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ABSTRACT

Large Language Models (LLMs) excel at code generation but remain heavily re-
liant on large-scale annotated solutions and verification-based supervision, which
constrains scalability and hinders sustained self-improvement. Recent solver-
verifier frameworks exploit program execution as an automatic supervision signal,
but their effectiveness degrades as solvers become moderately strong: verifier-
generated tests increasingly confirm semantic correctness rather than exposing
the remaining failure modes. We propose ACE, a self-evolving code generation
framework based on a solver–adversary architecture that prioritizes active failure
discovery through execution-centric supervision. A single LLM alternates be-
tween generating candidate programs and producing adversarial unit test inputs
optimized to induce execution-level failures, such as runtime errors, exceptions,
or non-termination. Supervision is derived solely from execution outcomes: ro-
bust programs are selected for supervised fine-tuning, while adversarial tests are
optimized via Kahneman–Tversky Optimization using execution-derived prefer-
ences. Notably, the entire training loop requires no ground-truth code, or exter-
nal reward models. Experiments on CodeContests, MBPP, and LiveCodeBench
demonstrate that ACE consistently outperforms strong solver-verifier baselines,
achieving 3–7% absolute gains in pass@1, with larger improvements on out-of-
distribution benchmarks, while maintaining competitive or improved inference
efficiency.

1 INTRODUCTION

LLMs have demonstrated remarkable progress in fields such as mathematical reasoning and code
generation, but their performance remains heavily dependent on large-scale, ground-truth training
data (Jiang et al., 2024; Huynh & Lin, 2025). This heavy dependence incurs high annotation costs
and caps achievable performance, spurring increased interest in self-evolving paradigms where mod-
els iteratively improve using their own generated data. Recent advances in self-evolution and self-
refinement suggest that, under appropriate supervision signals, LLMs can iteratively enhance their
capabilities without continuous human intervention (Madaan et al., 2023; Tao et al., 2024; Xiong
et al., 2025).

Code generation provides a particularly suitable setting for self-evolving LLMs, as program execu-
tion naturally induces an automatic and verifiable supervision signal with clear success or failure
outcomes. Building on this property, recent work has explored solver-verifier paradigms for contin-
ual improvement in code generation (Liu et al., 2024; Jin et al., 2025; Wang et al., 2025). In this
framework, a solver generates candidate programs, while a verifier constructs executable unit tests
with expected outputs to assess semantic correctness, and both components are iteratively optimized.

However, verifier-based supervision is inherently limited to input spaces where expected outputs
can be reliably computed. As the solver attains moderate proficiency, most generated programs
pass semantic checks on these verifiable cases, causing verifier-generated tests to quickly saturate
and forfeit their discriminative power (see Figure 1(b)). As a result, the training signal becomes
increasingly biased toward already-solved instances, leaving subtler failure modes—such as corner
cases, boundary violations, and runtime fragility—largely unaddressed. This saturation stems from
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Figure 1: Comparison between verifiable and adversarial unit tests. (a) An illustrative example
where a verifiable unit test passes successfully but fails to reveal a latent bug in the flawed solution.
The adversarial unit test, by contrast, induces a runtime error and directly exposes the incorrect
assumption that every cycle has an incoming tree node. (b) Accuracy trends over training rounds
under both solver-verifier and solver–adversary structures.

a fundamental constraint of semantic verification itself, rather than insufficient verifier capability, as
illustrated in Figure 1(a).

To address this limitation, we propose ACE, a self-evolving code generation framework based on
a solver–adversary architecture. Unlike verifiers that assess semantic correctness by computing
expected outputs, the adversary is explicitly optimized to generate adversarial unit test inputs that
probe execution behavior, using execution-level failure signals (e.g., runtime errors, exceptions, or
non-termination) to expose robustness failures in solver-generated code. Inspired by fuzzing and
adversarial testing in software engineering (Godefroid et al., 2008; Yaghoubi & Fainekos, 2019),
this execution-centric supervision signal is complementary to verifier-based feedback and remains
informative beyond the verifier’s effective coverage.

The framework uses a single LLM that alternates between generating candidate programs as solver
and producing challenging test inputs as adversary in a multi-round loop. In each round, adversarial
tests are executed on multiple solver outputs. Based on execution outcomes, we distinguish strong
adversarial tests that induce failures from weak ones, and select robust programs that pass adversar-
ial scrutiny for training. We jointly optimize the same LLM using these execution-derived signals:
the solver via supervised fine-tuning (SFT) (Wei et al., 2021) on filtered high-quality solutions, and
the adversary via Kahneman-Tversky Optimization (KTO) (Ethayarajh et al., 2024) over test prefer-
ences. This iterative execution-driven process achieves continual self-improvement without external
human supervision, ground-truth code, or additional reward models. Evaluations on three coding
benchmarks show that ACE outperforms strong baselines in both code generation performance and
robustness, with adversarial tests consistently revealing harder failure modes and enabling sustained
gains over existing approaches.

In this work, we make the following key contributions:

• We propose ACE, a self-evolving code generation framework based on a solver-adversary
architecture. The model alternates between generating programs as solver and producing
adversarial unit test inputs as adversary. This introduces an additional supervision channel
that emphasizes active failure exposure and robustness.

• We show that execution outcomes alone suffice to construct preference signals for both
solver and adversary. Adversarial test executions filter robust programs for SFT on the
solver and induce desirable-undesirable preference pairs for KTO on the adversary. The
entire loop requires no ground-truth code, or external reward models.

• Extensive experiments on CodeContests, MBPP, and LiveCodeBench demonstrate that
ACE consistently outperforms comparable solver-verifier baselines, with 3-7% absolute
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gains in pass@1 and corresponding improvements in pass@5 and pass@10. Gains are
largest on out-of-distribution benchmarks, indicating stronger robustness and generaliza-
tion. Inference efficiency measured by average tokens per solution remains competitive or
superior.

2 RELATED WORK

Recursive Self-Improvement in LLMs. Manually annotating large-scale training data is costly,
motivating research on improving LLMs through their own generated data. Early works such as
STaR (Zelikman et al., 2022), Self-Refine (Madaan et al., 2023), and Self-Play Fine-Tuning (Chen
et al., 2024) propose iterative frameworks in which models bootstrap their performance by gener-
ating intermediate outputs, feedback, or synthetic training data. More recent studies extend this
paradigm to coding LLMs, where execution feedback or program verification provides a natural su-
pervision signal. Methods such as ReVeal (Jin et al., 2025) and CURE (Wang et al., 2025) explore
how code generation and validation can be jointly leveraged to form self-improving training loops.

Fuzzing and Adversarial Test Generation. Fuzzing and adversarial test generation have long
been studied in software engineering as effective techniques for uncovering hidden bugs and corner
cases. Prior work including TitanFuzz (Deng et al., 2023) and UAgent (Fu & Zhang, 2025) improves
code robustness by generating crash-inducing or bug-revealing inputs, while other approaches, such
as ATGen (Li et al., 2025), explicitly formulate adversarial test generation as a learning objective
and treat test generation as an end goal. Despite their success, most adversarial testing methods are
primarily studied as standalone robustness tools or test-generation objectives, rather than as com-
ponents of an end-to-end self-evolving training loop for coding LLMs. In contrast, many existing
self-improvement frameworks rely on validation-oriented testing signals that emphasize correctness
confirmation, as exemplified by SelfCodeAlign (Wei et al., 2024) and DSTC (Liu et al., 2024).
Our work bridges these directions by embedding adversarial test generation into a multi-round self-
evolving framework, where test utility is defined through execution-level discriminative power and
directly coupled with model updates.

Preference Optimization for Reinforcement Learning. Preference optimization has emerged as
a compelling alternative to traditional reinforcement learning approaches that rely on explicit reward
modeling. While early Reinforcement Learning from Human Feedback (RLHF) methods typically
adopt policy gradient algorithms such as PPO (Schulman et al., 2017), recent approaches including
DPO (Rafailov et al., 2023) and KTO (Ethayarajh et al., 2024) reformulate policy optimization as
supervised learning over preference signals. Compared to DPO, which recent frameworks such as
DSTC (Liu et al., 2024), SOL-VER (Lin et al., 2025) utilized, KTO is able to relax the require-
ment of paired positive–negative samples and supports asymmetric and unbalanced preference data,
making it particularly suitable for scenarios where desirable and undesirable outcomes are unevenly
distributed. Accordingly, our framework combines KTO with SFT to better accommodate unbal-
anced preference signals and improve training robustness and efficiency.

3 METHOD

This section introduces the proposed solver–adversary self-evolving framework, as illustrated in
Figure 2. We first describe the adversarial unit test generation process, followed by the construction
of SFT data and the SFT procedure. Finally, we show how execution feedback is converted into
preference signals to optimize and strengthen the adversary.

Adversarial Unit Test Generation. ACE reframes unit test generation as an explicitly adversarial
process driven solely by execution behavior, rather than correctness verification against ground-truth
outputs. Given a programming problem, the adversary generates unit test inputs without specifying
expected outputs. Each test is executed against a set of solver-generated candidate programs, and
only execution outcomes—successful termination or runtime errors—are recorded in an execution
boolean table E. Unlike verifier-style tests that aim to confirm correctness, the adversary is opti-
mized to actively induce execution failures across candidate solutions, thereby exposing latent bugs,
unhandled corner cases, and violated assumptions. Figure 3 provides an intuitive visualization of
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Figure 2: Overview of ACE Method. A single LLM alternates between the Solver role, generating
candidate codes, and the Adversary role, generating adversarial unit test inputs. Execution outcomes
on both ground-truth and adversarial tests are used to construct an execution boolean table, which
facilitates code filtering for SFT and preference construction for adversary optimization via KTO.
This solver–adversary self-evolution process is repeated for multiple rounds, enabling recursive self-
improvement.

Figure 3: Visualization of verifiable and adversarial unit
tests in a low-dimensional representation space. Verifi-
able tests (blue) and adversarial tests (red) form two vi-
sually distinct clusters, indicating a clear distributional
separation between the two test types. This qualitative
difference suggests that adversarial tests occupy a dif-
ferent region of the representation space than verifier-
style tests, providing complementary execution signals.

this difference, illustrating the representation-level separation between verifiable and adversarial
unit tests. By relying exclusively on execution behavior, adversarial tests offer informative supervi-
sion signals for identifying solver weaknesses, without requiring expected outputs to be inferred by
model itself. All executions are conducted in a sandboxed environment with strict time and memory
constraints. Tests that violate the input specifications or exceed resource limits are discarded. In
addition, we remove tests that cause all candidate programs to fail, as such cases are observed to
reflect invalid inputs rather than providing meaningful adversarial signals. The remaining execu-
tion outcomes are used for solver data selection and adversary preference construction, as described
next. Finally, to provide additional transparency into the nature of adversarial supervision, we ob-
serve characteristics of adversarial tests, including their types and distribution, and report the results
in Appendix A.3.

Code Selection and SFT. We construct the solver’s SFT training data by selecting generated codes
based solely on execution statistics derived from code–test interactions. For each problem, the solver
produces a set of candidate codes C = {c1, . . . , ck1}, which are executed on both ground-truth tests
TGT and adversarial tests Tadv. Execution outcomes are recorded in a unified boolean table

E ∈ {0, 1}k1×(|TGT|+|Tadv|), (1)

where Ei,j = 1 indicates a successful execution under the corresponding test semantics. Specif-
ically, for ground-truth tests, success requires the program to terminate within resource limits and
produce an output that exactly matches the oracle output; for adversarial tests, success only requires
normal termination within predefined time and memory limits. Using this table, we compute the
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Algorithm 1 ACE

1: Initialize shared model parameters θ0
2: for r = 1 to R do
3: Initialize SFT buffer BSFT ← ∅
4: Initialize preference buffers Ddes,Dundes ← ∅
5: for each problem p ∈ D do
6: Solver sampling: C(p) = {ci}k1

i=1 ∼ πsolver
θr−1

(· | p)
7: Adversary sampling: T adv(p) = {tadvj }

k2
j=1 ∼ πadv

θr−1
(· | p)

8: Execute each ci ∈ C(p) on T GT ∪ T adv(p), recording correctness for ground-truth tests
and whether execution results in errors on adversarial tests.

9: Construct execution boolean matrix E ∈ {0, 1}k1×(|T GT|+k2)

10: Code score:

rGT
i =

1

|T GT|
∑

t∈T GT

I[E(ci, t) = 1], radvi =
1

k2

k2∑
j=1

I[E(ci, t
adv
j ) = 1],

si = αrGT
i + (1− α)radvi

11: Solver data selection:

CSFT(p) = Topρ
(
{ci ∈ C(p) | si ≥ τ}

)
,BSFT ← BSFT ∪ {(p, c) | c ∈ CSFT(p)}

12: Extract adversarial execution boolean matrix Eadv ∈ {0, 1}k1×k2

13: Preference data construction:

ej =

k1∑
i=1

I[Eadv
i,j = 0], sj = k1 − ej , yj = I

[
ej ≥ 1 ∧ sj ≥ 1

]
Ddes ← Ddes ∪ {(p, tadvj ) | yj = 1}, Dundes ← Dundes ∪ {(p, tadvj ) | yj = 0}

14: end for
15: Solver update (SFT): θr ← SFT(θr−1,BSFT)
16: Adversary update (KTO): θr ← KTO(θr,Ddes,Dundes)
17: end for
18: Output: final model parameters θR

=0

ground-truth pass rate rGT
i and adversarial execution success rate radvi for each candidate code. We

first apply hard filtering by requiring

rGT
i ≥ τGT, radvi ≥ τadv, (2)

and compute a combined score

si = α · rGT
i + (1− α) · radvi , (3)

and retain only the top fraction |CSFT| ≤ ρ|C|. The selected codes form the SFT dataset used for
solver fine-tuning.

Preference Construction and Adversary Optimization. For adversary training, we construct
preference data based on the same execution table. Given a set of candidate codes and the generated
adversarial tests, we count the number of successful and failing executions for each test. A test is la-
beled as desirable if it induces both successes and failures across candidate codes, under valid inputs
and within resource limits, indicating that it can effectively discriminate code quality. In contrast,
a test is labeled as undesirable if all codes succeed as such tests provide no adversarial supervision
signal. Notably, a test is discarded if all candidate codes fail, as such cases are ambiguous and may
possibly correspond to invalid inputs or violations of problem constraints rather than meaningful
adversarial signals. These preference labels are deterministic functions of execution outcomes and
require no additional annotation.
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Let πθ denote the adversary policy and πref a fixed reference policy. For a prompt p and a test input
x, we define the log-probability ratio

∆θ(x) = log πθ(x | p)− log πref(x | p). (4)

Due to the inherently unbalanced preference data by construction, we adopt KTO to asymmetri-
cally increase the likelihood of desirable tests while suppressing undesirable ones. To discourage
excessively long test inputs, we introduce a length penalty and modify the log-ratio as

∆LP
θ (x) = ∆θ(x)− λℓ(x), (5)

where ℓ(x) denotes the token length of x. The final objective is a weighted combination over desir-
able and undesirable samples:

L = wdes Ex∼Ddes
[Ldes(x)] + wundes Ex∼Dundes

[Lundes(x)]. (6)

As adversarial testing improves over training rounds, the adversary generates increasingly discrimi-
native tests, yielding sharper execution-based preference signals. These signals in turn enable more
effective solver selection and fine-tuning in subsequent iterations, as illustrated in Figure 4.

4 EXPERIMENT

4.1 EXPERIMENTAL SETUP

We implement ACE on two open-source instruction-tuned backbones, Qwen3-4B-Instruct (Yang
et al., 2025) and Qwen2.5-7B-Instruct (Yang et al., 2024). A single backbone alternates between
solver and adversary roles throughout self-evolution, without introducing additional models.

Training is conducted on the CodeContests dataset (Li et al., 2022), which contains approximately
4.5k programming problems. In each self-evolution round, the solver samples 16 candidate pro-
grams per problem, while the adversary generates 16 unit test inputs to probe solver behavior. To
encourage diverse generations, we adopt stochastic decoding with temperature set to 1.0. The solver
is optimized via SFT, and the adversary is optimized using KTO with length regularization. Both
processes update model parameters through LoRA (Hu et al., 2022) with separate adapters. Detailed
prompts and training configurations are provided in the appendix.

For analyzing self-evolution dynamics, we conduct experiments on a fixed 10% subset of the training
data, which we find sufficient to reveal stable trends. All benchmark results are obtained by training
on the full dataset and reporting performance after five self-evolution rounds.

Benchmarks. We evaluate ACE on MBPP (Austin et al., 2021), LiveCodeBench v2 (Jain et al.,
2024), and a held-out subset of CodeContests.

Baselines. We compare ACE with representative solver–verifier methods, including ReasonFlux, as
well as instruction-tuned baselines with comparable model sizes.

Metrics. We report pass@k (k ∈ {1, 5, 10}) to measure functional correctness, along with the
average number of generated tokens per solution to evaluate inference efficiency.All benchmark
evaluations use temperature=0.8 for pass@k.

All methods are evaluated under identical decoding configurations.

4.2 RESULTS

4.2.1 SELF-EVOLVING TREND

Figure 4 shows the evolution of coding accuracy over successive self-evolution rounds. For both
4B and 7B backbones, ACE improves monotonically in the first several rounds and converges after
approximately four to five iterations. This indicates that adversarial unit tests provide increasingly
informative execution feedback, enabling the solver to correct failure cases that were not exposed in
earlier rounds. After convergence, additional rounds yield marginal gains, suggesting that the solver
and adversary reach a stable interaction state.
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Table 1: Performance comparison on MBPP, CodeContests, and LiveCodeBench. We report pass@k
and average token consumption (Avg. Tok.) per benchmark.

Model MBPP CodeContests LiveCodeBench

@1 @5 @10 Avg.
Tok. @1 @5 @10 Avg.

Tok. @1 @5 @10 Avg.
Tok.

Qwen3-4B-Instruct 25.6 36.5 39.9 785.9 41.7 53.3 56.5 2808.2 32.4 46.9 50.6 2346.7
ReasonFlux-Coder-4B 33.3 46.1 50.6 2519.2 24.0 30.0 31.4 3554.7 33.2 40.8 43.4 3349.8
Qwen2.5-Coder-3B 20.4 32.1 38.2 1277.1 12.7 25.4 29.7 859.1 11.6 27.8 36.0 708.4
Qwen3-4B-ACE 35.8 49.9 52.3 688.8 46.7 55.7 60.1 3174.3 37.5 49.5 53.4 2286.6

Qwen2.5-7B-Instruct 24.1 33.5 39.8 430.8 23.2 35.6 40.2 630.9 30.4 37.2 43.7 522.8
ReasonFlux-Coder-7B 29.5 44.8 51.7 420.7 26.4 38.6 43.1 641.3 33.5 43.2 47.2 1563.4
Qwen2.5-Coder-7B 23.8 35.7 48.0 2139.2 5.0 14.5 19.7 2738.3 4.7 17.5 26.6 2743.2
Qwen2.5-7B-ACE 28.8 46.3 54.2 558.8 29.3 38.8 43.7 1002.4 38.9 45.6 49.9 1477.8

4.2.2 BENCHMARK RESULTS

Table 1 reports results on CodeContests, MBPP, and LiveCodeBench. CodeContests is treated as an
ID benchmark, while MBPP and LiveCodeBench are treated as OOD benchmarks due to differences
in problem structure and test design.

Figure 4: Accuracy over ACE training
rounds on the training set and the CodeCon-
tests benchmark. Both Qwen3-4B-ACE and
Qwen2.5-7B-ACE exhibit consistent perfor-
mance improvements as training progresses
and converge after several rounds.

In-distribution Performance. On CodeContests,
ACE achieves the best performance across all
pass@k metrics and both model scales. With the
4B backbone, pass@1 increases from 41.7 for in-
struction tuning to 46.7 with ACE, while pass@10
improves from 56.5 to 60.1. The 7B model shows
the same trend, where ACE outperforms Reason-
Flux on all pass@k metrics. These results show
that adversarial unit test supervision remains effec-
tive even when training and evaluation distributions
are aligned.

Out-of-distribution Generalization. ACE shows
larger gains on OOD benchmarks. On MBPP,
ACE improves pass@1 by 2 to 4 points over
solver-verifier baselines for both 4B and 7B mod-
els, with larger improvements at higher k. On
LiveCodeBench, ACE achieves the highest accu-
racy among all compared methods across all pass@k
metrics. This indicates that adversarial unit tests ex-
pose failure modes, leading to strong robustness un-
der distribution shift.

Efficiency and Robustness. ACE maintains com-
petitive inference efficiency while improving accu-
racy. On MBPP with the 4B model, average token
usage decreases from 785.9 to 688.8 while pass@k improves. Similar trends are observed on other
benchmarks, suggesting that adversarial self-evolution encourages more concise solutions rather
than longer exploratory generations. Overall, ACE improves accuracy, generalization, and effi-
ciency simultaneously, demonstrating that solver adversary self-evolution is more effective than
solver-verifier training.
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4.3 ABLATION STUDY

We conduct ablation experiments to examine the contribution of key components in ACE. All vari-
ants are trained with the same backbone, data, and compute budget as the full model. Quantitative
results are reported in Appendix A.4, and we summarize the main findings below.

Adversarial vs. Non-Adversarial Tests. We replace the optimized adversary with a random test
generator that produces unit tests via prompt perturbations, without any adversarial objective or
preference optimization. Although the number of generated tests remains unchanged, this variant
leads to a clear performance drop on both the training set and CodeContests (around 4% absolute in
pass@1). This suggests that the gains of ACE do not arise from increased test diversity alone, but
from purposefully optimized adversarial tests.

Effect of Preference Optimization (No KTO). We ablate preference optimization by disabling
KTO and using the adversary solely as a test generation module to construct SFT data. While this
variant still benefits from adversarially generated tests, performance degrades substantially com-
pared to the full ACE model, with an absolute drop of over 5% on CodeContests. This indicates that
preference-based optimization is crucial for improving the quality of adversarial tests beyond what
can be achieved by supervised learning alone.

Effect of Supervised Fine-Tuning (No SFT). We further remove the SFT stage and update the
solver only via KTO using adversarial execution feedback. This variant exhibits the largest per-
formance degradation, especially on CodeContests, highlighting that preference-based optimization
alone is insufficient for stable solver improvement. These results demonstrate that SFT and KTO
play complementary roles. SFT consolidates reliable behaviors, while KTO emphasizes robustness
against adversarial failure cases.

Overall, removing any core component consistently degrades performance. These ablations confirm
that ACE’s improvements stem from the interaction between adversarial test generation, execution-
based supervision, and preference-based optimization, rather than from any single component in
isolation.

5 CONCLUSION AND LIMITATION

Our experiments demonstrate that adversarial unit test generation yields a more informative exe-
cution supervision signal than verifier-style semantic correctness confirmation, particularly when
the solver has already achieved high accuracy on verifiable cases. By actively inducing execution
failures and exposing solver blind spots that remain invisible to output-based verification, ACE
encourages the model to confront challenging edge cases and structural fragilities. This shift in su-
pervision enables more effective self-improvement in coding performance, and empirically leads to
more concise and reliable code generation with competitive or reduced inference cost.

In the current implementation, we adopt SFT for solver optimization and KTO for adversary training
to prioritize training stability under sparse and noisy execution feedback. Compared to fully on-
policy reinforcement learning, this design avoids high-variance reward signals and enables scalable
self-evolution across multiple rounds with consistent performance gains.

Nevertheless, SFT+KTO should be viewed as a pragmatic starting point rather than a fundamen-
tal limitation. The ACE framework is compatible with a broad range of reinforcement learning
objectives, including policy gradient and alternative preference-based methods. Exploring richer
RL formulations may further improve exploration efficiency, adversarial diversity, and long-horizon
credit assignment, which we leave to future work.

Finally, adversarial test generation introduces potential reward hacking risks, such as learning de-
fensive try/except patterns that mask failures. Addressing these behaviors through stronger test
constraints or regularization remains an important direction for future investigation.
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A APPENDIX

A.1 TRAINING DETAIL

We adopt parameter-efficient fine-tuning for both solver and adversary optimization using LoRA.
Unless otherwise specified, all hyperparameters are fixed across experiments.

LoRA Setup. We apply LoRA to the backbone model with rank r = 64 for all fine-tuning stages.
We use separate LoRA adapters for the solver and adversary on top of a shared backbone. Adapters
are reused across self-evolution rounds within each role. This design prevents role interference
during joint training, while allowing both roles to benefit from shared low-level representations in
the backbone. No quantization is used during training. No quantization is used during training.

Solver Optimization (SFT). Solver fine-tuning is performed using SFT for two epochs per self-
evolution round, with a batch size of 4. Candidate solutions are filtered based on execution outcomes,
requiring a ground-truth test pass rate of at least 0.8 and an adversarial execution success rate of at
least 0.3. At most 12.5% of candidate solutions are selected per problem, ranked by a weighted
score combining ground-truth and adversarial execution statistics with weight α = 0.6.

Adversary Optimization (KTO). The adversary is optimized using Kahneman–Tversky Opti-
mization (KTO) for two epochs per round with a batch size of 4. We apply a length regularization
with coefficient λ = 0.001 to discourage overly long test inputs. Desirable and undesirable samples
are weighted equally during preference optimization.

Hardware. All experiments are conducted using two NVIDIA RTX PRO 6000 GPUs.
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A.2 PROMPT DESIGN

To explicitly enforce role switching between the solver and the adversary during self-evolution, we
adopt tailored prompts with clearly specified roles and objectives. Each role is associated with a
fixed prompt template, and only the problem content is instantiated at runtime. This design ensures
a clean separation between solution generation and adversarial unit test construction, while avoiding
prompt-level tuning for individual tasks.

Adversary Prompt. The adversary is instructed to generate challenging and discriminative test
inputs that expose common implementation errors. The prompt explicitly encourages reasoning
about potential failure modes before producing the final test input.

Adversary Prompt Template

<|im start|>system
You are a helpful assistant that helps users generate challenging test inputs for coding tasks.
<|im end|>

<|im start|>user
Given a coding task, your goal is to generate a challenging test INPUT that can expose bugs
and weaknesses in code implementations.
This is the problem:
{problem}

{example intro}Your test input should be ADVERSARIAL and CHALLENGING. A good
test input should:

• Be completely accurate and conform to the problem’s input format requirements
• Have strong discriminative power to distinguish correct code from buggy code
• Target common coding mistakes such as:

– Edge cases (e.g., empty input, single element, extreme values)
– Boundary conditions (e.g., off-by-one errors, array bounds)
– Special cases (e.g., zeros, negatives, duplicates, overflow)
– Corner cases (e.g., identical elements, reverse order, unsorted data)
– stress tests (Tests with large input sizes)

Before providing a test input, you must think carefully and reason step by step:
• What common mistakes might programmers make for this problem?
• What edge cases or corner cases are likely to be overlooked?
• How can the input expose these mistakes?

Finally, after completing the above reasoning steps, output the result in the following format:
Test Input:
<test input here>

Explanation: <brief explanation here>.
<|im end|>

Solver Prompt. The solver is instructed to generate a correct and executable solution based solely
on the problem description and input, without access to adversarial reasoning or test-generation
instructions.

Solver Prompt Template

<|im start|>system
You are a helpful assistant that helps users solve programming problems.
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<|im end|>

<|im start|>user
You need to think first and then write a Python script. Your program should use input()
to read from standard input and print() to write to standard output. The output must be
computed based on the given input, rather than reproducing any provided examples.
This is the problem:
{problem}
<|im end|>

We keep the prompt templates fixed across all experiments to ensure consistency and reproducibility.
Role switching is implemented solely by alternating between the solver and adversary prompts,
without modifying decoding strategies or introducing additional heuristics.

A.3 ANALYSIS OF ADVERSARIAL TEST TYPES

To better understand the nature of adversarial unit tests generated by ACE, we conduct a post-
hoc analysis of their observable characteristics. Rather than assigning semantic interpretations to
latent representations, we categorize adversarial tests based on surface-level properties and execution
behaviors that can be directly measured. This analysis aims to provide qualitative insights into the
diversity of adversarial tests, without making assumptions about their underlying semantics.

We group adversarial unit tests into the following categories based on simple and reproducible
heuristics:

• Boundary and extreme-value tests. Tests containing values near the problem-specified
limits, such as empty inputs, single-element cases, or numerically extreme values.

• Format-sensitive tests. Tests that stress input formatting, including irregular spacing,
edge-case line structures, or atypical but valid input layouts.

• Combinatorial corner cases. Tests that combine multiple challenging conditions simulta-
neously (e.g., extreme values together with degenerate structure), which are often difficult
to enumerate exhaustively.

• Large-scale or stress tests. Tests with input sizes significantly larger than the average
training examples, while still remaining within the specified resource constraints.

• Other or uncategorized. Tests that do not clearly fall into the above categories.

All categorizations are determined using deterministic rules based on input statistics (e.g., length,
value ranges, and structural patterns), without manual annotation or semantic inspection.

We analyze 100 random adversarial tests collected from the final self-evolution round on the Code-
Contests training set. For each test, we assign a single dominant category according to the rules
above. Table 2 reports the proportion of adversarial tests falling into each category.

Table 2: Distribution of adversarial unit test types generated by ACE.

Test Category Proportion (%)
Boundary / extreme-value tests 30.2
Format-sensitive tests 24.1
Combinatorial corner cases 22.7
Large-scale or stress tests 12.3
Other / uncategorized 10.7

We observe that adversarial tests span multiple categories. This suggests that the adversary does not
collapse to a narrow failure pattern, but is able to explores a diverse set of execution-challenging
inputs.
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A.4 ABLATION STUDY RESULTS

Table 3: Ablation study of ACE components. All variants are trained on the full training set using the
Qwen3-4B-Instruct backbone, and evaluated using the checkpoint from round 5. We report pass@1
on the training set and CodeContests.

Variant Training CodeContests
Full ACE (Normal) 46.2 34.8

Non-adversarial tests (Random) 41.8 30.7
No KTO 40.8 24.9
No SFT 41.2 22.9

Discussion. Table 3 examines the contribution of key components in ACE. Removing any core com-
ponent consistently degrades performance, confirming that ACE’s gains arise from their interaction
rather than isolated effects. Replacing adversarial tests with randomly generated ones leads to a
substantial drop in performance, highlighting the importance of actively optimized tests in expos-
ing solver weaknesses beyond surface-level patterns. Disabling KTO also causes large degradation,
suggesting that continuously adapting test generation to the solver’s evolving failure modes is criti-
cal for sustained improvement rather than one-shot robustness gains. Finally, removing SFT results
in noticeably worse generalization on CodeContests despite comparable training-set performance,
indicating that SFT plays a stabilizing role by consolidating execution-based feedback into transfer-
able behavioral improvements. Together, these results demonstrate that adversarial testing, prefer-
ence optimization, and supervised consolidation are complementary components, each of which is
necessary for achieving both robustness and generalization in ACE.
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