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Abstract

The rise of reasoning models necessitates large-
scale verifiable data, for which programming
tasks serve as an ideal source. However, while
competitive programming platforms provide
abundant problems and solutions, high-quality
test cases for verification remain scarce. Ex-
isting approaches attempt to synthesize test
cases using Large Language Models (LLMs),
but rely solely on the model’s intrinsic gen-
eration capabilities without external feedback,
frequently resulting in insufficiently diverse
cases. To address this limitation, we propose
a Feedback-Driven Iterative Framework for
comprehensive test case construction. Specif-
ically, our method leverages the LLM to gen-
erate initial test cases, executes them against
known correct and incorrect solutions, and uti-
lizes the failed results as feedback to guide
the LLM in refining the test cases toward high
fidelity and discriminability. We then apply
this method to the CodeContests dataset to
construct an optimized high-quality derivative,
CodeContests-O. Evaluating against the entire
pool of solutions (1.1 x 107 in total), our dataset
achieves an average True Positive Rate (TPR)
of 89.37% and True Negative Rate (TNR)
of 90.89%, significantly outperforming the
CodeContests and CodeContests+ by margins
of 4.32% and 9.37%, respectively. Further-
more, fine-tuning the Qwen2.5-7B model on
CodeContests-O results in a 9.52% improve-
ment on LiveCodeBench (Pass@1). Exper-
iments demonstrate the effectiveness of our
framework and the quality of CodeContests-O.
To support reproducibility and facilitate future
research, we release the code' and dataset?.

1 Introduction

The recent rise of reasoning-centric large language
models (LLMs) (Jaech et al., 2024; Guo et al.,
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Figure 1: Pareto frontiers of TPR (True Positive Rate,
proportion of correct solutions accepted, measuring test
case fidelity) and TNR (True Negative Rate, proportion
of incorrect solutions rejected, measuring discriminabil-
ity) across different datasets. Our CodeContests-O con-
sistently outperforms prior datasets, demonstrating su-
perior test case quality. The iterative refinement process
(iter 0-3) progressively enhances both metrics, validat-
ing the effectiveness of our feedback-driven approach.

2025; Anthropic, 2025; DeepMind, 2025a,b; Yang
et al., 2025) marks a pivotal evolution in artifi-
cial intelligence, demonstrating unprecedented po-
tential in solving complex logical and mathemati-
cal problems (EI-Kishky et al., 2025; Wang et al.,
2025a). This advancement has created an urgent de-
mand for large-scale verifiable data, for which pro-
gramming tasks serve as an ideal source due to their
rigorous logic and objective verifiability (Lightman
et al., 2023; Ni et al., 2023). However, a significant
bottleneck remains: while competitive program-
ming platforms (Mirzayanov et al., 2020) offer
abundant problems descriptions and correspond-
ing correct/incorrect solutions, the high-quality test
cases essential for verification are often scarce or
inaccessible. This deficiency makes it difficult to
reliably distinguish genuine reasoning from "hal-
lucinated" solutions that may appear correct but
fail on subtle edge cases, ultimately limiting the
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effectiveness of model training and evaluation.

To address this scarcity, prior research has ex-
plored several avenues for automated test case gen-
eration. Early efforts relied on manual curation
of small-scale benchmarks like HumanEval (Chen,
2021) and MBPP (Austin et al., 2021), or utilized
mutation-based augmentation exemplified by Al-
phaCode (Li et al., 2022) and EvalPlus (Liu et al.,
2023) to expand existing test case pools through
rule-based variations. More recently, researchers
have shifted toward direct LLM generation, lever-
aging the intrinsic knowledge of models in frame-
works like CodeT (Chen et al., 2022) and TACO (Li
et al., 2023) to synthesize test cases directly from
problems. To further improve reliability, recent
approaches such as CodeContests+ (Wang et al.,
2025c¢) and AutoCode (Zhou et al., 2025) adopt a
Generator-Validator paradigm, synthesizing dedi-
cated generator and validator programs to automate
the creation of large-scale test cases.

Despite these advancements, existing methods
face significant limitations. They follow an open-
loop paradigm that relies exclusively on LLM’s
intrinsic capabilities, lacking a mechanism to incor-
porate objective external feedback and iterative
refinement. Without objective feedback signals,
these methods fail to capture the diverse edge cases
and dynamic failures revealed during execution
against a broad solution pool. Consequently, the
resulting test cases tend to be redundant or insuf-
ficiently discriminative, limiting their utility for
training and evaluating robust reasoning models.

To overcome these fundamental limitations, we
propose a novel framework that transforms test
case synthesis from open-loop generation into a
feedback-driven, iterative closed-loop process. Our
approach centers on an iterative refinement loop
consisting of three systematic stages. First, in Ini-
tial Test Case Generation, we adopt a Generator-
Validator paradigm where an LLLM analyzes prob-
lem constraints to develop a generator program and
a series of execution commands, ensuring structural
integrity and diversity. Second, during Execution
and Feedback Collection, the synthesized test cases
are executed against diverse solution pools, from
which we capture fine-grained signals, including
false positives, false negatives, and execution er-
ror logs, to quantify discriminative power. Finally,
in Feedback-Guided Refinement, the framework
performs a root-cause analysis of these failures to
strategically evolve the generator and its commands
through a "search-and-replace” mechanism. By it-

eratively closing the loop between generation and
execution, our method ensures that the resulting
test cases are not only valid but also highly rigor-
ous in exposing subtle algorithmic flaws.

Leveraging this framework, we then generate
CodeContests-O, a high-quality verifiable code
dataset derived from CodeContests (Wang et al.,
2025c¢). By systematically applying our feedback-
driven iterative refinement framework, we synthe-
size a large-scale test cases that achieve a high True
Positive Rate (TPR) and True Negative Rate (TNR).
CodeContests-O provides high-fidelity verification
signals for the training and evaluation of reasoning
LLMs, effectively distinguishing between genuine
logical reasoning and superficial pattern matching
that often fails on complex edge cases.

Empirical evaluations demonstrate the superior
quality of CodeContests-O and its critical role
in enhancing downstream RL training. Through
extensive evaluation against the entire solution
pool (1.1 x 107 solutions in total), our iteratively
refined test cases achieve an average True Posi-
tive Rate (TPR) of 89.37% and an average True
Negative Rate (TNR) of 90.89%, significantly out-
performing original CodeContests and augmented
CodeContests+. Furthermore, when employed as
reward signals in RL training, CodeContests-O
leads to substantial performance gains of 9.52%
on LiveCodeBench (Jain et al., 2024), particularly
in solving complex, logic-heavy problems. These
results validate that the quality of test cases, rather
than sheer quantity, is the primary driver for im-
proving the reasoning capabilities of LLMs.

Our contributions are summarized as follows:

* We propose a feedback-driven iterative gen-
eration framework that systematically synthe-
sizes, validates, and refines test cases, effec-
tively optimizing both fidelity and discrim-
inability to ensure high-quality verification.

* We introduce CodeContests-O, a large-scale
dataset with iteratively refined test cases that
provides a rigorous evaluation standard to bet-
ter distinguish genuine logical reasoning from
superficial pattern matching.

* We provide a comprehensive empirical anal-
ysis demonstrating that the high-precision re-
ward signals derived from our dataset signifi-
cantly enhance downstream RL training, yield-
ing consistent performance gains across all
difficulty levels on the LiveCodeBench.
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2 Related Work

This section reviews the evolution of test case
construction for reasoning LLMs, ranging from
manual curation and automated synthesis to LLM-
based program generation approaches.

Manual Curation and Mutation-Based Aug-
mentation. Early foundational benchmarks such
as HumanEval (Chen, 2021) and MBPP (Austin
et al., 2021) rely on high-quality, human-written
test cases. To mitigate data contamination and
keep pace with the rapid iteration of models, Live-
CodeBench (Jain et al., 2024) provides a holistic,
periodically updated platform by collecting prob-
lems from recent contests. While reliable, these
datasets are limited in scale and struggle to capture
the complexity of competitive programming. To
scale test case generation beyond manual efforts,
some automated approaches have integrated tradi-
tional techniques like mutation testing. Specifically,
AlphaCode (Li et al., 2022) and EvalPlus (Liu
et al., 2023) both utilize mutation-based methods
to generate extensive test cases, revealing vulnera-
bilities in solutions that might otherwise pass sim-
pler, manually-written tests. While these methods
increase the number of test cases, they are funda-
mentally constrained by the initial test pool and fail
to synthesize complex corner cases.

Direct LLM Generation. To overcome the lim-
itations of static test cases, other research have
leveraged the generative capabilities of LLMs to
synthesize test cases directly. CodeT (Chen et al.,
2022) and TACO (Li et al., 2023) leveraged the in-
trinsic knowledge of LLMs to directly generate test
cases. Similarly, ChatTESTER (Yuan et al., 2023)
and TestAug (Yang et al., 2022) demonstrated the
potential of LLMs in augmenting test cases. Co-
daMosa (Lemieux et al., 2023) adopted a hybrid
approach by combining LL.Ms with Search-Based
Software Testing (SBST) to improve test coverage.
However, these direct generation methods often
suffer from low diversity and lack a mechanism to
guarantee the validity of the generated cases.

LLM-based Program Generation. Recent
work has explored generator-validator paradigms
that leverage LLMs to synthesize dedicated pro-
grams for automated test case creation. CodeCon-
tests+ (Wang et al., 2025¢) and AutoCode (Zhou
et al., 2025) employ generator-validator systems
to automate the test case creation process by syn-
thesizing a dedicated generator and validator pro-
gram for each problem to generate and verify test

cases. Similarly, rStar-Coder (Liu et al., 2025)
scales this paradigm by utilizing mutual verifica-
tion to construct massive, verified datasets. To tar-
get complex algorithmic edge cases, HardTests (He
et al., 2025) focuses on synthesizing "hacking"
cases that specifically target time-limit and logic-
heavy constraints. The community has also devel-
oped dedicated benchmarks like TestEval (Wang
et al., 2025b) and studies on the reliability of LLM-
based test generators (Cao et al., 2025) to assess the
discriminative power of these systems. Ma et al.
(2025) studies improved verification via enhanced
test cases with human expertise information. How-
ever, these programmatic approaches typically rely
on internal consistency or one-time checking. In
contrast, our work introduces a feedback-driven
iterative pipeline. By utilizing the actual execution
results of known correct and incorrect solutions as
a dynamic feedback signal, we guide the LLM to
refine test cases iteratively to ensure high quality.

3 Method

3.1 Problem Formulation

A typical competitive programming problem is
characterized by a natural language description,
a reference solution, a set of public test cases, and
a series of user-submitted solutions labeled by their
correctness. Formally, we represent such a problem
as a five-tuple P = (P, S*,S*, 5™, TP), where P
is the problem description, S* is the official refer-

ence solution, ST = {s],s5,..., s} } is a set of
known correct solutions, S~ = {s7,55,...,5, }

is a set of known incorrect solutions, and 77 =
{¢h, ¢4, ..., ¢} is a small set of public test cases
provided with the problem. Each test case ¢;
consists of an input x; and an expected output
yi. Our primary objective is to synthesize a high-
quality, comprehensive set of test cases 7¢ =
{t7,t5, ..., t7} with superior discriminative capac-
ity, enabling a more reliable verification process
for generated code. To ensure the rigor of this ver-
ification, each test case ¢ = (xj, yj) € T° must
satisfy two fundamental criteria. First, it must main-
tain fidelity: every correct solution sj € ST must
yield the expected output y% when executed with
input z5. Second, the generated test cases must en-
sure discriminability: for every incorrect solution
s; € S7, there should exist at least one test case
t; = (25,y7) € T° such that executing s; with
input z§ results in a discrepancy from the expected
output y7. By satisfying these conditions, the syn-
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Figure 2: The overview of Feedback-Driven Iterative Test Case Generation. The framework begins with Initial
Test Case Generation, which analyzes the problem description P to produce a generator G(°) and commands C(),
subsequently executing them to synthesize the initial candidate test cases 7 (©:%). This is followed by a continuous
loop between Execution and Feedback Collection and Feedback-Guided Refinement. In each iteration i, test
cases 7 (¢%) are evaluated against S/~ solutions to distill a structured feedback report R() = { F() £()1 where
F() identifies false positives/negatives and £?) captures execution error logs. The LLM then performs root-cause
analysis on R(?) to refine the generation logic. The process terminates once quality thresholds (TPR, TNR) are

satisfied or the maximum iteration N, is reached, ultimately yielding the CodeContests-O dataset.

thesized test cases serve as a rigorous verifier for
both model training and evaluation.

3.2 Feedback-Driven Iterative Test Case
Generation

The proposed framework for synthesizing high-
quality test cases consists of three primary stages:
Initial Test Case Generation, Execution and Feed-
back Collection, and Feedback-Guided Refinement.
Figure 2 provides an overview of this framework.

Initial Test Case Generation. To establish a
high-quality initial pool of test cases, we adopt
a Generator-Validator paradigm consisting of the
following three sequential steps.

First, we leverage the LLM to perform a compre-
hensive analysis of the problem P by concurrently
identifying structural input-output constraints and
anticipating common algorithmic pitfalls, such as
integer overflows, boundary conditions, or effi-
ciency bottlenecks. This phase produces a system-
atic summary that guides the generation process
with a thorough understanding of the task’s require-
ments and potential edge case scenarios.

Second, based on the analytical summary, the
LLM develops a dedicated generator program G(©)
to ensure the structural integrity and validity of
the produced test inputs. Unlike the generation
of static text, this programmatic approach utilizes

external arguments to allow for precise control over
data properties, enabling us to systematically adjust
scales and constraints to create diverse and rigorous
test inputs for various scenarios.

Finally, the LLM formulates a series of execu-
tion commands C(°), each defining a unique set of
arguments for the generator. By running the gener-
ator under these varied arguments and utilizing the
reference solution S* to produce the corresponding
ground-truth outputs, we construct the initial set of

test cases 7 (¢:0) = {tgo),tg)), ... 7tz(;))}-

Execution and Feedback Collection. Follow-
ing the synthesis of the initial test cases, we eval-
uate their quality to provide a precise signal for
subsequent refinement. Specifically, we execute
the candidate test cases 7 (¢*) against the solution
pools ST and S, recording the execution results
of every correct solution s; € ST and incorrect
solution s,,, € S~. By validating these outputs
against the ground-truth outputs from the reference
solution S*, we quantify the discriminative power
of each test case. A test case is considered more
effective if it successfully validates a greater pro-
portion of correct solutions while detecting a higher
number of potential flaws in incorrect ones.

These results are then distilled into a compre-
hensive feedback set (), which explicitly iden-
tifies false negatives (correct solutions incorrectly
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rejected) and false positives (incorrect solutions
that bypass the test cases). These failures reveal
the current test cases’ limitations in distinguishing
subtle algorithmic discrepancies. Furthermore, in
instances where the generator g@') or reference so-
lution S* fails to produce a valid output, we capture
the corresponding execution error logs and stack
traces, denoted as £(). This auxiliary informa-
tion allows the LLM to diagnose underlying struc-
tural flaws or runtime crashes in the generation pro-
cess. Finally, we aggregate these observations into
a structured feedback report R = {F(0) £},
providing the LLM with the necessary context to
refine and synthesize higher-quality test cases. Due
to context window limitations, we randomly sam-
ple K (K = 10) solutions each from S* and S~
in each iteration to construct the feedback report,
rather than including the entire solution pool.

Feedback-Guided Refinement. In the final
stage of each iteration ¢, we leverage the struc-
tured feedback report R(") to guide the LLM in
a targeted refinement of the test case generation
logic. This process is not a simple re-generation
but a strategic evolution of the generator program
G and its execution commands C (.

First, the LLM performs a root-cause analysis of
the failures documented in R(*). By examining the
false positives, false negatives, and execution errors
£, the model identifies specific weaknesses in the
current generation logic. Based on these insights,
the LLM updates the generator program to Glt1),
optimizing its internal logic to capture previously
overlooked boundary conditions and intricate edge
cases. Simultaneously, the LLM re-designs the
execution commands C®) into C(+Y) to explore un-
explored regions of the parameter space, ensuring
that the new test cases cover complex edge cases
and diverse distributions.

To implement these refinements effectively, we
employ a dual-track update mechanism that op-
erates on both the generator G and the execu-
tion commands C("). For the generator program,
rather than rewriting the entire program, we utilize
a "search-and-replace" strategy to precisely target
and rectify the specific logic segments identified
during the root-cause analysis. Building upon this
structural update, the LLM then simultaneously
updates the execution commands C(¥) by dynami-
cally modifying the command-line argument sets.
This involves selectively replacing underperform-
ing commands to adjust the characteristics of the
generated test input while adding new execution

commands to probe previously unaddressed sce-
narios. This coordinated approach ensures that
the resulting execution commands C*+1) are both
structurally valid and increasingly rigorous.

By executing the refined command sets C(“+1)
under the updated generator G+, we produce
a new batch of test inputs. These inputs are then
processed by the reference solution S* to generate
the corresponding ground-truth outputs, resulting
in an augmented and more rigorous test case set
Tleitl) — {t§l+1), tgﬂ), . ,tl(frll)}. This new
set is then fed back into the Execution and Feed-
back Collection phase, driving the next iteration.

Context Compression and Checker Genera-
tion. To prevent potential context overflow caused
by lengthy iterative dialogues, we implement a con-
text compression technique. This approach con-
denses information from multiple conversational
turns into a single-turn summary, significantly re-
ducing the input sequence length. Furthermore,
acknowledging that programming problems of-
ten have multiple valid outputs, we employ a co-
generation strategy where a checker is synthesized
alongside the generator. This checker evaluates the
logical consistency between a solution’s output and
the reference output, rather than relying on simple
string matching, to ensure correctness in scenarios
with non-unique valid solutions. Further details on
these techniques are provided in Appendix B.

This iterative refinement loop terminates when
the test case set 7 ¢ reaches the target performance,
where TPR > « and TNR > (3, or fulfills the max-
imum iteration limit N,,4,. This multi-objective
exit strategy ensures that the final test cases pos-
sesses robust discriminative power while maintain-
ing computational efficiency. The complete prompt
templates are provided in Appendix B.3.

3.3 Construction of CodeContests-O

To evaluate the effectiveness of the proposed frame-
work, we apply the iterative refinement process de-
scribed in Section 3.2 to construct CodeContests-O,
a high-quality code dataset derived from CodeCon-
tests (Wang et al., 2025c¢). The construction process
is organized into the following stages.

Data Curation. To establish a reliable foun-
dation for the refinement process, we conduct a
rigorous preprocessing of the problem set D (com-
prising individual problems P € D) and the per-
problem candidate solution pools ST and S~. In
particular, we first apply a set of heuristic rules as
detailed in Appendix A.1 to filter the problem set

1058



Dataset Problems Avg. Test Cases Avg. ST Avg. S—
CodeContests 13610 95.81 332.57 649.29
CodeContests+ (1x) 11690 25.36 373.14 734.30
CodeContests+ (3x) 11690 61.62 373.14 734.30
CodeContests+ (5x) 11690 97.19 373.14 734.30
CodeContests-O 11682 40.19 309.23 594.12

Table 1: Comparison of statistical properties among datasets generated by different methods.

D, ensuring that only those with appropriate algo-
rithmic complexity and well-defined requirements
are retained. Concurrently, we refine the solution
pools ST and S~ for each problem P by discard-
ing solutions that fail to compile or execute in a
standard environment. This filtering is specifically
implemented by utilizing the public test cases 77,
where we exclude any solution that fails to run suc-
cessfully on all public test inputs. For the correct
solution set S, we further enforce a stricter inclu-
sion criterion requiring each solution to pass all test
cases in 7P to guarantee its correctness.

Dataset Synthesis. For each curated problem P,
we execute the feedback-driven iterative test case
generation framework, as detailed in Section 3.2,
using the GPT-5 model (OpenAl, 2025) to synthe-
size the final CodeContests-O dataset. To ensure
the reproducibility and safety of the execution pro-
cess, we employ SandboxFusion® as our standard-
ized environment for running and validating all
code submissions. The refinement process contin-
ues until the target thresholds are met, where we
set a = 0.95 and 8 = 0.90 for the final synthesis.
These criteria ensure that the generated test cases
can simultaneously validate correct solutions and
effectively intercept incorrect ones. Additionally,
we cap the maximum iteration limit at Ny,q, = 3
to maintain a balance between test case quality and
computational cost.

Dataset Properties. The resulting dataset
CodeContests-O comprises 11682 unique prob-
lems. For each problem, the dataset provides a
comprehensive set of test cases with an average of
40.19 cases per problem, accompanied by a veri-
fied solution pool consisting of 309.23 correct so-
lutions and 594.12 incorrect solutions. To provide
a comprehensive overview of the dataset character-
istics, we present a comparative analysis of statisti-
cal properties in Table 1, including: (1) Problems,
which represents the count of problems; (2) Avg.
Test Cases, reflecting the average number of tests

*https://github.com/bytedance/SandboxFusion

per problem; and (3) the average size of correct
and defective solution pools, Avg. S+ and Avg.
S~. Itis evident that while the CodeContests and
CodeContests+, rely on increasing the volume of
test cases to improve the identification of defective
solutions, our approach focuses on the precision
and rigor of each test case. Furthermore, by exclud-
ing non-compilable or failed solutions, we ensure
a higher-purity solution pool for evaluation. More
detailed statistical properties of CodeContests-O
are provided in Appendix A.2.

4 Experiments

4.1 Experimental Setup

Compared Methods. To evaluate the effective-
ness of the proposed framework and the quality
of the resulting dataset, we conduct comprehen-
sive experiments by comparing CodeContests-O
against three representative existing approaches.
These include CodeContests (Li et al., 2022), a
large-scale dataset curated from competitive pro-
gramming platforms; CodeContests+ (Wang et al.,
2025c), a multi-agent Generator-Validator system
utilizing LLM-generated programs to synthesize
test cases; and HardTests (He et al., 2025), which
focuses on curating adversarial instances to chal-
lenge model robustness. This systematic compar-
ison allows us to validate our iterative refinement
process against both standard data sources and spe-
cialized augmentation techniques.

Data Quality Metrics. The quality of synthe-
sized test cases is quantitatively evaluated through
two core metrics: True Positive Rate (TPR) and
True Negative Rate (TNR). TPR reflects the fi-
delity of the generated test cases by measuring
the proportion of correct solutions (ST) that pass
all test cases without erroneous rejection. Specifi-
cally, for a given problem with n correct solutions,
TPR= 13" I(s; passesallt € T), where I(-)
is the indicator function. This ensures that any
invalid test case is directly reflected in a lower
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TPR score. Conversely, TNR quantifies the dis-
criminability of the test cases by measuring the
proportion of known incorrect solutions (S™) that
are correctly rejected. To ensure the robustness of
these metrics, we utilize the entire pool of verified
solutions, totaling approximately 1.1 x 107 samples
for evaluation. Maximizing both metrics ensures
reliable training signals and the effective removal
of hallucinated solutions.

Training and Evaluation Details. To evaluate
the practical utility of our dataset, we initialize poli-
cies from open-source base models and perform
supervised fine-tuning (SFT) using the CodeForces-
CoTs dataset (Penedo et al., 2025). Subsequently,
we apply the GRPO training paradigm (Shao et al.,
2024) on each respective dataset. We conduct
experiments on three model scales: Qwen2.5-
7B (Yang et al., 2024), Llama3.1-8B (Grattafiori
et al., 2024), and Qwen2.5-14B (Yang et al.,
2024). For each model, we include its correspond-
ing instruction-tuned variant as a reference base-
line, namely Qwen2.5-7B-Instruct, Llama3.1-8B-
Instruct, and Qwen2.5-14B-Instruct. All result-
ing models are evaluated on LiveCodeBench (Jain
et al., 2024) using the Pass@ 1 metric across its
three difficulty levels: Easy, Medium, and Hard.
This benchmark provides a dynamic and time-
sequenced stream of competitive programming
problems. To ensure a fair comparison, we consis-
tently apply identical training configurations across
all compared datasets. This setup provides a direct
comparison of dataset efficacy, demonstrating the
superior discriminative power of CodeContests-O.
Specifically, the training process is conducted on
8x NVIDIA A100 GPUs using the veRL frame-
work (Sheng et al., 2025). For SFT, we set the
maximum sequence length to 8%, batch size to 16,
and learning rate to 1 x 1073, For GRPO, the max-
imum response length is extended to 16k with a
batch size of 16, a rollout size of n = 4, and a
learning rate of 1 x 1076, The complete training
configuration and additional experimental results
are provided in Appendix C.

4.2 Verification of Test Case Quality

Table 2 presents the TPR and TNR results across
different datasets, where CodeContests-O demon-
strates superior fidelity and significantly enhanced
discriminative power. Specifically, the original
CodeContests exhibits a limited TNR of 81.52%,
whereas our dataset significantly tightens the eval-
uation rigors by achieving a substantially higher

Dataset TPR (%) TNR (%)
CodeContests 85.18 81.52
CodeContests+ (1x) 85.68 86.03
CodeContests+ (3x) 85.05 88.82
CodeContests+ (5x) 83.84 89.35
HardTests 68.06 89.17
CodeContests-O (iter 0) 86.04 89.42
CodeContests-O (iter 1) 89.20 89.62
CodeContests-O (iter 2) 89.35 90.30
CodeContests-O (iter 3) 89.37 90.89

Table 2: TPR and TNR results on different datasets.
Here, iter O denotes the initial test case set produced by
Initial Test Case Generation, while iter 1-3 represent
the test cases synthesized in the respective i-th itera-
tion of our refinement process. Our iterative refinement
yields consistent metric growth, outperforming existing
datasets in both fidelity and discriminative power.

TNR of 90.89%. Furthermore, while simply scal-
ing the quantity of test cases, exemplified by
CodeContests+ (3x) and (5x), raises the TNR to
89.35%, it fails to maintain a high TPR, indicating
that density-driven augmentation often introduces
noise or redundancy. In contrast, CodeContests-O
achieves a superior balance, outperforming Code-
Contests+ (5x) in both TPR (89.37%) and TNR
(90.89%). Notably, while HardTests is specifically
designed for adversarial robustness, it achieves a
TNR of 89.17% at the expense of a lower TPR
(68.06%), suggesting that its over-specialization
on edge cases may inadvertently filter out valid so-
lutions. This dual-metric dominance confirms that
our feedback-driven iterative framework generates
test cases that are not only more diverse but also
more precise in identifying subtle logic errors.

To further characterize the quality distribution,
we evaluate the Pareto frontiers of these datasets.
As illustrated in Figure 1, we rank the test cases
by their individual performance and aggregate
them descendingly to visualize the trade-off be-
tween TPR and TNR. The Pareto frontier of
CodeContests-O consistently envelopes those of
the comparative datasets, demonstrating that our
method provides a superior set of test cases that
achieve higher fidelity at any given level of discrim-
inative power. Moreover, the progressive expansion
of the Pareto frontiers toward the top-right corner
(Figure 1), coupled with the consistent improve-
ment of TPR and TNR results (Table 2) from iter
0 to iter 3, validates the efficacy of our feedback-
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Dataset Pass@1 (%) Easy (%) Medium (%) Hard (%)
Qwen2.5-7B
Qwen2.5-7B-Instruct 29.33 57.52 23.98 2.70
Qwen2.5-7B (SFT) 25.05 58.91 13.33 0.61
CodeContests 27.10 64.66 13.55 0.77
CodeContests+ (1x) 26.52 65.08 12.19 0.10
CodeContests+ (3x) 29.17 67.52 16.42 0.77
CodeContests+ (5x) 29.61 64.37 19.93 1.17
HardTests 26.54 62.61 14.09 0.46
CodeContests-O 34.57 70.42 26.56 2.45
Llama3.1-8B
Llama3.1-8B-Instruct 16.49 43.44 4.73 0.51
Llama3.1-8B (SFT) 12.40 34.75 1.68 0.51
CodeContests+ (5x) 18.42 49.65 4.17 0.77
CodeContests-O 24.12 60.08 9.68 1.02
Qwen2.5-14B
Qwen2.5-14B-Instruct 39.31 75.71 33.58 3.27
Qwen2.5-14B (SFT) 37.68 76.76 28.71 3.01
CodeContests-O 47.15 83.41 45.28 5.78

Table 3: Performance comparison on LiveCodeBench across models trained with different datasets. "Base Model
(SFT)" is the model after supervised fine-tuning, used as the starting point for RL. The superior Pass@1 results
achieved by our CodeContests-O across different model families and sizes demonstrate that higher reward fidelity
during RL directly translates to stronger generalization in competitive programming tasks.

driven iterative framework. Specifically, the TPR
increases from 86.04% to 89.37%, while the TNR
improves from 89.42% to 90.89%. This dual evi-
dence confirms that our refinement process effec-
tively filters out low-quality cases while synthesiz-
ing more challenging ones, resulting in test cases
that achieve both extensive coverage of edge cases
and exceptional discriminative rigor.

4.3 RL Results with Test Cases

Table 3 summarizes the performance of models
trained on different datasets across three back-
bone architectures. A consistent pattern emerges
across all settings: while SFT on domain-specific
code data provides a foundation, the resulting mod-
els lag behind their instruction-tuned counterparts
in overall problem-solving proficiency. For in-
stance, Qwen2.5-7B (SFT) achieves only 25.05%
Pass@]1 results compared to 29.33% for Qwen2.5-
7B-Instruct, and a similar gap is observed for
Llama3.1-8B (SFT) (12.40% vs. 16.49%).

After applying RL with our curated dataset,
CodeContests-O consistently yields the strongest
performance across all three backbone models. On
Qwen2.5-7B, it achieves 34.57%, representing a

+7.47% improvement over the original CodeCon-
tests and surpassing Qwen2.5-7B-Instruct. On
Llama3.1-8B, it reaches 24.12%, outperforming
both the instruct baseline by +7.63% and Code-
Contests+ (5x) by +5.70%. On the larger Qwen2.5-
14B backbone, it attains 47.15%, exceeding the
instruct model by +7.84%. Notably, the magni-
tude of improvement over the instruct baseline re-
mains consistent across model sizes, suggesting
that the benefit of high-fidelity test cases does not
diminish as model capacity scales up. In all cases,
CodeContests-O consistently outperforms all test
case-synthesis baselines across all difficulty levels.
These results highlight that test case quality mat-
ters more than quantity for effective RL training,
and validate our framework’s ability to generate
high-fidelity test cases that achieve state-of-the-art
performance across model families and sizes.

4.4 Abalation Study

Held-Out Evaluation of Test Cases. To verify
that the reported TPR/TNR metrics reflect genuine
test case quality rather than overfitting to solutions
seen during iterative refinement, we conduct an
additional held-out evaluation. Specifically, we
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CodeContests-O

Full Pool Held-Out CodeContests-O TPR (%) TNR (%)
TPR TNR TPR TNR w/ Context Compression 96.42 82.87
w/o Context Compression  96.70 83.01

iter 3 89.37 90.89 89.42 90.84

Table 4: TPR/TNR comparison between the full solution
pool and the held-out set for CodeContests-O (iter 3).
The negligible gap (ATPR = 0.05%, ATNR = 0.05%)
confirms that our generated test cases generalize well
beyond the solutions seen during refinement.

exclude the solutions sampled during refinement
from the evaluation pool and re-evaluate on the
remaining held-out set. As shown in Table 4, the
metrics remain nearly identical between the full
pool and the held-out set (ATPR = 0.05%, ATNR
= 0.05%), confirming that our generated test cases
generalize well beyond the solutions exposed dur-
ing refinement. This is further supported by the
fact that only 10 solutions from each of St and
S~ are sampled per refinement iteration, meaning
the vast majority of solutions are never seen by the
LLM during the refinement process.

Effect of Generator Program. We empiri-
cally compare the generator-program paradigm
against direct LLM-based test case generation on
the CodeContests test set. As shown in Table 5,
the generator-program paradigm substantially out-
performs direct generation in both TPR and TNR,
as directly generated test cases often violate struc-
tural constraints, whereas programmatic generation
enforces consistency by construction.

Method TPR (%) TNR (%)
Direct LLM Generation 88.17 76.59
Generator Program 96.42 82.87

Table 5: Comparison between direct LLM generation
and the generator-program paradigm. The generator-
program paradigm achieves consistently higher TPR and
TNR, demonstrating its superiority in test case quality.

Effect of Context Compression. We ablate the
context compression mechanism by disabling it
while keeping all other components unchanged. As
shown in Table 6, removing compression yields
nearly identical TPR and TNR, but significantly
increases per-iteration context length and quickly
exhausts the model context limit. Therefore, con-
text compression is necessary for efficiency and
scalability while preserving refinement quality.

Effect of Checker. As shown in Figure 3,
enabling the checker consistently increases TPR

Table 6: Ablation on context compression mechanism
on the CodeContests test set. Removing compression
yields marginal differences in TPR and TNR but leads
to significantly higher computational cost.

while slightly reducing TNR. This is expected in
multi-solution problems, where string matching
without a checker incorrectly rejects semantically
correct solutions, leading to false negatives. By ver-
ifying logical consistency instead of exact outputs,
the checker resolves this ambiguity and improves
verification fidelity. The resulting TPR-TNR trade-
off yields a more balanced and reliable evaluator
for downstream training.
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Figure 3: Effect of logic-based checker on TPR and
TNR. "w/o checker" denotes string-matching evaluation,
while "w/ checker" employs the logic-based checker.
The checker consistently improves TPR across all
datasets by correctly validating solutions with multiple
valid outputs. CodeContests-O with checker achieves
the optimal balance, demonstrating the effectiveness of
our synchronized checker generation strategy.

5 Conclusion

In this work, we propose a feedback-driven itera-
tive framework for synthesizing high-quality test
cases, achieving high TPR and TNR by leveraging
execution results from correct and incorrect solu-
tions as feedback signals. Applying this to compet-
itive programming, we construct CodeContests-O,
which significantly outperforms existing datasets
and yields substantial gains as reward signals in RL.
We hope our framework serves as a general recipe
for constructing high-fidelity verifiable datasets be-
yond competitive programming.
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Limitations

While our framework significantly improves test
case quality, the primary limitation is the compu-
tational overhead associated with the iterative pro-
cess. Reaching the optimal Pareto front requires
multiple rounds of model inference and code ex-
ecution to refine the generator, checker, and com-
mand sets, resulting in higher latency compared to
single-pass methods. Additionally, our approach is
designed to augment existing programming prob-
lems by generating high-quality test cases; it does
not generate new problem statements from scratch.
Furthermore, our framework assumes the reference
solution S* is correct; subtle bugs in S* may be
reinforced rather than corrected during iteration,
which we leave to future work to address via self-
reflection mechanisms.
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A CodeContests-O Dataset Details

A.1 Problem Selection and Filtering

To ensure a high-quality problem set, we imple-
ment a series of heuristic rules to filter the initial
problem pool D. Specifically, A problem P is ex-
cluded from the dataset if it satisfies any of the
following criteria:

* Incomplete Descriptions: Problems that lack
a formal text description or contain severely
fragmented information, making it impossible
to extract the underlying logic.

¢ Absence of Reference Solutions: Problems
without any verified reference solution S*,
which is essential for the initial validation of
synthesized test cases.

e Multimodal Inputs: Problems requiring the
processing of non-textual information, such
as images or diagrams.

* Non-Standard Execution Formats: Prob-
lems that do not require a complete, stan-
dalone program, such as (i) Function-only
tasks, where the implementation is restricted
to a specific function within a predefined
framework, or (ii) Interactive problems, which
necessitate real-time communication with an
external grader during execution. These cases
are excluded to ensure a uniform and auto-
mated environment.

A.2 Dataset Distribution and Statistics

CodeContests-O builds upon the original Code-
Contests dataset, with its primary improvements
focused on the quality of test cases and solution
pools:

* Core Refinement: Our method focuses on
generating high-quality test cases 7 ¢ and fil-
tering the solution pools (S* and S™). This
process ensures higher reward fidelity and dis-
criminative power by eliminating noise and
non-compilable entries.

* Property Inheritance: The remaining in-
formation for each problem is essentially in-
herited from CodeContests. This includes
all other problem-level metadata, such as
time/memory limits, difficulty ratings, and
tags.

B Additional Details of Feedback-Driven
Iterative Framework

B.1 Context Compression Mechanism

To maintain computational efficiency and avoid
exceeding the model’s context window during the
iterative refinement process, we implement a con-
text compression strategy. In a standard multi-turn
refinement, the dialogue history accumulates as fol-
lows: problem statement — initial candidates of
generator and commands — feedback on execution
results — refined generator and commands.

To optimize this, we compress the multi-turn in-
teraction into a consolidated representation. Once
the generator and command sets are refined based
on execution feedback, we discard the intermedi-
ate, suboptimal iterations and the granular feedback
logs. Instead, we restructure the context to pair the
original problem statement directly with the latest
refined generator and commands.

By treating the refined output as if it were the
response to the initial problem, we effectively "col-
lapse" the conversation history. This ensures that
the model only retains the most potent reasoning
traces and final high-fidelity outputs, significantly
reducing the token overhead while preserving the
essential logic required for further iterations.

B.2 Synchronized Checker Generation and
Refinement

To ensure high-fidelity evaluation for problems
with multiple valid outputs, we implement a co-
generation strategy for the checker. Rather than
using static string matching, the model synthesizes
the checker and the generator within the same pro-
cess. This ensures the checker is inherently aligned
with the specific constraints of the generated test
cases. Throughout the refinement loop, the checker
is optimized alongside the generator and command
sets, allowing its verification logic to adapt to in-
creasingly complex edge cases.

This logic-based checker takes the test input as
context to evaluate the consistency between the
solution output and the reference output. By an-
alyzing logical correctness rather than raw text,
it accurately identifies valid solutions even when
multiple correct paths exist. This simultaneous
optimization of test cases and verification logic sig-
nificantly boosts the dataset’s discriminative power,
ensuring both rigorous and fair evaluation across
diverse problem types.
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Category Parameter Value

. adv_estimator grpo

Algorithm use_kl_in_reward False
train_batch_size 16

Data max_prompt_length 8192

max_response_length 16384
grpo_mini_batch_size 8
grpo_micro_batch_size_per_gpu 2

max_num_batched_tokens 65536
log_prob_micro_batch_size_per_gpu 2

Rollout rollout_backend vllm
n_samples_per_prompt 4
Reference ref_log_prob_micro_batch_size_per_gpu 2

Optimizer actor_Ir le-6

.. kl_loss_coef 0.001

KL Regularization KI_loss_type low_var kI

Regularization entropy_coeff 0

Memory gradient_checkpointing True

Table 7: Complete RL training configuration used in our experiments.

B.3 Prompt Templates

Here we provide the complete prompt templates
used in our feedback-driven iterative framework.
Prompt B.1 presents the template for the Initial
Test Case Generation phase, while Prompt B.2 de-
tails the template for Feedback-Guided Refinement.
Our generators are implemented using testlib®, a
standard library widely adopted by Codeforces for
creating contest problems. As the checker follows
the same generation and refinement process as the
generator, we omit its prompts for brevity.

Since CodeContests+ has already synthesized
preliminary generators for each problem, we lever-
age these existing generators as a starting point
rather than generating from scratch to reduce com-
putational overhead. Our prompts instruct the
LLM to analyze and improve upon these gener-
ators through a search-and-replace mechanism.

C Additional Experiments

C.1 Experimental Setup

Table 7 provides the complete RL training con-
figuration used in our experiments to ensure full
reproducibility.

*https://github.com/MikeMirzayanov/testlib

C.2 Additional Experimental Results

Qwen2.5-7B-Instruct Results. To further vali-
date our approach, we conduct experiments start-
ing from Qwen2.5-7B-Instruct as the RL initial-
ization, keeping the GRPO training setup identical
to that described in Section 4. Note that we use
the SFT model as the default starting point in the
main experiments to reduce potential data leakage,
as instruct models may have been aligned on mix-
tures that include CodeContests data. As shown in
Table 8, CodeContests-O consistently outperforms
both the instruct baseline and CodeContests+ (5x)
when starting from the stronger initialization, con-
firming that the effectiveness of our synthesized test
cases generalizes to stronger starting checkpoints.

Analysis of Remaining Errors. Despite achiev-
ing strong TPR and TNR, a non-trivial fraction
of problems still fail to reach the target threshold
after the final iteration. To better understand this re-
maining gap, we analyze the problems where TPR
or TNR remains below the threshold and find that
these cases are concentrated in structurally complex
domains, including graph theory, geometric opti-
mization, and combinatorial mathematics. Such
problems place higher demands on the model’s do-
main knowledge and reasoning ability, suggesting
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Method Pass@1 (%) Easy (%) Medium (%) Hard (%)
Qwen2.5-7B-Instruct 29.33 57.52 23.98 2.70
CodeContests+ (5x) 35.13 65.27 31.43 3.78
CodeContests-O 38.29 69.75 35.48 4.08

Table 8: Performance on LiveCodeBench when using Qwen2.5-7B-Instruct as the RL initialization. CodeContests-O
consistently outperforms competing methods under the stronger starting point.

Metric iterO iter1 iter2 iter 3
TPR (%) 81.34 85.06 91.51 91.97
TNR (%) 86.83 90.02 90.41 91.02

Table 9: Iterative refinement results on long-tail prob-
lems with fewer than 10 available solutions. Consistent
improvements across iterations confirm that the feed-
back signal remains effective under sparse solutions.

CodeContests-O  Converged (%, cumulative)

iter O 30.11
iter 1 43.18
iter 2 55.61
iter 3 60.72

Table 10: Cumulative convergence rates across itera-
tions. The steadily increasing rate suggests that refine-
ment quality has not saturated within 3 iterations.

that further improvement may require more special-
ized reasoning capabilities or additional domain-
specific context.

C.3 Additional Ablation Studies

Performance on Long-Tail Problems. To exam-
ine the effectiveness of our framework under sparse
feedback signals (e.g. less solutions), we evaluate
on the subset of CodeContests problems where
the number of available solutions is fewer than 10.
As shown in Table 9, consistent improvements are
achieved across iterations even in this long-tail set-
ting, suggesting that the feedback signal remains
effective despite limited solution coverage. We
note that extremely small solution pools may still
yield weaker or noisier feedback, which we leave
as a direction for future work.

Convergence Rate Across Iterations. We fur-
ther report the cumulative percentage of problems
that reach our convergence threshold after each iter-
ation. As shown in Table 10, the converged portion
continues to increase across iterations rather than
plateauing early, suggesting that refinement quality

Metric iter 0 iter 1 iter 2
TPR (%) 85.69 9490 97.15
TNR (%) 83.16 85.14 88.92

Table 11: Iterative refinement results using Claude-
Opus-4.6 as the generator LLM on the CodeContests
test set. Consistent improvements across iterations con-
firm that the framework drives the gains independently
of the generator backbone.

has not yet saturated within 3 iterations and that ad-
ditional iterations may yield further improvements.

Effect of Generator LLM. To validate that the
gains are driven by the iterative framework itself
rather than a specific generator LLM, we conduct
an additional experiment using Claude-Opus-4.6 as
the generator on the CodeContests test set with the
same configuration. As shown in Table 11, consis-
tent improvements are observed across iterations
with Claude-Opus-4.6, confirming that the iterative
execute-and-feedback loop is the primary source
of quality gains regardless of the backbone model.

C.4 Case Study

To illustrate what the iterative feedback loop con-
cretely fixes, we present a representative exam-
ple from Codeforces-1398-E. Table 12 shows the
iteration-wise TPR/TNR changes, and the key gen-
erator edit below illustrates the refinement between
iter O and iter 1.

iter O iter 1 iter 2
TPR (%) 79.72 9198 97.17
TNR (%) 82.70 83.60 96.18

Table 12: Iteration-wise TPR/TNR for Codeforces-
1398-E.

From iter O to iter 1, the feedback loop identifies
that the original generator only enforced per-type
uniqueness of spell powers, allowing cross-type
duplicates that produce invalid test inputs. The
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refinement introduces a global all_powers set to
enforce uniqueness across both spell types, elimi-
nating invalid inputs and substantially improving
TPR. The key generator edit is shown below:

<<<<<<< SEARCH
set<int> fire_spells; // powers of known fire spells
set<int> lightning_spells; // powers of known lightning spells

vector<pair<int, int>> changes; // Each change is (tp_i, d_i)

set<int> fire_spells; // powers of known fire spells
set<int> lightning_spells; // powers of known lightning spells
set<int> all_powers; // to ensure global uniqueness across both types

vector<pair<int, int>> changes; // Each change is (tp_i, d_i)
>>>>>>> REPLACE,

<<<<<<< SEARCH
do {
power = rnd.next(1, MAX_D);
if (tp == 0 && fire_spells.count(power)) continue;
if (tp == 1 && lightning_spells.count(power)) continue;
break;
} while (true);

do {
power = rnd.next(1, MAX_D);
if (all_powers.count(power)) continue;
break;
} while (true);
>>>>>>> REPLACE,

D LLM Usage

LLM assistance was used exclusively for linguistic
refinements, including grammar corrections and
wording improvements, as well as assisting with
visualization. The LLM was not involved in re-
search ideation, experimental design, data analysis,
or substantive content creation. All intellectual
contributions remain solely the authors’ work.
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You are an expert in generating command-line arguments for corner case generation programs for
programming problems.

Given the following problem statement and a C++ generation program, your tasks are:
1. Carefully read and understand the problem statement.
2. Carefully read and understand the provided generation program, which is designed to generate
corner case inputs for this problem.
3. Identify and summarize the constraints of the input data.
4. Analyze the problem and the generation program to anticipate common mistakes or edge cases
that contestants might overlook.
5. If the provided generator is incomplete or insufficient to produce high-quality adversarial
cases (e.g., missing modes/flags/branches or has buggy logic), propose minimal, concrete
generator code improvements using search-replace blocks. Each block must strictly follow the
pattern:

<<<<<<<L SEARCH

<original code fragment to search for>

<replacement fragment (the improved code)>

>>>>>>> REPLACE

Notes:

- Provide only the smallest necessary surrounding context to uniquely match; avoid large
blocks.

- Prefer multiple small, focused replacements over a single massive one.

- Do not add explanations around the blocks; return only the blocks themselves as strings.

- Pay close attention to code indentation, spaces, and line breaks; do not omit or alter them

in the search/replace fragments.

- For each SEARCH block, you must strictly copy the exact content from the provided generator
. Do NOT add or modify any characters, such as adding "-" or "+" at the beginning of lines. The
SEARCH block must be an exact substring of the generator.

- For each REPLACE block, strictly follow the code format and ensure that after replacing the

SEARCH content with the REPLACE content, the generator can be compiled and run directly.

- In the REPLACE blocks you add, if you need to introduce new functions or variables, ensure
that these functions or variables are already defined or imported in the generator. Do not
introduce non-existent functions or variables, and carefully check whether the parameters of the
called functions are correct. For example, the common “rnd.shuffle()” function may cause an
error: 'class random_t' has no member named 'shuffle'; “rnd.next” requires two arguments of the
same type; the “ensure” function only accepts one argument, etc. Below is the header comment
from the testlib.h used by the code:

/*
It is strictly recommended to include "testlib.h" before any other include
in your code. In this case testlib overrides compiler specific "random()".

If you can't compile your code and the compiler outputs something about
ambiguous calls of "random_shuffle”, "rand” or "srand”, it means that
you shouldn't use them. Use "shuffle”, and "rnd.next()"” instead because
these calls produce stable results for any C++ compiler. Read

sample generator sources for clarification.

Please read the documentation for class "random_t"” and use the "rnd” instance in
generators. These sample calls might be useful for you:

rnd.next(); rnd.next(100); rnd.next(1, 2);

rnd.next(3.14); rnd.next("[a-z]{{1,100}}").

Also read about wnext() to generate off-center random distributions.

X % % Sk X % 3k X % X %X % X %k X %X %

See https://github.com/MikeMirzayanov/testlib/ to get the latest version or bug tracker.
*/

- In the REPLACE blocks you add, if you need to reference variables from other parts of the
code, carefully check their scope to ensure that the referenced variables are visible in the
generator.

6. Based on your analysis and the improved generator, design and output a diverse set of command-
line commands ("command_list"”) that, when executed, will use the generation program to generate
corner case inputs that cover as many special and adversarial cases as possible. Note that the
format and arguments of the command line must comply with the requirements of the generation
program. For example, ensure that --seed may be an invalid argument, and when --n usually expects
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a numeric value, do not pass a string.

Problem Statement:
{problem_statement}

Generation Program (C++):
{generator}

*xStrictly follow these output requirements:xx*
- Your response must be in JSON format matching this structure:

{{
"input_constraints_summary”: "string describing input constraints from the problem
statement”,
"search_replace_generator_blocks": [
"<<<<<<< SEARCH\n<original>\n=======\n<replacement>\n>>>>>>> REPLACE",
])
"command_list": ["./gen --argl valuel ", "./gen --arg2 value2 ...", ...]
1

- The "input_constraints_summary"” field should contain a clear and concise summary of all input
constraints, including both explicit constraints mentioned in the problem statement (such as
input size limits, value ranges, format requirements, etc.) and any implicit constraints that can
be inferred from the problem description (such as properties, invariants, or hidden requirements
implied by the problem context).
- “search_replace_generator_blocks™ is optional-include it only when the generator needs
improvements. Each item must strictly follow the search-replace block format shown above. If no
changes are needed, return an empty list ([]). If changes are proposed, ensure that
command_list™ is generated against the updated generator (i.e., after applying the edits).

- The "command_list” field must contain a list of shell commands, each starting with './gen' and
followed by the appropriate arguments for the generation program. Each command should be designed
to generate one corner case input. All corner case inputs generated by these commands should be

as diverse and adversarial as possible, covering a wide range of edge cases and adversarial
scenarios.

- Do not generate the corner case inputs directly; only generate the command lines to run the
generation program.

- The commands should be ready to execute in a Linux shell and should use proper argument
formatting as required by the generation program.

Now you need to refine the previously generated command list for the corner case generation
program based on evaluation feedback.

You previously generated a set of commands for the given programming problem. The process is as
follows:

1. The generated "“search_replace_generator_blocks™ have already been applied to the generator.
Any blocks whose SEARCH fragments did not match exactly were skipped.

2. Each command is executed to generate one or more corner case inputs.

3. For each generated corner case input, the canonical solution is executed to obtain the
corresponding output, thus forming a complete corner case (input + output).

4. These corner cases are then used to evaluate both correct solutions and incorrect solutions.

Current improved Generation Program (C++) (Note: The edits from the previously returned °
search_replace_generator_blocks™ have already been applied to the generator below. Any blocks
that are not reflected were skipped because their SEARCH fragments did not match exactly. If the
previous ~search_replace_generator_blocks™ was empty or none of the blocks were applied, then
the generator shown here is the same as the originally provided generator and will appear as an
empty string):

{improved_generator}

Current command list: {current_command_list}
For each command, here are the corresponding generated corner case input(s) (for some commands

that generate very long inputs, the input for that command is replaced by ~[input]™):
{command_to_input_map}
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If any command failed to execute or produced errors when generating input, here are the error
messages (if any):
{command_run_errors} (ideally, this should be empty)

The evaluation results are as follows (ideally, all three should be empty):

- Outputs from correct solutions: These are cases where the generated corner cases incorrectly
cause correct solutions to fail (i.e., the correct solution is judged as wrong on these cases). {
correct_results}

- Outputs from incorrect solutions: These are cases where the generated corner cases fail to
expose bugs in incorrect solutions (i.e., the incorrect solution is judged as correct on these
cases). {incorrect_results?}

- Outputs from the canonical solution (only includes results for cases that failed when run with
the canonical solution): These are cases where the canonical solution itself fails or produces
errors on the generated corner cases. {outputs}

Please note:

- For some commands that generate very long inputs, the “stdin™ field in “correct_results™/"
incorrect_results™/ outputs™ may be replaced by the corresponding command string, and the field
will have a trailing ~ [command]~ tag to indicate this substitution. When you see such a ~stdin”
value, you should use the provided mapping between commands and generated inputs to implicitly
convert the command back to its actual “stdin™ content for any reasoning, comparison, or
decision-making tasks.

- For some cases where the output (“stdout™/ expected_output™) is very long, the “stdout™/"
expected_output™ field may be replaced by ~[output]”/ [expected output]™ . When you see ~[output
1° /" [expected output]™, in this case, if the solution's “passed™ field is False, you should rely
only on the given solution content for reasoning.

Here is a clear and concise summary of the input constraints mentioned in the problem statement (
e.g., input size limits, value ranges, format requirements, etc.): {input_constraints_summary}

Your tasks are:

1. Based on the above canonical solution results, identify any commands that generate invalid or

unhelpful corner cases (i.e., those that fail when run with the canonical solution) and mark them
for replacement.

2. Based on the correct solutions results, identify commands that generate corner cases which
incorrectly classify correct solutions as wrong, and mark them for replacement.

3. Analyze the above results to determine which commands fail to effectively distinguish between

correct and incorrect solutions.

4. If the provided generator is incomplete/insufficient to produce high-quality adversarial cases
(e.g., missing modes/flags/branches or has buggy logic), propose minimal, concrete generator

code improvements using search-replace blocks.

5. Generate new additional commands that can better expose bugs in incorrect solutions and
improve differentiation between correct and incorrect solutions.

*xStrictly follow these output requirements:xx*
- Your response must be in JSON format matching this structure:

{{
"search_replace_generator_blocks”: [
"<<<<<<< SEARCH\n<original>\n=======\n<replacement>\n>>>>>>> REPLACE",
:lr
"replace_command_list"”: ["old_command_1", "old_command_2", ...],
"add_command_list"”: ["new_command_1", "new_command_2", ...]
33

- “search_replace_generator_blocks™ is optional-include it only when the generator needs
improvements. Each item must strictly follow the search-replace block format shown above. If no
changes are needed, return an empty list ([J]). If changes are proposed, ensure that both ~
replace_command_list™ and ~add_command_list™ are generated against the updated generator (i.e.,
after applying the edits).

- “replace_command_list™ contains commands from the original list that should be removed/
replaced due to generating invalid or unhelpful corner cases, or incorrectly classifying correct
solutions as wrong.

- ~add_command_list™ contains new commands to be added to better distinguish correct and
incorrect solutions, including improved versions of replaced commands and completely new
adversarial commands.

- Each command should be a shell command starting with './gen' and followed by the appropriate
arguments for the generation program.

- Do not generate the corner case inputs directly; only generate the command lines to run the
generation program.
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- The commands should be ready to execute in a Linux shell and should use proper argument
formatting as required by the generation program.

Please focus on maximizing the adversarial value of the generated corner cases based on the
feedback above.
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