
result.

Huang et al., 2025), and flawed unit tests may in-
correctly validate erroneous code or reject correct
code, thereby introducing misleading rewards (Jain
et al., 2025a; Ma et al., 2025). To address this issue,
previous works (Chen et al., 2023; Xu et al., 2025;
Wang et al., 2025) employ self-verification strate-
gies that sample candidate solutions from models
and discard unit tests where such solutions fail.
Nonetheless, the self-verification procedures still
cannot fully eliminate errors and prevent noise in
rewards (Zeng et al., 2025b), while introducing
substantial computational overhead. For example,
KodCode-V1 (Xu et al., 2025) samples up to 10
solutions and unit tests for each of 447K questions.

To overcome the limitations associated with unit-
test-based rewards, we propose a novel reward
modeling method tailored to function-level Python
code generation. This method trains CODERM-
NT, a code reward model with no reliance on
unit tests to evaluate code quality. To obtain high-
quality rewards for code data, we employ Monte
Carlo Tree Search (MCTS) guided by LLM-as-a-
Judge to annotate code data with rewards with-
out relying on unit tests. This reward-labeled
data is then used to train a reward model that es-
timates the code’s functional correctness to pro-
vide rewards. We adopt CODERM-NT for RL
with GRPO (Shao et al., 2024) on coding tasks and
compare the performance to using synthetic unit
tests to provide rewards. Comprehensive experi-
ments show that RL with CODERM-NT consis-
tently outperforms the standard unit-test-based ap-
proach across benchmarks, as training Qwen3-4B-
Thinking (Yang et al., 2025) with CODERM-NT
achieves the highest average performance among
all our evaluated models. Moreover, unlike unit-

test-based approaches that require generating tests
for each new training example, our reward model
is trained once and can be reused across diverse
datasets, reducing the task-specific overhead. Be-
yond serving as a source of rewards, CODERM-NT
can further rerank training samples according to
their predicted difficulty and organize data from
easier to harder problems, facilitating curriculum
learning and delivering additional improvements.

We summarize our contributions as follows:

• We propose CODERM-NT, a novel reward
model for code trained with rewards obtained
via MCTS, facilitating effective reward learning
without dependency on unit tests.

• We show that CODERM-NT can evaluate
and rank training samples, thereby enabling a
curriculum-based data ordering strategy for RL
that enhances model training.

• Experiments demonstrate that RL guided by
CODERM-NT leads to improved performance
across multiple code generation benchmarks
compared to synthetic unit tests, highlighting the
efficacy of our proposed approach.

2 Preliminary of RL and MCTS

2.1 Reinforcement Learning on LLMs
Reinforcement learning (RL) has emerged as a
powerful paradigm for aligning LLMs with task-
specific objectives. In RL for text generation,
an LLM is treated as a policy πθ that generates
a response y to a question x. A reward signal
R(x,y) guides the optimization of πθ through pol-
icy–gradient–based algorithms such as PPO (Schul-
man et al., 2017). Group Relative Policy Optimiza-
tion (GRPO) (Shao et al., 2024) is a variant of
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PPO that estimates advantages within a group of
sampled responses. Given a query q, a policy πold
generates G rollout responses {oi}Gi=1 with corre-
sponding rewards {Ri}Gi=1. The advantage of each

sample is computed as Ai =
Ri−mean({Ri}Gi=1)

std({Ri}Gi=1)
,

which is then used to optimize πθ by maximizing:

JGRPO(θ) = Eq∼D,{oi}Gi=1∼πθold (·|q)

1

G

G∑

i=1

(
min

(
rt(θ), clip

(
rt(θ), 1− εlow, 1 + εhigh

))
Ai − βDKL(πθ∥πref)

)
,

(1)
where the importance sampling ratio rt(θ) =
πθ(oi|q)
πθold (oi|q)

and DKL(πθ∥πref) is a KL penalty term,

and εlow and εhigh adjust the clip range of rt(θ), as
suggested by DAPO (Yu et al., 2025).

2.2 Monte Carlo Tree Search (MCTS)
MCTS is a search algorithm widely used in
decision-making tasks like Go (Silver et al., 2016)
and reasoning (Zhang et al., 2024). MCTS incre-
mentally builds a tree of possible actions and out-
comes, where each node corresponds to a state or
partial solution. The search iterates through four
stages: 1) Selection traverses the tree, choosing
the child node with the highest Upper Confidence
Bound for Trees (UCT) (Kocsis and Szepesvári,
2006) until a node suitable for expansion is reached,
2) Expansion adds new nodes by generating succes-
sors of the selected node, 3) Simulation evaluates
new nodes to estimate their quality, and 4) Back-
propagation updates the values of ancestor nodes
based on simulation outcomes.

3 Method

In this section, we describe our approach, which
comprises training CODERM-NT for Python code
generation tasks and reinforcement learning on
code. The overview of our method is in Figure 2.

3.1 CODERM-NT
We generate responses and scores for coding ques-
tions, forming a dataset to train a model to predict
rewards based on questions and responses.

3.1.1 Reward Data Curation
We sample responses to each question using LLMs
and obtain rewards using MCTS, building a search
tree based on the codes in the responses. The con-
tents of the nodes in the tree correspond to the
responses, and the node’s valuation is treated as the
reward. We follow the MCTS pipeline described
in Section 2.2 and provide a detailed description

of the key components of MCTS below, with addi-
tional details in Appendix A.1.1 and A.2.1.

Tree Formulation. Given a coding question x,
an LLM π generates a response y = π(x) contain-
ing a piece of Python code c. The code is split
into multiple semantically meaningful snippets
c = (c1, c2, · · · , cT ) as the basic unit of search-
ing. The code is split at the following locations: (1)
at the end of a code block indicated by a decrease
in indentation, and (2) at print statements inserted
during the simulation process that output the execu-
tion state of the code. The snippets (c1, c2, · · · , cT )
are represented by nodes (s0, s1, s2, · · · , sT ) in the
tree, where ci is represented by si and the root s0
contains an empty string. si is the parent of si+1

for each 0 ≤ i < T , and sT is a leaf node.
For each question, we start by generating a re-

sponse y0 containing code c0 = (c01, c
0
2, · · · , c0T 0)

to initialize the tree, which contains nodes
s0, s

0
1, s

0
2, · · · , s0T 0 forming a path from the root

to the leaf, then perform simulation on s0T 0 . Each
node si is assigned a visit count N(si) and an esti-
mated q-value Q(si), both initialized as 0.

Selection. We limit a maximum number of k
expansions for each node to encourage the explo-
ration of more nodes and select a node that has
not reached the maximum number of expansions
in each iteration. We prioritize selecting the ini-
tial nodes for expansion. After every initial node
has been selected once, MCTS starts from the root
s0 and traverses the tree until it reaches a node
available for expansion or a leaf. We use the UCT
criterion as shown in Equation 5. The traversal ter-
minates upon reaching a node that is either eligible
for expansion or a leaf node. If the node is not a
leaf, expand it; otherwise, perform a simulation
with the node.

Expansion. For a non-leaf node st, the ex-
pansion creates its descendant nodes by gener-
ating subsequent code snippets. From the path
(s0, · · · , st), we extract corresponding code snip-
pets (c1, · · · , ct), which constitute a partially com-
pleted code. We employ an LLM to complete this
partial code, forming a new response y′, which in-
cludes a complete code c′ with (c1, · · · , ct) being
its prefix. LLM can refer to previously expanded
codes on st and their execution results to improve
the quality of c′. c′ is transformed into new nodes
in the subsequent simulation process.

Simulation and Backpropagation. Upon cre-
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Figure 2: Overview of our method. We use MCTS guided by LLM judges to collect data with rewards, which we
use to train CODERM-NT, our reward model. We utilize CODERM-NT to provide rewards for reinforcement
learning and rerank training data by difficulty.

ating a new response y that includes code c, we
evaluate c’s functional correctness by analyzing
its execution process. Specifically, we record the
intermediate states and results of the code’s execu-
tion process, including key variables, conditional
branches, function calls, and runtime errors. The
LLM identifies them and inserts print statements
accordingly after it generates code during initializa-
tion and expansion. The LLM also writes sample
calls to the code to maximize execution coverage.

We execute the modified code, and the LLM
assigns a score for its output. Based on the ques-
tion, code, and output, the LLM assesses whether
the code correctly addresses the task, appropriately
handles edge cases, and conforms to established
best practices. The evaluation yields a score nor-
malized within the range of 0 to 1 as the simulated
reward R(sT ). We discuss the feasibility of this
LLM-as-a-Judge approach in Appendix A.3.1. De-
tailed prompts for inserting print statements when
generating code, writing calling examples, and
scoring are provided in Appendix A.4.1.

We incorporate the code into the tree. The modi-
fied code is denoted as (c1, · · · , ct, c′t+1, · · · , c′T ′),
where (c′t+1, · · · , c′T ′) is the continuation of

(c1, · · · , ct). The new code snippets c′t+1, · · · , c′T ′

form new nodes s′t+1, · · · , s′T ′ , where s′t+1 be-
comes a child of st, connected to the new leaf s′T ′

via the intermediate nodes s′t+2, · · · , s′T ′−1. Fi-
nally, a backpropagation step updates N(s) and
Q(s) of all nodes along the path from s0 to sT with
R(sT ) as defined in Equation 6. We provide an
example of inserting print statements and splitting
code into snippets in Appendix A.2.2.

Reward Data. After a certain number of MCTS it-
erations for each question x, we gather reward data
from the non-root nodes in the tree. For a node st,
extract c1, · · · , ct from (s0, · · · , st) to form code
ct and its corresponding response yt, with the q-
value Q(st) as reward rt. Each question x, its set
of complete or partial responses y, and the reward
r for answer y constitute the reward dataset.

3.1.2 CODERM-NT Training

We initialize CODERM-NT, denoted as Rϕ, by
appending a linear layer to a pretrained LLM and
training it on our curated reward dataset. Rϕ is first
trained with scalar data and MSE loss, followed by
pairwise data and contrastive loss.

Scalar Data with MSE Loss. The data is orga-
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nized as Dscalar = {(x,y, r)}, where x denotes
a question, y represents a complete or partial re-
sponse, and r is y’s reward. We minimize the loss:

LMSE = E(x,y,r)∼Dscalar(Rϕ(x,y)− r)2. (2)

Pairwise Data with Contrastive Loss. The data
is denoted as Dpair = {(x,yw,yl)} where yw’s
reward is higher than yl. For each x, yw, and yl,
minimize the loss:

Lcontrastive = −E(x,yw,yl)∼Dpair log σ(Rϕ(x,yw)−Rϕ(x,yl)),

(3)
where σ is the logistic function.

3.2 Integrating CODERM-NT into Online RL

We conduct online RL on open-source LLMs using
the GRPO algorithm. We study two aspects of
using CODERM-NT within the RL framework.

3.2.1 CODERM-NT as Scorer

We use CODERM-NT to assign scores as rewards
to LLM’s outputs during RL. We consider two
sources of rewards: reward model outputs and exe-
cution results of unit tests.

Scoring with Reward Model. Given a question x
and its response y, the reward modelRϕ produces
Rϕ(x,y) as the reward. We only use responses
that contain complete code for training.

Scoring with Unit Tests. Given a question x,
whose response y contains code c, and N unit tests
T = {tn}Nn=1, execute c for each test tn and obtain
the reward asRtest(x,y) = 1c passes all tn∈T.

Scoring by Combining both Sources. Compute
a weighted sum of scores from both sources to bal-
ance them. Given the reward model scoreRϕ(x,y)
and the unit test scoreRtest(x,y), the combined re-
wardRcombined = λRϕ(x,y)+(1−λ)Rtest(x,y),
where λ ∈ [0, 1] is a weight parameter.

3.2.2 CODERM-NT as Ranker

We leverage CODERM-NT to arrange the order
of training data based on their difficulty. For each
question xi from a training dataset {xi}Ni=1, we
generate K responses {yj

i }Kj=1 using the policy
LLM. Each response is evaluated by the reward
model, yielding a set of scores {Rϕ(xi,y

j
i )}Kj=1,

and the average of these scoresRϕ(xi) is taken as
the score of question xi, with lower scores repre-
senting higher difficulty for the LLM. We rerank

the questions in descending order of their scores:

xπ(1),xπ(2), . . . ,xπ(N)

where Rϕ(xπ(1)) ≥ · · · ≥ Rϕ(xπ(N)).
(4)

During training, the questions are presented to the
LLM in this order, beginning with easier data and
gradually introducing more difficult samples.

3.2.3 Online RL Training
We employ GRPO to train the policy πθ on the
training dataset, which may be reordered as de-
scribed in Section 3.2.2 before training. During
training, rollout responses are scored with rewards
described in Section 3.2.1, and πθ is updated to
maximize the GRPO objective as in Equation 1.

4 Experiments

4.1 Reward Model Setup

Reward Data Curation. During MCTS, we
employ Qwen2.5-Coder-32B-Instruct (Hui et al.,
2024) to generate code snippets and assess execu-
tion results. For each question, we conduct MCTS
for 10 iterations, with up to k = 4 expansions per
node. We use Magicoder-OSS-Instruct-75K (Wei
et al., 2024) as our source of Python coding ques-
tions, randomly sample 12,000 questions to per-
form MCTS. Of these, 6,000 questions are used
to construct scalar data comprising 196,098 com-
plete or partial responses and their corresponding
rewards, and the remaining 6,000 are used for pair-
wise data consisting of 71,205 response pairs. The
curation process is performed only once to train the
reward model. More details are in Appendix A.1.2.

Reward Model Training. We use Qwen2.5-
Coder-7B-Instruct (Hui et al., 2024) as the back-
bone of our reward model and train it with MSE
loss and contrastive loss on the corresponding
datasets, training for 2 epochs on each dataset with
a batch size of 128. We set the learning rate to 1e-6
for scalar data and 5e-7 for pairwise data.

4.2 Reinforcement Learning Setup

Models. We perform GRPO training on 5 models:
Qwen2.5-Coder-1.5B-Instruct, Qwen2.5-Coder-
3B-Instruct, Qwen2.5-Coder-7B-Instruct (Hui
et al., 2024), GLM-4-9B-0414 (GLM et al., 2024),
and Qwen3-4B-Thinking (Yang et al., 2025).

Datasets. For Qwen2.5 models and GLM-4-9B-
0414, we use KodCode-V1 (Xu et al., 2025), sam-
pling 9,000 questions. For Qwen3-4B-Thinking,
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Table 1: Overall results on coding benchmarks. We report the results of models untrained or trained with unit
tests, AceCodeRM-7B, CodeRM-8B, CODERM-NT (ours), or a combination of CODERM-NT and unit tests.
KodCode-V1 represents 9,000 questions sampled from KodCode-V1 and OCI 5k represents 5,000 questions sampled
from OpenCodeInstruct. We report the average results by taking the mean of all results.

Data Reward HumanEval MBPP LCB-v5 BCB-I-Hard Avg.
RM Unit Test Base Plus Base Plus

Qwen2.5-Coder-1.5B-Instruct 70.1 66.5 70.2 60.3 5.8 5.4 46.4

KodCode-V1 9k

% ! 73.2 67.7 70.9 61.1 5.1 6.1 47.4

AceCodeRM-7B % 70.7 66.5 70.6 61.1 5.2 7.4 46.9
Ours % 75.0 69.5 72.0 60.8 5.5 7.4 48.4
Ours ! 76.2 71.3 73.3 61.6 4.9 5.4 48.8

Qwen2.5-Coder-3B-Instruct 84.8 80.5 74.6 63.5 12.8 12.8 54.8

KodCode-V1 9k

% ! 86.6 82.3 74.9 64.6 13.0 15.5 56.2

AceCodeRM-7B % 86.0 82.3 75.7 65.9 13.2 12.8 56.0
Ours % 88.4 82.3 75.9 66.1 13.6 14.2 56.8
Ours ! 87.2 82.9 76.7 66.1 13.5 14.2 56.8

Qwen2.5-Coder-7B-Instruct 88.4 84.8 85.4 73.0 17.8 19.6 61.5

KodCode-V1 9k

% ! 90.9 87.8 85.4 73.0 17.3 18.2 62.1

AceCodeRM-7B % 89.0 84.8 84.4 72.8 17.1 21.0 61.5
Ours % 90.2 86.0 86.8 74.6 17.5 18.2 62.2
Ours ! 89.6 85.4 86.0 73.5 17.1 21.6 62.2

GLM-4-9B-0414 82.9 79.3 79.9 67.2 14.9 15.5 56.6

KodCode-V1 9k

% ! 84.1 79.9 81.0 69.0 15.4 15.5 57.5

AceCodeRM-7B % 82.9 79.3 81.7 68.3 12.6 16.2 56.8
Ours % 87.2 81.7 79.9 67.2 15.3 18.2 58.3
Ours ! 83.5 79.9 82.5 68.5 16.1 16.2 57.8

Qwen3-4B-Thinking 97.0 90.9 91.0 76.5 45.5 15.5 69.4

OCI 5k

% ! 97.6 92.7 91.0 75.1 50.3 25.7 72.1

AceCodeRM-7B % 97.6 89.6 92.6 77.2 49.7 20.9 71.3
CodeRM-8B % 97.6 90.2 92.1 76.7 51.5 18.9 71.2

Ours % 97.6 94.5 92.6 77.2 52.1 22.3 72.7
Ours ! 95.7 93.3 90.7 76.5 47.9 21.6 71.0

we use OpenCodeInstruct (Ahmad et al., 2025),
sampling 5,000 questions. Both datasets contain
synthetic unit tests. When reranking datasets, we
set the number of responses K = 8.

Training. During RL, rewards are derived from
reward models, unit tests, or their combination.
For reward models, we compare CODERM-NT
against AceCodeRM-7B (Zeng et al., 2025b), an-
other reward model tailored for code generation.
On Qwen3-4B-Thinking, we also compare against
CodeRM-8B (Ma et al., 2025). The RL hyperpa-
rameters are reported in Appendix A.1.3.

Evaluation. We evaluate LLMs on four bench-
marks for code generation: HumanEval (Chen
et al., 2021), MBPP (Austin et al., 2021),
LiveCodeBench-v5 (Jain et al., 2025b), and
BigCodeBench-Instruct Hard (Zhuo et al., 2025).
For HumanEval and MBPP, we also include their
EvalPlus versions (Liu et al., 2023b). We use
pass@1 (Chen et al., 2021) as the evaluation metric.

4.3 Main Results

CODERM-NT as Scorer. Table 1 summa-
rizes the overall performance of models trained
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Table 2: Results of training with reranked data. Results are obtained by training with different rewards and choosing
the one with the highest average score. Full results of training with reranked data are provided in Table 11.

Model HumanEval MBPP LCB-v5 BCB-I-Hard Avg.
Base Plus Base Plus

Qwen2.5-Coder-1.5B-Instruct 70.1 66.5 70.2 60.3 5.8 5.4 46.4
+KodCode 9k 76.2 71.3 73.3 61.6 4.9 5.4 48.8
+KodCode 9k (reranked) 74.4 69.5 73.5 63.0 7.8 6.1 49.1

Qwen2.5-Coder-3B-Instruct 84.8 80.5 74.6 63.5 12.8 12.8 54.8
+KodCode 9k 88.4 82.3 75.9 66.1 13.6 14.2 56.8
+KodCode 9k (reranked) 85.4 82.3 79.1 68.0 13.4 16.2 57.4

Qwen2.5-Coder-7B-Instruct 88.4 84.8 85.4 73.0 17.8 19.6 61.5
+KodCode 9k 90.2 86.0 86.8 74.6 17.5 18.2 62.2
+KodCode 9k (reranked) 90.2 87.8 86.0 73.3 18.0 18.9 62.4

GLM-4-9B-0414 82.9 79.3 79.9 67.2 14.9 15.5 56.6
+KodCode 9k 87.2 81.7 79.9 67.2 15.3 18.2 58.3
+KodCode 9k (reranked) 87.2 81.1 80.7 68.5 16.9 19.6 59.0

Qwen3-4B-Thinking 97.0 90.9 91.0 76.5 45.5 15.5 69.4
+OCI 5k 97.6 94.5 92.6 77.2 52.1 22.3 72.7
+OCI 5k (reranked) 97.0 93.3 91.3 77.5 50.3 20.9 71.7

with different rewards. Training with CODERM-
NT consistently yields superior results compared
to unit tests and other reward models. For
Qwen2.5-Coder-1.5B and 3B, GLM-4-9B-0414,
and Qwen3-4B-Thinking, CODERM-NT leads to
clear improvements over unit tests in terms of
average performance. Notably, training Qwen3-
4B-Thinking with CODERM-NT improves the
results on LCB-v5 by 6.6% and BigCodeBench-
Instruct Hard by 6.8%, achieving an average score
of 72.7%, the highest across all evaluated models.
On Qwen2.5-Coder-1.5B and 3B and Qwen3-4B-
Thinking, CODERM-NT outperforms unit tests
on nearly all benchmarks. For Qwen2.5-Coder-
7B, the performance of CODERM-NT is compa-
rable to that of unit tests. Furthermore, combin-
ing CODERM-NT with unit tests improves per-
formance relative to using unit tests alone, except
for Qwen3-4B-Thinking, and achieves the highest
average scores for Qwen2.5 models, confirming
that CODERM-NT can complement the guidance
of unit tests. The detailed results of combining
rewards are in Table 10. Overall, these results
demonstrate that CODERM-NT provides a reliable
alternative to synthetic unit tests in settings where
unit tests are unavailable, maintaining competitive
performance across different models and datasets.

CODERM-NT as Ranker. We conduct RL on the
reranked data using rewards from CODERM-NT,
unit tests, and the combination of the two, and re-
port the result with the highest average score among
the three settings for each model. Table 2 presents
the results, showing that training with reranked
data outperforms original data across most bench-
marks for all models and achieves the highest av-
erage score across most models. For Qwen3-4B-
Thinking, while using reranked data achieves a
lower average performance compared to original
data, it surpasses or matches the original data on
4 out of 6 benchmarks with the only notable short-
fall on BigCodeBench-Instruct Hard. These find-
ings suggest that difficulty-aware ordering with
CODERM-NT leads to better performance and gen-
eralization across tasks. The full results of training
with reranked data are in Table 11.

4.4 Intrinsic Study of CODERM-NT

While the previous experiments establish the down-
stream efficacy of our method in RL, it is crucial
to validate the quality of the reward itself. We
rigorously evaluate CODERM-NT’s accuracy and
conduct ablation studies to justify the necessity of
our MCTS-driven data construction and training
pipeline. We use the hep-python subtest of Reward-
Bench (Lambert et al., 2025), where the models
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Table 3: Performance of reward models on the hep-python split of RewardBench. # Coding Qs indicates the
number of coding questions in the training data. Partial Resp. indicates whether the training data includes responses
that contain partial responses from non-root nodes of MCTS.

Method Base Model # Coding Qs Partial Resp. Loss Acc.

Skywork-V2-Llama-3.1-8B Llama3.1-8B – % Contrastive 0.780
AceCodeRM-7B Qwen2.5-Coder-7B 87k % Contrastive 0.957

CODERM-NT (Ours) Qwen2.5-Coder-7B

12k % MSE 0.652
12k ! MSE 0.909
12k ! Contrastive 0.939
12k ! MSE→ Contrastive 0.963

should identify the correct response from two can-
didates. The results are presented in Table 3.

4.4.1 Accuracy of Rewards
We compare CODERM-NT against two strong
baselines: Skywork-V2-Llama-3.1-8B (Liu et al.,
2025), the best performing model on RewardBench
2 (Malik et al., 2025), and AceCodeRM-7B (Zeng
et al., 2025b), a specialized code reward model.
The results in Table 3 reveal that CODERM-NT
achieves the highest accuracy among all models,
surpassing prior baselines. CODERM-NT outper-
forms AceCodeRM-7B with only 13.8% of the
number of training questions, demonstrating the
superior quality of our reward data and the strong
suitability of our reward model for coding tasks.

4.4.2 Necessity of MCTS
A central element of our approach is incorporating
rewards derived from partial responses via MCTS
to train CODERM-NT. To assess the impact of
this design, we perform an ablation study by re-
moving partial responses from MCTS and training
CODERM-NT solely on complete responses. As
reported in Table 3, eliminating partial responses
leads to CODERM-NT’s accuracy drastically drop-
ping to 65.2%. This decline indicates that modeling
code correctness based solely on final outcomes is
insufficient and highlights the necessity of MCTS
for training a reliable reward model.

4.4.3 Choice of Training Objectives
We analyze the impact of loss functions for train-
ing CODERM-NT. MSE loss is useful for stabi-
lizing the rewards within a bounded range, while
contrastive loss sharpens its ability to perform fine-
grained discrimination between responses. Table 3
reveals that contrastive loss results in higher accu-
racy than MSE loss, and training with both losses
sequentially achieves the highest accuracy. These

results suggest that combining the strengths of both
objectives yields the most accurate reward model.

5 Related Work

Recent LLMs extensively rely on RL for alignment,
wherein models are optimized using rewards de-
rived from human feedback (Ouyang et al., 2022),
AI preferences (Bai et al., 2022), or rule-based
heuristics (Lambert et al., 2024; Guo et al., 2025),
typically through algorithms like PPO (Schulman
et al., 2017), DPO (Rafailov et al., 2023), and
GRPO (Shao et al., 2024). Previous research adapts
RL to code generation. For instance, CodeRL (Le
et al., 2022) employs an actor-critic approach with
execution-based rewards, while PPOCoder (Sho-
jaee et al., 2023) demonstrates the effectiveness
of PPO in code generation. Later approaches, in-
cluding RLTF (Liu et al., 2023a), StepCoder (Dou
et al., 2024), and RLEF (Gehring et al., 2025), rely
on unit tests for rewards, but presuppose the avail-
ability of ground-truth unit tests within the training
data. To overcome this limitation, methods such as
CodeDPO (Zhang et al., 2025), AceCoder (Zeng
et al., 2025b), and CodeRM (Ma et al., 2025) gener-
ate synthetic unit tests for reward evaluation. How-
ever, ensuring the correctness of automatically gen-
erated tests requires additional verification, which
remains challenging. In this work, we propose
training a reward model that achieves superior per-
formance on datasets lacking ground-truth tests.

6 Conclusion

We present CODERM-NT, a reward model for re-
inforcement learning on code that does not rely on
ground-truth unit tests. By using MCTS guided by
LLMs, we construct fine-grained reward data for
code generation and train a reward model that accu-
rately assesses the functional correctness of code.
Experiments show that CODERM-NT outperforms
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unit tests across multiple benchmarks, and com-
bining it with unit tests yields complementary im-
provements. Moreover, using CODERM-NT to
rerank data further enhances training. These find-
ings demonstrate that CODERM-NT provides an
effective alternative to unit-test-based supervision
for code.

Limitations

Scope of Language. This study focuses on
Python function-level generation, consistent with
the scope of research adopted by many prior bench-
marks (Chen et al., 2021; Austin et al., 2021; Liu
et al., 2023b; Zhuo et al., 2025) and studies (Le
et al., 2022; Dou et al., 2024; Chen et al., 2023).
While this study does not empirically evaluate
cross-language generalization, the central idea of
constructing rewards from execution and intermedi-
ate MCTS nodes is not inherently language-specific
and could be extended to other languages. The
splitting strategy used during MCTS relies on syn-
tactic features, such as indentation, as well as key
code identified by the LLM. This strategy can be
implemented for other languages, including C++
or JavaScript, using syntax features like AST (Ab-
stract Syntax Tree) representations and structured
control flow boundaries. The applicability of our
proposed method to other programming languages
is left for future work.

Generalization to Complex Software Engineer-
ing Tasks. Our work primarily addresses function-
level code generation problems (e.g., HumanEval,
MBPP, LiveCodeBench). The MCTS search space
is formulated by splitting code into snippets based
on indentation and print statements, which is effec-
tive for these types of procedural tasks. However,
the extent to which the proposed method gener-
alizes to more complex software engineering sce-
narios remains an open question. These scenarios
often involve multi-file projects, external API in-
teractions, and stateful systems, where conducting
searches and capturing execution traces demand
careful consideration and design. Expanding the
MCTS search and evaluation framework to handle
these advanced contexts is a promising area for
future research.
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A Appendix

A.1 Additional Details
A.1.1 MCTS

Selection. Starting from the root, traverse the tree
by choosing the child node a of node s with the
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Table 4: Additional hyperparameters for RL. LR stands for learning rate.

Model Reward LR LR schedule εlow εhigh

Qwen2.5-Coder-1.5B-Instruct All 2e-6 linear 0.2 0.2
Qwen2.5-Coder-3B-Instruct All 2e-6 linear 0.2 0.2
Qwen2.5-Coder-7B-Instruct RM/Test 2e-6 linear 0.2 0.4
Qwen2.5-Coder-7B-Instruct combine 2e-6 linear 0.2 0.28
GLM-4-9B-0414 All 1e-6 cosine 0.2 0.28
Qwen3-4B-Thinking All 1e-6 cosine 0.2 0.28

highest Upper Confidence Bound for Trees (UCT)
until reaching a node suitable for expansion or a
leaf. When traversing to a sufficiently expanded
node s, the subsequent node for traversal is selected
from among its children a by maximizing UCT:

UCT (s, a) = Q(a) +

√
2 lnN(s)

N(a)
, (5)

where Q(a) denotes the current estimated q-value
of a and N(s) and N(a) represent the number of
visits of s and a, respectively.

Backpropagation. Following the simulation at
leaf sT , a backpropagation step updates all nodes
along the path from the root s0 to sT with the re-
ward R(sT ). For each node st along the path, its
visit count N(st) and q-value Q(st) are updated:

N(st)← N(st) + 1,

Q(st)←
(N(st)− 1) ·Q(st) +R(sT )

N(sT )
.

(6)

A.1.2 Reward Data Curation
Running MCTS on 12,000 questions produced a
total of approximately 238.3 million output tokens.
On average, each question requires 19,859 out-
put tokens and 556.8 seconds of wall-time on 2
NVIDIA A100 GPUs. Across the 12,000 ques-
tions, the average depth of search trees is 9.28, and
the maximum depth reaches 113, demonstrating
that the search space for single functions can be
diverse. Table 5 provides detailed statistics of the
reward datasets. In the pairwise dataset, we collect
responses from nodes that are either leaves or have
multiple children, so the number of incomplete
responses is relatively low.

A.1.3 RL Hyperparameters

Training Batch Size. For Qwen2.5-Coder-
1.5B/3B, we use 4 GPUs, 1 for sampling and 3

for training, and the global batch size is 3 (num-
ber of training GPUs) × 8 (batch size per GPU) =
24 questions. For Qwen2.5-Coder-7B, we use 8
GPUs, 1 for sampling and 7 for training, and the
global batch size is 7 (number of training GPUs) ×
8 (batch size per GPU) = 56 questions. For GLM-4-
9B-0414 and Qwen3-4B-Thinking, we use 8 GPUs
for colocating training and sampling, and the global
batch size is 8 questions.

Rollout Hyperparameters. For Qwen2.5 models,
7 responses are sampled per question with a tem-
perature of 1.5. For GLM-4-9B-0414 and Qwen3-
4B-Thinking, 8 and 16 responses are sampled per
question, respectively, with a temperature of 0.8.

Additional hyperparameters for RL are reported
in Table 4.

A.2 Examples

A.2.1 Example of MCTS
Figure 3 shows an example of exploration with
MCTS driven by LLM-as-a-Judge.

A.2.2 Example of Splitting Code into Snippets
Figure 4 shows an example of inserting print state-
ments into code and splitting code into segments.
The code corresponds to a question in Magicoder-
OSS-Instruct-75K (Wei et al., 2024).

A.2.3 Case Study of Rewards.
We present a case study of rewards assigned by
CODERM-NT and prior baseline on responses to
a real-world programming contest problem. We
consider Codeforces 1058 (Div. 2) Problem C to
evaluate the robustness of reward models. For this
problem, we construct one correct solution and two
incorrect solutions, and then obtain rewards from
CODERM-NT and AceCodeRM-7B. Table 6 re-
ports the rewards assigned by CODERM-NT and
AceCodeRM-7B to the three candidate solutions.
CODERM-NT correctly ranks the correct solution
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Table 5: Statistics of the datasets used for training the reward model. #Complete Code indicates the number of
responses containing complete code, #Incomplete Code indicates the number of responses containing incomplete
code, and #Total indicates the number of samples in the dataset, where a sample represents a question and a response
in the scalar dataset and represents a question and a pair of responses in the pairwise dataset.

Dataset #Complete Code #Incomplete Code #Total

Scalar 27,207 168,893 196,098 (responses)
Pairwise 26,740 9,176 71,205 (response pairs)

Question: You are given a list of intervals represented as a linked list, where each interval is defined by a start 
time, a boolean indicating whether it is inclusive or exclusive, and a duration. You are also given a target time. 
Your task is to write a function to determine if the target time falls within any of the intervals in the linked list.
…

def is_within_intervals_linked_list(intervals, target_time):
for index, (start, inclusive, duration) in enumerate(intervals):

print(f"Interval {index}: start={start}, 
inclusive={inclusive}, duration={duration}")

print(f"Checking target_time={target_time}")

def is_within_intervals_linked_list(intervals, target_time):
for start_time, inclusive, duration in intervals:

end_time = start_time + duration
print(f"Interval: start_time={start_time}, 

inclusive={inclusive}, duration={duration}, end_time={end_time}")

print(f"Target time {target_time} is not within any intervals")

return False# Special case for zero duration intervals
if duration == 0 and inclusive and target_time == start:

print(f"Target time {target_time} is exactly at the 
start of the zero-duration interval {start}")

return True
print(f"Target time {target_time} is not within any intervals")

return False

...

Q: 0.64 Q: 0.60

Q: 0.64
...

Q: 0.70Q: 0.60

Q: 0.60

Execute & LLM Judge: 0.8

Execute & LLM Judge: 0.6

Figure 3: An example of performing MCTS on a coding question.

 def is_within_intervals_linked_list(intervals, target_time):
 for start, inclusive, duration in intervals:
 print(f"Interval: start={start}, inclusive={inclusive}, duration={duration}")
 print(f"Checking target_time={target_time}")
 if inclusive:
 if start <= target_time <= start + duration:
 print(f"Target time {target_time} is within the interval {start} to {start + duration} (inclusive)")
 return True
 else:
 print(f"Target time {target_time} is not within the interval {start} to {start + duration} (inclusive)")
 else:
 if start < target_time < start + duration:
 print(f"Target time {target_time} is within the interval {start} to {start + duration} (exclusive)")
 return True
 else:
 print(f"Target time {target_time} is not within the interval {start} to {start + duration} (exclusive)")
 print(f"Target time {target_time} is not within any intervals")
 return False

        : original code
        : inserted print statements

: positions for splitting

Figure 4: An example of inserting print statements into code and splitting code into segments. Lines starting with
green are the original code, lines starting with pink are the inserted input statements, and the dotted lines are the
split locations.

highest and assigns lower rewards to both incor-
rect solutions, whereas AceCodeRM-7B assigns a
higher reward to the first incorrect solution than to
the correct solution. This demonstrates that previ-

ous reward models can yield misleading rankings,
whereas CODERM-NT more faithfully reflects so-
lution quality.
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Table 6: Reward comparison between CODERM-NT and AceCodeRM-7B on Codeforces 1058 (Div. 2) Problem C.

Code Status CODERM-NT AceCodeRM-7B
def g(n):

b = bin(n)[2:].rstrip('0')
if b != b[::-1]:

return False
if len(b) % 2 == 1 and b[len(b) // 2] == '1':

return False
return True

Correct 1.155 -2.474
def g(n):

b = bin(n)[2:].rstrip('0')
if b != b[::-1]:

return False
if len(b) % 2 == 1 and b[len(b) // 2] == '1':

return True
return True

Incorrect 0.500 -0.783
def g(n):

b = bin(n)[2:]
if b != b[::-1]:

return False
if len(b) % 2 == 1 and b[len(b) // 2] == '1':

return False
return True

Incorrect 0.935 -2.645

A.3 Additional Results

A.3.1 Feasibility of LLM-as-a-Judge

During MCTS, we utilize LLM-as-a-Judge to eval-
uate expanded code and guide the search process
as described in Section 3.1.1. For this mechanism
to provide meaningful assessment for tree search, it
must reliably discriminate between correct and in-
correct code. However, because the source dataset,
Magicoder-OSS-Instruct-75K, does not provide
verifiable ground-truth tests, the accuracy of LLM-
as-a-Judge can not be evaluated directly. Instead,
we assess the quality of the judge indirectly by run-
ning MCTS on the HumanEval and MBPP bench-
marks and comparing the guidance provided by the
LLM-as-a-Judge with that derived from the public
tests available in these benchmarks. HumanEval in-
cludes a substantial number of public tests, whereas
MBPP offers only a limited set. The MCTS setup
follows that described in Section 4.1.

The evaluation results are presented in Table 7.
On HumanEval, where public tests are plentiful,
the performance of LLM-as-a-Judge is comparable
to that of public tests, while on MBPP, with limited
public tests, LLM-as-a-Judge outperforms public
tests. These results indicate that LLM-as-a-Judge
can provide effective assessment, particularly when
unit tests are scarce or lacking.

A.3.2 Sensitivity of MCTS Rewards

A concern regarding MCTS-based reward assign-
ment is whether it can distinguish critical logic
from irrelevant code. We investigate this issue by
conducting a controlled experiment to assess the
sensitivity of MCTS rewards to irrelevant code.
Specifically, we randomly sample 200 questions
from the reward model’s training datasets and re-
run MCTS for each question. For each run, we
initialize the search tree with the same initial re-
sponse from the original data curation, insert an
irrelevant code snippet, assert True == True,
at a random valid location, then run MCTS on the
modified tree. The initial snippets in the original
and modified trees are identical except for the in-
serted snippet, yielding 1,390 paired snippets and
enabling a direct comparison of rewards assigned
to the same code segments before and after modifi-
cation.

The results are presented in Table 8. The average
reward assigned to snippets decreases from 0.6837
to 0.6328 after inserting irrelevant code. To eval-
uate the statistical significance of this effect, we
perform a one-sided paired Student’s t-test to test
whether the rewards after insertion are lower than
those before insertion. The test yields a p-value
of 5.617× 10−39, demonstrating a significant de-
crease. This demonstrates that MCTS-derived re-
wards are sensitive to irrelevant code, even when
such code does not affect program behavior or func-
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Table 7: The results of MCTS guided by an LLM judge vs public tests, reporting the pass@1 metric.

Guidance HumanEval HumanEval Plus MBPP MBPP Plus

LLM-as-a-judge 90.2 86.0 89.7 73.4
Public Tests 92.1 84.8 88.7 71.7

Table 8: Impact of inserting irrelevant code on MCTS-derived rewards. A one-sided paired Student’s t-test evaluates
whether rewards significantly decrease when irrelevant code is inserted.

Original Avg. Reward Modified Avg. Reward p-value

0.6837 0.6328 5.617× 10−39

Table 9: Reward model accuracy on additional
benchmarks (BigCodeBench-Instruct-Hard and Live-
CodeBench v5).

Reward Model BigCodeBench
Instruct-Hard

LiveCode-
Bench v5

AceCodeRM-7B 0.556 0.650
CODERM-NT 0.571 0.650

tional correctness, supporting the feasibility of us-
ing rewards derived from MCTS to train reward
models for code generation.

A.3.3 Additional Benchmark Evaluations for
CODERM-NT

In addition to evaluating CODERM-NT on Re-
wardBench as described in Section 4.4, we extend
our evaluation to harder coding questions from
BigCodeBench-Instruct-Hard and LiveCodeBench-
v5. For each benchmark, we sample correct and
incorrect solutions from past model outputs and ask
the reward models to identify the correct one. We
select 63 problems from BigCodeBench-Instruct-
Hard and 100 problems from LiveCodeBench-v5
and create paired responses, allowing us to evaluate
reward model accuracy in a manner consistent with
RewardBench’s evaluation pipeline.

Table 9 shows the results of evaluating
CODERM-NT and AceCodeRM-7B on these ad-
ditional benchmarks. CODERM-NT outperforms
the baseline AceCodeRM-7B on BigCodeBench-
Instruct-Hard, and both models achieve equal accu-
racy on LiveCodeBench-v5. These results comple-
ment the findings from RewardBench, showing that
our reward model maintains competitive accuracy
on harder coding questions.

A.3.4 Results of Combining Both Rewards
with Different Weights

All results of combining rewards from CODERM-
NT and unit tests are presented in Table 10.

A.3.5 Full Results of CODERM-NT
Reranking Data

All results of using CODERM-NT to rerank data
when using rewards from CODERM-NT, unit tests,
and their combination are presented in Table 11.

A.4 Prompts
A.4.1 Prompts for MCTS

Inserting Print Statements When Generating
Code

Here is a partially completed code as response:
{code}
You should write the complete response as
follows:
1. Comprehend the user's requirements carefully
& to the letter.

2. Describe what you plan to do in the code.
3. Provide the complete Python code to run in a
single code block, adding necessary libraries

and custom functions before the code.
4. Identify all key intermediate variables in
the code and add print statements for them.
You should start the code with the originally
provided code and preserve everything in it,
even if it contains a syntactical error or a
bug that prevents the code from running.
Return the response only. Do not say anything
else. Act like writing the response for the
first time.

Writing Sample Calls

Write up to five calling examples to execute
the code in the response.
Write the calling examples in the way that they
will be directly attached to the end of the

code when running.
Cover as many input scenarios as possible,
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including edge cases and complicated inputs.
Do not write invalid inputs that are guaranteed
not to appear.
Do not predict the expected outputs or return
values.
Return the calling examples only. Do not
include the original code.

Scoring the Response

You are an expert at evaluating the quality of
code.
As an impartial evaluator, please assess the
correctness of a code generation assistant's
response to a user's problem using the 5-point
scoring system described below. The code will
go through debugging with print statements
showing the running process. Please grade the
code based on the satisfaction of each
criterion:
1: It means the code is relevant and provides
some information related to the problem, even
if it is incomplete, can not be run, or
contains irrelevant content.
2: It means the code can sometimes run and
produce outputs, but contains bugs or logical
errors so that it does not make the correct
outputs to the problem.
3: It means the code can solve the simple cases
of the problem, but failes in difficult,
complicated, or edge cases, misses necessary
error handling, or contains any security
vulnerabilities.
4: It means the code solves the problem
directly and comprehensively, having correct
logic and covering every possible input case.
Cases guaranteed not to appear do not need to
be covered.
5: It means the code is optimized for time and
space complexity, reflects the best practices
specific to the algorithm, language, or
framework used, and perfectly meets the user's
specific requirements.

#Problem Begins#
{problem}
#Problem Ends#

The response contains the following code:
{code}

By executing the code, you get the following
output:
#Output Begins#
{exec_result}
#Output Ends#

After examining the user's instruction and the
response:
1. Provide an analysis of the response,
carefully monitoring the execution of the code
for any errors or exceptions that may arise and
paying close attention to the output produced
by the execution. Use the format: "Analysis: <
analysis>"
2. Justify your score by checking whether the
code meets each criterion using the format: "
Justify: <check criteria>".

3. Conclude with the score using the format: "
Score: <total points>"

A.4.2 Prompt Template for RL
Some coding questions in the training data re-
quire generating code containing specified function
names that are not given directly in the questions,
instead only appearing in the unit tests. For these
questions, we use the following template to guide
the model to generate code with the correct func-
tion names:

Can you solve the following problem with Python
code? The function in this code should be

named `{test_entry_point}`. Write the function
only, do not include any test code.
{question}
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Table 10: Full results of combining the rewards from CODERM-NT and unit tests. The “Reward” column indicates
the ratio betweenRϕ(x,y) andRtest(x,y) when calculatingRcombined.

Data Reward HumanEval MBPP LCB-v5 BCB-I Hard Avg.
Base Plus Base Plus

Qwen2.5-Coder-1.5B-Instruct 70.1 66.5 70.2 60.3 5.8 5.4 46.4

1 RM:2 test 75.0 68.9 72.5 61.6 6.1 6.8 48.5
1 RM:6 test 76.2 71.3 73.3 61.6 4.9 5.4 48.8

Ranked

1 RM:1 test 74.4 68.9 73.8 63.2 6.7 5.4 48.7
1 RM:2 test 76.8 71.3 72.0 60.8 5.0 6.8 48.8
1 RM:6 test 75.0 68.9 69.8 59.8 5.1 7.4 47.7

Qwen2.5-Coder-3B-Instruct 84.8 80.5 74.6 63.5 12.8 12.8 54.8

1 RM:2 test 85.4 79.9 75.4 64.8 12.8 15.5 55.6
1 RM:6 test 87.2 82.9 76.7 66.1 13.5 14.2 56.8

Ranked

1 RM:1 test 86.6 81.1 75.9 65.3 12.7 15.5 56.2
1 RM:2 test 85.4 82.3 79.1 68.0 13.4 16.2 57.4
1 RM:6 test 84.1 80.5 77.0 65.9 13.6 14.2 55.9

Qwen2.5-Coder-7B-Instruct 88.4 84.8 85.4 73.0 17.8 19.6 61.5

1 RM:1 test 89.6 85.4 86.0 73.3 17.3 20.3 62.0
1 RM:2 test 86.6 82.9 87.0 74.9 15.7 23.0 61.7
1 RM:6 test 89.6 85.4 86.0 73.5 17.1 21.6 62.2

Ranked

1 RM:1 test 90.2 87.8 86.0 73.3 18.0 18.9 62.4
1 RM:2 test 89.6 87.2 84.9 72.8 15.8 20.3 61.8
1 RM:6 test 89.0 86.6 85.4 73.5 17.8 18.2 61.8

GLM-4-9B-0414 82.9 79.3 79.9 67.2 14.9 15.5 56.6

1 RM:2 test 83.5 79.9 82.5 68.5 16.1 16.2 57.8
1 RM:6 test 84.1 79.9 79.9 67.5 16.1 18.9 57.7

Ranked
1 RM:2 test 86.6 81.7 80.2 68.5 15.5 18.2 58.5
1 RM:6 test 87.2 81.1 80.7 68.5 16.9 19.6 59.0

Qwen3-4B-Thinking 97.0 90.9 91.0 76.5 45.5 15.5 69.4

1 RM:2 test 95.7 93.3 90.7 76.5 47.9 21.6 71.0

Ranked 1 RM:2 test 97.0 93.3 91.3 77.5 50.3 20.9 71.7
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Table 11: Full results of CODERM-NT used as Ranker.

Data Reward HumanEval MBPP LCB-v5 BCB-I-Hard Avg.
RM Unit Test Base Plus Base Plus

Qwen2.5-Coder-1.5B-Instruct 70.1 66.5 70.2 60.3 5.8 5.4 46.4

KodCode 9k
% ! 73.8 68.9 71.7 61.4 4.2 6.8 47.8

Ours % 74.4 69.5 73.5 63.0 7.8 6.1 49.1
Ours ! 76.8 71.3 72.0 60.8 5.0 6.8 48.8

Qwen2.5-Coder-3B-Instruct 84.8 80.5 74.6 63.5 12.8 12.8 54.8

KodCode 9k
% ! 84.8 80.5 74.6 63.8 12.8 14.9 55.2

Ours % 87.2 83.5 77.0 66.4 14.5 12.8 56.9
Ours ! 85.4 82.3 79.1 68.0 13.4 16.2 57.4

Qwen2.5-Coder-7B-Instruct 88.4 84.8 85.4 73.0 17.8 19.6 61.5

KodCode 9k
% ! 89.6 86.6 85.7 73.5 17.5 20.3 62.2

Ours % 90.9 87.2 85.7 73.3 17.0 18.9 62.2
Ours ! 90.2 87.8 86.0 73.3 18.0 18.9 62.4

GLM-4-9B-0414 82.9 79.3 79.9 67.2 14.9 15.5 56.6

KodCode 9k
% ! 85.4 79.9 80.7 67.7 14.8 16.9 57.6

Ours % 87.2 82.3 81.2 68.8 16.1 16.9 58.8
Ours ! 87.2 81.1 80.7 68.5 16.9 19.6 59.0

Qwen3-4B-Thinking 97.0 90.9 91.0 76.5 45.5 15.5 69.4

OCI 5k
% ! 95.1 92.1 91.5 76.5 51.5 21.0 71.3

Ours % 95.7 92.7 91.5 76.7 47.9 21.6 71.0
Ours ! 97.0 93.3 91.3 77.5 50.3 20.9 71.7
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