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Abstract

Reinforcement learning for code generation re-
lies on verifiable rewards from unit test pass
rates. Yet high-quality test suites are scarce,
existing datasets offer limited coverage, and
static rewards fail to adapt as models improve.
Recent self-play methods unify code and test
generation in a single model, but face an in-
herent dilemma: white-box access leads to
self-collusion where the model produces trivial
tests for easy rewards, yet black-box restriction
yields generic tests that miss implementation-
specific bugs. We introduce Code-Al, an adver-
sarial co-evolution framework that jointly op-
timizes a Code LLLM and a Test LLM with op-
posing objectives. The Code LLM is rewarded
for passing more tests, while the Test LLM is
rewarded for exposing more defects. This ar-
chitectural separation eliminates self-collusion
risks and safely enables white-box test gener-
ation, where the Test LLM can inspect candi-
date code to craft targeted adversarial tests. We
further introduce a Mistake Book mechanism
for experience replay and a composite reward
balancing test validity with adversarial diffi-
culty. Experiments on Qwen2.5-Coder mod-
els demonstrate that Code-Al achieves code
generation performance matching or exceed-
ing models trained on human-annotated tests,
while significantly improving test generation
capability.

1 Introduction

Reinforcement learning has emerged as a powerful
paradigm for enhancing the reasoning capabilities
of large language models (Yan et al., 2026), with
code generation serving as a representative task
that admits precise, executable verification (Guo
et al., 2025). Unlike open-ended text generation,
code can be automatically validated against unit
tests, providing verifiable rewards that guide policy
optimization without human annotation at training
time (Le et al., 2022; Shojaee et al., 2023).
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Figure 1: Comparison of three training paradigms
for code generation. Vanilla GRPO relies on static
golden tests with rigid rewards. GRPO with Self-Play
unifies code and test generation but must operate in
black-box mode to prevent self-collusion. Code-Al
decouples the two tasks into models with opposing ob-
jectives, safely enabling white-box test generation and
stable co-evolution via the Mistake Book.

However, the effectiveness of this paradigm
hinges critically on the quality of the underlying
test suites. In practice, obtaining comprehensive
unit tests demands substantial human effort, and ex-
isting RL-suitable datasets remain limited in both
scale and diversity (Chen et al., 2021; Austin et al.,
2021). Even in carefully curated benchmarks, each
question typically contains only three to five test
cases, which cannot reliably distinguish genuinely
correct solutions from those that happen to pass by
coincidence or handle only common inputs (Liu
et al., 2023b). Furthermore, these static golden
tests cannot adapt to evolving model capabilities.
When tests are overly simple, flawed code may
receive undeserved positive rewards; when tests
are overly stringent, near-correct solutions are pe-
nalized as complete failures (Jeong et al.). Both
scenarios distort the learning signal and limit the
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potential of RL-based training.

To address the limitations of static rewards, re-
cent work has explored automated test genera-
tion (Chen et al.; Zeng et al., 2025) and self-play
frameworks (Wang et al., 2025; Zhao et al., 2025)
where a single model generates both code and
tests. These approaches promise dynamic rewards
that adapt to model capabilities, potentially break-
ing free from static constraints. Yet they fail to
deliver on this promise. Direct generation meth-
ods often produce invalid or hallucinated tests (He
et al., 2025). Self-play faces a more fundamental
dilemma: when restricted to black-box mode (ob-
serving only question descriptions), tests remain
generic and miss implementation-specific bugs;
when permitted white-box access to candidate code,
the model exploits this through self-collusion, gen-
erating trivial tests for easy rewards since passing
code offsets penalties for weak testing within a uni-
fied model (Denison et al., 2024). To prevent collu-
sion, self-play must restrict test generation to black-
box mode, sacrificing the ability to craft targeted
tests that probe implementation-specific bugs. This
black-box restriction fundamentally undermines
dynamic adaptation, as test difficulty becomes de-
coupled from the actual code being evaluated.

This analysis reveals a key insight: effective veri-
fiable rewards require dynamic interplay between
code robustness and test rigor, where test difficulty
continuously adapts to challenge the current pol-
icy. A good test suite must be valid (executable and
correct), sufficiently challenging (exposing real de-
fects), yet not impossibly difficult (providing learn-
able gradients). These competing objectives cannot
be optimized by a single model or static dataset—
they require adversarial co-evolution (Wang et al.,
2026) where two specialized agents continuously
push each other toward improvement, with architec-
tural separation that prevents self-collusion while
enabling targeted adversarial optimization.

We introduce Code-A1l, an adversarial reinforce-
ment learning framework that jointly optimizes a
Code LLM and a Test LLM with opposing ob-
jectives. Given a question, the Code LLLM gener-
ates candidate solutions while the Test LLM gener-
ates challenging test cases; the two are paired and
executed in a sandbox. The Code LLM receives
higher rewards for passing more tests, incentiviz-
ing robust and correct solutions. The Test LLM
receives higher rewards for failing the code, in-
centivizing the discovery of edge cases and subtle
bugs. As both models improve, rewards dynam-

ically adapt: stronger code demands harder tests,
and harder tests demand stronger code. This adver-
sarial yet complementary setup enables continuous
co-evolution beyond static performance ceiling.

To stabilize this adversarial dynamics, we intro-
duce several key designs. First, we decouple the
two tasks into separate models, eliminating the self-
collusion risks inherent in self-play and enabling
safe white-box adversarial optimization. Second,
we design a composite reward for the Test LLM
that balances validity (tests must execute correctly)
with adversarial difficulty (tests should expose de-
fects), avoiding both trivial and impossible tests.
Third, we maintain a Mistake Book—an experience
replay buffer that records historically failed tests
for each question—ensuring that resolved bugs are
not forgotten and providing stable baselines for
reward computation.

We conduct extensive experiments on Qwen2.5-
Coder models (1.5B, 3B, 7B). On code generation
benchmarks, Code-Al consistently outperforms
both models trained on human-annotated golden
tests and self-play baselines across all scales. On
test generation, the results reveal remarkable ef-
ficiency: the 3B model achieves a Mul score
of 15.29, surpassing the 7B base model (14.72),
demonstrating that adversarial co-evolution discov-
ers bug-revealing patterns more effectively than
parameter scaling alone.

Our contributions can be summarized as follows:

* We introduce adversarial co-evolution into
code RL, enabling dynamic and adaptive veri-
fiable rewards that eliminate reliance on static
human-annotated test suites.

* We develop Code-Al, comprising dual-
policy optimization with opposing objectives,
validity-aware reward shaping for the Test
LLM, and a Mistake Book mechanism for
stable experience replay.

* We demonstrate empirically that Code-A1l
matches or exceeds the performance of RL
with static golden tests on code generation
benchmarks, while simultaneously producing
a Test LLM capable of generating high-quality
and bug-revealing tests.

2 Related Works
2.1 RL for Code Reasoning

Reinforcement Learning improves code generation
by optimizing executable correctness rather than

10069



token-level similarity. Since code can be compiled
and tested, compiler feedback and unit-test out-
comes naturally serve as reward signals. Early
work adopted Actor-Critic training with dense re-
wards from test pass rates (Le et al., 2022), while
later PPO-based methods incorporated compila-
tion and test pass rates with KL constraints for
stable optimization (Zhang et al., 2024a; Shojaee
et al., 2023). To mitigate sparse binary rewards,
RLTF introduces multi-level feedback from compi-
lation, runtime, and logic errors (Liu et al., 2023a).
Ranking-based alignment further reduces the cost
and instability of online RL by selecting candidate
programs according to test outcomes without an ex-
plicit reward model, though reward quality remains
bounded by the coverage and adaptability of the
underlying tests (Shen et al., 2023).

2.2 Unit Test Generation for Code Reasoning

LLM:s increasingly synthesize unit tests to reduce
manual cost and improve scalability (Yang et al.,
2025; Tip et al., 2025). Prior work generate tests
from problem descriptions and filter them with
stronger proxy solutions (Zeng et al., 2025; Jain
et al., 2025a), or construct harder tests such as
“hacking inputs” and test-generator programs vali-
dated by oracles (He et al., 2025; Altmayer Piz-
zorno and Berger, 2025; Hossain and Dwyer,
2025). In recent co-evolutionary frameworks,
models act as both code and test generators, but
description-only tests may miss implementation-
specific bugs while white-box unified self-play
risks self-collusion (Wang et al., 2025; Zhao et al.,
2025; Chen et al., 2025; Lu et al., 2025). These
synthesized tests support both RL training, where
pass rates provide scalable rewards (Zhang et al.,
2024b), and inference-time self-verification, such
as Best-of-N selection and iterative debugging or
refinement (Wang et al., 2025; Lee et al., 2026).

3 Methods

In this section, we present the Code-A1 framework
for adversarial co-evolution of code and test gen-
eration. We begin with problem formulation and
output format constraints (Section 3.1). We then
describe the adversarial rollout procedure (Sec-
tion 3.2) and the Mistake Book mechanism for
experience replay (Section 3.3). Finally, we detail
the reward design (Section 3.4) and policy opti-
mization (Section 3.5).

3.1 Problem Formulation

We consider function-level code generation, where
a model receives a question description () contain-
ing a function signature and natural language speci-
fication, and outputs a complete function body. Let
7o denote Code LLLM and 7 denote Test LLM.
Given a dataset D = {(Q;, C’z)}gl where Cj is
the ground-truth solution, our goal is to jointly op-
timize both models through adversarial interaction.

The Code LLM generates candidate solutions
C ~ mc(- | Q) that should be syntactically correct
and satisfy the specification. The Test LLM gen-
erates a set of K test cases T’ = {t}, .. ,fK} ~
77(- | Q,C) conditioned on both the question and
a candidate solution. Each test case follows the as-
sertion format assert func(*args) == answer,
where func is the target function, xargs are in-
put arguments, and answer is the predicted output.
This structured format enables reliable extraction
via abstract syntax tree parsing, reducing reward
noise from formatting errors. We require exactly
K test cases per response to prevent trivial conver-
gence to single-test outputs and discourage brute-
force generation for reward hacking.

3.2 Adversarial Rollout

At each training step, we sample a batch of ques-
tions from D and perform adversarial rollout:

Step 1: Code Generation. For each ques-
tion (), the Code LLM generates M solutions
{C1,...,Cy} via sampling.

Step 2: Test Generation. For each candidate
solution C,,, the Test LLM generates [V test suites
{Tm717 - Tm,N}, conditioned on both Q and C,,.
Conditioning on the candidate solution enables the
Test LLM to craft targeted tests that probe potential
weaknesses.

Step 3: Test Validation. We extract function
calls from each generated test and execute them
against the ground-truth solution Cop. A test is
deemed valid if: (i) the function call executes with-
out error, (ii) the call is unique within the test suite,
and (iii) the predicted answer is correct. For tests
with incorrect predicted answers, we replace the
prediction with the ground-truth return value, re-
taining the test to enrich coverage. Other Invalid
tests are discarded.

Step 4: Code Evaluation. We concatenate each
candidate solution C,,, with the validated test suites
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Figure 2: Overview of the Code-A1 training framework. The Code LLM generates candidate solutions accessible
to the Test LLM for white-box test generation. Generated tests are validated and merged with historical failures
from the Mistake Book. The Code LLM is rewarded for passing more tests; the Test LLM is rewarded for exposing
more defects, enabling curriculum-aware adversarial co-evolution.

and execute in a sandboxed environment. The pass
rate serves as the basis for reward computation.

3.3 Mistake Book

A key challenge in adversarial training is instability:
a temporarily weak Test LLM may generate trivial
tests, providing inflated rewards that mislead the
Code LLM. Conversely, a strong Test LLM may
generate tests so difficult that learning signals van-
ish. To stabilize training and track capability evolu-
tion, we introduce the Mistake Book, a per-question
experience replay buffer (Zhan et al., 2025).

Structure. The Mistake Book 3 maintains a map-
ping from each question @); to a set of historically
failed tests TMst.

Update Rule. After each training step, we update
B dynamically: newly generated tests that the cur-
rent candidate solutions fail (NewFails) are added
to Tifaﬂ, while historical tests that the current so-
lutions now pass (NewPasses) are removed. This
ensures that B reflects the frontier of model capa-
bility, containing exactly those tests that remain
challenging given current Code LLM performance.

Role in Training. The Mistake Book serves three
purposes. First, historical tests provide a stable
baseline for reward computation, reducing vari-
ance caused by stochastic test generation. Second,
the gap between historical and new test pass rates
provides a curriculum signal that reveals whether
the Test LLM is generating progressively harder
tests. Third, re-evaluating against historical failures
prevents forgetting, ensuring that previously fixed
bugs are not reintroduced as training proceeds.

3.4 Reward Design

We assign rewards at the trajectory level, with op-
posing objectives for the two models.

Code LLM Reward. The Code LLM should pro-
duce solutions that are correct and robust. We eval-
uate code and compute reward R (Chy,) based on
the pass rate of two test sources: historical failures
from the Mistake Book and newly generated tests

from the Test LLM (see details in Appendix A.3).

Test LLM Reward. The Test LLM faces a ten-
sion: tests must be valid (syntactically executable,
correct and unique) yet adversarial (capable of ex-
posing defects). We design a composite reward
RT(T) to balance these objectives (see details in
Appendix A.3): The validity reward R (T') mea-
sures the fraction of generated tests that pass vali-
dation, implicitly encouraging format compliance;
the adversarial reward R?V(T) measures whether

new tests are harder than historical ones.

3.5 Policy Optimization

We adopt Group Relative Policy Optimization
(GRPO) (Shao et al., 2024) with token-level loss
aggregation (Yu et al., 2025) for both models.

Asymmetric Sampling. The Code LLLM gener-
ates M solutions per question, while the Test LLM
generates M x N test suites (N suites per solution).
To balance training compute between models, we
select only the top-£ test suite groups with high-
est reward variance for the Test LLM update (see
details in Appendix A.5.3), setting £ x N = M.
This prioritizes high-learning-value samples while
maintaining synchronized training steps.
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Algorithm 1 Code-A1

Require: Coder 7, Tester 7, dataset D, Mistake Book B
1: Initialize Mistake Book B < ()
2: while not converged do

3 for (Q,Ccar) € Ddo
4 // Rollout
5: {Cn}m=1 ~7c(-] Q)
6: // Retrieve Historical Failures
7: T < B(Q)
8 // Test Generation & Validation
9: for m = 1to M do .
10: {Tm,n}'rlyzl ~ 7rT(' |AQ7 Cm)
11: Tm,n < VALIDATE(T o n, Car)
12: end for
13: Pass(™ < EXECUTE(Cyn, {Tin,n Yh—1 U T)
14: // Reward Computation
15: R(Cm) «— f(Passéf?,Pass,(l;Q))
16: RU™M™ « o - Valid + (1 — ) - Adv
17: // Update Mistake Book
18: B(Q) <+ B(Q) U NewFails \ NewPasses
19: // Policy Update via GRPO
20: Update ¢ with { RS}
21: Update 7 with TOPVAR({RY™™})
22: end for

23: end while

Training Dynamics. The adversarial setup cre-
ates a natural curriculum. In early training, both
models have limited capability, and the Test LLM
generates simple tests that provide achievable tar-
gets for the Code LLM without overwhelming gra-
dients. As training progresses, the Code LLM
improves and passes most historical tests, forcing
the Test LLM to generate harder tests to earn re-
wards, which in turn raises the bar for the Code
LLM. Eventually, the two models reach an equilib-
rium where further improvement requires genuine
capability gains rather than exploitation of weak
opponents. By decoupling code and test genera-
tion into separate models with opposing objectives,
Code-A1l avoids the reward hacking risks inherent
in white-box self-play while enabling continuous
co-evolution.

4 Experiments

4.1 Experimental Setup

Implementation. We use Qwen2.5-Coder-
Instruct models (Hui et al., 2024) at three scales
(1.5B, 3B, 7B) as base models. The Code LLM
and Test LLM are initialized from the same check-
point and trained jointly on 9,688 hard-difficulty
questions from KodCode-V1 (Xu et al., 2025). For
the Test LLM, we apply supervised fine-tuning
before RL to establish the assertion format. During
rollout, both models sample 8 responses per
question with temperature 1.0. We set £ = 1 for

the Test LLM to balance training compute and
a = 0.5 for the validity-adversarial trade-off.
Training runs for 111 steps with GRPO. Additional
implementation details including prompt design,
sandbox configuration, and Mistake Book structure
are provided in Appendix A.

Baselines. We compare Code-Al against two
groups of baselines. For code generation, we con-
sider: Base, the original Qwen2.5-Coder-Instruct
without RL; Golden Tests, the Code LLM trained
via GRPO using human-annotated tests as verifi-
able rewards; and Self-Play, which employs a sin-
gle model for both code and test generation, with
input isolation restricting test generation to ques-
tion descriptions only to prevent reward hacking.
For test generation, we additionally include SFT,
which trains the Test LLM with supervised fine-
tuning only. Implementation details for Self-Play
and SFT are provided in Appendix A.5.4 and A.5.5.

Evaluation. We evaluate code generation on
HumanEval™(Liu et al., 2023b), MBPP™ (Liu et al.,
2023b), and BigCodeBench (Zhuo et al., 2025),
and test generation on UnLeakedTestBench (Huang
et al., 2025). We sample 32 responses for Code
LLM and 5 for Test LLM, with temperature 0.7
and top-p 0.95. We report avg@32 for code gen-
eration, and pass@Fk (test accuracy) and mut@k
(mutation score) for test generation. To assess
comprehensive performance, we additionally in-
troduce Avg (the mean of code generation scores)
and Mul (pass@Qk x mut@k), a composite met-
ric balancing test validity and adversarial power
(Appendix A.7.4).

4.2 Main Results

Code Generation. Table 1 presents results across
three model scales. Code-Al consistently achieves
the highest average scores, outperforming both the
Golden Tests baseline trained on human annota-
tions and the Self-Play approach. The advantage
is most pronounced at smaller scales: on the 1.5B
model, Code-A1l achieves 56.95% average accu-
racy compared to 56.23% for Golden Tests and
55.88% for Self-Play. This gap stems from the
fundamental difference in testing paradigms. Self-
Play must operate in black-box mode to prevent
self-collusion, generating tests solely from question
descriptions. In contrast, Code-A1’s decoupled ar-
chitecture safely enables white-box testing, where
the Test LLM inspects candidate code to craft tar-
geted adversarial tests. This produces richer, on-
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HumanEval* MBPP ™" BigCodeBench
Code LLM Method avg@32 avg@32 avg@32 Avg
Qwen2.5-Coder-1.5B-Ins / 63.42 60.87 29.34 51.21
Golden Tests 71.15 63.30 34.23 56.23
Self-Play 70.64 63.54 33.47 55.88
Code-Al 72.69 63.33 34.82 56.95
Qwen2.5-Coder-3B-Ins / 77.63 63.12 41.78 60.84
Golden Tests 81.96 68.05 4541 65.14
Self-Play 81.86 67.06 45.09 64.67
Code-Al 83.52 69.07 45.85 66.15
Qwen2.5-Coder-7B-Ins / 83.69 71.95 4941 68.35
Golden Tests 84.68 74.16 52.28 70.37
Self-Play 84.70 74.23 52.25 70.39
Code-Al 85.21 74.50 52.46 70.72

Table 1: Performance comparison of Code LLMs. The best results are highlighted in bold, and the second best

results are underlined.

UnLeakedTestBench
Test LLM Method Mul
pass@1 pass@2  pass@5 mut@1 mut@2  mut@5
Qwen2.5-Coder-1.5B-Ins ~ / 18.34 16.91 16.29 17.10 20.35 22.30 3.63
SFT 16.01 15.16 14.76 14.53 27.57 29.45 4.35
Self-Play 24.12 23.37 23.39 14.82 26.98 28.91 6.76
Code-Al 27.42 25.68 27.05 17.31 23.57 26.41 7.14
Qwen2.5-Coder-3B-Ins / 19.77 20.50 20.93 28.35 29.99 42.55 8.91
SFT 25.40 25.71 23.51 26.77 29.08 36.29 8.53
Self-Play 25.84 29.65 29.64 29.66 38.88 50.92 15.09
Code-Al 27.83 30.31 30.86 26.44 36.96 49.56 15.29
Qwen2.5-Coder-7B-Ins / 27.71 28.64 28.73 30.36 36.07 51.25 14.72
SFT 29.32 29.94 28.72 31.33 41.01 50.85 14.60
Self-Play 32.98 34.74 35.13 31.42 38.54 55.57 19.52
Code-Al 36.79 37.87 37.15 35.50 36.60 53.14 19.74

Table 2: Performance comparison of Test LLMs. The best results are highlighted in bold, and the second best

results are underlined.

policy reward signals that drive the Code LLM to
develop robustness against precise vulnerabilities
rather than generic edge cases. We conduct a fur-
ther comparison with CURE (Wang et al., 2025)
and UTRL (Lee et al., 2026) in Appendix C.

Test Generation. Table 2 reveals that Code-A1
significantly outperforms both Base and SFT mod-
els on test generation, with the Test LLM evolv-
ing from simple validity to high discriminatory
power. The results demonstrate a striking effi-
ciency gain: the 3B model trained with Code-A1l
achieves a Mul score of 15.29, surpassing the 7B
Base model (14.72). This indicates that adversarial
co-evolution discovers bug-revealing patterns more
effectively than parameter scaling alone. Unlike
SFT which produces valid but generic tests, Code-
Al drives the Test LLM to synthesize targeted tests
that expose implementation-specific weaknesses.
The consistent improvement across all scales (1.5B:
7.14 vs 4.35,3B: 15.29 vs 8.53, 7B: 19.74 vs 14.60

in Mul) confirms that dynamic adversarial pres-
sure is essential for developing discriminatory test
generation capability.

4.3 Ablation Studies

Trade-off Weight . The weight « in Eq. 4 bal-
ances validity and adversarial difficulty in the Test
LLM reward. As shown in Figure 3, o = 0.5
achieves optimal performance on both Code LLM
(56.95% Avg) and Test LLM (7.14 Mul) metrics.
When « is too low (e.g., a« = 0), the reward
overemphasizes difficulty while neglecting correct-
ness. Although our mechanism corrects erroneous
predictions using ground truth, the lack of intrin-
sic correctness incentives causes policy entropy to
spike; the Test LLM generates challenging tests
by chance rather than learning robust patterns, re-
sulting in unstable training and poor Mul (3.94).
Conversely, when « is too high (e.g., « = 1.0), the
model rapidly converges to trivial tests that provide
insufficient learning gradients for the Code LLM.
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HumanEval" MBPP'"  BigCodeBench UnLeakedTestBench
Settings Avg Mul
avg@32 avg@32 avg@32 pass@5 mut@5
Code-Al 72.69 63.33 34.82 56.95 27.05 26.41 7.14
- w/o predicted answer 70.69 64.47 34.60 56.59 11.18 21.72 243
- w/o referable code 68.66 62.99 33.34 55.00 23.77 23.52 5.59
- w/o Mistake Book 69.66 63.94 33.73 55.78 25.50 27.41 6.99

Table 3: Ablation study on Qwen2.5-Coder-1.5B-Instruct. Removing referable code, predicted answer, or Mistake
Book each degrades performance, confirming the contribution of white-box access, multi-objective optimization,

and experience replay.

The balanced setting o = 0.5 maintains stability
while preserving adversarial pressure.

Multi-Objective Optimization. We investigate
whether removing answer prediction simplifies op-
timization. In the “w/o predicted answer” set-
ting (Table 3), the Test LLM generates only func-
tion calls, relying on oracles for expected outputs.
While this accelerates convergence toward difficult
tests, it fails to significantly improve Code LLM
performance and severely degrades test generation
capability (pass@5 drops to 11.18%, below the
Base model). This confirms that requiring the Test
LLM to predict answers serves dual purposes: pre-
venting excessively hard tests that eliminate learn-
ing gradients, and maintaining the Test LLM’s in-
trinsic capability to synthesize complete unit tests.

Conditioning on Candidate Code. Removing
candidate code from the Test LLM input (“w/o
referable code”) causes HumanEval® to drop
from 72.69% to 68.66%. This ablation di-
rectly demonstrates the value of white-box access.
Black-box generation yields broad tests that miss
implementation-specific bugs. In Code-Al, the
decoupled architecture transforms white-box ac-
cess from a collusion risk into a debugging ad-
vantage: the Test LLM inspects code structure to
craft on-policy tests targeting specific logical weak-
nesses, providing sharper curriculum-like signals
that black-box methods cannot replicate.

Mistake Book. Ablating the Mistake Book de-
grades Code LLM performance (HumanEval™
drops from 72.69% to 69.66%) while minimally af-
fecting Test LLM (Mul: 7.14 — 6.99). This asym-
metry reveals the mechanism’s primary role: pre-
venting catastrophic forgetting in the Code LLM.
Without re-evaluation against historical failures, the
model regresses on previously resolved bugs while
overfitting to current adversarial attacks. Figure 5
further illustrates this dynamic: experience replay
forces the Code LLLM to maintain competence on

historical challenges while adapting to new adver-
sarial tests (see Appendix A.4 for details).

5 Analysis

Generated Tests as Golden Tests. To directly as-
sess test quality, we use tests generated by different
models (Base, SFT, Code-A1) as static golden tests
for standard RLVR training. As shown in Table 4,
the Code LLM trained with Code-A1l-generated
tests achieves 56.75% average accuracy, surpass-
ing both human annotations (56.23%) and SFT-
generated tests (56.22%). On HumanEval™ and
MBPP, Code-Al-guided training reaches 71.67%
and 64.42%, exceeding the human annotation base-
line (71.15% and 63.30%). This result demon-
strates that Code-A1 synthesizes tests of sufficient
quality to replace expensive manual annotation,
validating adversarial co-evolution as a scalable
alternative to human supervision.

Training Dynamics. Figure 4 reveals the co-
evolution process under different settings. For the
Code LLM (Figure 4a), Code-Al with o = 0.5
closely tracks the Golden Tests baseline, indicating
that dynamically generated tests provide learning
signals equivalent to human annotations. Extreme
a values lead to suboptimal trajectories: o = 0
causes erratic learning due to unstable test genera-
tion, while o« = 1.0 results in inflated rewards from
trivial tests that fail to challenge the model. For
the Test LLM (Figure 4b), o = 0.5 achieves the
highest sustained reward, reflecting the emergence
of tests that are both valid and adversarially effec-
tive. This dynamic equilibrium confirms that Code-
Al successfully balances the competing objectives,
enabling both models to improve synchronously
without manual reward calibration.

Test-Time Scaling. Beyond training, we evaluate
whether Code-A1 models collaborate effectively at
inference time. Table 5 shows results under paral-
lel test-time scaling, where Code LLM generates
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Figure 3: Impact of trade-off weight @ on model capabilities using Qwen2.5-Coder-1.5B-Instruct. Left: Code
generation performance (avg@32) on three benchmarks. Right: Test generation metrics on UnLeakedTestBench.

HE™ MBPP™ BCB
Golden Test Source 3yg@32 avg@32 avg@32 Avg
Human Annotation 71.15 63.30 34.23 56.23
base Test LLM 69.68 63.66 32.85 55.40
SFT Test LLM 71.49 64.24 3293 56.22
Code-Al Test LLM  71.67 64.42 34.17 56.75

Table 4: Performance comparison of Code LLMs on
three benchmarks using Qwen2.5-Coder-1.5B-Instruct
as the base model and employing Golden Tests from var-
ious sources for RLVR. The best results are highlighted
in bold, and the second best results are underlined.

multiple candidates and Test LLM selects the best.
Code-Al Test LLM demonstrates superior discrim-
inatory power: when verifying Base Code LLM, it
achieves 65.82% compared to 65.13% with Base
self-verification. The full combination (Code-A1l +
Code-Al) yields 67.81%, the highest overall per-
formance. Notably, while Base Test LLM improves
Code-A1l Code LLM (66.15% to 67.45%), it can-
not fully exploit its potential. This confirms that
high-quality adversarial tests are essential for dis-
tinguishing subtle correctness differences in opti-
mized solutions, ensuring verification capability
scales with generation capability.

Parallel TTS
HEt MBPP™ BCB Avg

Code LLM Test LLM

Base / 77.63 63.12 41.78 60.84
Code-Al / 83.52 69.07 4585 66.15
Base Base 82.32 70.63 4245 65.13
Code-Al Base 8476  71.69 4591 67.45
Base Code-A1 8293 7090 43.63 65.82
Code-Al Code-A1 8537 7196 46.09 67.81

Table 5: Performance of different combinations under
parallel test-time scaling (see details in Appendix A.6).

Test Difficulty & Diversity by Case Study. We
examine the “threeSum” problem (Appendix B)
to illustrate how test quality evolves. The
Code LLM’s initial solution passes both human-
annotated golden tests and pre-training Test LLM
outputs, yet contains a subtle bug: failure to handle

o
©

o
N

Reward for Test LLM

Reward for Code LLM
o o
%] o

0.4

80 100 0 20 40 60 80 100
Code-Al a=0.75 —— Golden Tests
—— Code-Al a=0.25 Code-Al a=1.0 —— Code-Al a=0.5
(a) Code Reward (b) Test Reward
Figure 4: Training dynamics (Code Reward and Test
Reward) over training steps for (a) Code LLM and (b)

Test LLM.

0 20 40 60
—— Code-Al a=0

duplicate triplets when moving pointers. As train-
ing progresses, the Test LLM learns to target this
blind spot, generating edge cases with highly repet-
itive elements (e.g., [-2, 1, 1, 1, 1]) that expose
the flaw. This demonstrates the curriculum-like
progression: the Test LLM evolves from generic
inputs to targeted adversarial attacks that probe
implementation-specific vulnerabilities.

6 Conclusion

In this paper, we introduced Code-A1, a novel re-
inforcement learning framework that orchestrates
the adversarial co-evolution of a Code LLM and
a Test LLM. By decoupling code and test gener-
ation into two models with opposing objectives,
Code-Al circumvents the limitations arising from
self-play to avoid self-collusion and safely enables
white-box testing. A Mistake Book mechanism sta-
bilizes training by maintaining historical failures
as experience replay, preventing catastrophic for-
getting while providing stable baselines for reward
computation. Experiments demonstrate that Code-
A1 matches or exceeds RL with human-annotated
golden tests on code generation, while produc-
ing a Test LLM that generates high-quality, bug-
revealing tests more effectively than supervised
fine-tuning or parameter scaling. These results sug-
gest that adversarial co-evolution offers a scalable
path beyond annotation-dependent training.
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Limitations

Dependence on Ground Truth Code. Code-Al
requires ground truth solutions to validate gener-
ated tests during training. This limits its applica-
bility to domains where reference implementations
are unavailable.

Test Format Constraints. The current frame-
work requires tests to follow an assertion format
for reliable extraction and execution. This excludes
more complex testing scenarios, such as stateful
interactions, I/0-based testing, and property-based
testing.

Limited Generalization Scope. We primarily
evaluate Code-A1 on Python function-level code
generation, with additional evidence on Live-
CodeBench and Llama-family models in Ap-
pendix A.7.2 and Appendix A.7.3. Its transferabil-
ity to other programming languages, longer code
contexts, or non-code reasoning tasks remains not
fully established.

Ethical Considerations

This work aims to improve code generation and au-
tomated testing through reinforcement learning. By
reducing reliance on expensive human-annotated
test suites, Code-A1l may lower the barrier to train-
ing code models with verifiable feedback and im-
prove software reliability. A potential risk is dual
use: bug-revealing test generation could be mis-
used to identify exploitable software weaknesses.
However, this work focuses on function-level pro-
gramming benchmarks and unit-test generation
rather than real-world production systems, secu-
rity exploits, or vulnerability exploitation work-
flows; generated code is evaluated in sandboxed
environments, and tests are primarily used as learn-
ing signals for improving model robustness. We
use public or synthetic programming benchmarks
only for research and evaluation, and all third-party
models, datasets, and benchmarks are cited and
used under their stated terms. No human partic-
ipants or annotators were recruited, and no new
human-subject data were collected. Overall, we be-
lieve the primary impact of this work is positive, as
stronger automated testing and more reliable code
generation can help reduce software defects and
support safer deployment of code models.
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A Experimental Details

A.1 Prompt Details

<lim_startl>system

You are a helpful code completion assistant.
<lim_end|>

<lim_startl>user

Given the following Question, complete the
function. Output the complete function

inside ~~ “python ... ~~" code block,
and do not output anything else.
Question:

{question}

<lim_endI>

<lim_start/>assistant

<lim_startl>system

You are a helpful test case generation
assistant.

<lim_endI>

<lim_start/>user

# Role

You are specializing in finding specific
inputs that cause ~Buggy Code™ to behave
differently from the requirements

(" Question™).

# Task

Generate 8 assertion-based test cases to
detect bugs for the function in ~Buggy
Code" according to the ~Question™.

# Strategy

1. Attack Logic Gaps: Analyze where the
“Buggy Code” logic might be too simple
compared to the ~Question™. Construct
input ~parameters” that hit these blind
spots (e.g., missing constraints,
misinterpreted rules, over-simplified logic).
2. Prioritize Complexity: Prefer complex
input ~parameters” (e.g., boundary values,
nested loops, compound conditions, rare
branches) over simple ones. Ensure every
logical branch is stressed and every
potential issue is covered.

3. Zero Redundancy: Do not brute-force
generating trivial or repetitive tests. Only
the first few generated tests will be
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evaluated, so quality and ordering matter
more than quantity.

# Context
Question:
{question}

Buggy Code:
T python
{generated_code}

# Output Format
Output ALL the assert statements inside
ONE " " “python **° code block.

Format: assert
function_name(parameters) ==
answer

<lim_endI>

<lim_startl>assistant

A.2 Sandbox Details

Given that code training and validation heavily
rely on stable sandbox environments, we deployed
a sandbox service using Sandbox Fusion (Cheng
et al., 2024). This service organizes code and tests
for batch execution within the sandbox, retrieving
execution results via the sandbox’s stdout. The
code template executed in the sandbox is as fol-
lows:

Template 1: Validating and Executing in Train-
ing Phase. Template 1 is designed for efficient
interaction during the training phase. It employs
a high-reusability batch execution strategy, com-
pressing all sandbox interaction requests for a sin-
gle training step into one, thereby significantly re-
ducing high concurrency pressure on the sandbox.
The process follows a “calibrate-then-evaluate"
mechanism: first, the Ground Truth code is in-
troduced as an Oracle to execute and verify the
test cases generated by the Test LLM, filtering out
invalid cases that are malformed or inconsistent
with standard outputs; subsequently, in a cleaned
context, the validated new tests are combined with
historical tests from the Mistake Book to compre-
hensively evaluate the code generated by the Code
LLM, thus collecting all necessary data for reward
computation in a single execution.

<GLOBAL_IMPORTS >
valid_asserts_list = []

try:

<GROUND_TRUTH_CODE >
for n in range (KNUM_SAMPLES>):
invalid_count = <INVALID_COUNT>

valid_asserts = []
seen = set()
gen_total = 0@
for stmt, call, ans in zip(<
NORMALIZED_STMTS>, <CALLS>, <ANSWERS
>):
try:

_r = <FUNCTION_CALL>
stmt = stmt.replace('
__TO_BE_FILLED__", repr(_r))
if stmt in seen:
invalid_count += 1
valid_asserts.append

(None)
else:
seen.add(stmt)
valid_asserts.append
({'val': _r, 'stmt': stmt})
print (' __GEN_START__
<TEST_ID>_' + str(gen_total) + ':' +

flush=True)
gen_total += 1
if (_r) != (<

EXPECTED_ANSWER >) :

repr(stmt),

invalid_count +=
1
except Exception:
invalid_count += 1
valid_asserts.append(

None)

print (' __INVALID_TEST__<TEST_ID
>:'" + str(invalid_count), flush=True
)

valid_asserts_list.append(
valid_asserts)

except Exception:

for

try:
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pass

gt_fn in <GT_FUNCTION_NAMES>:
try:

del <GT_FN>
except Exception:

pass

<GENERATED_CODE >
print (' __CODE_VALID__<CODE_ID>",
flush=True)

for idx, test_item in enumerate (<
GT_TESTCASE_LIST>):
try:
<GT_TEST_CODE >
print('__GT_PASS__<CODE_ID>_
"+ str(idx), flush=True)
except Exception as e:
print('__GT_FAIL__<CODE_ID>_
"+ str(idx) + ':' + repr(e), flush=
True)
for idx, test_item in enumerate (<

ATTACK_TESTCASE_LIST>):

print (' __ATTACK_START__<CODE_ID>
"+ str(idx) + ':' + repr(repr(
flush=True)

test_item)),
try:




<ATTACK_TEST_CODE >
print (' __ATTACK_PASS__<
CODE_ID>_"'" + str(idx), flush=True)
except Exception as e:
print (' __ATTACK_FAIL__<
CODE_ID>_" + str(idx) + ':' + repr(e
), flush=True)

for n in range (<NUM_SAMPLES>):
valid_asserts =

valid_asserts_list[n]
gen_total = 0

for j, call in enumerate(<
CALLS_LIST>):
spec = valid_asserts[j]
if spec is not None:
try:
assert <
FUNCTION_CALL> == spec['val']
print (' __GEN_PASS__<
TEST_ID>_' + str(gen_total), flush=
True)
except Exception as e:
print('__GEN_FAIL__<
TEST_ID>_' + str(gen_total) + ':' +
repr(e), flush=True)

gen_total += 1
except Exception:
pass

signal.alarm(9Q)
print('__FAIL__"',

flush=True)
<TEST_HARNESS_CODE >

def c_0():
<GENERATED_CODE_@ >
check (KENTRY_POINT >)

def c_1():
<GENERATED_CODE_1>
check (KENTRY_POINT >)

# ... (repeated for batch size)
run_safe(c_0)

run_safe(c_1)
# ... (repeated for batch size)

Template 2: Evaluation in Validation Phase.
Template 2 is explicitly designed for the inference
evaluation phase of the Code LLM, aiming to ef-
ficiently complete the batch validation of multiple
sampled solutions for the same question via a single
sandbox request. The script independently encap-
sulates each generated function body using a signal-
based timeout protection mechanism (run_safe) to
prevent infinite loops in individual samples from
interrupting the overall evaluation task. By sequen-
tially calling the standard test harness within the
same context, it rapidly verifies the functional cor-
rectness of large-scale candidate code; this design
significantly enhances the concurrency efficiency
for calculating metrics such as avg@k while ensur-
ing execution safety.

<IMPORTS>
import signal

class TO(Exception): pass
def handler(s, f): raise TO()

def run_safe(func):

try:

signal.signal(signal.SIGALRM,
handler)

signal.alarm(<TIMEOUT >)

func ()

signal.alarm(Q)

print('__PASS__"', flush=True)
except TO:

print('__TIMEOUT__', flush=True)
except:

A.3 Reward Details

Code LLM Reward. Let Passyg(C),) denote
the pass rate on historical tests 70, and
AVG(PassneW(ém)) denote the average pass rate
on newly generated test suites. The reward for the

Code LLM is defined as:

Re(Con) = 3 (Passhist + AVG (Passpew))
Passpew.

ey
The first branch is used when historical tests are
available, i.e., Thist # (); otherwise, the reward
reduces to the pass rate on newly generated tests.
When historical failures exist, averaging the two
pass rates ensures that the Code LLM cannot
achieve high rewards by merely passing new tests
while regressing on previously challenging cases.

Test LLM Reward. The Test LLM reward con-
sists of a validity component and an adversarial
component. The validity reward measures the frac-
tion of generated tests that pass validation:

RY(T) = Valid(T) 2)

The adversarial reward compares the difficulty of
newly generated tests with historical tests:

R 1 (Passhist — Passpew + 1),
R%SIV(T) _ 2 1st new (3)
1 — PassSpew-

The first branch is used when 7"t £ (); other-
wise, only the failure rate on newly generated tests
is used. When Passy;sc > Pass,ew, the new tests
expose defects that historical tests missed, yield-
ing higher reward. When Passy;s; < Passpey, the
new tests are easier than historical ones, incurring
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penalty. The final reward for the Test LLM is de-
fined as:

A~ ~ N

Rp(T) = a- RFNT) + (1 —a) - REM(T) (4)

where o € [0, 1] controls the trade-off. Setting o
too high encourages trivial but valid tests; setting
« too low risks invalid adversarial tests. We study
this trade-off in ablations.

A.4 Mistake Book Details

A.4.1 Mistake Book Design

The Mistake Book is implemented as a global vari-
able stored in JSON format, designed to stabilize
adversarial training through a persistent experience
replay mechanism. The data structure utilizes a
key-value pair format: the Key serves as the unique
identifier for each question (question_id), while the
Value is a list of dictionaries containing specific
failed test cases and their corresponding failure
frequencies (frequency).

B:Q;— TN = {t | C failed t in previous iters}
&)

Usage. For each question in the current training
step, the system first queries the Mistake Book. If
historical failure records exist, these challenging
“mistakes" are retrieved and appended to the list
of tests newly generated by the Test LLM, to be
executed together in the sandbox.

Update. The update mechanism operates at the
level of individual assertion test points. If the code
fails a specific test, that test is added to the Mistake
Book (or its frequency is incremented). Conversely,
if the code successfully passes a known test from
the Mistake Book, its frequency is decremented.
When the frequency drops to zero, the test case
is considered “mastered" and is removed from the
Mistake Book.

Persistence. To support training interruption and
resumption, the system serializes and saves the cur-
rent global Mistake Book to a JSON file after every
step. This ensures that historical adversarial experi-
ences can be seamlessly reloaded when resuming
training.

{

"testcase”: "assert
number_of_characters(10) == 3",

"frequency”: 5

}’
]:
"Leetcode_17190_I": [
{
"testcase”: "assert
can_rearrange_to_palindrome (\"aaa\",
1) == False",
"frequency”: 10
}7
{

"testcase”: "assert
can_rearrange_to_palindrome (\"aa\",
1) == False",

"frequency”: 12

}7

{
"Apps_1564_I": [
{
"testcase”: "assert
number_of_characters(5) == 2",
"frequency": 4

}I

A.4.2 Effect of Mistake Book

Figure 5 visualizes how the Mistake Book stabi-
lizes adversarial co-evolution. In Figure 5a, the
pass rate on historical tests (dark blue) begins track-
ing at Step 38 after the first epoch populates the
buffer. While enforcing historical correctness ini-
tially lowers the composite pass rate compared
to the ablation without Mistake Book (solid vs.
dashed blue), this prevents catastrophic forgetting
and ultimately achieves performance exceeding the
Golden Tests baseline. Figure 5b reveals the adver-
sarial dynamics: added tests (pink) represent suc-
cessful attacks exposing new vulnerabilities, while
removed tests (green) indicate successful defenses
fixing previous bugs. After Step 38, experience
replay triggers a surge in bug fixes. As training
progresses, the two curves converge toward equilib-
rium, with the Test LLM uncovering increasingly
subtle edge cases while the Code LLM repairs spe-
cific logical flaws. This dynamic balance drives
synchronized improvement of both models.

A.5 Training Details
A.5.1 General RL Details

Our RL experiments are conducted using
verl (Sheng et al., 2025) as the training framework,
with vLLM (Kwon et al., 2023) serving as the in-
ference engine and FSDP (Zhao et al., 2023) as
the training backend. During the rollout phase,
we sequentially sample from the Code LLM and
Test LLM (if exists), submitting post-processed
and concatenated responses to a sandbox server
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Figure 5: Effect of Mistake Book. (a) Pass rate on newly generated tests, historical tests, and Golden Tests baseline
over training. (b) Number of tests added to and removed from the Mistake Book per step.

subject to a strict 10-second execution timeout to
prevent training bottlenecks. To ensure robustness
against sandbox instability, we implement a bidirec-
tional monitoring mechanism: a supervisor script
performs 30-second health checks to auto-restart
Docker services upon anomalies, while execution
failures trigger a retry protocol with a 60-second
backoff and a maximum of five attempts. Samples
that remain unresponsive are assigned a zero re-
ward, ensuring a zero advantage estimate—since
grouped samples share identical rewards—to pre-
vent erroneous policy updates. Finally, we compute
distinct rewards for each model based on execution
outcomes and perform asynchronous parameter up-
dates. All experiments are performed on 8 NVIDIA
H20 GPUs with CUDA 12.8. The detailed RL hy-
perparameters are summarized in Table 6.

A.5.2 Cost Analysis

All experiments use the same 8-GPU budget and
111 training steps. In the 1.5B setting, exclud-
ing sandbox execution, Code-A1l requires 208.61
GPU:s per step, compared with 70.26 GPU'-s per
step for Golden Tests. Although Code-A1 trains
two models, this cost remains below the naive
4 x upper bound because the Code LLM and Test
LLM are each trained on 4 GPUs, whereas Golden
Tests trains a single model on 8 GPUs. The CPU-
side sandbox cost also remains moderate: Code-
Al takes 81.58 seconds per step, compared with
36.99 seconds per step for Golden Tests, which
is far below the naive 8x expectation from the
number of Code LLM samples. This is mainly
because sandbox latency is dominated by network
requests rather than the execution speed of indi-
vidual test cases. Our sandbox template therefore
batches multiple generated tests for the same can-
didate code into a single request and returns their

results together, substantially reducing the number
of sandbox calls. In addition, reward computation
is performed asynchronously and can be largely
overlapped with GPU-side training. Beyond model
training and sandbox execution, the Mistake Book
introduces negligible additional overhead, since re-
trieval and update are implemented as per-question
hash-map operations.

A.5.3 Asymmetric Sampling and TOPVAR

For Code-Al, in the asymmetric sampling phase,
we employ the TOPVAR algorithm to filter for the
most informative groups based on reward variance.

Formally, let R,,, denote the reward for the
n-th test suite generated conditioned on the m-
th candidate solution ém. ‘We calculate the intra-
group reward standard deviation o, for each m €
{1,...,M}:

n=1

where R, = & Zﬁle R
We then derive the index set Z* corresponding
to the groups with the highest variance:

T* = argtop-£ (om) 7
me{l,...,M}

The gradient update for the Test LLM is strictly
restricted to these selected groups to maximize
training efficiency. For each selected test suite,
we define:

Immn = Am,nve log WQ(Tm,n’Qv C'm) (8)

The final Test LLM update is then:

N
VI e 30 Y g )

meZ* n=1
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Hyperparameter Golden Tests (GT)  Self-Play (SP) Code-A1l

Experiment Setup & Resources

Test LLM Source - Self-Play (Shared) Independent Model

Reward Manager acg_gt acg_llm acg_llm
Reward Alpha () - 0.5 0.5
n_gpus_per_node 8 8 4
Trainer

total_epochs 3 3 3
Algorithm

adv_estimator grpo grpo grpo
kl_coef 0.001 0.001 0.001
Data

train_batch_size 256 256 256
max_prompt_length 4096 4096 4096
max_response_length 4096 4096 4096
Model (Actor)

model.use_remove_padding true true true
model.enable_gradient_checkpointing true true true
actor.ppo_mini_batch_size 128 128 128
actor.use_dynamic_bsz true true true
actor.ppo_max_token_len_per_gpu 32768 32768 32768
actor.clip_ratio_low 0.20 0.20 0.20
actor.clip_ratio_high 0.28 0.28 0.28
actor.optim.lr le-6 le-6 le-6
actor.weight_decay 0.1 0.1 0.1
Rollout

rollout.name vlim vlim vilm
rollout.mode sync sync sync
rollout.tensor_model_parallel_size 1 1 1
rollout.gpu_memory_utilization 0.8 0.8 0.8
rollout.n 8 8 8
rollout.temperature 1.0 1.0 1.0
rollout.top_p 1.0 1.0 1.0
rollout.top_k -1 -1 -1
Reference Model

ref.log_prob_use_dynamic_bsz true true true
ref.log_prob_max_token_len_per_gpu 32768 32768 32768

Table 6: Detailed hyperparameters for reinforcement learning experiments.

A.5.4 Self-Play Details sign choice, we additionally evaluate a white-box
Self-Play variant. As shown in Table 7, allowing
the unified Self-Play policy to inspect its own can-
didate code increases test accuracy but degrades
test quality and code correctness, indicating that
black-box testing design for Self-Play is not an ar-
tificial restriction imposed to weaken the baseline,

but a structural safeguard against self-collusion.

The Self-Play architecture employs a unified model
to fulfill both Code LLM and Test LLM roles.
Since the same policy in Self-Play both produces
candidate solutions and constructs the tests used for
reward estimation, granting code-conditioned test
generation would introduce a direct self-collusion
channel: the model could obtain inflated rewards by

generating trivial tests aligned with its own candi-
date solutions rather than exposing implementation-
specific failures. We therefore have to adopt black-
box test generation for Self-Play, where the gener-
ated tests condition only on the problem description
and are shared across candidate solutions for the
same problem. By contrast, Code-Al can safely
exploit white-box testing because the Test LLM
is architecturally decoupled from the Code LLM
and optimized adversarially. To validate this de-

Apart from this architectural distinction, we keep
the Self-Play baseline closely aligned with Code-
Al to avoid confounding factors. Mechanisms
that are generally beneficial and can be shared
across methods—including test validation, compos-
ite test reward design, and the Mistake Book mecha-
nism—are aligned between Code-A1l and Self-Play.
The comparison therefore primarily isolates the
effect of role decoupling and safe white-box test
generation, rather than contrasting a complex sys-
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tem with a simplified baseline. In implementation,
Self-Play samples M = 8 candidate solutions and
N = 8 test suites for each problem. The generated
solutions are cross-executed against the generated
tests, after which reward construction and replay
follow the same procedure as in Code-Al.

A.5.5 SFT Details

To strictly quantify the performance gains of
RL training compared to Supervised Fine-Tuning
(SFT) for the Test LLM under identical data dis-
tributions, we constructed the SFT dataset based
on the same training source used in the RL phase.
To facilitate convergence, we adopted a simplified
prompt structure. Specifically, the input Buggy
Code consists of pre-sampled solution candidates
that failed to pass the complete set of Golden Tests,
while the output labels utilize the corresponding
ground truth Golden Tests. This design intends to
guide the model, via imitation learning, to master
the generation of standard test cases given flawed
code, thereby establishing a robust SFT baseline
for the comparative reinforcement learning experi-
ments.

<lim_startl>system

You are a helpful test case generation
assistant.

<lim_endI>

<lim_start/>user

Given the following Question, generate 8
assert-based test cases to detect bugs in the
following python function Buggy Code.
Each test case must be in the format:
assert function_name(parameters)

== answer, and split by \n. Output all
assert statements inside ~~ “python ...
" code block, and do not output anything
else.

Question:
{question}

Buggy Code:

T python
{buggy_code}
<lim_endI>
<lim_startl>assistant

A.6 Test-time Scaling Details
A.6.1 Experimental Setup

To evaluate the collaborative performance of the
Code LLM and Test LLM during the inference
phase, we implemented a parallel scaling strategy
based on the Best-of-N (BoN) selection mecha-
nism based on Qwen2.5-Coder-3B-Instruct. For
each question, the Code LLM samples M = 16
candidate solutions, and the Test LLM generates
N = 16 corresponding unit test suites. Unlike
the training phase, the Test LLM here generates
test suites based solely on the question descrip-
tion, blind to the candidate solutions, serving as
an independent verifier. We execute a full interac-
tion matrix where every candidate solution is tested
against every generated test suite. The candidate
solution that passes the highest number of unique
test cases across all suites is selected as the final
answer.

In Table 5, the symbol ‘/’ in the Test LLM col-
umn denotes the baseline setting without scaling
methods, reporting the direct avg@32 results. The
abbreviations HE™ denotes HumanEval™ and BCB
denotes BigCodeBench.

A.6.2 Complete Results

Table 8 expands Table 5 with Self-Play variants.
The self-verification inference setting is aligned
with the unified Self-Play training setup because
the same policy serves both coding and testing
roles. We also include a duplicated-instance Self-
Play setting for completeness. Both variants under-
perform Code-Al, suggesting that the gain comes
from role decoupling during training rather than
merely using two inference instances.

A.7 Evaluation Details
A.7.1 Robustness Claim

All reported evaluation results are obtained under
a matched repeated-evaluation protocol with the
same inference environment, decoding configura-
tion, and sandbox for all compared methods. We
repeat evaluations with 5 random seeds, compute
95% confidence intervals, and conduct two-sided
paired t-tests with matched seeds using Code-Al as
the reference method. Due to space limitations, we
omit detailed error bars and significance-test tables
from the paper, but all values reported in the main
text and appendix are based on this stable evalua-
tion protocol rather than a single favorable random
seed or sampling outcome. The consistent rankings
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HumanEval" MBPP"  BigCodeBench UnLeakedTestBench
Method Avg Mul
avg@32 avg@32 avg@32 pass@5 mut@5
Self-Play (black-box) 70.64 63.54 33.47 55.88 23.39 2891 6.76
Self-Play (white-box) 67.51 61.31 31.64 53.49 29.65 17.34 5.14
Code-A1l (white-box) 72.69 63.33 34.82 56.95 27.05 26.41 7.14

Table 7: Performance comparison between black-box and white-box Self-Play on Qwen2.5-Coder-1.5B-Instruct.

Parallel TTS
HEt MBPPT BCB Avg

Code LLM Test LLM

Base / 77.63 63.12 41.78 60.84
Self-Play / 81.86 67.06 45.09 64.67
Code-Al / 83.52 69.07 45.85 66.15
Base Base 82.32 70.63 4245 65.13
Self-Play Base 83.64 7098 4436 66.33
Code-Al Base 8476  71.69 4591 67.45
Base Self-Play 82.42 71.05 43.31 65.59
Base Code-A1 8293 7090 43.63 65.82
Self-Play Self-Play 84.36  70.37 4490 66.54
Code-Al Code-A1 85.37 7196 46.09 67.81

Table 8: Complete parallel test-time scaling comparison.

across repeated evaluations support the robustness
and reliability of the reported improvements.

A.7.2 Benchmark Generalization

Although Code-Al is designed around Python
function-level tasks, we also evaluate on
LiveCodeBench-v2 (Jain et al., 2025b) to test
robustness under more OJ-style tasks. As shown
in Table 9, Code-A1l remains consistently ahead
of Golden Tests and Self-Play across all three
Qwen2.5-Coder scales. The gap is smaller than
on function-level benchmarks, which is expected
because standardized stdin/stdout formats weaken
the advantage of our training scenario.

Code LLM Method LiveCodeBench-v2
Qwen2.5-Coder-1.5B-Ins Base 14.89
Golden Tests 20.48
Self-Play 19.78
Code-Al 21.23
Qwen2.5-Coder-3B-Ins Base 27.09
Golden Tests 28.93
Self-Play 28.66
Code-Al 29.18
Qwen2.5-Coder-7B-Ins  Base 38.95
Golden Tests 40.26
Self-Play 39.49
Code-Al 40.80

Table 9: Performance comparison of Code LLMs on
LiveCodeBench-v2.

A.7.3 Cross-Family Generalization

To check whether the improvement is specific to
Qwen2.5-Coder, we evaluate Code-A1l on Llama-
3.2-3B-Instruct (Grattafiori et al., 2024). Table 10
shows that the same ranking holds: Code-A1 out-
performs both Golden Tests and Self-Play, which
suggests that the advantages of Code-Al are not
tied to a single model family.

A.7.4 Metrics Definition

A7.4.1 Avg

Avg represents the macro-average of the code gen-
eration performance across all evaluated bench-
marks. It is calculated as the arithmetic mean of
the avg@32 scores on HumanEval™, MBPP™, and
BigCodeBench, providing a single scalar to reflect
the model’s overall coding capability.

A.7.4.2 Mul
Mul is designed to evaluate the yield of high-
quality tests by combining validity and adver-
sarial difficulty. As described in UnLeakedTest-
Bench (Huang et al., 2025), the calculation of mu-
tation score (mut@k) is inherently conditional on
the generated tests first being valid (i.e., compiling
and passing the original code, passQk).

This dependency creates a trade-off between
pass@k and mutQk:

* A model might achieve a high passQk by
generating trivial, low-complexity tests that
lack fault-detection capability (resulting in a
low mutQk).

* Conversely, a model might achieve a high
mut@k by generating highly complex tests,
even if only a small fraction of them are valid
(resulting in a low pass@k). This can occur
if the metric evaluation considers the “best"
tests from a sparse set of valid candidates.

To address this, we define Mul as:

Mul = pass@k x mutQk (10)

By multiplying these two metrics, Mul normal-
izes the mutation score against the total sampling
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HumanEval™ MBPP™" BigCodeBench UnLeakedTestBench
Method Avg Mul
avg@32 avg@32 avg@32 pass@5 mut@5
Base 41.31 41.92 24.90 36.04 17.13 40.52 6.94
Golden Tests 55.35 60.32 26.80 47.49 14.57 43.39 6.32
Self-Play 53.79 59.06 26.15 46.33 19.52 43.45 8.48
Code-Al 56.78 61.50 27.08 48.45 21.48 44.14 9.48

Table 10: Generalization of Code-A1 on Llama-3.2-3B-Instruct.

budget. It reflects the true proportion of generated
tests that are both valid and adversarial, ensuring
that a high score requires the model to simultane-
ously maintain high generation quality and strong
fault-detection capability.

In our experiments, pass@Qk is evaluated on the
full 3,909-task benchmark, while mut@Qk is eval-
uated on a 10% subset due to the cost of mutation
testing, which is enough to reliably reflect overall
test generation ability according to the benchmark
authors.

B Examples

B.1 Question Example

from typing import List
def threeSum(nums: List[int],
int) -> List[List[int]]:

nnn

target:

Write a function that receives
an array of integers and a target
integer. Your task is to find all
unique triplets in the array which
gives the sum of the target integer.

The solution set must not contain
duplicate triplets.
*xExample :*xx*

- Input: “nums = [-1, @, 1, 2, -1,
-4], target = 0°
- Output: “[[-1, -1, 21, [-1, o,
111"

B.2 Ground Truth Example

from typing import List

def threeSum(nums: List[int], target:

int) -> List[List[int]]:
nums.sort() # Sort the array to
help avoid duplicates and use two-
pointer strategy

result = []
for i in range(len(nums) - 2):
if i > 0 and nums[i] == nums[i -

1]: # Skip the same element to
avoid duplicates
continue
left, right = i + 1, len(nums) -

while left < right:

current_sum
[left] + nums[right]

nums[i] + nums

if current_sum == target:
result.append([nums[i],
nums[left], nums[right]])

while left < right and
nums[left] nums[left + 1]: #
Skip duplicates
left += 1
while left < right and

nums[right] == nums[right - 1]: #
Skip duplicates
right -= 1
left += 1
right -=1
elif current_sum < target:
left += 1
else:
right -=1
return result
B.3 Golden Tests Example
assert threeSum([-1, o, 1, 2, -1, -41],
@) == [[-1, -1, 21, [-1, o, 111
assert threeSum([1, 2, -2, -1]1, 1) ==
(C-2, 1, 211
assert threeSum([0, o, 0], o) == [[0, 0o,
011
assert threeSum([], @) == []
assert threeSum([3, o, -2, -1, 1, 2], @)
== [[-2, -1, 31, [-2, o, 21, [-1,
0, 111
assert threeSum([-1, o, 1, 2, -1, -4,
-2, -3, 3, 0, 41, o) == [[-4, o, 4],
[-4, 1, 31, [-3, -1, 41, [-3, o,
31, [-3, 1, 21, [-2, -1, 31, [-2, o,
21, -1, -1, 21, [-1, o, 111
assert threeSum([1, 2, 3, 4], 10) == []
assert threeSum([-1, 2, 1, 41, 8) == []
B.4 Code LLM Response Example
def threeSum(nums, target):
nums.sort ()
res = []
n = len(nums)
for i in range(n):
if i > @ and nums[i] == nums[i
=77 g
continue
1, r=1+ 1, n -1

while 1 < r:
s nums[i] + nums[1l] + nums

[r]
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Figure 6: Detailed pipeline of Code-A1. Top: Code LLM training with code generation (Step 1), evaluation against
combined tests (Step 4), and reward computation via group-relative advantage (Step 5). Bottom: Test LLM training
with white-box test generation (Step 2-1), Mistake Book retrieval and update (Steps 2-2, 2-3, 4-2), test validation
against ground truth (Step 3), and composite reward computation with TopVar selection (Step 5-1).

if == target:
res.append([nums[i],
nums[1], nums[rll)
1 +=1
r -=1
elif s < target:
1 +=1
else:
r -=1
return res

B.5 Test LLM Response Example

Before Training

assert threeSum([-1, 11, [C-1,
0, 111
assert threeSum([],
assert threeSum([0,
0]1]
assert threeSum([0,
0, 0]]
assert threeSum([-1,
2) LC-1, -1,
assert threeSum([1,
assert threeSum([-1,
[[-1, o, 111
assert threeSum([3, 0,
[[-2, -1, 31,
111

@’ 0) ==

[1]
@) ==

0) ==
o, ol,

0 )

0, 1
2], [-1,
2, 3, 4]
_‘|,

2)

4 ’

After Training

assert threeSum([0,
([0, o, o]]
assert threeSum([-2,

-2, 1, 111

0 ’

assert threeSum([-2,
([-2, o, 21]
assert threeSum([-1,
== [[-1, -1, 2]]
assert threeSum([-4,
([-4, 2, 21]
assert threeSum([-6,
== [[-6, 3, 3]1]
assert threeSum([-2, 1,
Q) [[-2, o, 2],
assert threeSum([-100,
0) [[-100, 50,

0, 0, 2, 21, @) ==

-1, -1, 2, 21, @)

2, 2, 2,

3, 3)
1)
(-2,
50,
5017

1!
50,

C Comparisons with Related
Co-Evolution Frameworks

CURE (Wang et al., 2025), UTRL (Lee et al.,
2026), and Code-Al all explore the use of model-
generated tests to improve code generation or
test generation. We share the motivation that
static human-written tests are limited in cover-
age and cannot adapt to the evolving capability
of code models. However, we differ substantially
in their supervision assumptions, optimization ob-
jectives, and co-evolution protocols. In particular,
both CURE and UTRL mainly demonstrate that
generated-test supervision can become comparable
to labeled supervision, whereas Code-A1l targets
a stronger outcome: removing the dependence on
human-written unit tests while enabling the Code
LLM to surpass the golden-test-trained baseline.
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HumanEval" MBPP' BigCodeBench LiveCodeBench-v2 UnLeakedTestBench
Method Avg Mul
avg@32 avg@32 avg@32 pass@5 mut@5
Base 77.06 71.78 46.83 45.60 60.32 3791 52.33 19.84
CURE 78.28 72.57 46.99 47.16 61.25 36.90 57.73 21.30
UTRL 74.94 72.67 49.14 48.14 61.22 52.99 56.72 30.06
Code-Al 84.74 75.27 49.63 47.58 64.31 53.82 56.05 30.17

Table 11: Comparison with related co-evolution frameworks on Qwen3-4B (Long-CoT model).

C.1 Code-Al

Code-Al is designed for annotation-free code RL
with dynamic, code-conditioned test generation. Its
central objective is not only to train a stronger Test
LLM, but also to make the generated tests reliable
enough to serve as adaptive rewards for improving
the Code LLM. To this end, Code-A1 decouples the
Code LLM and Test LLM into two separately pa-
rameterized models with opposing objectives. This
separation makes white-box test generation safe:
the Test LLM can inspect the current candidate
code and generate implementation-specific adver-
sarial tests, while the Code LLM is optimized to
pass increasingly stronger tests. The interaction is
further stabilized by oracle-based test validation,
composite test rewards, and Mistake Book replay.
As aresult, Code-Al turns generated tests from an
auxiliary signal into the primary dynamic supervi-
sion source for code RL, allowing the final Code
LLM to outperform training with human-written
golden tests.

C.2 CURE

CURE also studies co-evolution between code gen-
eration and unit-test generation, but differs from
Code-Al in the role of generated tests. Although
CURE removes the need for ground-truth code so-
lutions, its code-generation reward is still based
on ground-truth unit tests, while generated tests
are mainly optimized on the tester side to support
co-evolution. As a result, CURE demonstrates that
generated-test supervision can become comparable
to ground-truth labeled supervision. In contrast,
Code-Al targets a stricter annotation-free code-
RL setting: human-written unit tests are not used
as Code LLM training rewards, and dynamically
generated and validated tests serve as the primary
supervision signal for code optimization. This en-
ables Code-Al to surpass the golden-test-trained
baseline rather than merely match it.

C.3 UTRL

UTRL is closer to Code-Al in that it also adopts
separate models for code generation and test gen-
eration under an adversarial training formulation.
Nevertheless, the two methods differ in their opti-
mization target and co-evolution protocol. UTRL
mainly aims to learn a stronger unit-test generator.
In contrast, Code-Al targets a more demanding
code-RL objective: generated tests should serve
as the primary reward source and improve the
Code LLM beyond the golden-test-trained base-
line. Methodologically, UTRL alternates the opti-
mization of the code and test models across stages,
so each model is often updated against samples
produced by a previous policy. Code-Al instead
performs synchronous and adaptive adversarial co-
evolution, where the Code LLM and Test LLM are
optimized from their current interactions. More-
over, Code-A1 further stabilizes this interaction
through code-conditioned white-box test genera-
tion and Mistake Book replay, enabling the Test
LLM to expose implementation-specific failures
while preventing the Code LLM from forgetting
historically discovered errors. Therefore, the key
improvement of Code-A1 over UTRL lies in mak-
ing adversarial co-evolution more adaptive, tar-
geted, and stable for code RL, rather than only
training a stronger tester whose effect on code gen-
eration remains comparable to ground-truth-test-
based supervision.

C.4 Comparison Results

Table 11 summarizes the Qwen3-4B-scale com-
parison. Since the methods differ in training
data, task format, and supervision assumptions,
the results should be interpreted as contextual evi-
dence rather than a fully data-identical comparison.
We report HumanEval™, MBPP™, BigCodeBench,
and LiveCodeBench-v2 as code-generation bench-
marks, and compute Avg over all four benchmarks.
Since CURE does not report LiveCodeBench-v2,
its Avg is left blank to avoid mixing different av-
eraging protocols. Under this comparison, Code-
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Al achieves the strongest reported code-generation
performance among methods with complete results
and remains competitive on test-generation metrics,
supporting the effectiveness of using synchronous,
white-box, and stabilized adversarial co-evolution
as the main reward source for code RL.

D Training Pipeline of Code-A1l

Figure 6 illustrates the complete training pipeline
of Code-Al. Given a question from the training
dataset, the process proceeds as follows:

Code Generation (Step 1).
erates M candidate solutions {C1, ..
each question.

The Code LLM gen-
., Cyr} for

Test Generation (Step 2-1). For each candidate
Cm, the Test LLM performs white-box generation:
it inspects the candidate code and produces N test
suites {Ton 1, - -+, T, ~ }» each containing multiple
assertion statements.

Mistake Book Retrieval (Step 2-2, 2-3). The
system queries the Mistake Book for historical fail-
ures 775t associated with the current question, re-
trieving tests with the highest failure frequency to
form a stable evaluation baseline.

Test Validation (Step 3). Each generated test
suite is executed against the ground-truth code Cor
to compute validity scores. Tests with incorrect
predictions are corrected using oracle outputs and
retained to enrich coverage.

Code Evaluation (Step 4-1). Candidate solu-
tions are evaluated against the combined test set
(newly generated tests plus historical failures). Pass
rates determine the adversarial scores for both mod-
els.

Mistake Book Update (Step 4-2). The Mistake
Book is dynamically updated: newly failed tests
are added with frequency 1, while historical tests
that now pass have their frequency decremented or
are removed.

Reward Computation (Step 5). The Code LLM
receives rewards based on pass rates. The Test
LLM receives composite rewards balancing valid-
ity and adversarial difficulty: Rr = o - Valid +
(1 — &) - Adv. To balance training compute, only
the test suite group with highest reward variance
(TopVar) is selected for the Test LLM update.

E Future Work

Relaxing Dependence on Reference Solutions.
Future work could explore using consensus among
multiple code samples or execution-based valida-
tion to reduce the reliance on ground truth imple-
mentations when validating generated tests.

Supporting More Diverse Test Formats. Ex-
tending Code-A1 beyond assertion-based tests to
support stateful interactions, I/O-based testing, and
property-based testing would broaden its applica-
bility to more realistic programming scenarios.

Extending to Broader Reasoning Domains. An-
other promising direction is to investigate whether
adversarial co-evolution can transfer to other pro-
gramming languages, longer-context software engi-
neering tasks, or non-code reasoning problems with
verifiers, such as mathematical theorem proving.
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