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Abstract

Reinforcement learning (RL) has substantially
advanced code generation with large language
models (LLMs) through executable feedback.
The feedback for coding problems mainly
comes from specific test cases, where high-
quality test cases are often scarce since they
should be both sound and discriminative. We
thus turn to study the auto-generation of test
cases using the learned model. We find this is
naturally an adversarial RL problem: the model
is expected to generate effective test cases as
counterexamples, depending on the solver’s
current failure modes. We propose Test Cases
Scaling (TCS), a two-stage RL framework for
effective test generation. Both stages train a test
generator from a rolling policy-aligned buffer:
Stage 1 generates tests consistent with the refer-
ence solution, and Stage 2 restricts the buffer to
current failure modes and learns counterexam-
ple tests. Across TACO and LiveCodeBench,
TCS improves both pass@1 and inference-time
answer selection according to generated tests.
We find the learned test generator also enables
effective selection among other LLM outputs.

1 Introduction

Code generation is one of the most consequential
applications of large language models (LLMs), im-
proving developer productivity and lowering bar-
riers for non-experts (Dong et al., 2025). Modern
code LLMs have moved far beyond heuristic sys-
tems (Gulwani, 2010; Roziere et al., 2023; Hui
et al., 2024; Dong et al., 2025), and reinforcement
learning (RL) has become a particularly effective
post-training tool because candidate programs can
be verified by execution on test cases, often outper-
forming purely supervised tuning based on costly
demonstrations (Shojaee et al., 2023; Le et al.,
2022; Luo et al., 2025).

As code models improve, the bottleneck shifts
from producing plausible solutions to verifying
which candidate is actually correct. This makes
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Figure 1: TCS enables adversarial test case generation
using ground-truth solutions.

inference-time self-verification attractive: generate
tests, execute candidate programs, and select the
program with the strongest empirical support. For
code tasks, this is appealing because it relies on
executable evidence rather than a generic scalar
reward. But test-based selection helps only when
generated tests are reliable and targeted. Unsound
tests can mis-rank candidates, while weak tests fail
to expose subtle bugs. In our experiments, self-
generated tests help substantially, yet curated pub-
lic tests can still outperform them when used alone,
showing that the challenge is not to generate more
tests, but better ones.

This challenge explains why RL is useful here
beyond supervised imitation. Test generation is
a multi-solution, utility-driven objective: many
tests can be correct, as judged by execution rather
than exact target matching. The objective is non-
stationary because informative tests depend on the
solver’s current failure modes. Whereas code gen-
eration can optimize against a fixed test suite, test
generation must produce tests that are sound for a
reference solution and discriminative against plau-
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sible incorrect code. Optimizing only for sound-
ness yields trivial tests, while counterexample re-
wards are sparse and unstable from scratch, making
reward design particularly important (Chen et al.,
2024; Fu et al., 2025).

We therefore study an execution-verifiable post-
training setting in which a ground-truth solution
is available to validate generated tests. This lets
us separate two objectives that are easy to con-
flate: soundness control through ground-truth ver-
ification and candidate-conditioned adversarial-
ity against the model’s evolving failure modes.
This setting provides a clean test bed for under-
standing what makes learned test generation use-
ful. Based on this view, we propose Test Cases
Scaling (TCS), a two-stage RL framework that
jointly trains code generation and test generation
with stage-specific rewards and a rolling policy-
aligned buffer. Stage 1 learns tests that agree with
the ground-truth solution, while Stage 2 learns
candidate-conditioned counterexample tests that
pass the reference solution but fail plausible in-
correct programs. At inference time, the learned
verifier generates tests for candidate programs, and
we select the candidate with the highest pass-count
across pooled tests.

Experiments on TACO and LiveCodeBench
show consistent gains in both training-time and
inference-time performance. The paper makes
three main contributions:

* We argue that effective test generation for
code LLMs requires both soundness control
and candidate-conditioned adversariality, and
formulate this view in an execution-verifiable
post-training setting where generated tests can
be checked against a ground-truth solution.

* We propose Test Cases Scaling (TCS), a
two-stage RL framework that instantiates
these principles: Stage 1 learns ground-truth-
verified tests, and Stage 2 learns candidate-
conditioned counterexample tests via stage-
specific rewards and a policy-aligned buffer.

* We provide theoretical and empirical evidence
for test-based inference-time scaling. We
derive an exponential reliability bound for
pass-count selection under self-generated
tests (Sec. 3.4), and experiments on TACO
and LiveCodeBench show improvements over
joint SFT, code-only RL, and test-only RL.

The learned verifier can also improve the se-
lection of outputs from strong external LLMs.

2 Background

2.1 Reinforcement Learning

Reinforcement learning (RL) fine-tunes a policy 7y
to maximize task reward. We use Group Relative
Policy Optimization (GRPO) (Shao et al., 2024),
which avoids a separate value model by using the
average reward of multiple outputs from the same
prompt as a baseline. For each prompt z, GRPO
samples a group of G outputs {y;}%, and com-
putes group-relative advantages:
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where r; is the reward on response ;.

2.2 Code and Test Case Generation

The task of code generation is to produce a program
C from a natural-language problem description
P that satisfies the specification. Because many
problems admit multiple correct implementations,
candidate programs are verified against test suites
T = {(L;,0;)}*,. In RL for code generation, a
standard reward function R° evaluates whether a
generated program C' passes an assumed ideal test
suite 7* (Yu et al., 2025a):

1, ifV(,0;) € T":
Exec(C, ;) = 0;  (2)
0, otherwise.

R(C,T") =

Thus, test quality is central to both training and
evaluation. A useful test suite should be (1) sound
for the reference solution and (ii) sufficiently dis-
criminative to expose failures of plausible incorrect
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Figure 2: Overview of the two-stage training process in Test Cases Scaling (TCS).

implementations. Generating tests that satisfy both
properties is precisely the challenge we target in
TCS. This mirrors competitive programming prac-
tice, where constructing tests that break seemingly
correct solutions is itself a core skill rather than a
mere evaluation artifact.

3 Test Cases Scaling (TCS)

3.1 Problem Formulation

Each training instance consists of a problem de-
scription P, a ground-truth solution C*, and a test
suite 7 = {(I;, 0;)}™,. This setup assigns two
distinct roles to the same LLM:

* Solver: Given a problem description P, the
solver aims to generate code C that passes all
test cases in the test suite 7, i.e., V(I;, 0;) €
T : Exec(C, I;) = O;.

* Verifier: Given a problem description P and
a candidate program C, the verifier aims to
generate test cases (I,,0,) that are sound
under C* (i.e., Exec(C*,I,) = O,) and
discriminative for incorrect candidates (i.e.,
Exec(C, I,,) # O, when C'is wrong).

Unlike RL pipelines that optimize only the solver,
TCS explicitly trains the same model as a verifier.
The ground-truth solution provides a clean signal
for soundness, while the candidate program C' de-
fines the adversarial target. This shared-policy
setup matters: the verifier is not an external checker,
but a capability of the same model whose candi-
dates it later evaluates. Verifier training is therefore

part of code understanding: to produce sound coun-
terexamples, the model must reason jointly about
specifications, outputs, and bug patterns. This helps
both during training, where test generation sharp-
ens reasoning about corner cases, and during in-
ference, where the verifier ranks candidates via
self-generated tests (Sec. 3.3).

3.2 RL Training

RL is well suited to this setting because execution
provides direct utility feedback for a multi-solution
objective. But reward design is crucial, and test
generation is harder than code generation because
a useful test must be both sound for the reference
solution and adversarial against plausible incorrect
code. Optimizing both at once is brittle: rewards
that ignore soundness invite reward hacking, while
rewards that demand full counterexamples from the
start are too sparse to learn from. TCS therefore
uses a staged verifier curriculum: Stage 1 learns
soundness with dense feedback, and Stage 2 learns
candidate-conditioned counterexamples against in-
correct solutions.

We jointly train code generation and test gen-
eration (Figure 2) with a single shared policy by
mixing prompts from the code dataset D and ver-
ifier prompts constructed online from a policy-
aligned buffer B. We update the policy using
GRPO (Eq. (1); Appendix Algorithm 1) with R°¢
for solver rollouts and stage-specific verifier re-
wards Rﬁ (Eq. 3)/ R’; (Eq. (4)) for verifier roll-
outs. Generated tests train the verifier and support
inference-time selection, while solver rollouts are



scored only by dataset tests. This joint optimiza-
tion couples the solver and verifier: solver roll-
outs populate 3 with the policy’s current behavior,
and verifier rollouts learn to produce tests that are
first reliable and then increasingly targeted to those
evolving failure modes. Unlike fixed offline super-
vision, this online RL loop lets the verifier track
the solver’s moving error distribution.

3.2.1 Policy-Aligned Buffer

To learn candidate-conditioned tests, verifier
prompts must reflect the solver’s current failure
modes rather than a static offline collection of code.
We therefore dynamically construct test-generation
prompts from solver outputs produced online dur-
ing training. Outputs that meet stage-specific cri-
teria are collected into a rolling buffer B, which
serves as the reservoir for verifier instances. To
maintain diversity and alignment with the current
policy, we retain only items from the most recent 75
training steps. Even in Stage 1, where the reward
depends only on soundness, conditioning on cur-
rent code helps the verifier learn candidate-specific
contexts and keeps the prompt distribution consis-
tent with Stage 2. The full test-generation prompt
template is provided in Appendix E.

3.2.2 Stage 1 Training (Soundness)

Stage 1 controls soundness. For a ground-truth
solution C* and a generated test case (I, Oy),
we assign reward 1 if Exec(C*,I;) = O, and
0 otherwise. To prevent exact reuse of example
tests from the prompt, we additionally require
(Igv OQ) ¢ %xample’ yielding Rﬁ:

1, if Exec(C*, 1) = Oy
and (Ig, Og) Qf 7(-:xample (3)

0, otherwise.

Rﬁ(lga Og) =

where Texample denotes the example test cases in
the problem description. This filter is deliberately
conservative: it blocks exact copying, while the
main guardrail remains execution-based verifica-
tion against C"*.

During Stage 1, B admits executable solver out-
puts (e.g., no syntax errors or timeouts), exposing
the verifier to diverse, policy-aligned code con-
texts without requiring strong adversarial targeting.
Stage 1 ends when the verifier reaches a predefined
success threshold (Appendix A), after which we
transition to Stage 2. Intuitively, Stage 1 reduces

the soundness error of generated tests before opti-
mizing for harder counterexamples.

3.2.3 Stage 2 Training (Counterexample)

While Rﬁ promotes soundness, it can still encour-
age trivial tests with little discriminative power. At
the Stage 1—Stage 2 transition, we clear B and
thereafter admit only executable but incorrect can-
didates, defined as programs that fail at least one
dataset test case in 7. Stage 2 then trains the veri-
fier to generate candidate-conditioned counterex-
amples: tests that pass C* but fail an incorrect
candidate Cyong sampled from B (Sec. 3.2.1). We
define the adversarial reward R} as:

RY(I;, 04, C*, Cyrong)

1, if Exec(C*, 1) = Oy
and Exec(Cyrong: Ig) # Oy 4
and (Igy Og) ¢ %xamp]e

0, otherwise.

Despite being well motivated, R} can be ex-
tremely sparse early in training, especially for mod-
els with weak test-generation ability. For models
like R1-Distill-Qwen-1.5B, directly optimizing R,
yields near-zero rewards for long periods because
producing a counterexample test requires both (i)
generating a sound (/4,0,) and (ii) targeting a
non-trivial failure mode of Cyrong. This sparsity
motivates the Stage 1—Stage 2 curriculum above.

Because R; explicitly conditions on Clyong,
Stage 2 incentivizes targeted counterexamples
rather than generic corner cases. In this sense,
Stage 1 and Stage 2 instantiate the two principles
highlighted in the introduction: Stage 1 controls
soundness through ground-truth verification, while
Stage 2 adds candidate-conditioned adversariality.

3.3 Inference-time Scaling

Conventional inference-time scaling often samples
multiple candidates and uses an external reward
model to rerank. For code generation, we instead
scale by generating and executing self-generated
tests: we use the same test generation mechanism
as in training to construct prompts conditioned on
(P, C;), and then select the candidate that best sat-
isfies the resulting tests. This selection rule is only
useful when the pooled tests are sufficiently sound
and sufficiently discriminative, which is exactly
what TCS is designed to improve. Given a problem,
we sample N candidate code solutions {C;}1Y;.



For each C};, we generate M test cases conditioned
on (P, C;), yielding a pooled set of K = N x M
self-generated tests. We execute each C; on the
pooled tests and select the candidate with the high-
est pass-count. Formally, our selection criterion
can be expressed as:

Cselected = arg max S (Cz)a
CZ‘E{Cl,CQ,...,CN}
NxM (5)
S(Ci) = ) TExec(Ci, I;) = O]
j=1

where S(C;) is the pass-count for the i-th candidate
code solution, {(/}, Oj)}j»v: XM denotes the pooled
self-generated test cases, and [ is the indicator func-
tion that equals 1 when the execution matches the

expected output and 0 otherwise.

3.4 Theoretical Analysis

Eq. (5) selects the candidate with the largest pass-
count under the pooled self-generated tests. We
formalize when this selection becomes reliable as
the number of tests increases.

Let C = {Cy,...,Cn} be the candidate set,
and let C~ C C denote the set of incorrect candi-
dates. Assume that C contains at least one correct
candidate, i.e., C\ C~ # 0. If C- = (), incor-
rect selection is impossible and the claim is triv-
ial. We henceforth consider the nontrivial case
C~ # (). For each candidate C;, we independently
sample M tests from the conditional test generator
G(- | P,C;), yielding a stratified pooled test set
T = {(Tiyn, Oim) } o1 oy Of size K = N x M.
Throughout the analysis, generated test inputs are
assumed to satisfy the input constraints of P. We
use the induced uniform pooled-mixture distribu-
tion, which first samples i ~ Unif({1,...,N})
and then samples from G(- | P, C;), only to define
the aggregate quantities o and § below.

Definition 1 (Soundness error and counterexam-
ple rate). Let (I, O) be a random test drawn from
the pooled-mixture distribution above. Define the
soundness error

a = Pr[Exec(C*, ) # O],

and for any incorrect candidate C' € C™ define the
counterexample rate

Exec(C*,I) =0
N Exec(C,I) # O

§ £ min 6(0).
ceC—

5(C) & Pr

9

a measures how often the test generator assigns
an incorrect label to C*, while § measures how
often a test makes an incorrect candidate fail while
C* passes.

Assumption 1 (Independent stratified sampling
and net-discriminativeness). Conditioned on the
fixed candidate set C, the stratified tests
{(Zi . Oi,m)}ﬁiymﬂ are independent, and 6 >
o under the induced pooled-mixture distribution.

Proposition 1 (Exponential reliability of pass—
count selection). Under Assumption 1, the
inference-time rule in Eq. (5) selects an incorrect
candidate with probability at most

Pr [Cselected € Ci]

K(52—a)2) '

< (V- 1>exp<—

Intuitively, each additional test case changes the
pass-count gap between a correct and incorrect
candidate by at most =1. When tests are net-
discriminative ( > «), the expected gap grows lin-
early with K and concentrates by Hoeffding/Cher-
noff, yielding an exponentially small mis-selection
probability. The complete proof is provided in Ap-
pendix B.

Interpretation and connection to two-stage
training. The bound in proposition 1 identifies
two control knobs for inference-time scaling: the
number of tests K and the margin (§ — «). Stage 1
(Eq. (3)) is designed to reduce « by rewarding tests
consistent with C*, while Stage 2 (Eq. (4)) is de-
signed to increase & by rewarding counterexample
tests that fail incorrect solutions while passing C*.
This motivates the decoupled ablations in Appendix
Table 4.

4 Experiments

4.1 Experimental Setup

Our method assumes an execution-verifiable set-
ting: each training example contains a problem
description, a ground-truth solution, and reliable
test cases, so generated tests can be checked during
post-training. We use TACO (Li et al., 2023) for
training and evaluation, filtering its 25,433 prob-
lems down to 6,318 curated instances with adequate
test coverage and at least one Python solution that
passes all cases. We evaluate on the TACO valida-
tion set (1,000 problems) and LiveCodeBench (Jain
et al., 2025). The Stage 1—Stage 2 switch is a fixed



TACO LiveCodeBench
Model w/o pub w/ pub w/o pub w/ pub Avg.
DeepSeek-R1-Distill-Qwen-1.5B

Base Model 5.63 14.38 10.01
+ Reward Model 12.70 14.60 23.30 30.11 20.18
+ Self-Generated Test Cases 5.78 13.91 22.00 30.09 17.95

SFT Model 943 17.21 13.32
+ Reward Model 14.32 16.78 23.67 32.45 21.81
+ Self-Generated Test Cases 15.12 16.23 24.33 31.89 21.89

RL using TCS Training 12.31 20.63 16.47
+ Reward Model 15.66 23.17 24.01 37.99 25.21
+ Self-Generated Test Cases 20.52 25.18 27.47 38.90 28.02

DeepSeek-R1-Distill-Qwen-7B

Base Model 14.36 28.56 21.46
+ Reward Model 24.87 26.98 42.65 46.24 35.19
+ Self-Generated Test Cases 18.67 26.02 43.01 46.15 33.46

SFT Model 18.92 32.14 25.53
+ Reward Model 27.45 29.67 43.23 4891 37.32
+ Self-Generated Test Cases 27.32 29.78 44.67 47.82 37.40

RL using TCS Training 24.09 37.03 30.56
+ Reward Model 31.11 37.67 43.01 53.40 41.30
+ Self-Generated Test Cases 35.35 39.40 48.79 54.75 44.57

Table 1: Performance on TACO and LiveCodeBench.
hard transition aligned with roughly 0.75 training-  tests (N = 16 for TACO, N = 32 for Live-

batch test accuracy (200 steps for 1.5B, 40 for 7B),
and inference-time selection uses M = 1 gener-
ated test per candidate. Full details are deferred to
Appendix A.

4.2 Main Results

We evaluate DeepSeek-R1-Distill-Qwen models
(1.5B and 7B) in three settings: the base model, an
offline joint code—test SFT baseline, and TCS. The
SFT baseline uses the same training problems as
TCS with R1-Distill-Qwen-32B sample generation,
following Sol-Ver (Lin et al., 2025): code super-
vision comes from teacher samples that pass the
reference tests, and test supervision comes from
candidate-conditioned, ground-truth-verified cases
that expose the paired incorrect code sample. Thus,
the baseline already receives execution-verified ad-
versarial supervision, but only through a fixed of-
fline dataset rather than TCS’s policy-aligned on-
line updates. In TCS, we enter Stage 2 once test-
generation accuracy exceeds a threshold.

Table 1 reports pass@1 (16 samples on TACO
and 32 on LiveCodeBench) and Best-of- NV selected
by either reward-model ranking or self-generated

CodeBench, and M = 1 generated test per can-
didate). We use InternLM2-7B-reward (Cai et al.,
2024) and the CodeT (Chen et al., 2023) pipeline
for these two selection rules, both with and without
public test cases.

Table 1 summarizes both training-time and
inference-time performance. = TCS improves
pass@1 for both 1.5B and 7B models relative to
the base and joint-SFT baselines, showing that ver-
ifier training helps not only reranking but also the
solver itself. More importantly, TCS yields the
strongest gains when self-generated tests are used
for selection, indicating that the learned verifier be-
comes materially more useful after training. Since
the joint-SFT baseline already receives candidate-
conditioned, ground-truth-verified adversarial su-
pervision offline, this gap reflects the value of on-
line RL rather than merely better labels.

The table clarifies why soundness control mat-
ters. For the base model, self-generated tests are
often weaker than reward-model ranking, reflect-
ing unreliable test generation. SFT narrows this
gap but still leaves test-based selection inconsis-
tent. TCS changes this pattern: with matched



backbones, self-generated tests become compet-
itive with or stronger than reward-model ranking,
especially without public test cases, when selection
relies almost entirely on the learned verifier.

On LiveCodeBench, the 7B base model im-
proves from a pass@1 of 28.56 to 43.01 with self-
generated test selection at BoN-32. Under the same
protocol, curated public tests alone reach 45.99,
while combining public and self-generated tests
works best at 46.15. Self-generated tests therefore
provide substantial value without automatically
surpassing curated tests; this is precisely where
soundness control matters. TCS addresses this with
Stage 1 for reliability and Stage 2 for candidate-
conditioned counterexamples. Appendix Figure 5
extends this comparison across sample counts, with
and without public test cases, and shows the same
pattern: self-generated tests help most when they
complement reliable filtering signals rather than
replace them blindly.

Importantly, these gains do not come from
just any external test generator. Under the same
inference-time budget, tests generated by CodeRM-
8B (Ma et al., 2025) yield weaker filtering perfor-
mance than both reward-model ranking and our
self-generated tests (Appendix C.6).

Joint vs. decoupled training. To separate the
effect of joint training from generic RL gains, we
compare TCS with two decoupled baselines on
the same R1-Distill-Qwen-1.5B backbone: code-
only RL (Code-RL) and test-only RL (Test-RL).
Appendix Table 4 reports pass@1 and no-public-
test selection results.

These results separate solver-side from verifier-
side RL. Code-RL improves pass@1 over the
base model, but adds little under “+TC,” suggest-
ing better solutions without a much better veri-
fier. In contrast, Test-RL yields a stronger veri-
fier: although its direct pass@1 remains modest,
its self-generated tests produce much larger gains
with “+TC,” consistent with a higher counterex-
ample rate 6. Joint TCS training achieves both
the best training-time performance and the largest
inference-time gains under self-generated test se-
lection, consistent with jointly reducing soundness
error and enlarging (§ — «) in Sec. 3.4. Filtering
TCS-generated code with Test-RL tests still under-
performs TCS self-verification, consistent with a
synergistic self-play effect: a stronger solver cre-
ates harder failure modes for the verifier. Appendix
Table 6 likewise shows that code-only RL does not
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Figure 3: Comparison of different inference-time scal-
ing methods on TACO.

reproduce the same test-based selection gains. This
rules out the simpler explanation that TCS works
only because RL improves the solver: explicit veri-
fier training matters independently.

4.3 Inference-Time Scaling Comparison

Inference-time computation often improves answer
quality by sampling multiple candidates and rank-
ing them with an auxiliary signal. For code gen-
eration, one natural signal is execution on self-
generated tests. We use DeepSeek-R1-Distill-
Qwen-14B as a strong baseline and apply the same
selection rule as in Section 3.3. Figure 3 shows
that self-generated test selection yields consistent
gains as IV increases. Notably, the TCS-fine-tuned
1.5B model can outperform the much larger 14B
baseline under this rule. Reward-model selection
is stronger than naive self-generation for weaker
models, but becomes less stable as N grows, sug-
gesting sensitivity to out-of-distribution candidates.
In contrast, TCS yields a more robust test-based
scaling signal, consistent with Sec. 3.4: additional
tests help only when their distribution keeps o low
while providing enough 4.

4.4 Test Case Effectiveness

To better understand why TCS helps, we evaluate
generated tests along two axes. First, we measure
practical filtering power: do the generated tests
improve Best-of-N selection for strong external
models? Second, we measure output consistency
using the official LiveCodeBench Test Output Pre-
diction task: given the problem and a gold-test
input, the model predicts the corresponding output,
which is scored against the verified reference. We
use this prediction accuracy as a proxy for test re-
liability and soundness, rather than as a complete
measure of adversariality by itself.

Figure 4(a) shows that tests generated by TCS-
7B yield larger downstream selection gains on Live-
CodeBench than those from strong external models,
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indicating stronger practical filtering power. Fig-
ure 4(b) shows that TCS models achieve higher test-
output prediction accuracy, which we interpret as a
proxy for stronger soundness and consistency. We
therefore use output-prediction accuracy to charac-
terize reliability, and downstream selection gains
to characterize usefulness for candidate filtering.
Together, these results support the claim that TCS
improves both the reliability and practical value
of generated tests. Appendix Figures 6 and 7 fur-
ther illustrate the adversarial tests learned by TCS,
including cases that eliminate incorrect solutions
even after they pass all available public tests.

4.5 Effectiveness of Two-Stage Reinforcement
Learning

We hypothesize that Stage 1 and Stage 2 play dis-
tinct roles: Stage 1 mainly improves soundness,
while Stage 2 mainly improves adversariality. Un-
der the same computational budget, Stage 1-only
training yields only modest test-based scaling gains
(Appendix Table 5), showing that soundness alone
is insufficient as N grows. By contrast, the full
two-stage reward produces clearer gains, especially
when public and self-generated tests are combined.

Figure 4(c) plots batch-mean test-generation re-
wards over training steps and shows that directly
optimizing R} from the outset yields sparse re-
wards and ineffective counterexample learning for
many steps. Stage 1 therefore establishes a suf-
ficiently sound verifier before Stage 2, enabling
more effective Stage 2 training.

5 Related Work

Post-training for code LLMs has primarily focused
on improving the solver, with large gains from
SFT and RL on code generation tasks (Hui et al.,
2024; Guo et al., 2024; Jiang et al., 2024; Fan et al.,
2025). More recent work has also explored unit-

test generation, verifier learning, and solver-verifier
co-training (Lin et al., 2025; Li et al., 2025; Tak-
erngsaksiri et al., 2025; Wang et al., 2025). Against
this backdrop, we focus on a narrower question:
in an execution-verifiable setting, what properties
make learned test generation useful for inference-
time selection? Accordingly, we study matched-
backbone, matched-budget evidence for soundness
control and candidate-conditioned adversariality,
operationalized through a staged RL objective and
a policy-aligned buffer.

Recent inference-time scaling approaches im-
prove quality by sampling multiple candidates
and selecting among them using an auxiliary sig-
nal (Snell et al., 2025; Wu et al., 2025). For code,
prior work has used reward models, interpreters,
search, and self-generated tests to rerank candidate
programs (Cai et al., 2024; Liu et al., 2025; Shinn
et al., 2023; Chen et al., 2023; Li and Yuan, 2024,
Light et al., 2025; Yu et al., 2025b; Tang et al.,
2024). Our focus differs in three ways: we train
the verifier itself, optimize verifier utility with RL
rather than only imitating a fixed offline test distri-
bution, and analyze reliability through the sound-
ness error o and counterexample rate J.

6 Conclusion

We argued that effective test generation for code
LLMs requires soundness control and candidate-
conditioned adversariality, and that RL is use-
ful here because test generation is multi-solution,
execution-defined, and policy-dependent. Across
TACO and LiveCodeBench, Test Cases Scaling
(TCS) improves both code generation and self-
verification; theory and ablations support the same
picture: inference-time scaling strengthens as
soundness error decreases and counterexample rate
increases. The experiments also suggest a prac-
tical lesson: self-generated tests are most useful



when reliability is controlled, and they work best
when they complement rather than simply replace
curated public tests. The consistent gap over the
offline joint-SFT baseline further indicates that
policy-aligned online RL matters beyond merely
exposing the model to fixed adversarial supervision.
Appendix Table 7 further shows that these gains
persist across TACO difficulty levels and become
more pronounced on harder subsets. The transfer
gains on strong external models further suggest that
the learned verifier captures broadly useful failure
modes rather than only self-play artifacts.

Limitations

The primary limitation of our method is that, dur-
ing inference-time test case generation, it currently
produces only a single test case per inference call.
Generating multiple test cases in a single inference
would be more efficient, but this is hindered by
the challenge of defining an appropriate reward
function: intuitive metrics such as counting correct
cases or measuring accuracy rates are susceptible to
reward hacking. Investigating reinforcement learn-
ing strategies that enable simultaneous generation
of multiple test cases thus remains a promising di-
rection. Additionally, our current approach uses
a hard switch between training stages. Exploring
soft switching by dynamically adjusting the propor-
tion of the two types of test case reward functions
may yield improved results. We did not pursue
this primarily due to the high resource demands
of RL for LLLMs, and therefore prioritized a direct
and reliable method. Our framework also assumes
access to a ground-truth solution C* during post-
training to verify generated tests. Although C* is
not required at inference, this assumption limits
training in settings without verified solutions. Ex-
tending TCS to model-based or consistency-based
verification is an important direction for future
work (Zhang et al., 2025; Wang et al., 2023). Re-
garding societal impact, while enhanced LLM cod-
ing capabilities can improve productivity, they may
also increase risks of misuse, such as in interviews
and competitions.
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A Implementation Details
A.1 Data

The TACO dataset meets our requirements for the
execution-verifiable training setting studied in this
paper: each example provides a problem, a compre-
hensive test suite, and submitted solutions (which
may not always be correct). The original dataset
contains 25,433 problems. To ensure accurate eval-
uation, we first filter out problems with fewer than
50 test cases, leaving 10,605 problems. We then
remove problems without any submitted solutions,
as these are necessary for evaluating generated test
cases, resulting in 7,918 problems. Next, we ver-
ify the submitted solutions against the test cases
to ensure the problems are verifiable, since some
may be of unverifiable types (e.g., multi-turn in-
put). We retain only those problems for which at
least one solution passes all test cases, yielding a
final training set of 6,318 problems. The processed
TACO training split is publicly available directly
on Hugging Face: TACO-Train.

We use two widely adopted benchmarks in code-
LLM evaluation: TACO (Li et al., 2023) and Live-
CodeBench (Jain et al., 2025). Following stan-
dard practice, we include LiveCodeBench prob-
lems from August 2024 to February 2025 in our
evaluation (He et al., 2025). Since TACO serves as
the post-training source while the LiveCodeBench
window begins in August 2024, there is a chrono-
logical separation between the post-training corpus
and the LiveCodeBench evaluation set.

For TACO evaluation, which lacks public test
cases, the first evaluation test case is designated as
public. When public test cases are available, can-
didate solutions are filtered to include only those
passing these tests before applying inference-time
selection methods.

A.2 Experimental Configuration

We use verl (Sheng et al., 2025) as our RL frame-
work and adopt the default experimental configura-
tion except for the following modifications:

* batch size: 128

* PPO mini-batch size: 64

* GRPO group size: 16

 temperature (for both training and evaluation):
0.8

* maximum response length: 8192

‘We do not use the KL loss, and we use the en-
tropy loss to sustain the model’s entropy.

For DeepSeek-R1-Distill-Qwen-1.5B, the num-
ber of training steps is 200 for stage 1 and 250 for
stage 2; the code generation baseline is 450 steps.
For DeepSeek-R1-Distill-Qwen-7B, the number of
training steps is 40 for stage 1 and 160 for stage 2;
the code generation baseline is 200 steps. In both
cases, the transition from stage 1 to stage 2 is deter-
mined by test-case-generation accuracy measured
on the training batches. In practice, we use a hard
switch once this quantity reaches approximately
0.75, which corresponds to step 200 for the 1.5B
model and step 40 for the 7B model. We choose
the threshold of 0.75 because it lies near the knee
of the Stage 1 learning curve.

Code-RL and TCS are trained for the same num-
ber of RL training steps at each model size: 450
steps for 1.5B and 200 steps for 7B.

For inference-time scaling, we set M = 1 in the
main experiments, meaning that each sampled code
candidate is paired with exactly one generated test
case per inference call.

Both of the following TCS-finetuned check-
points are publicly available on Hugging Face:
TCS-1.5B and TCS-7B.

We use TRL (von Werra et al., 2020) as our
SFT framework. The SFT baseline uses the same
training problems as TCS, but replaces online RL
with fixed offline supervision. We use DeepSeek-
R1-Distill-Qwen-32B to generate 32 samples for
each problem. For the code generation task, we
retain the samples that pass all the reference test
cases. For the test case generation task, we con-
struct candidate-conditioned examples from sam-
pled code and retain generated tests that (i) are
verified by the ground-truth solution and (ii) ex-
pose the paired incorrect code sample. We then
train on the mixed code—test SFT dataset with the
default TRL configuration for 3 epochs.

For closed-source model experiments in Fig-
ure 4(a), we use the API to generate 8 samples
for each problem and use the default API configu-
ration throughout.

Our code and evaluation pipeline are publicly
available in the TCS GitHub repository.

A.3 Computing Resources

The computing resources used at each stage, based
on the NVIDIA H100 80GB, are summarized in
Table 2 in terms of approximate GPU hours con-
sumed.

Note that the times reported here refer to the
training or evaluation time for a single run of each


https://huggingface.co/datasets/XiaoBanni/TACO-Train
https://huggingface.co/XiaoBanni/TCS-1.5B
https://huggingface.co/XiaoBanni/TCS-7B
https://github.com/xiaobanni/tcs

Model Training Eval on LiveCodeBench Eval on TACO
R1-Distill-Qwen-1.5B 720 10 20
R1-Distill-Qwen-7B 960 16 32

Table 2: GPU hours on NVIDIA H100 80GB for training and single-run evaluation.

model, not the total time across all experiments.
The rollout response number for each question
is 32 for LiveCodeBench and 16 for TACO. The
evaluation time includes both code generation and
test case generation. Using decoded tokens as a
hardware-independent cost proxy, one generated
test uses 22-34% as many tokens as one code can-
didate in the Table 1 evaluation responses (22-24%
for 1.5B and 32-34% for 7B), and independent
test-generation calls can run in parallel.

A.4 Training Pseudocode

Algorithm 1 Test Cases Scaling

1: Input: Dataset D, initial policy my, buffer size
Ty, group size G, total training steps 7'

2: Initialize: Policy-aligned buffer B «+ ()

3fort=1,...,T do

4:  Sample a data batch from the joint dataset

DuUB
5:  for input prompt z in the batch do
6: Generate a group of responses {y;}$
from 7y

7: if the input « is from D then

8 > Code generation problem
Compute rewards r¢ for the group
{y:}5_, according to Equation (2)

10: Append to B all (z,y;) pairs from the
group meeting the current buffer crite-
ria.

11: else

12: > Test case generation problem

13: Compute rewards 7! or 7% for the group
{y;}$, according to Equation (3) or
Equation (4)

14: Remove x from B

15: end if

16:  end for

17:  Update the model my according to Equa-
tion (1)

18:  Remove data samples from B that were col-
lected before t — T}, steps

19: end for

A.5 Adversarial Reward Computation

Each generated test case is evaluated only against
its paired program C'. For Stage 2, we do not aggre-
gate performance across multiple incorrect codes
Cwrong, since the objective is to construct a targeted
counterexample for a specific error pattern. As
long as a test case successfully exposes the flaw
in the paired Cyyong, it is treated as a sound adver-
sarial example (reward 1); it is not required to act
as a universal counterexample that simultaneously
fails other incorrect implementations. Regarding
robustness, we distinguish between buffer admis-
sion and reward computation: during buffer con-
struction, we filter out syntax errors to ensure basic
executability, while at reward time we explicitly
treat robustness failures as successes. Concretely,
if a generated test case is sound for the ground-
truth solution C* (i.e., C* executes without error
and produces the expected output) but causes the
targeted Cyrong tO raise a runtime error or timeout,
we still assign reward 1, encouraging the model to
propose corner cases that reveal both logical and
robustness defects (e.g., infinite loops or unhandled
exceptions during execution).

A.6 Stage-1 Prompt Conditioning and
Example-Copy Filter

During Stage 1, the verifier prompt already in-
cludes a candidate solution even though R} de-
pends only on soundness under C*. This is inten-
tional: it keeps the verifier’s prompt format aligned
with Stage 2 and teaches the model to reason in
candidate-conditioned contexts before the stricter
adversarial reward is introduced.

For the non-copy condition in R}, we compare
the generated input-output pair against the example
pairs in Texample and assign zero reward to exact
matches. This check is intentionally conservative.
It is designed to prevent trivial reuse of prompt
examples, not to guarantee difficulty by itself. The
stronger safeguards are execution-based soundness
in Stage 1 and discriminative pressure from R} in
Stage 2.



B Additional Theoretical Analysis and
Proofs

This appendix provides a formal statement and
proof of the exponential reliability bound used to
justify the inference-time selection rule in Eq. (5),
and discusses the assumptions under which the
bound matches our pooled test generation proce-
dure described below.

B.1 Formal setup

Fix a problem P and a candidate set of N code
solutions C = {C4,...,Cn}. Let C~ C C de-
note the set of incorrect candidates. If C— = 0,
incorrect selection is impossible and the claim is
trivial, below we therefore consider C~ # (). Fix a
ground-truth solution C*, which is available during
training and used to verify generated tests, and fix
a correct solution C' € C\ C~ that agrees with C*
on all valid inputs. Throughout the analysis, every
generated test input is assumed to satisfy the input
constraints of P.

At inference time, for each candidate C;, we
sample M tests from a conditional test generator
G(- | P,C;) and pool them. Concretely, denote the
pooled tests by

T = {Lim, Osm) 11!

i=1,m=01

K 2 NM.

We score any program C by the pooled pass-count

N M
S(C) 2> 1Exec(C, Iim) = Oim),

i=1 m=1

and select Cyelected € arg maxcec S(C) (ties can
be broken arbitrarily; treating ties as “potentially
incorrect” only strengthens our upper bound).

Execution convention. We view Exec(C, I) as
returning either a concrete output or a special sym-
bol L indicating runtime error/timeout. In the indi-
cator above, we interpret Exec(C, I) = O as exact
match of outputs; in particular, Exec(C,I) = L
always counts as a failure.

Pooled-mixture distribution. Although tests are
generated stratified by candidates (exactly M
per C;), it is convenient to define the induced
pooled-mixture distribution Ppo0 as: sample 7 ~
Unif({1,...,N}), then sample (I,0) ~ G(- |
P, C;). Our analysis will only require that the K
pooled tests are independent (not necessarily iden-
tically distributed); the mixture viewpoint is used
purely to define aggregate quantities such as o and
0 below.

B.2 Definitions: soundness and
counterexample rate

For a random test (1, O) ~ Ppqo1, define the sound-
ness error

a = Pr[Exec(C*,I) # O].

For an incorrect candidate C € C—, define the
counterexample rate

§(C) = Pr[Exec(C*,I) = O
N Exec(C,I) # O],

and § £ mingee- 6(C).

B.3 Proof of proposition 1

Fix an incorrect candidate C' € C~. Define the

score gap

E

D(C)£S([CH-S(C) =D Xim,

i=1 m=1
Xim 2 1[Exec(CT, I m) = Oim

- H[EXGC(C, Ii,m) = Oz m]

)

3

Each X, ,, € [—1,1]. If an incorrect candidate
C is selected, then S(C) > S(CT), and hence
D(C) < 0. Therefore,

Prlincorrect selection] < Z Pr[D(C) <0].
cec-

It remains to upper bound Pr[D(C) < 0].

Fix ¢ € {1,..., N} and consider a single test
(I,0) ~ G(- | P,C;). Define the per-candidate
soundness error and counterexample rate:

a; = Pr[Exec(C*,I) # O | ],
5;(C) £ Pr[Exec(C*,I) = O
N Exec(C,I) # O | 1].

On the sound event Exec(C*,I) = O, the input
I is valid by assumption, so correctness of CT im-
plies Exec(CT, I) = O; hence X; ,, = 1 whenever
Exec(C,I) # O, which occurs with probability
0;(C). The only way to obtain X; ,, = —1 is if
C matches the (possibly incorrect) expected out-
put while CT does not, which can only happen
when Exec(C*, I) # O, an event of probability «;.
Therefore,



By independence of the pooled tests,

E[D(C)] = > E[Xim]

7,m

By the definition of the pooled-mixture distribu-
tion, these per-candidate quantities average to the
corresponding pooled quantities below:

1 N
o= — g,
NZ;

so E[D(C)] > K(6(C) —a) > K(6 — ). Apply-
ing Hoeffding’s inequality for a sum of independent
bounded variables (each with range length 2) yields

Pr[D(C) < 0] = Pr[D(C) — ED(C)
< -ED(C)]

g KO,

Finally, a union bound over at most /N — 1 incorrect
candidates gives
Pr[incorrect selection] < (N — l)e_K(‘S_O‘)Q/Q.

B.4 Discussion of assumptions and failure
modes

Candidate contains a correct solution. The
bound conditions on the event that C contains at
least one correct C'f. Without this, selection is
necessarily incorrect.

Why require 6 > a? The condition § > «
ensures a positive expected score gap between a
correct candidate and any incorrect competitor un-
der the pooled test distribution. If § < «, then in
the worst case unsound or inconsistent tests can
overwhelm the counterexample signal, and pass-
count selection may not concentrate around the
correct candidate; thus no meaningful exponential
guarantee is possible unless additional assumptions
are imposed.

Independence and the pooled-mixture view-
point. In practice, tests are generated condition-
ally on each candidate C;, and they may exhibit
dependencies due to shared decoding randomness
or prompt structure. Our proof only uses that the

pooled tests are independent and bounded, and de-
fines «, 0 via the induced uniform mixture Ppool.
If strong dependencies exist, one can replace Ho-
effding with concentration for martingales or an
effective sample size; the qualitative dependence
on K and the margin (0 — «) remains the same.

Worst-case § is conservative. Using § =
mingee- 0(C) yields a compact worst-case guar-
antee. Retaining the candidate-specific rates gives
the sharper bound

Prlincorrect selection]

s eXp(_K(a(cz)—aV)_

ceC~

An average-case bound would require an explicit
distribution over candidate sets or incorrect com-
petitors, which we do not assume here.

C Additional Experimental Results

C.1 Inference-Time Scaling Comparison

In this section, we present additional experiments
to further analyze the inference-time scaling behav-
ior of our TCS-fine-tuned 7B model when strong
public cases are provided. LiveCodeBench pro-
vides around 2.64 public cases per question and is
a relatively strong filter for incorrect code.

Figure 5(a) shows the inference-time scaling re-
sults without public test cases. As the number of
sampled candidates increases, the baselines can
degrade due to additional distractors and out-of-
distribution (OOD) candidates; for reward-model
selection this can reduce ranking reliability, and
for test-case-based selection with an untrained test
generator it can introduce noisy tests that mis-rank
candidates. In contrast, the TCS-fine-tuned model
maintains consistent gains as the number of candi-
dates increases.

Figure 5(b) shows that when strong public test
cases are provided, all methods improve as the
number of sampled candidates increases, but TCS
retains a clear advantage. This supports the practi-
cal setting where public tests are weak or absent:
the model can rely on self-generated tests for selec-
tion and can further augment any available public
cases with more targeted tests.

Scaling the number of tests per candidate. We
further vary M while fixing N = 16 on TACO and
N = 32 on LiveCodeBench under the no-public-
test protocol. As shown in Table 3, selection per-
formance improves monotonically from M = 1
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Figure 5: Comparison of different inference-time scaling methods for the TCS-fine-tuned 7B model on Live-

CodeBench, with and without public cases.

Model Benchmark pass@1 M =1 M =2 M =4 Model TACO (w/o pub) LCB (w/o pub)
TCS-1.5B TACO 1231  20.52 2145 2213 Base 5.63 14.38
TCS-1.5B LCB 20.63 27.47 2826 29.27 +TC 5.78 22.00
TCS-7B TACO 24.09 3535 36.09 36.43
Code-RL 11.16 18.53
TCS-7B LCB 37.03 48.79 4943 50.53 +TC 1192 2105
Table 3: Inference-time scaling with multiple indepen- Test-RL 785 15.95
dently generated tests per candidate. We fix N = 16 +TC 1535 2326
on TACO and N = 32 on LiveCodeBench and use no TCS 12.31 20.63
public test cases. +TC 20.52 27.47
+Test-RL-TC 18.79 25.94

to M = 4 in all four settings, providing empirical
support for the dependence on X' = N M in Propo-
sition 1. Meanwhile, M = 1 already improves
pass@1 by 6.84-11.76 points, motivating its use as
the default in the main experiments.

C.2  Joint vs. Decoupled Training

Table 4 restores the full comparison between joint
TCS training and the two decoupled RL baselines.
All results are reported without public test cases.
Rows marked “+TC” apply self-generated test se-
lection, and the final row “+Test-RL-TC” filters
TCS-generated code with tests generated by the
Test-RL model. The pattern is consistent with the
discussion in the main text: Code-RL mainly im-
proves the solver, Test-RL mainly improves the
verifier, and joint TCS improves both.

C.3 Effectiveness of Two-Stage Reinforcement
Learning

Table 5 reports the full reward-ablation results refer-
enced in the main text. Stage 1-only training yields
limited scaling gains as the number of candidates
grows, whereas the full two-stage reward becomes
increasingly advantageous, especially when public

Table 4: Joint vs. decoupled training on R1-Distill-
Qwen-1.5B. “TC” denotes selection with self-generated
test cases; “Test-RL-TC” uses test cases generated by
the Test-RL model.

Reward Filter N=1 N=2 N=4 N=8 N=16
S1 onl Public 24.23 29.89 33.00 34.89 35.83
y P+S 24.23 29.68 33.40 35.80 36.70
2-stage Public 24.09 28.89 32.37 33.99 36.26
-stag P+S 24.09 29.31 33.82 37.38 39.40

Table 5: Inference-time scaling comparison for the 7B
model on TACO with varying reward settings. Abbrev.:
S1 = Stage-1 reward; 2-stage = two-stage reward; P =
public test cases; S = self-generated test cases.

and self-generated tests are combined. This com-
plements Figure 4(c), which shows that applying
the stricter Stage 2 reward from the outset leads to
sparse and unstable learning.

C.4 RL Training with Only the Code
Generation Task

In this section, we explore whether RL training ex-
clusively on our collected data for code generation,
rather than for test case generation, can indirectly



TACO LCB
Model w/opub w/pub w/opub w/ pub
DeepSeek-R1-Distill-Qwen-1.5B
Base Model 5.63 14.38
+ Reward Model 1270 1460 2330 30.11
+ SGTC 5.78 1391  22.00 30.09
RL by Code Training 11.16 18.53
+ Reward Model 15.87 2254 2079  34.50
+ SGTC 11.92  21.68 21.05 33.90
RL by TCS Training 12.31 20.63
+ Reward Model 1566 23.17 24.01 37.99
+SGTC 20.52 2518 2747 38.90

Table 6: Performance on TACO and LiveCodeBench.
SGTC = self-generated test case selection.

improve the model’s capability in generating test
cases. The results in Table 6 show that the accu-
racy gains in test case generation from RL with
code training are limited. This result highlights the
necessity of treating test case generation as an inde-
pendent task that requires dedicated RL to achieve
substantial improvements.

C.5 Detailed Results in TACO Evaluation

There are five difficulty levels in the TACO evalua-
tion. In this section, we present the detailed results
for each difficulty level. (TC) means using test
cases generated by the model itself to choose the
best solution. Our results demonstrate that finetun-
ing with our approach yields significant improve-
ments in code generation performance, surpassing
both the base model and the base model with self-
verification. The benefits of our method become in-
creasingly evident as task difficulty rises. Addition-
ally, leveraging self-generated test cases delivers
further inference-time scaling gains, with particu-
larly notable improvements on more challenging
tasks. These findings highlight the adaptability of
our approach to difficult problems and its potential
applicability to stronger models and more complex
code generation tasks.

EASY MED MED_HARD HARD V_HARD TOTAL

R1-7B 34.87 24.78 13.09 275 0.72 14.36
R1-7B(TC)  43.71 3232 17.20 4.00 1.53 18.67
TCS-7B 46.11 37.53 24.44 10.56 6.66 24.09
TCS-7B(TC) 58.88 50.55 34.43 25.31 12.76 35.35

Table 7: Performance comparison across different diffi-
culty levels and total scores for various models.

C.6 CodeRM-8B Baseline Comparison

We additionally compare our TCS-fine-tuned 7B
model with CodeRM-8B (Ma et al., 2025), a unit-

test-generation model obtained by supervised fine-
tuning (SFT) Llama-3.1-8B-Instruct on test cases
synthesized by a larger Llama-3.1-70B-Instruct
teacher. To ensure a fair comparison, we use the
same inference-time budget N for all methods
when sampling code candidates and associated test
cases. The pass@1 and Best-of-V selection results
on TACO and LiveCodeBench are summarized in
Table 8.

Method TACO LCB
w/o pub w/ pub w/o pub w/ pub

RL by TCS-7B Training 24.09 37.03
+ Reward Model 31.11 37.67 43.01 5340
+ CodeRM-8B 23.67 3590 41.70 51.49

+ Self-Generated 3535 3940 48.79 54.75

Table 8: Comparison of different inference-time selec-
tion methods for the TCS-fine-tuned 7B model, using
either a reward model, CodeRM-8B-generated tests, or
self-generated tests.

We observe that CodeRM-8B’s test cases yield
weaker filtering performance than both our reward-
model baseline and our self-generated tests. We
attribute this to three factors. First, the base model
underlying CodeRM-8B is less capable than the
TCS-7B backbone, limiting the quality of its gen-
erated tests. Second, CodeRM-8B relies purely on
SFT, whereas our method uses RL; as shown in Ta-
ble 1, under the same base model RL consistently
outperforms SFT for code-related tasks. Third,
CodeRM-8B acts as an external verifier, while TCS
jointly trains the solver and verifier using a policy-
aligned buffer, so the test generator is explicitly
optimized to expose the current failure modes of
the solver. This tight alignment between policies
leads to more targeted and effective bug discovery
than a generic external verifier.

D Generated Adversarial Test Case
Examples

A correct response in training stage two is to gener-
ate a test case that the ground-truth solution passes
but the targeted incorrect solution fails. Figure 6
provides an example. The generated test case has a
valid input, and the correctness of its output is ver-
ified by the ground-truth code. This test case can
efficiently reveal errors in the incorrect code, so it
is a desired adversarial test case. The following is
a snippet from the complete reasoning process that
motivates this construction:

“...But maybe that’s incorrect. For exam-



Problem You still have partial information about the score during the historic football match. You are
given a set of pairs (a;, b;) in chronological order (time increases), indicating that at some point
during the match the score was “a;: b;”. The last pair corresponds to the end of the match. What is
the largest number of times a draw could appear on the scoreboard?

Generated Code

n = int(input())
known = [tuple(map(int, input().split()))
for _ in range(n)]
total = 1 # initial @:0
for i in range(n-1):
prev_a, prev_b = known[i]
curr_a, curr_b = known[i+1]
s_prev = max(prev_a, prev_b)
e_curr = min(curr_a, curr_b)
if prev_a == @ and prev_b == 0:
count = e_curr
else:
if e_curr >= s_prev:
count = e_curr - s_prev + 1
else:
count
total += count
print(total)

0

Generated Test Case

Input: 3\n@ ©\n2 2\n3 3
Generated Code Output: 5
Ground Truth Output: 4

Ground Truth Code

n = int(input())
(a0, be) = (o, @)
ans = 1

for i in range(n):
(a, b) = map(int, input().split())
ans += max(min(a, b) - max(a@, bo), 0)
if min(a, b) - max(a@, bd@) >= @ and
a0 != bo:
ans += 1
(a0, bo) = (a, b)

print(ans)

Figure 6: A generated test case that receives a reward in training stage two.

ple, if the last known draw was at x and
the next known is y where y > X, but in
between, maybe there were more draws
possible? Or perhaps it’s only consider-
ing overlapping ranges.

Wait, maybe in some cases, the code is
not correctly handling multiple overlap-
ping intervals. For example, between
two known points, the number of possi-
ble draws could be more than what the
code calculates.

Let me think of a test case that would
expose an error in the code...”

To demonstrate that our TCS-fine-tuned model
can generate high-quality, challenging, and adver-
sarial test cases, we present a generated test case
that filters out incorrect code that already passes all
public test cases, as shown in Figure 7. The prob-
lem is a difficult AtCoder challenge with relatively
strong public test cases. During inference, we gen-
erate 32 responses, and three of them pass all public
test cases. Using our generated test case, we filter
out two solutions with hard-to-detect errors (one

is shown in the figure), selecting the only correct
answer. We provide the full reasoning process for
this test case in Listing 1.

E Prompt Template

Prompt Template for Code Generation

You will be given a question (problem
specification) and will generate a correct
Python program that matches the
specification and passes all tests.
{problem}

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

# YOUR CODE HERE

We provide all the templates used for code gen-
eration, test case generation, and test case output
prediction in this section.

Code Generation Prompt This prompt is the
same as the one used in the LiveCodeBench bench-



Generated Code

def main():
n, m, 1 = map(int, sys.stdin.readline().split())
A = list(map(int, sys.stdin.readline().split()))
B = list(map(int, sys.stdin.readline().split()))
C = list(map(int, sys.stdin.readline().split()))
A_sorted = tuple(sorted(A))
B_sorted = tuple(sorted(B))
C_sorted = tuple(sorted(C))
@lru_cache(maxsize=None)

def can_win(tak_hand, aoki_hand, table, is_takahashi_turn):

if is_takahashi_turn:
for x in tak_hand:
new_table = list(table) + [x]
new_table_sorted = sorted(new_table)
for y in new_table_sorted:

if y < x:
new_t = []
for z in new_table_sorted:
if z I=y:

new_t.append(z)
new_t = tuple(new_t)

new_t_hand = tuple([z for z in tak_hand if z != x])
if not can_win(new_t_hand, aoki_hand, new_t, False):

return True
return False
else:
for x in aoki_hand:
new_table = list(table) + [x]
new_table_sorted = sorted(new_table)
for y in new_table_sorted:

if y < x:
new_t = []
for z in new_table_sorted:
if z 1= y:

new_t.append(z)
new_t = tuple(new_t)

new_a_hand = tuple([z for z in aoki_hand if z != x])
if not can_win(tak_hand, new_a_hand, new_t, True):

return True
return False

result = can_win(A_sorted, B_sorted, C_sorted, True)

if result:
print("Takahashi™)
else:
print("Aoki")
if __name__ == "__main__":
main()

Problem

Takahashi and Aoki will play a game using
cards with numbers written on them. Initially,
Takahashi has N cards with numbers
Ay, ..., Ay in his hand, Aoki has M cards with
numbers By, ..., By in his hand, and there are
L cards with numbers Cy, ..., C, on the table.
Throughout the game, both Takahashi and
Aoki know all the numbers on all the cards,
including the opponent's hand. Starting with
Takahashi, they take turns performing the
following action:
* Choose one card from his hand and put it
on the table.
Then, if there is a card on the table with a
number less than the number on the card he
just played, he may take one such card from
the table into his hand. The player who
cannot make a move first loses, and the other
player wins. Determine who wins if both
players play optimally. It can be proved that
the game always ends in a finite number of
moves.

Public Test Case Pass All
Input: 1 1 2\n2\n4\nl 3
Output: Aoki

Input: 4 4 4\n98 98765 987654
987654321\n987 9876 9876543
98765432\n123 12345 1234567
123456789

Output: Takahashi

Input: 1 1 8\nle\nle\nl 2 3 456 7
8

Output: Aoki
Generated Test Case Fail
Input: 2 1 2\n2 3\nl\n4 5
Expected Output: Takahashi
Generated Code Output: Aoki

Figure 7: A generated test case that can identify an error in the generated code, even though it passes all the public

test cases.

mark for code generation.

Test Case Generation Prompt There are four
configurable items in the test case generation
prompt template. For each problem, we require the
model to generate a test case that can reveal poten-
tial errors in a specific code. We also provide the
format of example test cases for reference, but the
generated test case should be different from these
examples. To improve the diversity of the prompts,
we define four types of test cases and randomly
sample one when constructing a test case:

* basic: basic test case that validates core function-
ality with simple, straightforward inputs.

» edge: edge case that tests boundary values and
constraint limits (minimum/maximum allowed
values)

e corner: corner case with unusual inputs like

empty collections, single elements, or patterns
that might break naive solutions

 performance: performance test with large in-
puts approaching the problem’s limits to evaluate
solution efficiency

Prompt Template for Test Case Genera-

tion

You are an expert TEST CASE GENERATOR for
programming competitions. Your ONLY task
is to generate ONE TEST CASE of a
specific type, NOT to solve the problem
or write any implementation code.

Follow these strict guidelines:

1. DO NOT write any solution code in any
programming language.

2. DO NOT attempt to fix or improve the
solution.

3. FOCUS EXCLUSIVELY on generating a
{test_case_type} that can reveal flaws or
confirm correctness.




4. The test case you generate MUST NOT be
identical to any Example Test Case
provided in the problem statement.

You have been provided with:

* Problem Description:

{problem}

* A SOLUTION CODE THAT MAY CONTAIN LOGIC
ERRORS :

T “python

{code}

Your goal is to create a test case that is
valid under the problem constraints and
is likely to expose incorrect behavior in
the provided code if such errors exist.

For the test case you create, provide:

* The test input exactly as it would be
fed to a program.

* The expected output that a correct
solution should produce.

* A brief explanation of what aspect this
test case is verifying or how it could
reveal flaws.

Ensure the output follows the *Expected
Output Format* structure provided. You
must enclose the output in a ~~~json
block to facilitate easy extraction and
processing.

Expected Output Format:
TTTjson
{expected_output}

You must ONLY provide ONE
{test_case_type}. Ensure your test case is
valid according to the problem
constraints.

Test Case Output Prediction Prompt In this
prompt, we strictly require the model to output the
prediction in the expected format to ensure that the
answer can be correctly extracted.

Prompt Template for Test Case Output

Prediction

You are an expert TEST CASE GENERATOR for
programming competitions. Now you are
given a test case input, and you need to
infer what its output should be.

* Problem Description:

{problem}

* Test Case Input:

{input}

Please strictly follow the format below to
return your answer:

Expected Output Format:

T json

{expected_output}

Remember that your task is to predict the
output of the test case, and you need to
return the output in JSON format.

Listing 1: An Example of the Reasoning Process for
Test Case Generation

Assistant: Okay, I need to create a test case for this
problem. Let me first understand the problem
thoroughly.

The problem is about a game between Takahashi and Aoki using
cards. They take turns playing cards from their hands
onto the table, and during their turn, they can also
take a card from the table if it's smaller than the
card they just played. The player who can't make a
move loses.

The task is to determine who wins if both play optimally.

The constraints are that N + M + L <= 12, which is a small
number, so the solution can afford to explore all
possible states without performance issues.

The provided code uses memoization with functools.lru_cache
to cache the results of the game states. It represents
the state as the remaining cards in Takahashi's hand,
Aoki's hand, the sorted table cards, and whose turn it
is.

Now, I need to generate a test case that's valid, meaning
the inputs must satisfy the constraints: N, M, L are
at least 1, and their sum is <=12. The test case
should not be identical to any example provided.

Looking at the sample inputs, they all have N, M, L as 1, 1,
2 or similar. To create a new test case, I can choose
different values.

Let me think of a case where the outcome is Takahashi wins.
Maybe a simple scenario where Takahashi can always
force a win.

For example, let's take N=2, M=1, L=3. A = [1, 2], B = [3],
C = [4,5,6].

In this case, Takahashi plays 1, then Aoki plays 3, but the
table has 1, so Aoki can take 1. Then Takahashi plays
2, and the table has 2, so he can take 1 again. Aoki
has no moves left, so Takahashi wins.

Wait, but I need to ensure that the test case is valid and
that the code can handle it correctly.

Alternatively, perhaps a case where the table initially has
a card that can be taken by both players.

Wait, but the initial state includes the table cards. So,
for example, if the table has a card that is smaller
than both players' cards, it can affect the outcome.

Let me create a test case where the initial table has a card
that allows Takahashi to take it on his first move,
putting Aoki in a bad position.

For example:

1, M=1, L=1
= [2]

[31]
[1]

So, Takahashi plays 2, then checks the table for cards <2.
The table has 1, so he takes it. Now, his hand is
empty, Aoki's hand is [3], and the table has 3.

Aoki's turn: he plays 3, checks the table for <3, which is
none, so he can't take anything. Now, Takahashi has no
moves because he has no cards left, so Aoki wins.

Wait, but in this case, Takahashi took the 1, so after his
move, the table has 3. Aoki plays 3, no cards to take,
so Aoki can't make a move? Wait, no, Aoki plays 3, and
then checks if there's a card on the table less than
3. The table has 3, so no. So Aoki's move is valid,
and after that, the table is empty. Then Takahashi has
no cards left, so he can't play anything and loses.

So the output should be Aoki.




But I'm not sure if this test case is correctly capturing
any specific scenario. Maybe I should create a test
case where Takahashi can win.

Alternatively, let's consider a case where Takahashi has a
higher card than all on the table, and Aoki can't
respond.

For example:

N=1, M=1, L=1
A =1[3]
B = [2]
c=1[1]

Takahashi plays 3, takes 1 if possible. Then the table has
2. Aoki plays 2, takes 1 if possible. Then Takahashi
has no cards left, so Aoki wins again.

Hmm, maybe it's tricky to find a test case where Takahashi
wins. Perhaps the provided code handles all cases
correctly, but I need to ensure that the test case is
valid.

Wait, the sample input 1 has N=1, M=1, L=2, and the output
is Aoki. So perhaps a test case where the outcome is
Takahashi can be created.

Let me try:

N=1, M=1, L=1

A =1[1]

B = [2]

C=1[3]

Takahashi plays 1, checks the table for <1, which is none,
so he can't take anything. Now, the table has 3.
Aoki's turn: he plays 2, checks the table for <2,
which is none, so he can't take anything. Now,
Takahashi has no cards left, so he can't play, and
Aoki wins. Output is Aoki

Another test case:

N=2, M=1, L=2
A =[2, 3]

B = [1]

C = [4,5]

Takahashi can play 2, take 4 if possible? Wait, 4 is not
less than 2, so he can't take it. So the table has 2
and 4 and 5. Aoki plays 1, takes 2 if possible. Since
2 >1, he can't take it. So Aoki's move is valid, and
the table has 4 and 5. Then Takahashi plays 3, checks
for <3, which is none, so he can't take anything. Aoki
has no cards left, so he can't play and loses.
Takahashi wins.

Wait, but in this case, after Takahashi plays 2, the table
has 2,4,5. Aoki plays 1, and since 1 <2, he can take
2. So Aoki takes 2, adds it to his hand, and the table
now has 4 and 5.

Then Takahashi's turn: he has 3 left. He plays 3, checks the
table for <3, which is none, so he can't take
anything. Aoki has no cards left, so he can't play and
loses. So Takahashi wins.

So the test case would be:

ut:

np
12
3

ASNNH

5
Output: Takahashi

This should be a valid test case, and it's different from
the samples provided.

So, the test case would be:

N=2, M=1, L=2
A =1[2,3]

B = [1]

C = [4,5]

The expected output is Takahashi

This test case should be valid, and it's different from the
samples, so it's a good candidate to test the code.
</think>

T json
L
{
"input”: "2 1 2\n2 3\n1\n4 5",
"output”: "Takahashi”
3
]
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