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Abstract

With the rapid advancement of large lan-
guage models (LLMs), automated code gen-
eration has made remarkable progress. Re-
cent studies explore multi-agent collaboration
and adopt planning–coding–debugging work-
flows to enhance performance. However, these
approaches are constrained by rigid, prede-
fined workflows that fail to flexibly adjust their
plans and lack effective verification of inter-
mediate reasoning steps. In this work, we pro-
pose MavenCoder, a model-adaptive and veri-
fication–enhanced framework for competition-
level code generation. MavenCoder leverages
adaptive assessment aligned with the model’s
capabilities to select planning strategies, while
providing timely feedback and correction via
multi-perspective verification. This adaptive
problem-solving paradigm mitigates earlier
limitations by enabling flexible planning and
timely error correction. Compared with exist-
ing state-of-the-art approaches, MavenCoder
achieves superior pass@1 results across mul-
tiple benchmarks, achieving 87.5% on Live-
CodeBench, 93.9% on HumanEval+, 81.7%
on MBPP+, and 46.1% on CodeContests, out-
performing recent agent-based systems with
improvement exceeding 3%–40% 1.

1 Introduction

Code generation aims to translate natural language
specifications into executable programs (Shin et al.,
2021). Recent advances in LLMs have significantly
enhanced automated program synthesis (Dubey
et al., 2024; Liu et al., 2024; Yang et al., 2025;
Hurst et al., 2024; Comanici et al., 2025), giving
rise to a growing ecosystem of AI-assisted devel-
opment tools (Devi et al., 2024). Competitive pro-
gramming has emerged as a widely used bench-
mark to systematically evaluate models’ coding

*Corresponding authors.
1Our code is publicly available at https://github.com/

XZC888/MavenCoder

...
the problem’s core is that in each operation 
you can move both `x` and `num` by ±1, and 
to maximize `x` perform all operations to 
increase both. The maximum achievable  `x` 
after `t` operations is `num + 2 * t`

Class Solution:
  def theMaxinumAchievable(self, 
num: int, t: int) -> int:

  return num + 2 * t

...
6. the maximum achievable `x` after `t` 
operations is `num + t` because we can 
increase both `x` and `num` together.
...
8.  the maximum x achievable is num + t

Task Description (2812)

Given integers num and t, an integer x is 
achievable if at most t operations, you can 
change both x and num by ±1 at the same 
time to make x = num. Return the largest 
achievable x. At least one solution exists.

 Solution Planning 

- The initial `x` can be as small as possible, 
but since we are trying to maximize `x` after 
operations, the maximum achievable `x` is 
`num + t`.

Plan Verification Stage

Direct Code Generation

Direct Thinking

Task Description (1899_C)
You are given an array � of length �
Your task is to find the maximum sum 
of a non-empty subarray such that 
adjacent elements have alternating 
parity (one even, one odd).

For each case, iterate the array and update 
the maximum sum of a valid alternating-
parity subarray.

Solution Planning

Class Solution:
  def theMaxinumAchievable(self, 
num: int, t: int) -> int:

  return num + 2 * t

Code Generation Stage

Correct Approach:  
Kadane-style dynamic programming

oversimplified !

Figure 1: LCB #2812 (medium) and #1889-C (hard) us-
ing existing methods: #2812 fails due to verifier unable
to correct errors, causing propagation, but direct genera-
tion solves it; #1889-C fails because simple reasoning.

abilities, as it provides well-defined problem state-
ments, strict input–output specifications, and chal-
lenging efficiency constraints (Yuen et al., 2023;
Bandeira et al., 2019). This characteristic requires
models to accurately analyze language require-
ments, select appropriate solution strategies, and
generate codes that satisfy both accuracy and effi-
ciency constraints, reflecting key competencies in
real-world development.

Prior work on automated code generation largely
builds on prompt-driven techniques, such as chain-
of-thought (CoT) prompting and self-planning,
which encourage models to decompose a problem
into explicit intermediate steps rather than gener-
ating code in a single pass (Wei et al., 2022; Jiang
et al., 2024; Zhang et al., 2023). While these
methods are computationally efficient and effec-
tive for relatively simple tasks, they typically rely

https://github.com/XZC888/MavenCoder
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on a single solution trajectory, making them brittle
when confronted with complex problems requir-
ing deeper reasoning. To address these limitations,
more recent efforts emphasize multi-agent collabo-
ration via structured planning–coding–debugging
workflows (Islam et al., 2024; Zhang et al., 2024;
Lei et al., 2025), in which a planning agent gen-
erates a solution outline, a coding agent generate
executable codes following the proposed plan and
finally a debugging agent analyzes failures on pub-
lic tests to formulates targeted corrections.

Despite these advances, most existing methods
still rely on monolithic and inflexible workflows,
which suffer from two fundamental limitations.
First, they apply a fixed planning strategy regard-
less of task complexity, leading to mismatched
plans. As illustrated in Fig. 1, such frameworks
fail on both a medium and a hard problem from
LiveCodeBench (Jain et al., 2024). For problem
#2812, the LLM is already capable of solving the
task via its own reasoning. However, the enforced
plan introduces an additional error when estimating
the upper bound. It assumes the maximum achiev-
able value is num+t instead of num+2t. In contrast,
problem #1889-C is a complex task requiring more
advanced algorithmic design, but existing frame-
works generate overly simplistic plans. Second,
these frameworks lack effective verification mecha-
nisms to detect and correct intermediate reasoning
errors, causing early mistakes to propagate into
subsequent coding stages and further degrading
solution accuracy (Xue et al., 2023).

To address the above limitations, we propose
MavenCoder, a model-adaptive and verification-
enhanced framework for competitive code gener-
ation. MavenCoder consists of three core compo-
nents. First, inspired by how human programmers
adjust problem-solving strategies based on their
knowledge reserves, a model-adaptive difficulty
assessment module estimates problem difficulty
based on confidence analysis, enabling dynamic
adjustment of problem-solving strategies (Kang
et al., 2025). Second, MavenCoder incorporates
a multi-perspective verification module, inspired
by step-wise validation of key steps and interme-
diate codes in human problem solving, to evaluate
plan correctness and provide timely error correc-
tion (Lyu et al., 2023). Finally, a code synthesis
and debugging module generates the final solution
and iteratively refines it based on test feedback un-
til all tests pass or a predefined iteration limit is
reached. An overview of MavenCoder is in Fig 2.

We evaluate MavenCoder on six diverse cod-
ing benchmarks, covering both basic programming
tasks and challenging real-world contest problems.
The experimental results show consistent improve-
ments across models, demonstrating its effective-
ness in enhancing code generation performance. In
summary, our contributions are outlined as follows:

• We introduce MavenCoder, a model-adaptive
verification enhanced framework that adap-
tively adjusts problem-solving strategies ac-
cording to model’s knowledge, enabling more
tailored and effective code generation.

• We leverage a verification module from vari-
ous aspects to assess the correctness of solu-
tion plans, dynamically guiding corrections
and mitigating error propagation.

• We validate the effectiveness and generality
of our method across diverse programming
benchmarks with multiple backbone LLMs,
and further provide comprehensive analyses
to guide future work.

2 Related Work

Automatic Program Generation: Automatic pro-
gram generation has long been studied in AI (Gul-
wani et al., 2017). Early methods relied on sym-
bolic reasoning or search-based techniques (Manna
and Waldinger, 1971, 1980), requiring manually
crafted rules and facing scalability challenges. Re-
cent advances in large neural language models have
reshaped this field, enabling direct translation of
natural-language descriptions into executable pro-
grams. Data-driven neural approaches now dom-
inate modern program synthesis, producing high-
quality solutions across diverse programming tasks
(Fan et al., 2023).
Large Language Models: LLMs underpin modern
AI systems and are broadly categorized by design
(Mienye et al., 2025; Peykani et al., 2025). General-
purpose models, such as GPT (Hurst et al., 2024),
are pretrained on diverse corpora and instruction-
tuned for broad knowledge. Code-specialized mod-
els are trained on software repositories and syn-
thetic code, giving them strong programming abil-
ities for software-oriented tasks. Representative
examples include Codex (Chen, 2021), CodeGen
(Nijkamp et al., 2022), CodeLLaMA (Roziere et al.,
2023), StarCoder (Li et al., 2023b), MoTCoder (Li
et al., 2023a), DeepSeek Coder (Daya Guo, 2024),
and WizardCoder (Luo et al., 2023).
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Figure 2: The overview of MavenCoder, which integrates adaptive difficulty assessment, plan generation tailored to
the estimated complexity, and iterative refinement through code-generation and debugging phases.

3 Methodology

3.1 Problem Modeling
A programming task is defined as a problem in-
stance P = (c, T ), where c is detailed problem
description and T denotes according tests, com-
prising two subsets:

T = Tpub∪Tpriv = {(Ij , Oj)}
mp

j=1∪{(Ik, Ok)}mh
k=1

The first set Tpub represents public examples that
provide observable signals to help coding and de-
bugging. In contrast, the second set Tpriv is in-
accessible tests throughout entire procedure and
serves solely as the final correctness oracle. Each
pair (I,O) specifies an input instance and its ex-
pected output. Given c along with Tpub, mod-
els are required to generate a candidate solution
S = [t1, t2, . . . , tN ], where ti denotes the i-th to-
ken. A candidate program S is deemed correct if
its execution reproduces expected outputs on all
hidden tests, satisfies ∀(I,O) ∈ Tpriv, S(I) = O.

3.2 Model-Adaptive Difficulty Assessment
LLMs exhibit heterogeneous performance due to
differences in training data, the perceived difficulty
of the same programming problem can vary sub-
stantially across models. To capture such model-
specific differences, we adopt a token-level confi-
dence measure. For each generated token ti, the

confidence is defined as the negative mean of the
top-k log-probabilities:

ci = −
1

k

k∑
j=1

log pi(j)

where higher ci reflects increased certainty in the
generated response.

Unlike prior work (Fu et al., 2025) that aggre-
gates confidence over all tokens, we distinguish
template tokens 2, arising from stylistic conven-
tions such as Markdown symbols (e.g., #, **),
empty-line padding, or introductory phrases (e.g.,

“Let’s analyze the problem”), from inference to-
kens, which reflect substantive reasoning. Tem-
plate tokens often receive artificially high confi-
dence due to instruction-tuning, potentially distort-
ing difficulty estimation. To address this, we detect
template tokens using heuristic patterns, label their
confidence score as∞, and compute reasoning con-
fidence via sliding-window aggregation, skipping
any window containing∞ values, as template to-
kens tend to cluster and bias nearby confidence
values:

Ri =
1

|Ri|
∑
cj∈Ri

cj , cj ̸=∞

2Detailed analysis of the impact of template tokens is pro-
vided in Appendix C.2.



The sequence Ri traces the evolution of certainty
along the reasoning trajectory. We further apply
k-means clustering (Arthur and Vassilvitskii, 2007)
to partition confidence levels into confident and
unconfident groups. Based on the cluster centers
θlow and θhigh, tokens are categorized accordingly,
and the proportions plow and phigh are computed.
The task difficulty from models’ perspective is con-
sidered low if phigh ≥ θ1, high if plow ≥ θ2, and
moderate otherwise, where θ1 and θ2 are hyperpa-
rameters controlling threshold selection. This pro-
cedure ensures that assigned difficulty reflects the
model’s intrinsic reasoning confidence. For mod-
els without access to internal states, difficulty is
instead determined through instruction-based clas-
sification.

3.3 Adaptive Planning Strategies
Considering the models’ own assessment of prob-
lem difficulty, planning agent employs different ap-
proach strategies. Given high-confidence problems
(Easy), direct plan generation is applied to reduce
errors from overthinking. For moderate confidence
(Medium), models first engage in self-reflective
(Shinn et al., 2023) thinking in example-based rea-
soning, relevant algorithmic knowledge, and subse-
quently produces an intermediate solution plan.

For high-uncertainty tasks (Hard), the planning
agent employs a tree-based decomposition (Press
et al., 2023) guided by iterative deepening search.
The problem context c forms the root N0 of a plan
tree T , with intermediate nodes Ni as subproblems
and leaves representing directly solvable tasks. T
is constructed level-wise, decomposing nodes hi-
erarchically until subproblems are simple or the
maximum depth Dmax is reached. To encourage
diversity, a repository D = {(Pi, ei, si)}Ni=1 stores
previous subproblems, embeddings, and solutions;
new subproblems with embedding similarity above
θsim are treated as redundant and excluded. Re-
trieved subproblems guide solution construction
when all children are repetitive. Finally, it is lin-
earized into a structured representation, preserving
hierarchical features through indentation and sub-
headings.

3.4 Multi-Perspective Verification Module
To detect potential errors and ambiguities, we em-
ploy a verification module to evaluate the correct-
ness of generated plan A, which typically consists
of a sequence of steps, A = {ai}Si=1. Specifically,
we consider three aspects inspired by real coding

practices: step reliability, factual correctness and
contribution to final answer.

1. Step Reliability r(ai). Following the pre-
vious confidence definition, we first compute the
mean confidence of each reasoning step:

c̄i =
1

|ai|
∑
t∈ai

ct, ct ̸=∞

where c̄i denotes the step-wise averages. To express
the model’s relative confidence across steps in a
probabilistic manner, we normalize these values
using a softmax:

r(ai) =
exp(c̄i)∑S
j=1 exp(c̄j)

This normalization maps step-level scores onto a
probability simplex, ensuring that relative differ-
ences in confidence are preserved while providing
a calibrated measure of the model’s preference over
reasoning steps.

2. Factual correctness f(ai). To address the
challenge of associating reasoning steps with ex-
ecutable semantics, we employ a modular gener-
ation method: given current step ai, the model is
required to generate a corresponding modular func-
tion funci, explicitly specifying its input–output
signature, intermediate variables and expected be-
havior. This process yields a self-consistent set of
step-level functions that align with the broader task
semantics. Each public test t = (Ij , Oj) ∈ Tpub is
executed on funci. The execution traces are then
dynamically incorporated back into the prompt, re-
quiring models to evaluates the factual behavior of
funci against its own step-level specification. For-
mally, the execution fact correctness of step ai is
quantified as:

f(ai) =
1

mp

mp∑
j=1

1{
funci(Ij)=Oj

}
The execution feedback thus assesses each step
with respect to its model-declared semantics, using
the injected runtime evidence as an objective basis
for verification. This yields an interpretable, data-
grounded signal that reflects how the step behaves
under concrete execution conditions.

3. Outcome Contribution w(ai). Unlike mathe-
matical questions, solution traces for programming
tasks exhibit a strong structural regularity. Specifi-
cally, the initial and final steps are typically devoted
to input parsing and output formatting, which are



largely mechanical and are handled reliably by cur-
rent models, rarely contributing to errors. In con-
trast, the core reasoning and algorithmic logic pre-
dominantly emerge in the intermediate steps, where
mistakes are more frequent and contributions to the
final outcome are substantially higher.

To explicitly model this position-dependent con-
tribution bias, we map step index i to the unit inter-
val via xi = (i− 1)/(S − 1) and parameterize the
relative contribution by a Beta density:

w(ai) = 1− Beta(xi; α, β)∑S
j=1Beta(xi; α, β)

where α and β are the hyperparameters controlling
the shape of the positional prior. By appropriately
tuning them, the resulting weight distribution ex-
hibits a left-skewed tendency, reflecting two consid-
erations: the initial and terminal steps are largely
devoted to I/O handling and are handled reliably,
while errors introduced in the early reasoning phase
tend to propagate downstream, amplifying their im-
pact on later steps. Consequently, greater emphasis
is placed on early-to-mid reasoning steps.

Comprehensive Step Value v(ai). Finally, the
three factors are combined multiplicatively to form
a comprehensive step score:

v(ai) = r(ai) · f(ai) · w(ai)

which considers reliability, factual validity, and po-
sitional contribution for each step. A step-specific
threshold is then defined asθstep:

θstep = τ · C · wmin

where τ controls the minimum acceptable level
of correctness on Tpub, C denotes the average
step-level confidence, and Wmin enforces a lower
bound corresponding to the least significant step.
If v(ai) < θstep, the verification module flags ai
as suspect, guiding the model to localize and re-
vise the earliest unreliable reasoning step based on
execution traces. This review-and-revision proce-
dure is repeated rvalid rounds for error detection
and correction.

3.5 Code Synthesis and Debugging
The coding agent produces an initial code S0 from
c and verified Plan with code generation instruct.
S0 is then evaluated on Tpub; if all tests pass, it
proceeds to Tpriv for final evaluation. Otherwise,
the debugging agent generates a repair instruction

I0 based on error information Error0 to summa-
rize fault location, cause analysis, and suggested
fixes. The coding agent then generates an updated
solution S1 conditioned on I0. In iteration i, pre-
vious solutions and error information are incorpo-
rated, enabling more effective fault identification
and correction. Formally, solution Si+1 relies on
debugging iterative information:

P (Si+1 | Ii) = P
(
Si+1

∣∣ {Sj ,Errorj}ij=0

)
This coding-and-repair loop is repeated for rdebug
times and ensures corrections are informed by prior
errors, improving overall reliability and conver-
gence of the synthesized program.

4 Experiments

4.1 Benchmarks

We evaluate MavenCoder on six widely used
public benchmarks covering both basic program-
ming tasks and competitive programming prob-
lems. Basic-level benchmarks include HumanEval
(HE) (Chen, 2021) , MBPP (Austin et al., 2021),
and their Evalplus (Liu et al., 2023), all focusing
on simple function-level code generation, while
Evalplus extends the original datasets with stricter
tests, offering a more reliable measure of a model’s
true capability. As these datasets lack explicit pub-
lic tests, we extract all visible assertions from their
docstrings. Competition-level benchmarks include
test set of CodeContests (CC) (Li et al., 2022) and
LiveCodeBench (LCB) version V1, which feature
complex reasoning and real-world problems.

4.2 Baselines

We compare MavenCoder with five categories of
existing approaches. Prompt Engineering Tech-
nologies guide models using structured reasoning
techniques such as Chain-of-Thought (CoT) and
Self-Planning; we also include Direct Prompting
with both random and greedy decoding strategies
(Holtzman et al., 2019; Sutskever et al., 2014; Ko-
jima et al., 2022). Confidence-based Methods
guide sampling with uncertainty estimates: Hon-
estCoder (Li et al., 2024) selects high-confidence
programs using multi-modal similarity, and we ad-
ditionally use Self-Ask to score candidate programs
and choose the highest-confidence outputs. Repair-
based Methods iteratively refine programs through
execution feedback, including LDB, which verifies
decomposed program blocks using intermediate



Table 1: pass@1 performance (%) across all methods. Bold denotes the best result for each benchmark, underlining
indicates the second-best result, and green highlights improvements over the random baseline. ‘–’ indicates
unavailable results due to reproduction issues.

Method GPT-4.1-nano GPT-4o-mini Qwen3-Coder+
HE HE+ MBPP MBPP+ LCB CC HE HE+ MBPP MBPP+ LCB CC HE HE+ MBPP MBPP+ LCB CC

Direct (Random) 89.5 84.1 85.1 71.0 48.5 12.7 87.8 83.4 86.7 73.1 43.2 10.5 96.5 92.2 94.1 79.7 76.5 24.8
Direct (Greedy) 89.0 82.9 86.8 72.8 48.3 11.5 88.4 83.5 85.2 72.0 43.8 10.9 97.0 93.3 94.4 80.2 76.8 23.6
CoT 79.3 75.6 80.2 68.8 36.3 9.1 75.6 73.2 86.5 73.3 40.8 9.1 82.9 80.5 92.1 78.8 74.0 15.2
Self-Planning 86.6 81.1 86.0 73.0 33.5 6.1 84.8 81.1 86.0 70.4 41.3 9.7 92.7 87.2 93.1 78.6 81.5 29.1
HonestCoder 91.0 85.5 85.5 72.1 50.8 12.4 87.7 83.5 86.7 73.4 43.9 10.3 97.2 92.1 90.9 76.8 77.0 26.1
Self-Ask 91.7 86.1 86.6 72.3 50.9 12.4 87.8 83.4 86.9 73.0 45.0 10.5 96.6 91.7 90.7 76.6 76.8 25.5
SR 91.9 87.3 91.7 76.6 54.0 16.7 91.5 85.4 92.1 76.5 47.3 11.6 98.1 91.2 94.2 79.6 77.5 25.3
LDB 90.2 86.0 94.4 77.5 55.8 20.0 91.5 86.6 92.6 76.5 49.5 11.5 98.2 94.5 98.9 81.7 - -
MapCoder 87.8 81.1 93.1 75.4 35.5 22.4 92.1 84.1 90.2 73.8 50.5 21.8 97.6 92.7 98.1 81.0 - 37.6
PairCoder 93.9 87.8 89.7 72.2 57.5 26.7 96.3 87.2 93.9 75.1 51.0 24.8 98.8 94.5 92.6 77.5 79.3 44.2
LPW 94.5 86.0 94.7 76.2 57.8 24.2 90.9 81.1 94.4 73.8 41.0 18.2 99.4 90.2 98.1 81.7 78.8 38.8
ToT 92.7 87.8 90.2 76.2 54.0 7.3 84.8 79.3 89.7 73.5 41.5 9.7 95.7 90.2 95.5 81.7 83.5 29.7
CodeTree 93.9 88.4 94.7 77.2 60.3 18.2 90.9 84.1 96.6 76.2 54.8 17.6 96.3 90.9 97.9 83.3 85.5 37.6

MavenCoder
97.6
↑ 9.1%

90.2
↑ 7.3%

97.1
↑ 14.1%

81.0
↑ 14.1%

70.0
↑ 44.3%

32.7
↑ 157.7%

98.2
↑ 11.8%

89.0
↑ 6.7%

95.0
↑ 9.6%

79.4
↑ 8.6%

56.8
↑ 31.5%

25.5
↑ 142.9%

98.8
↑ 2.4%

96.3
↑ 4.4%

98.9
↑ 5.1%

81.7
↑ 2.5%

87.5
↑ 14.4%

46.1
↑ 85.9%

states (Zhong et al., 2024), and Self-Repair (SR),
which diagnoses and fixes errors through iterative
runs (Rushing and Nanda, 2024). Agent-based
Approaches employ multi-agent coordination for
planning and coding: MapCoder executes a se-
quential plan–implement–debug workflow; LPW
enhances planning through example-based reason-
ing and improves coding via model-derived expla-
nations; PairCoder simulates pair programming
with a Navigator for planning and analysis and
a Driver for implementation. Tree-based Explo-
ration Methods expand the search space by ex-
ploring multiple solution branches, as exemplified
by Tree-of-Thought (ToT) frameworks (Yao et al.,
2023) and CodeTree (Li et al., 2025), which rank
and refine partial programs within a unified tree
structure.

4.3 Experimental Setup

We evaluate both general-purpose and code-
specialized models, covering closed-source LLMs,
GPT-4o-mini and GPT-4.1-nano (OpenAI et al.,
2024), open-source models Qwen3-Coder+ (Yang
et al., 2025). All methods 3 are assessed using the
standard pass@1 metric (Chen, 2021), and best
result is reported over two runs.

4.4 Pass@1 Performance Comparison

Table 1 reports the Pass@1 performance across
different methods. On competitive benchmarks,
MavenCoder surpasses all baselines, and achieves
comparable or superior results on basic ones. Com-
pared with recent strong baselines like LPW, Pair-
Coder and CodeTree, MavenCoder achieves dra-

3Detailed settings for each method are provided in Ap-
pendix B. For MavenCoder, we follow prior work or adopt
empirically validated configurations (see Appendix D).

Table 2: Ablation results (pass@1, %) on CC and HE.
Red numbers indicate performance drops relative to
MavenCoder. Type treats all tasks as the same level.

Ablation Setting Type GPT-4.1-nano GPT-4o-mini
CC HE CC HE

w/o adaptive strategy
Easy

27.8
↓ 4.9

95.7
↓ 1.9

21.2
↓ 4.3

95.1
↓ 3.1

Medium
27.3
↓ 5.4

95.1
↓ 2.5

18.8
↓ 6.7

93.9
↓ 4.3

Hard
29.7
↓ 3.0

95.7
↓ 1.9

18.8
↓ 6.7

96.3
↓ 1.9

w/o planning stage –
26.7
↓ 6.0

95.1
↓ 2.5

18.2
↓ 7.3

94.5
↓ 3.7

w/o verification module
w/o r(ai)

26.7
↓ 6.0

96.3
↓ 1.3

24.2
↓ 1.3

95.7
↓ 2.5

w/o f(ai)
26.1
↓ 6.6

95.7
↓ 1.9

24.8
↓ 0.7

93.3
↓ 4.9

w/o w(ai)
24.8
↓ 7.9

95.7
↓ 1.9

23.0
↓ 2.5

90.9
↓ 7.3

w/o debugging stage –
20.6
↓ 12.1

95.1
↓ 2.5

15.2
↓ 10.3

91.5
↓ 6.7

matic gains: 44.3% improvement on LCB and
157.7% on CC for GPT-4.1-nano, 142.9% for GPT-
4o-mini, and 85.9% for Qwen3-Coder+. These
improvements largely stem from capability-aligned
adaptive planning, which better exploits models’
internal knowledge. For simpler tasks, Our method
delivers limited improvements; we attribute this to
the prevalence of simple reasoning patterns, where
the model’s direct solutions are sufficiently correct
despite involving fewer deliberation steps. More
detailed results are shown in Appendix E.

4.5 Ablation Study

To quantify the contribution of each component in
MavenCoder, we conducted ablation studies (Ta-
ble 2). For challenging problems, removing the de-
bugging modules leads to substantial performance
drops, highlighting its critical roles in detecting
execution errors and providing corrective guidance.
Performance also degrades when the planning mod-



Table 3: Comparison of different confidence estimation
signals across all benchmarks.

Benchmark GPT-4o-mini GPT-4.1-nano
Mean Entropy Prompt Mean Entropy Prompt

HE 98.2 95.1 96.3 97.6 95.1 95.7
HE+ 89.0 90.9 90.2 90.2 90.2 90.9
MBPP 95.0 95.8 95.2 97.1 96.0 96.3
MBPP+ 79.4 76.2 75.9 81.0 78.0 77.5
LCB 56.8 57.8 58.5 70.0 65.8 67.5
CC 25.5 21.8 23.0 32.7 29.7 29.1

ule is removed, suggesting that explicit planning is
necessary to solve problems. The adaptive mech-
anism is essential as well: when a uniform work-
flow is enforced and all tasks are treated as simple,
medium, or hard, performance degrades consis-
tently, demonstrating the necessity of dynamically
adjusting planning strategy according to model abil-
ities and task difficulty. Removing the verification
module also leads to performance degradation, with
factual correctness contributing the most, highlight-
ing the importance of input–output-based valida-
tion to ensure step accuracy. Overall, each module
contributes meaningfully, with debug and planning
being the most influential.

4.6 Confidence Estimation Analysis
We investigate how different confidence estimation
signals affect adaptive difficulty stratification for
model evaluation. Specifically, we compare three
representative approaches: (i) the mean negative
log-probability of tokens, as defined above. (ii)
entropy-based uncertainty estimation, given by

hi = −
k∑

j=1

pi(j) log pi(j)

(iii) direct difficulty classification via prompt.
As shown in Table 3, incorporating confidence sig-
nals into adaptive difficulty modeling consistently
improves performance across benchmarks, outper-
forming strong baselines. Despite difference in
performance improvement, all signals yield similar
gains, suggesting that the benefit stems from lever-
aging the model’s intrinsic self-assessment rather
than any specific metric.

4.7 Model-Adaptive Difficulty Distribution
We analyze predicted difficulty distributions on
LCB, whose balanced labels align with our cate-
gories. Fig. 3 shows notable differences across
models. GPT-4o-mini, a large general-purpose
model, produces relatively balanced predictions

Easy Medium Hard
0

20

40

60

80

100

120

140

160

Fr
eq

ue
nc

y

142

168

9093

125

94

71
64

43
52

60

9

0.2

0.4

0.6

0.8

Pr
ec

isi
on

0.65

0.88

0.66

0.55

0.47

0.30
0.36

0.42

0.06

True labels
Qwen3-Coder+
GPT-4o-mini
GPT-4.1-nano

Figure 3: Adaptive Difficulty Prediction Distribution
on LCB. The bars indicate prediction frequency for
each difficulty level, while the line denotes prediction
accuracy.

for easy and medium problems but underestimates
the hardest tasks. GPT-4.1-nano, smaller and con-
servative, rarely predicts hard problems, lowering
overall accuracy. In contrast, the code-specialized
Qwen3-Coder+ predicts a larger proportion of prob-
lems across all levels with higher accuracy. These
differences indicate that models assess difficulty
based on their knowledge, favoring tasks they han-
dle confidently 4. Importantly, this subjective as-
sessment reflects each model’s internal capabilities
and preferences, so alignment with truth difficulty
labels is less critical than capturing model’s behav-
ior in our study.

Metric Self-Planning LPW MavenCoder

Avg Score 4.0 3.8 4.4

Table 4: Plan Quality Comparison (Qwen3-Coder+).

4.8 Human Evaluation
To further assess plan quality, we randomly sam-
pled 20 tasks per benchmark and asked three ex-
perienced competitive programmers to indepen-
dently evaluate the generated plans. Each plan was
rated on a 1–5 scale based on factual correctness,
clarity, and reasoning completeness. As shown in
Table 4, our method consistently achieves higher
scores across all benchmarks. Moreover, the low
standard deviations (1.07, 1.31, and 1.32) indicate
strong inter-rater agreement rather than evaluator

4We present an illustrative example in Appendix Fig 29,
showing that different models perceive the difficulty of the
same task differently.
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quency using GPT-4o-mini on CC.

bias. These results demonstrate that combining
adaptive planning with multi-stage verification pro-
duces plans that are more accurate, coherent, and
conducive to deep reasoning 5.

4.9 Effect of Iteration Rounds

We analyze the impact of iterative rounds on model
performance. As shown in Fig. 4, increasing it-
erations generally improves accuracy. Global it-
erations allow exploration of diverse solution tra-
jectories, verification iterations guide the model
in correcting potential errors, and debugging it-
erations refine residual logical flaws. Each ad-
ditional round contributes cumulatively to perfor-
mance gains, with global iterations particularly ef-
fective due to the exploration of multiple reasoning
paths. This highlights the importance of iterative
refinement for robust, high-quality solutions.

θ1\θ2 35 45 55 35 45 55

5
21.2

160/0/5
23.0

157/1/7
21.2

158/5/2
87.2

151/0/13
89.0

133/9/22
87.8

155/6/3

15
20.0

33/31/101
25.5

30/117/17
23.0

32/132/1
84.1

29/26/109
86.6

38/101/25
87.2

37/122/5

25
22.4

0/64/101
20.6

0/148/17
17.0

0/165/0
86.0

1/54/109
87.2

0/140/24
87.8

2/155/7

Table 5: Comparison of different θ1 and θ2 (left: CC,
right: HE+). Top row shows pass@1 results; bottom
row shows task distribution across easy/medium/hard.

4.10 Effect of Confidence Threshold

To investigate what difficulty distribution lead to
optimal performance, we experiment with different
combinations of confidence thresholds θ1 and θ2
using GPT-4o-mini. As shown in Table 5, smaller
θ1 values favor easy tasks, whereas smaller θ2

5We provide a representative example in Appendix G.

values bias toward hard tasks. For competitive
problems, the best performance is achieved when
medium-difficulty tasks dominate, with moderate
proportions of easy and hard instances. For sim-
pler problems, performance remains stable when
easy or medium tasks are prevalent but declines if
the allocation is overly skewed toward hard tasks,
suggesting that excessive reasoning depth can be
detrimental for simpler problem types.

Table 6: Time and token consumption comparison using
Qwen3-Coder+. ‘–’ indicates the repository does not
support or unavailable due to reproduction issues.

Approach MBPP+ CC LCB

Time Token Time Token Time Token

LPW 2h 22.6M 9h 97.9M 12h 200+M
MapCoder 5h10m 2.9M 10h 10.2M – –
PairCoder 5h30m – 4h53m – 7h35m –

MavenCoder 1h17m 8.2M 4h30m 8.1M 7h5m 5.8M

4.11 Token and Time Consumption

To evaluate practical feasibility, we compare run-
time and token usage across agent-based methods
using Qwen3-Coder+ as backbone, under a unified
budget of 9 iteration rounds and a concurrency of
6. As summarized in Table 6, MavenCoder con-
sistently achieves a favorable balance between ef-
ficiency and effectiveness, exhibiting shorter end-
to-end runtimes in most settings while maintain-
ing low token consumption. This advantage stems
from the dynamic adjustment of planning strategies,
which improves the overall accuracy of generated
plans and consequently reduces the need for ex-
tensive iterative refinement. Overall, the results
indicate that MavenCoder maintains controllable
cost, making it suitable for large and time-sensitive
real-world development scenarios.

5 Conclusion

In this work, we proposed MavenCoder, a model-
adaptive and verification-enhanced framework for
competition-level code generation. MavenCoder
adaptively aligns planning strategies with the
model’s capabilities and employs a verification
module from different aspects to assess solution
plans, overcoming the rigidity and weak self-
correction of existing workflows. Extensive ex-
periments across major text-to-code benchmarks
show consistent pass@1 improvements over supe-
rior methods, demonstrating the effectiveness of



adaptive reasoning and precise verification for ro-
bust program synthesis.

Future work will extend MavenCoder to broader
software development scenarios, such as repository-
level code generation, to systematically evaluate its
effectiveness in handling cross-file dependencies
and reasoning over large-scale code contexts.

Limitations

Despite its effectiveness, our approach has several
limitations. First, we currently evaluate our ap-
proach only on LLMs, as they typically exhibit
stronger instruction-following capabilities and can
reliably produce outputs in the expected formats.
Experiments on locally deployed medium-scale
models are left for future work. Second, some
closed-source or reasoning-focused LLMs do not
expose token-level log-probabilities, which pre-
vents confidence estimation and limits applicability.
Finally, while the method significantly improves
performance on medium and hard problems, its
benefits on simple tasks are limited, as strong base
models often already succeed without additional
planning or verification.
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Appendix

A Additional Related Work

A.1 Agent-based LLM Systems

Recent advances in LLMs have led to the emer-
gence of agent-based systems, which extend pure
text generation into goal-directed, interactive prob-
lem solving. Unlike conventional prompting
paradigms, LLM agents are equipped with capa-
bilities such as iterative reasoning, tool use, envi-
ronment interaction, and self-reflection, enabling
them to decompose complex tasks and adapt their
behavior based on intermediate feedback.

A representative paradigm is the ReAct frame-
work (Yao et al., 2022), which interleaves reason-
ing and acting by allowing models to generate both
intermediate thoughts and executable actions. This
design facilitates dynamic interaction with external
tools and has been widely adopted in subsequent
agent systems.

Agent-based approaches have been successfully
applied across diverse domains, including code gen-
eration (Huang et al., 2023), fundamental science
task solving (Zhang et al., 2026b), and domain-
specific problem solving (Zhang et al., 2026a).
These systems demonstrate improved robustness by
exposing intermediate reasoning processes and en-
abling verification or correction at different stages.
Our work aligns with this paradigm by incorporat-
ing adaptive planning and verification mechanisms
within an agentic framework, aiming to enhance
reliability in program synthesis under varying task
difficulty.

B Implementation Details

In this section, we present the detailed setup of
our experiments. We retain the original best-
performing settings and modify only the param-
eters explicitly noted below for each method, en-
suring reproducibility and fair comparisons across
baselines.

All evaluations use standard official frame-
works: EvalPlus for basic benchmarks and Live-
CodeBench for competitive ones with 6 seconds
timeout, ensuring reliable and rigorous assessment.

B.1 MavenCoder

Following prior work, we compute confidence
scores using the top-5 token log-probabilities and
apply a sliding window of size 5 to improve stabil-
ity. Based on these scores, we set the confidence

thresholds to θ1 = 15% (reduced to 5% for sim-
ple tasks) and θ2 = 45%, which bias the model
toward generating plans of moderate difficulty. As
shown in Table 5, this preference yields better over-
all performance, while simpler threshold settings
are more effective for basic problems. To con-
trol the Beta distribution used for plan weighting,
we set the shape parameters α = 3 and β = 5,
reflecting the observed average plan length of 8
steps. We further set τ = 0.5 in θstep, requiring
at least half of the public tests to be passed. For
iteration settings, we use rvalid = 1 during plan
validation, as this stage requires strong instruction-
following and higher repetitions were found to be
error-prone in practice. We also set rglobal = 3 and
rdebug = 3. The maximum plan-tree depth is set to
Dmax = 5, with an embedding similarity threshold
of θsim = 0.7. Except for the plan-generation stage,
where we use temperature 0.8 and top-p 0.95 to en-
courage diverse plan exploration—all subsequent
stages adopt greedy decoding (temperature 0) to
ensure deterministic and accurate outputs.

B.2 Prompt Engineering Technologies

We uses the classical three-shot templates from
each benchmark with the standard “Let’s think step
by step.” reasoning instruction for CoT, and Direct
prompting follows the official LiveCodeBench tem-
plate for competitive programming tasks, whereas
simpler problems are issued with their original
prompts.

B.3 Agent-based Generation Approaches

To ensure a fair comparison across different agent-
style methods, we unify the total number of itera-
tive interactions to 9 rounds. Specifically, the de-
bugging iterations are set to t = 3 with k = 3 for
overall rounds in MAPCODER. PAIRCODER uses 3
clustered plans and c = 3 repair attempts for Driver.
As for LPW, we follow its two-stage design: the
solution-generation stage performs 9 verification
iterations, and the code-implementation stage exe-
cutes 9 correction iterations.

B.4 Repair-based Approaches

In SELF-REPAIR, we sample three solutions for
each problem, execute them on the public tests,
and repair those that failed. Specifically, each
failed program is explained once, and three repair
attempts are generated. For LDB, we set the repair
iteration budget for incorrect solutions to 9.



Figure 5: Confidence across windows with template tokens.

Figure 6: Confidence across windows without template tokens.

B.5 Tree-based Exploration Approaches

For TOT, we follow the original paper’s passage-
generation scheme: the model first produces five
zero-shot CoT solution plans, from which we
choose the highest-scoring plan to generate five
candidate solution codes, and then select the code
with the highest score. For CODETREE, we adopt
the exploration strategy guided by the best-reported
critic agent, as described in the original work, and
set the generation budget to 9.

B.6 Confidence-based Approaches

Since the original HONESTCODER implemen-
tation does not include experiments on closed-
source LLMs such as GPT-series models, we
re-implement the method following its code
repository. As final hidden-states are inacces-

sible for closed-source LLMs, we approximate
semantic similarity by encoding the codes us-
ing the text-embedding-3-large model, which
may introduces deviations. Following the best
weights reported for GPT-4o in the repository,
we set the four modality coefficients (α, β, γ, δ)
to (0.85, 0.1, 0, 0.05) with the sampling count to
N = 9, and evaluate the pass@1 over the top-5
highest-scoring generated programs. For SELF-
ASK methods, we sample 9 candidate solutions
for each query and ask the model to assign a con-
fidence score from 1 to 5, where higher scores
indicate greater likelihood of passing all tests. For
each problem, we rank all generated programs by
their scores and select the top five candidates for fi-
nal evaluation; We uniformly sample five programs
when more than five share the highest score.



C Confidence Analysis

In this section, we analyze the relevance between
model-assigned confidence score and true task dif-
ficulty on LCB. We use LCB because it provides
official verified difficulty labels—easy, medium,
and hard—which align exactly with our own cate-
gorization scheme. Moreover, its difficulty distribu-
tion is relatively balanced (142 easy, 168 medium,
90 hard tasks), making it suitable for difficulty-
sensitive analysis. For all subsequent experiments
involving difficulty comparisons, we sample 90
problems from each difficulty level using a fixed
random seed 42. We further distinguish template-
token confidence from inference-token confidence
and examine how reasoning behavior differs con-
sidering template tokens.

C.1 Confidence and Difficulty Correlation
We analyze the relationship between a model’s av-
erage inference confidence and the ground-truth dif-
ficulty labels in LiveCodeBench for GPT-4o-mini
and GPT-4.1-nano. The two models exhibit no-
tably different trends. GPT-4o-mini demonstrates
a clear tendency where the central confidence val-
ues decrease as the difficulty increases. Statistical
analysis confirms a moderate negative correlation
between confidence and difficulty with Pearson
Coefficient r = −0.476, p = 0.0000 and Spear-
man Coefficient ρ = −0.471, p = 0.0000, in-
dicating that the model becomes less confident
when facing harder problems. In contrast, GPT-
4.1-nano shows no obvious visual trend, and the
measured correlations are weak with Pearson Co-
efficient r = −0.077, p = 0.2044 and Spearman
Coefficient ρ = −0.172, p = 0.0045. This sug-
gests that its confidence is less sensitive to problem
difficulty. The differences observed across models
also suggest that their underlying knowledge and
reasoning capabilities lead them to perceive task
difficulty in notably different ways.

C.2 Impact of Template Token Removal
The average token confidence per window using
GPT-4o-mini on CodeContest task 1575-A is illus-
trated in Fig 5 and Fig 6, before and after excluding
template tokens. When all tokens are considered,
high-confidence regions are dominated by fixed
content, such as the required analysis angles speci-
fied in the prompt. These template tokens exhibit
high confidence because the model consistently
follows the prompt’s instructions, often produc-
ing bullet-point style outputs with minimal actual

Figure 7: Overall Inference Confidence Distribution
with template tokens.

Figure 8: Overall Inference Confidence Distribution
without template tokens.

Figure 9: Inference Confidence Distribution by Diffi-
culty.

reasoning. After removing template tokens, high-
confidence windows correspond to more meaning-
ful analysis, highlighting genuine understanding
of the problem—for instance, recognizing that the
task requires minimal mathematical inference. This
suggests that focusing on inference tokens provides
a more faithful reflection of the true problem diffi-
culty.

C.3 Confidence Distribution
We analyze the confidence distribution using GPT-
4o-mini. Fig 7 and Fig 8 shows the overall con-
fidence histogram with and without template to-
kens respectively, where the blue and red dashed
lines denote the two cluster centers obtained via
K-means. The distribution reveals that most tokens
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Figure 10: Impact of Hyperparameters on GPT-4.1-nano Performance.
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Figure 11: Impact of Hyperparameters on GPT-4o-mini Performance.

fall into the low or medium-confidence region, sug-
gesting that the model is often uncertain during
generation.

Compared with Fig 7, the proportion of high-

confidence tokens drops substantially. This fur-
ther confirms that the model, after instruction fine-
tuning process, tends to produce aesthetically struc-
tured outputs and becomes overly certain about



fixed template tokens—often without any genuine
reasoning involved. Eliminating these tokens is
therefore justified, as it prevents such superficial
certainty from distorting the analysis. Fig 9 further
breaks down confidence distributions by ground-
truth difficulty levels. For easy problems, low-
confidence tokens appear less frequently, whereas
hard problems exhibit a noticeably larger portion
of low-confidence tokens. This pattern suggests
that model confidence systematically decreases as
task difficulty increases.

D Hyperparameter Sensitivity Analysis
In this section, we investigate the impact of other
hyperparameters in MavenCoder on overall perfor-
mance. Specifically, we conduct extensive experi-
ments, analyzing the following parameters: (1) the
top k value of log-probabilities used for confidence
estimation, (2) the Beta distribution parameters α
and β for modeling outcome contribution, (3) the
similarity threshold θsim in plan tree construction,
and (4) the maximum depth Dmax of the plan tree.

It is worth noting that the configurations used in
our main experiments are selected based on empiri-
cal experience or prior work, and may not always
be fully optimized. Nevertheless, experimental re-
sults still show that MavenCoder achieves strong
performance, further demonstrating the robustness
and effectiveness of our proposed method.

Fig. 11 and Fig. 10 respectively present the
pass@1 performance of GPT-4o-mini and GPT-4.1-
nano under various hyperparameter settings on Hu-
manEval, HumanEval+, and CodeContests. We ob-
serve that, larger values of k (e.g., k = 8) generally
yield better performance, as incorporating more
top-ranked token probabilities produces a more sta-
ble and robust confidence estimate. The parameters
α and β control the skewness of the Beta distri-
bution; smaller α and larger β (e.g., α ∈ {2, 3},
β=5) perform better, supporting our intuition that
early-stage reasoning steps are more critical than
I/O-related steps. Meanwhile, θsim and Dmax gov-
ern the branching factor and depth of the plan tree.
Increasing them within a reasonable range consis-
tently improves performance, indicating that deeper
and more diverse decomposition helps address com-
plex tasks, although gains eventually plateau due
to the trade-off between exploration and efficiency.

E Detailed Analysis
In this section, we conduct a detailed analysis
of multiple methods on competitive programming

CodeContest WA TLE RE Total

Qwen3-Coder+ 83 (93.4%) 4 (4.5%) 2 (2.2%) 89
GPT-4o-mini 114 (92.7%) 3 (2.4%) 6 (4.9%) 123
GPT-4.1-nano 101 (91.0%) 6 (5.4%) 4 (3.6%) 111

LiveCodeBench WA TLE RE Total

Qwen3-Coder+ 27 (48.2%) 25 (44.6%) 4 (7.1%) 56
GPT-4o-mini 111 (64.2%) 61 (35.3%) 1 (0.6%) 173
GPT-4.1-nano 81 (67.5%) 35 (29.2%) 4 (3.3%) 120

Table 7: Error Types and Proportions.

problems. We examine their pass/fail outcomes,
including error types on failed problems, as well as
algorithm categories and difficulty labels for suc-
cessfully solved cases. This analysis provides a
fine-grained view of model behavior on contest-
style tasks and highlights how different problem
characteristics and failure patterns correlate with
performance.

E.1 Failed Types
To better understand the failure behaviors of dif-
ferent models, we analyze the distribution of three
error types: Wrong Answer (WA), Time Limit Ex-
ceeded (TLE), and Runtime Error (RE). As shown
in Table 7, CodeContest is dominated by WA across
all models, with more than 90% of the failures
arising from incorrect or incomplete logic. This
reflects that competitive-programming problems
typically require multi-step reasoning and remain a
key challenge for code generation.

In contrast, failed types on LiveCodeBench in-
troduces additional TLE failures beyond WA, in-
dicating that while the model is able to produce
functionally correct solutions, it often fails to meet
stricter time constraints, suggesting that more effi-
cient algorithmic strategies remain unexplored.

Runtime errors remain relatively rare across all
settings, suggesting that modern models can reli-
ably adhere to input–output specifications and gen-
erally produce syntactically valid, executable code.
Overall, future efforts should focus on achieving
functional correctness while simultaneously ensur-
ing high efficiency to generate high quality codes.

E.2 Performance on varying Difficulties
Fig 12 to Fig 14 present the distributions across dif-
ficulty levels. For each model, the left panel shows
the performance achieved by different methods on
LiveCodeBench, while the right panel displays the
result of MavenCoder on CodeContest problems
with varying Codeforces (CF) ratings.

Across all models, MavenCoder consistently



Figure 12: Pass@1 Accuracy Distribution by Difficulty for GPT-4.1-nano.

Figure 13: Pass@1 Accuracy Distribution by Difficulty for GPT-4o-mini.

Figure 14: Pass@1 Accuracy Distribution by Difficulty for Qwen3-Coder+.

achieves higher results than other approaches,
demonstrating that adaptive reasoning enhances
solution quality and assists models better match
the problem’s structure. The right-hand plots fur-
ther reveal that most successfully solved tasks fall
below the 2000–2300 CF rating range. Accord-

ing to Codeforces official rating tiers6, this corre-
sponds to: Purple (Candidate Master, 1900≤ rat-
ing<2100) or Orange (Master, 2100 ≤ rat-
ing<2300). These levels represent contestants ca-
pable of achieving strong results in provincial even
national programming competitions, indicating that

6https://codeforces.com/ratings

https://codeforces.com/ratings


MavenCoder enables the model to reach problem-
solving abilities comparable to highly skilled hu-
man programmers. Though it has been reported
that OpenAI’s o3 model has already won a gold
medal in the 2024 IOI (El-Kishky et al., 2025), we
believe that MavenCoder, with advanced backbone
LLMs like o3, can achieve even higher results in
such international contests.

Algorithm 1: PLAN TREE CONSTRUC-
TION

Input: Problem context c, large language
model LLM

Output: Plan Tree T
1 Psub ← SubProblems(LLM(c));
2 for Pi ∈ Psub do
3 ei ← Embedding(Pi);
4 D ← (Pi, ei, si);

5 Initialize queue Q← Psub;
// — Decomposition —

6 while Q not empty do
7 Pcur ← Q.pop();
8 if depth(Pcur) ≥ Dmax then
9 continue;

10 Psub ← SubProblems(LLM(Pcur));
11 if Psub = ∅ then
12 Solve(Pcur)
13 continue;

// Check for new sub-problems
14 for Pj ∈ Psub do
15 ej ← Embedding(Pj);
16 simmax ← maxei∈D

ej ·ei
∥ej∥∥ei∥ ;

17 if simmax < θsim then
18 D ← (Pj , ej , sj);;
19 Q.push(p);

20 return linearized(T );

E.3 Performance on Different Algorithm Tags
Fig 16 summarizes the performance of three mod-
els across algorithmic categories on CodeContest.
All models perform well on basic categories such
as strings, two-pointers, where reasoning demands
are relatively low. However, success rates drop no-
tably for categories requiring more complex struc-
tures or mathematical reasoning—such as dynamic
programming, combinatorics, and graph match-
ings—highlighting persistent challenges in ad-
vanced algorithmic reasoning. Moreover, Qwen3-
Coder+, empowered by extensive code corpora,

Table 8: Pass@1 comparison on LCB-Hard and Hu-
manEval+ with different plan strategy.

Method LCB-Hard HumanEval+

Direct (Greedy) 11.1 82.9
CoT 4.4 75.6
LPW 11.1 72.0
Self-Planning 4.4 81.1

Plan Tree 18.9 70.1

handles more algorithmic categories and achieves
higher success rates, highlighting the importance
of broader code-related knowledge.

F Analysis of Plan Trees
F.1 Construction Procedure
Detailed construction of Plan Tree is provided in
Algorithm 1.

F.2 Effectiveness of Plan Tree
We compare GPT-4.1-nano across different plan-
ning strategies on LCB-Hard problems and HE+.
As shown in Table 8, Plan Tree achieves the highest
performance on LCB-Hard, indicating its strength
in decomposing complex problems that require
deeper reasoning. However, the performance
sharply drops on HE+, indicating that excessive
planning may introduce unnecessary overhead
on simpler tasks.

G Plan Quality Comparison
Figure 15 presents an illustrative comparison of
plan quality between MavenCoder and prior meth-
ods. On the HumanEval/40 task, Qwen3-Coder+
with LPW or Self-Planning adopts a brute-force
strategy with triple nested loops, leading to high
computational overhead and relatively simplistic
plans. In contrast, MavenCoder produces a more
efficient plan based on a two-pointer optimization,
demonstrating deeper problem understanding and
more detailed reasoning.

H Generalization to Advanced Models
To evaluate the generalization ability of our frame-
work, we further conduct experiments using a re-
cent model, GLM-4.7 (Glm et al., 2024), as the
backbone. Since GLM-4.7 is a reasoning-oriented
model without direct access to internal states, we
instead employ prompt-based difficulty classifica-
tion and score estimation for the confidence-related
components.



Figure 15: Comparison of Solution Plans using Qwen3-Coder+ on HumanEval/40. Three methods generate plans
for the same tasks, while MavenCoder produces more detailed plans and employing more effective optimization
strategies than the alternatives.

Method HE HE+ MBPP MBPP+ LCB CC

Direct (Random) 82.6 78.1 90.7 78.8 69.3 16.7
CoT 79.9 73.8 91.8 77.5 61.0 13.9
CodeTree 97.0 89.0 98.4 82.5 75.5 33.9

MavenCoder 98.2 92.1 99.5 82.5 85.8 49.1

Table 9: Performance comparison of different methods
using GLM-4.7 as the backbone across multiple bench-
marks.

From table 9, GLM-4.7 consistently achieves
the best performance across all benchmarks when
integrated with MavenCoder. This demonstrates
that MavenCoder is largely model-agnostic and can
effectively adapt to different newer backbone ar-
chitectures. The performance gains further show
that even for black-box LLMs, adaptive planning
can be effectively achieved through direct classifi-

cation and score-based evaluation, demonstrating
the strong generalizability of our framework.

I Prompts
This section provides all prompts used in our ex-
periments across different agents for MavenCoder.



Figure 16: Distribution by Algorithm Tags on CodeContest.

You are an expert in evaluating problem difficulty for competitive programming problems.

Evaluation Dimensions
Evaluate the difficulty based on the following aspects:

1. Understanding complexity - How hard is it to correctly interpret the problem?
2. Reasoning depth - How many logical steps are required to solve it?
3. Algorithmic sophistication - What is the expected algorithmic or conceptual difficulty?
4. Mathematical difficulty - How much mathematical reasoning, formulas, or abstract modeling is required.
5. implementation_difficulty - How hard it is to implement, test, and debug the solution.

Problem:
{problem}

Figure 17: Model-Adaptive Difficulty Assessment Prompt

Given a programming problem, analyze the problem through these steps to provide a comprehensive 
analysis.
        
1. Problem Comprehension
    · Understand the intend of this problem
    · Identify core requirements.
            
2. Example Explanation:
For each provided example, explain how each sample input will yield the sample output through logical 
step-by-step inference.

3. Edge Case Synthesis:
    · Consider data constraints and inform how to properly handle edge cases
    
[Problem]:
{problem}

Now, provide your comprehensive problem analysis

Figure 18: Self-Reflection Prompt



You are given a programmming problem:
Problem:
{problem}

Please briefly give a concrete explanation for the problem, and provide logical steps without codes to 
solve the problem. Avoid overthinking. Sequence operations logically to solve the problem, start with 
Solution Steps.

You are given a programmming problem:
Problem:
{problem}

Your reflection for this problem:
{reflection}

Provide a solution approach with natural language without codes.

You should:
1. Understand the intend of problem and analyze key requirements from problem statement
2. Explain how public sample inputs yield the expected outputs.
3. Think of proper algorithm tags, map each requirement to relevant algorithm tags and identify 
necessary operations implied by the tags
4. Sequence operations logically to solve the problem.

Easy

Medium

Figure 19: Generate Solution Plan Prompt

You previously generated a plan consisting of multiple steps and then produced modular code based 
on that plan. After Executing the code with sample input, and below are the partial actual console 
outputs produced by each step.

Your task:
1. Identify and compare each step's output against the expected logic described in the original plan.
2. Determine whether each step is correct.
3. Use 0 for incorrect and 1 for correct.
The result of the code execution may only contain the output of some steps (not all). You need to 
evaluate each step of the solution plan. 

Return the evaluation strictly in the following YAML format (No extra text outside):

```yaml
  - step k: 
    name: |
      Description of the k step
    score: 1
    reason: |
      Brief explanation why step k is correct or incorrect
```

Attention: Ensure that the k of the last step is equal to the total number of solution steps.

Figure 20: Fact Evaluation Prompt



You are an expert Python programmer. Your shoul generate Python code to solve the given 
problem based on the given solution steps. Follow these strict requirements:

1. Modular design: Each step in the solution plan must be implemented as a separate function.  
2. Step execution: After defining all step functions, you must use the function provided in the 
question that calls each step function in order, following the logic of the provided solution steps.
3. Input/output visibility: Every function must print its input and output values clearly for 
debugging purposes.  
4. Self-contained code: The final code should be executable without any external dependencies 
beyond standard Python libraries.  

Task: Write Python code that implements these steps exactly as described. Ensure the code is 
modular, prints inputs and outputs for each step, and calls the functions sequentially at the end.

<one-shot Example>

Figure 21: Modular Code Generation Prompt

Given a programming problem, you have generated a solution approach for the problem. However, 
you reviewd this approach and found some mistakes. Please generated a new correct natural-
language approach without codes.
        
You should avoid to repeat the same logic errors in the original approach.

[Problem]:
{problem}

[Original Approach]:
{solution plan}

[Your Review Explanation]:
{review}

Figure 22: Rebuild Solution Plan Prompt

Question:
{problem}

Approach:
{solution plan}

Format: 
Read the inputs from stdin solve the problem and write the answer to stdout (do not directly test on the 
sample inputs). Enclose your code within delimiters as follows. Ensure that when the python program 
runs, it reads the inputs, runs the algorithm and writes output to STDOUT.
```python
# YOUR CODE HERE
```

### Answer: (use the provided format with backticks)

Figure 23: Code Implementation Prompt



Task: You are given a programming problem and a possible implement approach. Please analyze 
programming errors and provide natural-language repair guidance for the last buggy code.

[Problem]:
{problem}

[Approach]:
{approach}

[Submission History]:
{execution_results}

First, ensure the code correctly accepts input and produces the proper output format, for instance, if 
the function call is missing, the actual output of given code will be empty, and you should suggest to 
call it explicitly.

Second, you should clearly identify the root cause of failure in the implementations, specify exact 
location(s) of critical flaws and explain why these cause failure with concrete evidence from: 
problem constraints, historical commit context and failure scenarios. 
Then, provide sequential repair instructions that specify content to fix and ensure functional 
correctness.

Figure 24: Generate Fix Instruct Prompt

You are an AI planning and reasoning assistant. You will receive a hierarchical plan tree designed to decompose a 
programming problem. The tree is formatted as follows:

Structure Definition
· The root starts with:
To solve this problem, we can further break it down into more sub-problems:
·  Each sub-problem node is prefixed with:
- sub-problem X:
where X uses a hierarchical index (e.g. 1, 1-2, 2-3-1…), indicating its dependency relations.
·  Each sub-problem node may include:
A Current Problem description (the task for this node to solve)
A Solution section (the proposed approach for current sub-problem)
Or further decomposed child sub-problems

Semantics of the Plan Tree

·  Higher-level sub-problems represent broader tasks.
·  Deeper indexed nodes are supporting sub-problems, which must be solved first because they enable the parent.
·  The goal is to integrate all the sub-solutions from leaf nodes upward, forming a complete and logically coherent 
solution to the root problem.

Your Task
1. Read and understand the entire plan tree.
2. Ignore the hierarchical numbering in the final write-up (it is only for dependency guidance).
3. Merge all leaf-node Solution sections properly into a single, holistic final solution plan.
4. Ensure the final solution: Preserves the logical order implied by the hierarchy, Removes redundancy and repeated 
questions, Enhances clarity, structure, and reasoning consistency, Writes in clean and professional technical language

Figure 25: Tree-Structured Reasoning Prompt



You are given a problem:
{problem}

A Buggy Implementation for the problem:
{error_code}

The Approach that buggy codes implements:
{solution plan}

Concrete Fix Instructions:
{explanation}

Your Task is to generate a corrected, runnable program that EXACTLY implements the provided fix 
instructions, ensure the solution addresses all issues mentioned in the fix instructions and pass all 
hidden test cases (Your code should not directly test on the sample inputs). Output ONLY the 
corrected Python code without any explanations, comments, or additional text.

Figure 26: Bug Fix Prompt

You are a programming helper. Your task is to write a Solution Plan for the problem by divide and conquer 
in multiple turns.

Rules:
Given a programming problem to solve, and current problem, you need to focus on solving the current 
problem in each turn and attempt to decompose it into sub-problems if it is complex.
For Each turn: 
    · If the current problem is simple, directly solve it in the current turn.
    · If the current problem is complex, divide it into multiple sub-problems.
    Do not include any codes or implementation details in your response.

For Each Turn, Your response must contain:
1.  Current Problem: what is the current problem to solve.
2. · If the current problem is complex to solve, list divided sub-problems.
    · If the current problem is simple and direct, provide a concrete solution to solve it. 
If a problem:
    · No further reasoning required — the problem can be solved directly without multi-step logic or 
intermediate derivations.
    · Operates on local or concrete data — it deals with specific values, strings, or conditions rather than 
abstract concepts.
    · Independently solvable — it can be completed without relying on other sub-tasks or broader context.
Then, it is considered a simple problem. 

<one-shot Example>

Figure 27: Problem Decomposition Prompt



You are a programming helper. Your task is to write a Solution Plan for the given problem.

Rules:
· You are solving the current problem, not the full task.
· Use provided sub-problems and their solutions as references if available.
· Do NOT output code. Only reasoning and planning steps.
· If all sub-problems are already solved, integrate their reasoning to form a coherent overall solution.

Problem to Solve:
{problem}

Current Problem:
{node.cur_problem}

{reference_text}
Now, using the information above, provide the final reasoning and integrated solution.

Figure 28: Resolve Leaves Prompt

Overall Difficulty Assessment:
Considering all the dimensions, the overall difficulty can be 
summarized as follows:
·  Understanding complexity: Medium
·  Reasoning depth: High
·  Algorithmic sophistication: High
·  Mathematical difficulty: Low to Medium
· Implementation difficulty: Medium to High
Final Difficulty Rating:
High. The problem requires a solid understanding of the conditions 
for a portal, significant reasoning to evaluate multiple 
configurations, and a sophisticated algorithmic approach to find the 
minimum operations.

GPT-4o-mini

GPT-4.1-nano

...
Overall Difficulty Rating:
Moderate to High

This problem is not trivial; it requires a good understanding of 2D 
prefix sums, efficient enumeration of sub-rectangles, and careful 
implementation to meet performance constraints. It is suitable for 
experienced competitive programmers familiar with 2D range 
queries and optimization techniques.
...
Final note: This problem is challenging but manageable with a solid 
understanding of 2D prefix sums and optimization techniques. It is 
well-suited for advanced competitive programming practice.

Qwen3-Coder+

...
Overall Assessment
Difficulty: Medium (1500-1800 rating)

This problem tests pattern recognition, brute force optimization, 
and careful implementation. The main challenge lies in correctly 
understanding and implementing the complex portal pattern, along 
with efficient computation to handle the input constraints. While 
the algorithmic concept is straightforward, the implementation 
details and pattern matching make it moderately challenging.

Final Score: 6.2/10

def solve():
    t = int(input())
    
    for _ in range(t):
        n, m = map(int, input().split())
        grid = []
        for i in range(n):
            grid.append(input().strip())
        ...
        print(min_cost)
solve()

def solve(t, tests):
    results = []

    for case in tests:
        n, m, grid = case
        min_operations = float('inf')
        ...
        results.append(min_operations)
    return results

...

results = solve(t, tests)

for result in results:
    print(result)

def solve(n, m, grid):
    ...
    min_ops = float('inf')
    ...
    return min_ops

def main():
    ...
    for _ in range(t):
        n = int(data[index])
        m = int(data[index + 1])
        ...
    print("\n".join(map(str, results)))

if __name__ == "__main__":
    main()

Figure 29: Difficulty assessments on Code Contests 1579 C (Ticks).The models categorize the task as hard,
medium–hard, and medium, respectively, leading to divergent code outcomes. This illustrates that models rely on
their internal knowledge to judge task difficulty, underscoring the necessity of model-adaptive planning.
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