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A Related Work

Code Generation with Large Language Models. Recent advances in large language models (LLMs)
have significantly boosted code generation by leveraging pretraining on large-scale code corpora
(Lu et al., 2021; Christopoulou et al., 2022; Guo et al., 2024; Hui et al., 2024). At inference time,
two main strategies have emerged to further enhance performance. Construction-based methods
generate solutions step-by-step, often guided by value models (Yao et al., 2023; Wang et al., 2024a),
process-based reward models (Lightman et al., 2023), or planning techniques like Monte Carlo Tree
Search (Hao et al., 2023; Zhou et al., 2023). In contrast, improvement-based approaches iteratively
refine full code drafts using multi-turn updates, agentic workflows (Wang et al., 2024b; Zhong et al.,
2024; Zhang et al., 2024a), and test-time feedback, sometimes with multi-agent collaboration (Li
et al., 2024; Zan et al., 2024). While effective, many of these methods are resource-intensive and
complex. Our work introduces a lightweight local search framework that streamlines key components
into an efficient and scalable loop.

Reward Models. Reward models play a central role in RLHF (Ouyang et al., 2022), providing
learning signals for policy optimization. To reduce dependence on human-labeled data, RLAIF
(Lee et al., 2023) proposed an automated reward data pipeline. More recently, reward models have
been extended to reasoning tasks. Math-Shepherd (Wang et al., 2023) and others (Zhang et al.,
2025) trained process-based reward models to guide inference-time strategies, while outcome-based
models have supported tree search (Jiang et al., 2024). Generative Reward Models (GRMs) (Mahan
et al., 2024; McAleese et al., 2024; Zhang et al., 2024b; Chen et al., 2025) further leverage CoT-
based self-critique for scoring outputs. Distinct from these paradigms, we propose a reward model
trained to estimate revision distance, capturing the minimal steps needed to reach a correct solution.
This enables more efficient candidate evaluation and improves the effectiveness of iterative code
refinement.

B Experimental Setup.

B.1 Revision Reward Model

This section outlines the hyperparameters and settings used during the training phase of the revision
reward model. We trained the revision reward model on Qwen2.5-7B-Instruct using the TRL
library (von Werra et al., 2020) with DeepSpeed ZeRO Stage 2 on 4 NVIDIA H100 GPUs. The
training was conducted for one epoch on a combined dataset of LiveCodeBench and TACO. Table 1
details the training configuration.

Table 1: Revision reward model training Configuration

Parameter Value
Mixed Precision bf16
Batch Size per Device 8
Number of Epochs 1
Gradient Checkpointing  True
Learning Rate 5.0e-6
Logging Steps 25
Evaluation Strategy Steps

Evaluation Interval

Save Interval

Max Sequence Length
Push to Hub

Optimizer

Warmup Ratio

Learning Rate Scheduler
Number of GPUs

Every 500 steps
Every 3000 steps
2048

False
paged_adamw_32bit
0.05

Cosine

4 x NVIDIA H100
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B.2 Local Search Hyperparameters

We use Qwen2.5-32B-Instruct as the inference model throughout all experiments, with a decoding
temperature of 0.2 and a top-p value of 0.95. All algorithms are run under a fixed token budget of
7,000 tokens per task.

For Hill Climbing (HC), we initialize with 5 draft codes and expand 3 neighbors for each candidate
during each improvement iteration.

For the Genetic Algorithm (GA), we similarly maintain a population of 5 draft codes. In each
iteration, we select 2 codes from the candidate pool as parent codes, with each code allowed to be
selected as a parent up to 3 times.

C Additional Evaluation on GPT-40

To further validate the effectiveness of RELOC, we conduct experiments on the closed-source model
gpt-40-2024-1120. Specifically, we evaluate RELOC and several baselines, including the state-of-
the-art Plan Search algorithm and Best of N sampling, on the LIVECODEBENCH benchmark. For
RELOC, we employ the revision reward model trained as described in Section B.1 to guide the search
process.

In our evaluation, the revision reward model guiding RELOC’s local search was trained entirely on
data sampled from the open-source Qwen2.5-32B-Instruct model, a setting that differs in both
distribution and model family from the target inference model, GPT-40. Remarkably, as shown in
Table 2, RELOC achieves the highest Pass@1 score (44.2%) while consuming only 8.7K tokens on
average—representing a 52% reduction in token usage compared to Plan Search. This underscores
the efficiency of RELOC’s local search mechanism.

More importantly, these results demonstrate that the revision reward model, trained on Qwen gen-
erated code trajectories, generalizes robustly to guide search on GPT-40. This transferability is
non-trivial: GPT-40 may exhibit different stylistic tendencies, error patterns, and semantic representa-
tions compared to Qwen2.5-32B. Yet, the reward model still provides reliable signals for ranking
candidate revisions, suggesting that it captures model-agnostic features of code quality, such as
syntactic closeness to correct solutions, functional coherence, and local editability.

Such robustness to distributional shifts suggests broader applicability of our approach. It indicates
that RELOC, and particularly its reward model component, can serve as a plug-and-play module to
improve inference-time performance across diverse LLMs, without the need for costly re-annotation
or model-specific retraining. This is particularly valuable for deployment in scenarios involving
closed-source or frequently updated models, where direct supervision signals or fine-tuning access
are unavailable.

Table 2: Performance comparison on GPT-40 (gpt-40-2024-1120).

Methods Rew. Pass@1 (%) Tokens (1K)
Plan Search self-evaluation 42.7 16749
BoN Pass Rate 41.8 12278
ReLoc_HC (Ours) Revision Reward Model 44.2 8733
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Table 3: Write diverse observations based on the problem to guide the generation of draft code.

Attribute

Description

DRAFTCODE

You are an expert Python programmer. You will be given a competitive
programming question (problem specification). You will return 5 useful,
non-obvious, and correct observations about the problem, like hints to solve
the problem. You will NOT return any code. Be as creative as possible,
going beyond what you think is intuitively correct. For each observation
should be between tag [OBSERVATION] and [/OBSERVATION].

Outputs

[OBSERVATION]
Observation 1: A permutation can be fixed with at most one swap if and
only if it has at most 2 inversions.

[/OBSERVATION]

[OBSERVATION]
Observation 2: Only 3-cycles (like "bca" and "cab") cannot be solved with a

single swap operation.
[/OBSERVATION]

Table 4: ReLoc_HC generates diverse modification strategies for incumbent code

Attribute

Description

HC_NEIGHBOR

You are an expert in debugging Python code. You will be provided with
a code snippet that requires debugging, along with a revision history for
reference. Your task is to begin by writing a brief textual explanation of
the current code—summarize its intended behavior and any evident issues
between [explanation] and [/explanation]. Next, propose three refinement
directions that could help improve the code. Please put each direction
between tag [direction] and [/direction]. Important: Do not include any
Python code in your response—only the explanation and the three refinement
directions.

Outputs

[explanation]

The feedback indicates that the main issue is the function returns only the
first element of min-k and max-k, instead of the entire lists.

[/explanation]

[direction]
Modify the return statement to return the full min-k and max-k lists.
[/direction]

[direction]
Include input validation to ensure K is a non-negative integer.
[/direction]




Table 5: ReLoc_HC revises code according to different strategies

Attribute Description

HC_NEIGHBOR You are a helpful programming assistant and an expert in Python. The user
has written code that contains errors. You will be provided with a Python
programming problem, the user’s code, revision history, an explanation,
and directions for refinement. Your task is to debug and revise the code to
correctly solve the problem. Generate a corrected version of the complete
program, incorporating the explanation, refinement directions, and revision
history. Output only one corrected program enclosed within a single pair of
code delimiters. Do not include any additional commentary or text.

Outputs

def minimumBoxes (apple_packs, box_capacities):
for box_capacity in box_capacities:
current_capacity += box_capacity
boxes_used += 1
if current_capacity >= total_apples:
return boxes_used
return boxes_used

apple_packs = [1, 3, 2]
box_capacities = [4, 3, 1, 5, 2]
print (minimumBoxes (apple_packs, box_capacities))

apple_packs = [56, 5, 5]
box_capacities = [2, 4, 2, 7]
print (minimumBoxes (apple_packs, box_capacities))

Table 6: ReLoc_GA directly prompts LLM to generate neighborhood by referencing parent code

Attribute Description

GA_NEIGHBOR You are a helpful programming assistant and an expert in Python. The user
has written code that contains errors. You will be provided with a Python
programming problem and the user’s code intended to solve it. Your task
is to refer to the input code and revise it to correctly solve the problem.
Generate a corrected version of the complete program. Output only one
corrected program enclosed within a single pair of code delimiters. Do not
include any additional commentary or text.

Outputs

def minimumBoxes (apple_packs, box_capacities):
for box_capacity in box_capacities:
current_capacity += box_capacity
boxes_used += 1
if current_capacity >= total_apples:
return boxes_used
return boxes_used

apple_packs = [1, 3, 2]
box_capacities = [4, 3, 1, 5, 2]
print (minimumBoxes (apple_packs, box_capacities))

apple_packs = [5, 5, 5]
box_capacities = [2, 4, 2, 7]
print (minimumBoxes (apple_packs, box_capacities))
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67 Below, we demonstrate how ReLoc guides Qwen2.5-32B-Instruct step by step to revise com-

pletely incorrect draft code into correct code.

Use recursion, without DP (Dynamic Programming), without
pruning

from typing import List
class Solution:
def canSplitArray(self, nums: List{int], m: int) -> bool:
def can_split(segment: List[int], m: int) -> bool:
if len(segment) <= 2:
return True
for i inrange(1, len(segment)):
left, right = segment(:i), segmenti:]
if (sum(left) >= m or len(left) == 1) and (sum(right) >= m or len(right) == 1):
if can_split(left, m) and can_split(right, m):
return True
return False
return can_split(nums, m)

Revision strategie

Did not use Dynamic Programming (DP) structure, instead used recursion,
extremely inefficient and may result in timeout.

No memoization of intermediate states, leading to repeated calculations of
subproblems.

Split logic lacks DP state transition control, unable to effectively construct
solutions from small intervals to large intervals.

DraftCode

Use recursion, without DP (Dynamic Programming), without
pruning

from typing import List
Lm class Solution:
def canSplitArray(self, nums: List[int], m: int) -> bool:
n=len(nums)
ifnc=2:
return True
prefix_sum =[0](n+1)
for i inrange(n):
prefix_sum[i + 1] = prefix_sum(i] + nums{i]
dp =[[False] «n for _ inrange(n)]
for i inrange(n - 1):
dplilli] = True
dp[i][i + 1] = (prefix_sum[i + 2] - prefix_sum(i] >=m) or (nums[i] >=m) or
(numsli + 1]>=m)
for length inrange(3, n + 1):
for i inrange(n - length + 1):
j=i+length-1
for k inrange(i, J):
left_sum = prefix_sum[k + 1] - prefix_sum(i]
right_sum = prefix_sum(j + 1]- prefix_sum(k + 1]
If (left_sum>=mor k- 1+ 1== 1) and (right_sum >=mor j-k == 1):

dplilLj] = dp[ilLj] or (dp[i)[k] and dplk + 1][i])
return dp[0](n - 1]

Revision strategie

Unnecessary use of prefix sum: correct version reverts to sum(nums{i:J) for
clearer logic.

Although dp[i][i] = True was added, initialization is incomplete (should be for all
i, not just first n-1).

Still missing break statement - should immediately exit when dpli][ ] = True,
otherwise efficiency is poor.

Step3

Missing dpli][i] initialization, confused logic, Iow\
efficiency
from typing import List
class Solution:
def canSplitArray(self, nums: List{int], m: int) -> bool:
n=len(nums)
ifn<=2:
return True
prefix_sum=[0]«(n +1)
for i inrange(n):
prefix_sumli + 1] = prefix_sum[i] + nums[i]
dp =[[False] « n for _ inrange(n)]
for i inrange(n- 1):
dplilli + 1] = (prefix_sumli +2] - prefix_sum(i] >= m) or (nums{i] >=m) or
(nums[i + 1]>=m)
for length in range(3, n + 1):
for i inrange(n - length + 1):
Jj=i+length-1
fork inrange(i, j):
left_sum = prefix_sum{k + 1] - prefix_sumli]
right_sum = prefix_sumj + 1]- prefix_sumfk + 1]
if (left_sum >=m ork - i +1== 1) and (right_sum >=m or j-k == 1):

dp[i1[j] = dp[i]L] or (dpli)(k] and dplk + 1](j])
return dp[0][n - 1]

Revision strategie

Using prefix sum is somewhat redundant; the correct version directly uses
sum(numsi:j]).

Failed to initialize dp[i][i] = True: missing basic state definition.

Initial interval checking logic is not rigorous: correct code adds more accurate
judgment for two elements (numsf{i] + nums{i+1] >= m).

Step 1

Correct Code \
from typing import List
class Solution:
def canSplitArray(self, nums: List[int], m: int) -> bool:
n=len(nums)
ifn<=2:
return True
dp =([False] «n for _ inrange(n)]
for i inrange(n):
dp[i]li] = True
for i inranga(n - 1):
dplilli + 1] = (nums{i] >= m) or (nums{i + 1] >= m) or (numsfi] + nums[i + 1] >=

for length in range(3, n + 1):
for i inrange(n - length + 1):
J=i+length-1
for k inrange(i, j):
left_sum = sum(nums[izk+1])
right_sum = sum(nums[k-+1:j+1])
if (dpli)k]and (k- i+1 or left_sum >=m)) and \
(dplk+1](j]and (] - or right_sum >=m)):
dp[i]lj]=True

break
return dp[0](n - 1] /

Step 4

Figure 1: ReLoc step-by-step revise incorrect code
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