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ABSTRACT

Large language models for code generation increasingly rely on synthetic data,
where both problem solutions and verification tests are generated by models.
While this enables scalable data creation, it introduces a previously unexplored
bottleneck: the verification ceiling, in which the quality and diversity of training
data are fundamentally constrained by the capabilities of synthetic verifiers. In
this work, we systematically study how verification design and strategies influence
model performance. We investigate (i) what we verify by analyzing the impact of
test complexity and quantity: richer test suites improve code generation capabili-
ties (on average +3 pass@1), while quantity alone yields diminishing returns, (ii)
how we verify by exploring relaxed pass thresholds: rigid 100% pass criteria can
be overly restrictive. By allowing for relaxed thresholds or incorporating LLM-
based soft verification, we can recover valuable training data, leading to a 2–4
point improvement in pass@1 performance. However, this benefit is contingent
upon the strength and diversity of the test cases used, and (iii) why verification
remains necessary through controlled comparisons of formally correct versus in-
correct solutions and human evaluation: retaining diverse correct solutions per
problem yields consistent generalization gains. Our results show that Verification
as currently practiced is too rigid, filtering out valuable diversity. But it cannot be
discarded, only recalibrated. By combining calibrated verification with diverse,
challenging problem–solution pairs, we outline a path to break the verification
ceiling and unlock stronger code generation models.

Figure 1: Interaction between test suite
complexity design and pass rate thresholds
(τ = {0.7, 1}) on LBPP performance. Re-
laxing thresholds under Minimal test suites
degrades performance as weak tests ad-
mit noisy solutions. In contrast, Struc-
tured and Contrastive suites benefit from re-
laxed thresholds, with Structured yielding
the largest gains. Richer test suites provide
a higher-resolution verification signal, en-
abling soft filtering that retains diverse, non-
canonical solutions while maintaining some
level of correctness.

1 INTRODUCTION

The use of synthetic data is becoming a commonplace practice to obtain large-scale training data for
LLMs (Chen et al., 2024; Grattafiori et al., 2024; Gunter et al., 2024; Yang et al., 2025; Bercovich
et al., 2025). A critical component of this pipeline is verification: filtering model outputs to retain
only those deemed correct. Verification prevents the compounding of model errors often discussed
under the umbrella of “model collapse” (Zhu et al., 2025) and enables high-quality data curation
without extensive human supervision. This is especially powerful in domains with verifiable reward
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signals, such as code, where correctness can be automatically tested. In practice, common pipelines
(Wei et al., 2024a) not only generate candidate completions synthetically but also synthesize verifi-
cation: code solutions must pass tests generated by a model, and only passing solutions are retained
for training. While this strategy has clear appeal, its effectiveness is not guaranteed. For example,
Guha et al. (2025) compared datasets filtered by LLM-generated unit tests against unfiltered coun-
terparts and found no improvement from verification-based filtering, suggesting that naive or rigid
applications of synthetic verification may fail to capture the intended quality signal.

These observations point to a deeper and underexplored dependency: The quality of the training
data becomes fundamentally constrained by the capabilities of the synthetic verification system.
When both solutions and their validation are model-generated, we risk creating a closed loop in
which only solutions recognizable to the verifier survive, excluding potentially correct, diverse, or
complex implementations that exceed its competence. We refer to this bottleneck as the verification
ceiling problem. In the context of code, this is particularly concerning, as prior works show that
model performance is sensitive to the breadth and quality of supervision (Zelikman et al., 2022;
Wang et al., 2023). To study this systematically, we ground our analysis in a suite of standard code
generation benchmarks spanning four programming languages, where evaluation is precise and the
effects of verification choices can be measured directly. This work asks three core questions:

RQ1. What to verify? How do the complexity and quantity of test suites used in verification af-
fect the quality of training data? We find that both complexity and number of tests significantly
shape which solutions are retained and how effectively the model learns: Increasing test complexity
improves downstream model performance by average of +3 pass@1 across comprehensive set of
benchmarks. However, simply adding more tests without increasing their sophistication has dimin-
ishing or even negative returns.

RQ2. How to verify? Can alternative strategies, such as relaxing strict pass thresholds or using
LLM-as-a-judge signals, outperform brittle criteria like requiring 100% test pass rates? We find that
moderately relaxing rigid 100% pass thresholds or incorporating LLM-based soft verification can
recover useful solutions that would otherwise be discarded, boosting downstream performance by
+2–4 points pass@1. Interestingly, with pass threshold relaxation, this improvement is not universal
and only occurs when the verification signal is sufficiently rich with more complex unit tests (Figure
1). This highlights a subtle but important dynamic: soft filtering can enhance learning, but only
when the underlying verification is strong enough to provide a high-resolution correctness signal.

RQ3. Why verify at all? If strict verification can hurt and soft verification already recovers useful
data, then what role does verification truly play? To probe this, we conduct a human annotation
study of synthetic unit tests, revealing substantial blind spots in their correctness and completeness.

Our results show that verification is essential, yet its value is contingent on execution: overly rigid
enforcement can discard valuable solutions, while ignoring verification altogether allows low-quality
data to dominate. The true bottleneck is not correctness itself, but the brittle, narrowly defined
methods we currently use to enforce it, highlighting the need for a calibrated, nuanced approach. We
argue for calibrated verification where correctness filtering is neither too lenient nor too strict and
for diverse, challenging samples that promote generalization without overfitting to verifier-specific
patterns. Our work provides actionable insights for building more effective synthetic data pipelines
and lays the groundwork for breaking through the current verification ceiling.

2 FORMALIZING THE VERIFICATION CEILING PROBLEM

Here we formalize the code generation training pipeline to precisely characterize the verification
ceiling problem. Consider a training dataset D = {(pi, si)}Ni=1 where each sample consists of a
programming problem pi and a corresponding solution si. In synthetic data generation, we construct
this dataset through a verification-filtered sampling process.

For each problem pk, we generate a set of candidate solutions Sk = {s(1)k , s
(2)
k , . . . , s

(m)
k } using one

or more teacher models. Each solution is evaluated against a verification system Vk consisting of a
test suite Tk = {t(1)k , t

(2)
k , . . . , t

(l)
k } where each t

(i)
k is generated synthetically and independently.

The verification function Vk(s;Tk) ∈ [0, 1] measures the fraction of tests passed, where traditional
approaches use a strict threshold: Vk(s;Tk) = 1 if and only if solution s passes all tests in Tk.
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The training dataset is then constructed as:

D = {(pk, s) : s ∈ Sk, Vk(s;Tk) ≥ τ, ∀k} (1)

where τ is typically set to 1.0. This formulation reveals the verification ceiling: the quality of train-
ing data D is fundamentally bounded by the coverage and correctness of Tk and also the strictness
and sophistication of Vk. As models and data scale, the verification ceiling constrains the attain-
able quality and diversity of training solutions, potentially capping downstream model performance
gains. Consequently, overcoming this ceiling requires both improving verification methods and re-
thinking how we leverage diverse signals of solution correctness beyond strict unit test pass rates. In
the following sections, we systematically investigate these aspects through controlled experiments,
aiming to characterize and ultimately alleviate the limitations imposed by the verification ceiling.

3 EXPERIMENT SETUP

Training Data. In this paper we investigate how the base model acquires code generation capabil-
ities when finetuned on selectively curated training data. In each experiment, we finetune the base
model with datapoints structured as prompts and completion pairs. In particular, the model is trained
with a data mixture consisting of:

1. Synthetic code samples. Building on the approach introduced in Wei et al. (2024b), we cu-
rate novel coding problems from a pool of coding concepts, followed by generating unit tests for
self-verification. For each problem, we generate both unit tests and corresponding code solutions
using strong teacher models. Optionally, hard problems are allowed to have multiple attempts given
the execution feedback from the previous failed generation. Unless specified otherwise, we use
Deepseek-v3 (DeepSeek-AI et al., 2025) for all steps of this pipeline and fix the synthetic training
set size to 70K per experimental setup.

2. High-quality publicly available code samples. We include a fixed amount (70K) of high-quality
competitive programming style code data in all experiments. The code mixture is sampled from the
following sources: APPS (Hendrycks et al., 2021), CodeContests (Li et al., 2022), TACO (Li et al.,
2023), XCodeEval (Khan et al., 2023).

3. Non-code instruction following samples. All training mixtures include a 5% portion of non-
code samples drawn from general instruction-following tasks, ensuring the model retains capability
beyond code generation. This subset consists of reasoning tasks such as math problems, safety
related data, as well as general purpose tasks such as translation and summarization.

Model. We use the Command 7B base model (Cohere et al., 2025).All trainings are conducted
using three random seeds, with reported results representing averaged performance across these
runs to enhance the statistical significance and reliability of the observed improvements.

Evaluation setup. Code generation benchmarks evaluate models on tasks that require providing
code implementation given a programming instruction. We evaluate each finetuned model for code
generation performance ( 1-shot pass@1) on HumanEval (Zheng et al., 2024), BigCodeBench (Zhuo
et al., 2024), LBPP (Matton et al., 2024), LiveCodeBench (Jain et al., 2024), MBPPPlus (Lyu et al.,
2024), and McEval (Chai et al., 2024). See Table 1 for more details on each evaluation set. For
aggregated results, we report a weighted average that accounts for the varying dataset sizes across
benchmarks and programming languages.

4 CHOOSING WHAT TO VERIFY

The verification ceiling manifests most critically in the design and implementation of what we
choose to verify: the set of Tk unit tests for each code sample. In this section, we examine key
factors in test suite generation and analyze how they affect LLM performance.

4.1 UNIT TEST COMPLEXITY

We first investigate how using more complex unit-tests affects the training distribution of synthetic
generated code data. The motivation here is straightforward: if simple tests only capture surface-
level correctness, more complex tests may probe deeper semantic understanding and lead to more
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robust filtering. In this setting, we aim to raise the verification ceiling by making each test a stronger
signal of correctness.

Figure 2: Average pass@1 across all evalua-
tion benchmarks for models trained with dif-
ferent test suite complexities. Base refers
to the pretrained model without SFT, while
Minimal, Structured, and Contrastive corre-
spond to progressively more sophisticated test
suites prompting methods. Structured prompt-
ing method yields the largest improvement over
Minimal (+3 pass@1), and Contrastive provides
further gains (+1 pass@1).

To investigate whether more complex test cases can improve downstream model performance, we
experiment with a series of increasingly sophisticated prompting strategies and enriched context
to generate synthetic unit tests. We define three variants of prompt-based test generation, each
reflecting a different level of context and target complexity (See Appendix A for more details):

(1) Minimal Prompting: Given only the problem description pk, we prompt the model to generate
a set of unit tests Tk and also include tests for non-trivial inputs. The goal is to encourage the model
to go beyond simple or typical inputs and explore a broader range of functional behavior. (2) Struc-
tured Prompting: Given a problem description pk, a candidate solution sk, and a set of minimal
unit tests Tk, we prompt the model to generate a new set of tests that are more complete specifically
target edge cases and under-tested logic. This approach encourages more targeted verification and
improved code coverage. (3) Contrastive Prompting: Given the problem description pk, multiple
candidate solutions Sk, and an initial test suite Tk, we ask the model to generate new tests such
that at least one of the solutions fails each test. This encourages the generation of adversarial and
high-coverage examples that explicitly differentiate between correct and incorrect behavior.

For each approach, all problems are considered in the candidate pool and solutions are evaluated
solely against the unit tests specific to the assigned complexity level. We validate the increase of test
suite complexity resulting from interventions by using a separate LLM-as-a-judge (see Appendix
A). To compare the impact of test suite complexity, the tests are used to filter synthetic code solu-
tions and select equal number of training samples (70K) per experiment: a candidate is retained only
if it passes all the generated tests (τ = 1). Our findings in Figure 2 show a clear benefit of increas-
ing test complexity. We observe that increasing the sophistication of test prompts yields measurable
improvements in downstream performance, especially from Minimal to Structured unit tests. Mov-
ing from Minimal to Structured yields a +3 pass@1 gain, making Structured a strong setting for
filtering brittle or underspecified solutions that would otherwise pass basic checks. Contrastive unit
tests provide further improvements over Structured (+1 pass@1) and deliver the highest overall per-
formance, representing a +7 points absolute gain compared to the base model. While the marginal
improvement beyond Structured is smaller, this suggests that contrastive tests complement struc-
tured ones by capturing a different class of subtle errors and promoting more robust solution quality.
These results show that while increasing test complexity improves filtering precision, the biggest
gains come from moving beyond minimal verification. Both Structured and Contrastive test suites
highlight that better verification design can directly translate into stronger downstream models.

4.2 UNIT TEST QUANTITY

Next we study raising the verification ceiling by asking: how many unit tests are sufficient to reli-
ably distinguish between correct and incorrect code solutions without overly filtering out valuable
instances? We conduct a controlled experiment where we generate candidate code solutions and
validate them using different number of synthetic unit tests per sample: {1, 2, 3, 4}. In all cases, test
generation pipeline is held constant and only the number of tests used for filtering varies. We then
sample 70K synthetic samples with τ = 1 under each filtering condition.

Interestingly, we observe a non-monotonic trend in Figure 3 (left). Moving from one to two unit
tests leads to a clear improvement of +3 pass@1 points in downstream accuracy, indicating that the

4



216
217
218
219
220
221
222
223
224
225
226
227
228
229
230
231
232
233
234
235
236
237
238
239
240
241
242
243
244
245
246
247
248
249
250
251
252
253
254
255
256
257
258
259
260
261
262
263
264
265
266
267
268
269

Under review as a conference paper at ICLR 2026

Figure 3: Effect of increasing the number of required test passes on model performance and training
data composition. Left: Average pass@1 across benchmarks shows a non-monotonic trend: mov-
ing from one to two tests improves performance (+3 points), but stricter filtering beyond two tests
degrades accuracy. Right: Distribution of problem difficulty under different verification regimes,
annotated with Command-A. Stricter filtering disproportionately removes harder problems indicat-
ing that overzealous verification selects for simplicity rather than robustness.

additional verification step effectively filters out spurious or brittle solutions without being overly
restrictive. However, beyond two tests, performance begins to degrade and the model trained on the
more strictly filtered data underperforms relative to the previous baseline. To characterize how test-
based filtering alters the composition of our training corpus, we perform an annotation of problem
difficulty across verification regimes. Given the problem definition and code solution (pi, si) we
prompt Command A (Cohere et al., 2025) to rate the difficulty level of the problem and assign a
score between 1 and 5. We then group the samples into three difficulty class: easy (scores 1 and
2), medium (score 3), and hard (scores 4 and 5). In Figure 3 (right) we observe that increasing the
number of required test passes disproportionately removes more difficult samples. In effect, we are
not just filtering for correctness, we are filtering for simplicity and verifier alignment.

These results underscore a broader insight: increasing the number of unit tests is not necessarily
a reliable strategy for improving data quality. While stricter verification does reduce incorrect so-
lutions, it also disproportionately filters out hard coding problems and non-trivial, partially correct
implementations that fail due to weaknesses in the test generation process itself. This leads to a sub-
tle but important shift in the training distribution: the surviving examples tend to be simpler, biasing
the model toward easier patterns and reducing its exposure to complex or creative code.

Figure 4: Impact of problem difficulty on
training effectiveness. Models trained with
datasets enriched with harder problems
(40% hard, 40% medium, 20% easy) con-
sistently outperform those skewed toward
easier problems (20% hard, 40% medium,
40% easy).

To disentangle the effects of test-based filtering from the intrinsic value of training on more diffi-
cult problems, we conduct an additional experiment where we directly control the difficulty of the
problems included in the training set. Instead of varying the number of unit tests for verification, we
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sample training examples according to their difficulty score. In all settings, 40% of the data consists
of medium-difficulty problems. The remaining 60% is divided differently depending on the upsam-
pling strategy: in the easy-upsample setting, it includes 40% easy and 20% hard problems, whereas
in the hard-upsample setting, it includes 40% hard and 20% easy problems. To make sure we have
sufficient data points with the right difficulty balance for each training, we relax the verification
criteria to τ = 0.6. We then compare models trained on datasets enriched with harder problems
versus those skewed toward easier ones, keeping dataset size and other factors constant (Figure 4).
Remarkably, we find that models trained on more difficult problems consistently outperform those
trained on easier ones by 6 points on average pass@1 across all evaluations, even when the as-
sociated solutions are not strictly verified. This finding suggests that the objective should not be
maximizing the number of tests passed, but rather designing verification systems that are calibrated
to retain valuable diversity while enforcing correctness.

5 CHOOSING HOW TO VERIFY

The previous section explored verification through increasingly strict unit test regimes, showing that
both test quantity and complexity shape which solutions are accepted into the training distribution.
However, these approaches implicitly rely on a binary notion of correctness: solutions must pass all
tests to be considered valid (τ = 1). In this section, we examine whether relaxing this rigid criterion
can lead to better learning outcomes.

We first investigate partial-pass filtering, where we accept solutions that pass a high (but not per-
fect) fraction of the test suite. This approach assumes that a solution passing tests partially may still
contain useful signal, especially if failures are due to narrow test cases or minor implementation
mismatches. We then explore a more flexible alternative by replacing unit-test-based filtering with
LLM-based judgments, where a language model directly assesses the quality of candidate solutions.
This shift opens the door to verification criteria that incorporate fluency, intent alignment, or plau-
sibility, dimensions that are difficult to capture with rigid programmatic tests alone. Together, these
strategies reflect a move from strict correctness filtering toward a broader notion of usefulness in
training data, allowing for richer and more diverse solution spaces.

5.1 RELAXING UNIT TEST VERIFICATION CRITERIA

The formalization of verification in Section 2 shows that standard synthetic training pipelines rely
on a strict correctness threshold: a solution is retained only if it passes 100% of its associated tests
(τ = 1.0). This threshold enforces high precision but also constrains recall. Many partially correct,
semantically meaningful, or pedagogically valuable solutions are excluded simply because they fail
a single test. To investigate the potential benefits of loosening this constraint, we experiment with
relaxing the pass-rate threshold τ during data selection.

For each problem pk, we generate candidate solutions Sk and filter them based on a relaxed criterion
Vk(s;Tk) ≥ τ , where τ = {0.1, 0.2, 0.4, 0.6, 0.8, 1}. We then train models on the filtered datasets at
different τ levels and evaluate their performance on a held-out benchmark. Note that all experiments
use the same training data size, with 70K synthetic code samples included in each mixture. In
Figure 5 we observe a surprising trend: enforcing full test suite pass (τ = 1) does not yield the best
downstream performance. In fact, moderately relaxed thresholds, particularly in the 0.6 to 0.8 range,
tend to produce better results across most programming languages.

Next, we examine how the type of test generation prompting method interacts with the pass rate
threshold to influence training outcomes. We conduct this experiment under three different setups:
Minimal, structured, and Contrastive Test suite generation. Different test construction strategies
shape the nature of the verification signal and what types of solutions are admitted into the training
set at a given τ . Our results in Figure 1 on the difficult LBPP benchmark show that the impact of
relaxing the pass rate is highly dependent on the nature of the test suite. Under Minimal test suites,
lowering τ leads to a drop in downstream performance by 0.5 point. Because the tests are weak
proxies for correctness, relaxing the threshold merely allows through more incorrect or degenerate
solutions, introducing noise into the training data. However, with structured and contrastive test
suites, relaxing τ to 0.7 leads to consistent improvements in downstream performance with the
structured setting exhibiting the largest gains (+1 pass@1). The richer tests are strong enough to
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Figure 5: Effect of varying verification thresholds (τ ) on downstream performance across program-
ming languages. Strict enforcement (τ = 1) consistently underperforms, while moderately relaxed
thresholds (0.6–0.8) yield the best results.

filter out clearly incorrect solutions, even under relaxed thresholds, while allowing more diverse and
non-canonical implementations that would otherwise be discarded under the strict τ = 1.0 regime.
In essence, complex tests provide a high-resolution signal that supports soft filtering, whereas simple
tests require binary enforcement to avoid noise.

These findings reinforce our central argument: optimizing for correctness alone, especially under
limited or weak verification, is insufficient. Structured, expressive test suites allow for graded no-
tions of correctness, enabling the inclusion of useful training signals even from partially passing
solutions. This represents a practical path for lifting the verification ceiling by improving the align-
ment between verification granularity and selection criteria.

5.2 BEYOND UNIT TESTS: DIRECT LLM VERIFICATION

While unit tests provide a concrete verification signal, they are inherently limited by their coverage
and sensitivity to superficial variations in code. To address these limitations, we explore an alterna-
tive verification approach where LLMs serve as plausibility and correctness evaluators. Formally,
given a problem pk and a candidate solution s ∈ Sk, we replace the traditional unit-test-based ver-
ification function Vk(s;Tk) with an LLM-based verifier Lk(s;M) ∈ [0, 1] that scores the solution
based on its plausibility, idiomatic usage, and likely correctness using language model M . Under
this setup, the training dataset is constructed as:

D = {(pk, s) : s ∈ Sk, Lk(s;M) ≥ τ,∀k} (2)

Figure 6: Comparison of unit test–based and
LLM-based verification strategies. Structured
test suites provide the strongest gains over
Minimal verification, while LLM-based fil-
tering performs on par with Structured ver-
ification and consistently outperforms Min-
imal. Overlap analysis reveals that LLM
judges select partially overlapping but dis-
tinct subsets of data (Claude-3.7 vs. GPT-
4.1-mini: 49%; Structured Test Suite vs.
Claude-3.7: 32.6%; Structured Test Suite vs.
GPT-4.1-mini: 32.9%), suggesting that LLMs
capture complementary signals beyond tradi-
tional test-based criteria.

where τ is a threshold on the LLM judgment score. This formulation allows us to evaluate whether
using LLM-based verification can recover high-quality solutions that would otherwise be discarded
by strict or brittle unit-test criteria, and how it interacts with the verification ceiling. We experiment
with two LLMs as verifiers tasked with scoring candidate solutions along axes such as correctness,
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code quality, and alignment with common programming practices: (1) GPT-4.1-mini: We use GPT-
4.1-mini at temperature 0 to select one response from a set of attempts corresponding to every code
problem that the model deems correct. (2) Claude-3.7-sonnet: For the same process, we then
consider a different model as the judge namely Claude-3.7-sonnet, which is a stronger reasoning
model, at temperature 0 to again select one response from a set of attempts corresponding to every
code problem that the judge deems correct.

The system prompt used to choose the solution is included in Appendix D. We then finetune our
model on the solutions picked by LLMs as the judge and compare it with the model finetuned on
solutions picked by unit-tests as the verifier as described above. Despite the lack of formal test exe-
cution, both LLM-based filters produce training data that leads to strong downstream performance,
comparable to or exceeding that of unit test–based filtering in some settings (Figure 6). This suggests
that well-instructed LLMs can serve as effective and flexible judges of solution quality, offering a
softer and potentially more generalizable alternative to rigid test-based criteria.

6 WHY WE CANNOT SKIP VERIFICATION

Up to this point, our experiments have shown that strict reliance on synthetic unit tests can inadver-
tently bias the training distribution toward simpler problems and discard valuable solutions. In this
section we study why abandoning verification altogether is not an option.

To probe the reliability of synthetic unit tests and their limitations as a stand-in for verification
we conduct a human study with code experts at two levels of experience: junior and senior. We
sample 300 python samples from our synthetic data generation pipeline where 100 samples are
labeled as incorrect and 200 samples are labeled as correct by Minimal unit tests. Junior coding
experts are tasked with labeling the correctness and completeness of unit tests given the instruction.
Subsequently, they are asked to provide additional unit tests, specifically targeting edge cases and
proper error handling with only problem description and synthetic unit tests provided. Finally, two
senior coding experts are asked to further review the unit tests from junior coding experts where they
can either fix or provide more test cases. For each sample, the solution is verified against synthetic
unit tests, junior-expert-written unit tests and senior-expert-written unit tests. We use Cohen’s Kappa
(κ) to quantify the agreement between different types of unit tests.

Figure 7: Left: Human evaluation of synthetic unit tests. 53.6% of unit tests are correct but incom-
plet suggests that false positives primarily arise from coverage gaps rather than incorrect test logic.
Note that 27 samples were labeled “unsure” are excluded from this plot. Right: Agreement count
data of synthetic unit tests labels and expert-verified unit tests labels. κ = 0.07.

Figure 7 (left) shows that only 21% of unit tests are correct and complete and 53.6% of unit tests
are correct but incomplete. False positive samples are more likely to be coming from the fact that
the synthetic unit tests do not have full coverage of the problem, rather than the synthetic unit tests
are wrong. The correct rate of 76.3% suggests that true negative samples are effectively removed by
the verification process. Figure 7 (right) shows weak agreement (κ = 0.07) between synthetic unit
tests and expert-written unit tests. Surprisingly, 49% of the samples that fail synthetic tests pass tests
written by junior code experts, which indicates that a substantial amount of useful and correct gener-
ations for training are potentially discarded. We also report the human unit tests agreement between
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junior and expert coding annotators to be κ = 0.77. To address the confounding factor of synthetic
unit tests correctness, we report the agreement of the subset with verified synthetic unit tests cor-
rectness. However, the agreement for the synthetic unit tests correctness verified subset is also weak
(κ = 0.09). A Figure 9 in the Appendix presents the overlap statistics between sample execution
results with synthetic unit tests and expert unit tests, and their relationship with the correctness of
synthetic unit tests. Together, these findings underscore a key point: synthetic unit tests provide a
scalable but shallow verification signal, one that is prone to coverage failures. Human evaluation
reveals that many discarded solutions are in fact valid, pointing to the need for stronger unit test
generation methods, multi-turn test refinement, or hybrid verification strategies that combine auto-
mated filters with more capable LLM or human-in-the-loop judgments. Thus, while synthetic unit
tests alone are not sufficient, some form of verification—human, LLM-based, or hybrid—remains
indispensable to avoid undermining the quality of the training distribution.

7 RELATED WORK

The use of synthetic data to train and evaluate code generation models has gained traction as a scal-
able alternative to curated datasets. Frameworks like Case2Code (Shao et al., 2025) demonstrate
that synthesizing diverse code samples via LLMs can improve inductive reasoning and code under-
standing. Similarly, Nadǎş et al. (2025) surveys LLM-driven synthetic data pipelines, highlighting
techniques such as prompt-based generation and reinforcement learning with execution feedback.
Pipelines for synthetic code generation rely on some form of verification of the generated code as a
proxy for its quality (Luo et al., 2025; Chen et al., 2021). The most common method by far relies
on unit tests to validate functional correctness, as this also mirrors what is done in popular coding
benchmarks like HumanEval (Balloccu et al., 2024), MBPP (Lyu et al., 2024) or LBPP (Matton
et al., 2024). However, this approach has potentially several flaws: Unit tests may fail to cover edge
cases, overfit to specific implementations, or discard valid solutions that fail partial tests. Moreover,
generating comprehensive test suites is labor-intensive and brittle for complex problems (Lahiri
et al., 2023), which is only partially alleviated by synthetic methods for unit-test generation (Wang
et al., 2025). Moreover, problem difficulty and diversity have a huge impact on the final model per-
formance. Tambon et al. (2025) highlights that model performance degrades significantly as prob-
lem complexity increases, suggesting that training data must better reflect this diversity. Chen et al.
(2024) also argue that diverse synthetic samples improve generalization, even for smaller models.

8 CONCLUSION

In this work, we investigated the verification ceiling problem in synthetic code generation, where
the quality and diversity of training data are fundamentally constrained by the capabilities of the
verification system. Through systematic experiments we demonstrated that test suite complexity
and design significantly influence downstream model performance, with more sophisticated tests
improving model quality. We showed that alternative verification strategies, such as relaxing strict
pass thresholds or using LLM-based judgments, can recover valuable solutions and improve training
outcomes. Finally, we establish that verification signals, even if imperfect, are crucial and optimizing
how they are applied opens exciting opportunities for stronger, more generalizable code generation
models. We advocate for designing verification mechanisms that balance correctness with diversity
and challenge, enabling richer training distributions that push beyond current verification ceilings.
Our work provides actionable insights for constructing more effective synthetic data pipelines and
advancing the capabilities of code generation models.

9 LIMITATIONS

In this work, we focus exclusively on supervised fine-tuning using filtered data. While LLM-based
verification and relaxed pass thresholds already improve training distributions, we have yet to ex-
plore reinforcement learning from verification signals or reward-based optimization strategies. In-
tegrating verification more directly into the learning objective is a promising direction that could
unlock even greater performance gains.

9



486
487
488
489
490
491
492
493
494
495
496
497
498
499
500
501
502
503
504
505
506
507
508
509
510
511
512
513
514
515
516
517
518
519
520
521
522
523
524
525
526
527
528
529
530
531
532
533
534
535
536
537
538
539

Under review as a conference paper at ICLR 2026

REFERENCES

Simone Balloccu, Anya Belz, Rudali Huidrom, Ehud Reiter, Joao Sedoc, and Craig Thomson (eds.).
Proceedings of the Fourth Workshop on Human Evaluation of NLP Systems (HumEval) @ LREC-
COLING 2024, Torino, Italia, May 2024. ELRA and ICCL. URL https://aclanthology.
org/2024.humeval-1.0/.

Akhiad Bercovich, Itay Levy, Izik Golan, Mohammad Dabbah, Ran El-Yaniv, Omri Puny, Ido Galil,
Zach Moshe, Tomer Ronen, Najeeb Nabwani, Ido Shahaf, Oren Tropp, Ehud Karpas, Ran Zil-
berstein, Jiaqi Zeng, Soumye Singhal, Alexander Bukharin, Yian Zhang, Tugrul Konuk, Gerald
Shen, Ameya Sunil Mahabaleshwarkar, Bilal Kartal, Yoshi Suhara, Olivier Delalleau, Zijia Chen,
Zhilin Wang, David Mosallanezhad, Adi Renduchintala, Haifeng Qian, Dima Rekesh, Fei Jia,
Somshubra Majumdar, Vahid Noroozi, Wasi Uddin Ahmad, Sean Narenthiran, Aleksander Ficek,
Mehrzad Samadi, Jocelyn Huang, Siddhartha Jain, Igor Gitman, Ivan Moshkov, Wei Du, Shub-
ham Toshniwal, George Armstrong, Branislav Kisacanin, Matvei Novikov, Daria Gitman, Evelina
Bakhturina, Prasoon Varshney, Makesh Narsimhan, Jane Polak Scowcroft, John Kamalu, Dan Su,
Kezhi Kong, Markus Kliegl, Rabeeh Karimi Mahabadi, Ying Lin, Sanjeev Satheesh, Jupinder Par-
mar, Pritam Gundecha, Brandon Norick, Joseph Jennings, Shrimai Prabhumoye, Syeda Nahida
Akter, Mostofa Patwary, Abhinav Khattar, Deepak Narayanan, Roger Waleffe, Jimmy Zhang,
Bor-Yiing Su, Guyue Huang, Terry Kong, Parth Chadha, Sahil Jain, Christine Harvey, Elad
Segal, Jining Huang, Sergey Kashirsky, Robert McQueen, Izzy Putterman, George Lam, Arun
Venkatesan, Sherry Wu, Vinh Nguyen, Manoj Kilaru, Andrew Wang, Anna Warno, Abhilash
Somasamudramath, Sandip Bhaskar, Maka Dong, Nave Assaf, Shahar Mor, Omer Ullman Ar-
gov, Scot Junkin, Oleksandr Romanenko, Pedro Larroy, Monika Katariya, Marco Rovinelli, Viji
Balas, Nicholas Edelman, Anahita Bhiwandiwalla, Muthu Subramaniam, Smita Ithape, Karthik
Ramamoorthy, Yuting Wu, Suguna Varshini Velury, Omri Almog, Joyjit Daw, Denys Fridman,
Erick Galinkin, Michael Evans, Shaona Ghosh, Katherine Luna, Leon Derczynski, Nikki Pope,
Eileen Long, Seth Schneider, Guillermo Siman, Tomasz Grzegorzek, Pablo Ribalta, Monika
Katariya, Chris Alexiuk, Joey Conway, Trisha Saar, Ann Guan, Krzysztof Pawelec, Shyamala
Prayaga, Oleksii Kuchaiev, Boris Ginsburg, Oluwatobi Olabiyi, Kari Briski, Jonathan Cohen,
Bryan Catanzaro, Jonah Alben, Yonatan Geifman, and Eric Chung. Llama-nemotron: Efficient
reasoning models, 2025. URL https://arxiv.org/abs/2505.00949.

Linzheng Chai, Shukai Liu, Jian Yang, Yuwei Yin, Ke Jin, Jiaheng Liu, Tao Sun, Ge Zhang,
Changyu Ren, Hongcheng Guo, Zekun Wang, Boyang Wang, Xianjie Wu, Bing Wang, Tongliang
Li, Liqun Yang, Sufeng Duan, and Zhoujun Li. Mceval: Massively multilingual code evaluation,
2024. URL https://arxiv.org/abs/2406.07436.

Hao Chen, Abdul Waheed, Xiang Li, Yidong Wang, Jindong Wang, Bhiksha Raj, and Marah I.
Abdin. On the diversity of synthetic data and its impact on training large language models, 2024.
URL https://arxiv.org/abs/2410.15226.

Mark Chen, Jerry Tworek, Heewoo Jun, Qiming Yuan, Henrique Ponde de Oliveira Pinto, Jared
Kaplan, Harri Edwards, Yuri Burda, Nicholas Joseph, Greg Brockman, Alex Ray, Raul Puri,
Gretchen Krueger, Michael Petrov, Heidy Khlaaf, Girish Sastry, Pamela Mishkin, Brooke Chan,
Scott Gray, Nick Ryder, Mikhail Pavlov, Alethea Power, Lukasz Kaiser, Mohammad Bavarian,
Clemens Winter, Philippe Tillet, Felipe Petroski Such, Dave Cummings, Matthias Plappert, Fo-
tios Chantzis, Elizabeth Barnes, Ariel Herbert-Voss, William Hebgen Guss, Alex Nichol, Alex
Paino, Nikolas Tezak, Jie Tang, Igor Babuschkin, Suchir Balaji, Shantanu Jain, William Saunders,
Christopher Hesse, Andrew N. Carr, Jan Leike, Josh Achiam, Vedant Misra, Evan Morikawa, Alec
Radford, Matthew Knight, Miles Brundage, Mira Murati, Katie Mayer, Peter Welinder, Bob Mc-
Grew, Dario Amodei, Sam McCandlish, Ilya Sutskever, and Wojciech Zaremba. Evaluating large
language models trained on code, 2021. URL https://arxiv.org/abs/2107.03374.

Team Cohere, Aakanksha, Arash Ahmadian, Marwan Ahmed, Jay Alammar, Yazeed Alnumay,
Sophia Althammer, Arkady Arkhangorodsky, Viraat Aryabumi, Dennis Aumiller, Raphaël Ava-
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A VALIDATING PROGRESSIVE TEST SUITE COMPLEXITY

To validate that our test suite interventions genuinely increase verification difficulty, we conduct a se-
ries of head-to-head comparisons using a different LLM as the judge (Command-R+). Specifically,
we evaluate whether each successive round of test construction produces test suites that are increas-
ingly challenging. We use 100 coding problems (25 each in Python, Java, C++, and JavaScript), and
for each problem, present the LLM with two alternative test suites. We use the following prompt to
choose the more challenging test suite between two test suites.

USER: Given the following code problem and two set of test suites associated with it, your
goal is to choose the more challenging test suite.
Code Problem:

{code_problem}

Test Suite A:

{test_A}

Test Suite B:

{test_B}

A test suite is considered more challenging according to the following criteria:
- Comprehensive Coverage: A challenging test suite should aim to cover a wide range of
scenarios, including edge cases, boundary conditions, and various input combinations. It
should not leave any critical functionality untested.
- Diverse Test Cases: The test cases should be diverse and vary in complexity. This includes
testing different input types, sizes, and formats, as well as exploring various execution paths
and code branches.
- Real-World Scenarios: Simulate real-world usage as closely as possible. Include test cases
that mimic actual user behavior, common use cases, and potential error scenarios that users
might encounter.
- Negative Testing: In addition to testing valid inputs, a robust test suite should also focus on
negative testing. This involves providing invalid, unexpected, or erroneous inputs to ensure
the system handles them gracefully and provides appropriate error messages or fallback
mechanisms.
- Performance and Stress Testing: Consider including tests that evaluate the system’s perfor-
mance under different load conditions. This can help identify bottlenecks, memory leaks, or
other performance-related issues.
- Security Testing: If applicable, include tests that assess the system’s security measures.
This might involve attempting common attack vectors, such as SQL injection, cross-site
scripting (XSS), or authentication bypass.
OUTPUT FORMAT: Your output should be a JSON with the following two keys:

{
” a s s e s s m e n t e x p l a n a t i o n ” : ”< e x p l a n a t i o n >” ,
” t e s t ” : ”<A or B depend ing on t h e chosen t e s t − s u i t e >”

}

In the first comparison, we contrast minimal test suites with structured ones and as shown in Table 2,
the LLM selects the structured suite as more challenging in 92 out of 100 cases. In the second
comparison, we evaluate whether the contrastive test suites are more challenging than the structured
suites. As Table 2 shows, the contrastive suites are deemed more challenging in 64 out of 100
cases. Together, these results confirm that our test generation pipeline yields progressively more
challenging verification setups, aligning with our intended design.
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Dataset Python C++ Java JS Additional Information

BigCodeBench (Zhuo
et al., 2024)

1140 – – – Focus on software-
engineering problems
(instead of competitive
programming), involving
diverse function calling
and complex instruction
following.

HumanEval (Zheng et al.,
2024)

164 164 164 164 Collection of parallel code
generation examples as-
sessing language compre-
hension, algorithms, and
simple mathematics.

LBPP-v2.1 (Matton et al.,
2024)

161 161 158 153 Parallel and human-
annotated designed to be
more difficult than similar
datasets

LiveCodeBench-v5 (Jain
et al., 2024)

873 – – – A newer (leakage-free) set
of competitive program-
ming questions.

McEval (Chai et al., 2024) 50 50 53 50 Human-written problems
and solutions.

MBPPPlus (Lyu et al.,
2024)

378 – – – A filtered version of
MBPP. For evaluation we
used the non-plus version
(original test sets).

Table 1: Details of evaluation set for code generation task.

Comparison Suite A Preferred Suite B Preferred Total
Minimal vs Structured 8 92 100

Structured vs Contrastive 36 64 100

Table 2: LLM-based comparison of test suite difficulty. Each row reports the number of times a
given test suite was preferred as more challenging in a head-to-head comparison by Command-A
(temperature 0).

Figure 8: Per language comparison of unit test–based and LLM-based verification strategies.
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109

69

25
26

5
17
24
25

Synthetic Tests Pass
200 Correct Synthetic Tests

229

Expert tests pass
163

Expert tests fail
137

Incorrect Synthetic Tests
71

Synthetic tests fail
100

Figure 9: Sankey diagram representing the overlap and distribution of sample counts among two ver-
ification processes: Synthetic unit tests verification (pass/fail) and Expert-written unit tests (pass/-
fail), and the correctness of synthetic unit tests.

B ADDITIONAL EXPERIMENTS

B.1 UNIT TEST SOURCE DIVERSITY

To understand the impact of verfier diversity, we perform a focused ablation comparing training
data selected using unit tests generated by a single teacher versus unit tests of equivalent complexity
and quantity generated by multiple teacher models. The underlying set of coding problems remains
fixed, and candidate code solutions are included based on passing the corresponding unit tests. We
find that using multiple unit test generators significantly improves model performance in C++ and
Java (by 3 and 1 points absolute gains respectively), while providing marginal or slightly negative
effects in Python and JavaScript (1 and 0.1 degradation respectively). These results suggest that
diversity in verification sources can enrich training data for some languages, likely by exposing
models to a broader set of edge cases and code patterns.

Figure 10: Effect of verifier diversity on model performance. Training data filtered with unit tests
from three different generators (vs. a single generator) leads to significant gains in C++ and Java,
but shows marginal or slightly negative effects in Python and JavaScript.

B.2 CODE SOLUTION DIVERSITY

In the paper we examined how test complexity and quantity shape the training distribution by fil-
tering solutions based on correctness and conformity. While these approaches influence which ex-
amples are retained, they do not capture a complementary dimension of learning signal: diversity in
how a task can be solved. Code generation tasks often include multiple semantically equivalent but
structurally distinct solutions. This raises a natural question: can exposing the model to a broader
set of valid implementations per problem improve generalization and pass@1 performance?
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Figure 11: Impact of increasing solution diversity per problem. We compare models trained on 1,
2, or 5 solutions per coding problem while keeping the problem set fixed. Both the 2-solution and
5-solution settings improve average pass@1 across evaluation sets, demonstrating that exposing the
model to multiple semantically correct but structurally distinct implementations enhances general-
ization and downstream performance.

To investigate this, we study the effect of training with multiple solutions per problem. Starting
from a 70K subset of our dataset, we generate additional solutions for each problem from a pool of
teachers, including Command-A and DeepSeek-V3, Qwen2.5-coder-32B, and llama-3.1 at various
temperatures. The pass rate is on average τ = 0.5 for the samples selected. Note that in each
experimental variant, the set of code problems remains fixed, while the code solutions vary, allowing
us to introduce diversity on the solution side.

As shown in Figure 11, both the 2-solution and 5-solution variants yield improvements in aver-
age pass@1 across all evaluation sets. This suggests that, in addition to selecting the right kind
of examples, enriching the dataset with diverse variations of correct solutions provides additional
generalization signal, helping the model better capture the multifaceted nature of coding tasks.

B.3 FORMALLY CORRECT VS. INCORRECT: A CONTROLLED COMPARISON

Figure 12: Comparison of models trained on solutions for the exact same problems, where one set
passes the tests (“Formally correct”) and the other fails (“Formally incorrect”). Models trained on
correct solutions outperform those trained on incorrect ones by 3 pass@1 points across all bench-
marks, demonstrating that maintaining a verification signal at the solution level is crucial, even when
using relaxed thresholds or LLM-based filtering.

Our earlier results suggest that strict verification criteria, such as requiring 100% pass rates can
overly constrain the training distribution, excluding useful solutions and reducing downstream per-
formance. However, many of these results involve shifts not only in solution quality but also in
problem selection, making it difficult to isolate the impact of verification alone. This raises a natural
question: is correctness itself the problem, or is the issue that our definition of correctness is too
rigid? To disentangle these effects, we need to isolate the impact of verification from confound-
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ing factors like problem selection. To control for this, we design a focused experiment where the
problem set is held fixed, and we generate two solutions per prompt: one that passes the test suite
(“formally correct”) and one that fails (“formally incorrect”). This allows us to directly compare
the effects of including verified versus unverified solutions while holding the problem distribution
constant. We end up with 41K samples where the formally correct solutions have an average test
pass rate of τ = 0.85, while the formally incorrect solutions average τ = 0.05. Since we require
both passing and failing solutions for the same code problems, coverage is bounded by the ability of
the teacher model to generate such contrastive pairs, which is non-trivial for harder problems.

We observe in Figure 12 that models trained on the formally correct solutions outperform those
trained on the formally incorrect ones by 3 absolute points across all benchmarks. This result re-
inforces the importance of maintaining some verification signal in the data pipeline: even though
relaxing verification thresholds or using LLM-based filters can lead to better results than rigid for-
mal correctness checks, the presence of quality, at least at the solution level, remains crucial. The
benefits of relaxing or rethinking verification mechanisms are not due to correctness being irrele-
vant, but rather to the limitations of overly narrow or brittle correctness definitions (e.g., strict or
inaccurate test-based criteria). When solution quality is held constant, better solutions still yield
better models, underscoring that verification should be applied adaptively rather than abandoned.

B.4 SYNTHETIC CODE IS STILL A PRACTICAL ALTERNATIVE TO HUMAN-WRITTEN CODE

Having established the limitations of verification, an important question remains: how much do
these constraints actually hurt in practice compared to the gold standard of human-authored code?
Human-written solutions provide richer coverage and more diverse styles, but they are expensive to
collect at scale. Synthetic data, by contrast, is abundant but ultimately bounded by the verification
ceiling we identified earlier.

To examine this trade-off, we directly compare models finetuned on human-written versus synthet-
ically generated code solutions for the same set of programming problems. As shown in Figure
13, models trained on synthetic data achieve performance competitive with those trained on human
data, despite the known limitations of synthetic verification. This suggests that current pipelines al-
ready approximate much of the benefit of human data, while also underscoring the need to continue
improving verification systems to capture correctness beyond their current ceilings.

Figure 13: Comparison of models finetuned on human-authored versus synthetically generated so-
lutions for the same set of programming problems. Models trained on synthetic code achieve perfor-
mance competitive with human-trained models, highlighting that current synthetic pipelines capture
much of the value of human data while emphasizing the need for improved verification systems to
handle correctness beyond current ceilings.
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C TEST SUITE GENERATION STRATEGIES

C.1 MINIMAL TEST GENERATION

The following prompts are used to generate the simple unit-tests in Java, C++, and Python. We ask
the model to use some standard libraries for test generation, namely unittest for Python, junit
for Java, and cassert for C++.

USER: Please write some {language} code using the {testing library} library to
create tests for the following instruction:

{instruction}

There should be at least 3 different tests and at least 2 of these tests should be testing
inputs that are not trivial. Return only the imports and the test class definition, inside a
{language} markdown code block.

For C++, we also append the following instruction to the user prompt given above:

You can assume that the solution code for the problem above is already imported. Please
import the {testing library} library, and other libraries that you may need to run the
tests. Write your tests in the main function.

For JavaScript, we ask the model to write test code using console.assert as follows:

USER: Please write some inside a {language} code using console.assert(...) to create
tests for the following instruction:

{instruction}

There should be at least 3 different tests and at least 2 of these tests should be testing inputs
that are not trivial. Return only the test code, inside a inside a {language} markdown code
block. You can assume that the solution code for the problem above is already imported.

C.2 STRUCTURED TEST GENERATION

The following prompts are used to generate the first version of complex tests.

USER: Please write some {language} code using the {testing library} library to
create tests for the following instruction:

{instruction}

You are also provided with a code solution and some existing tests corresponding to the
instruction given above. Code solution:

{code}

Existing unit-tests:

{test}

There should be at least 4 tests different from the ones already provided to you and they
should target more edge cases, and focus on testing different parts of the code. Aim to
generate 8 diverse tests in total while carefully testing for error handling, and at least 4 of
these tests should be testing inputs that are not trivial.
Return only the imports and the test class definition, inside a {language} markdown code
block.
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As with Minimal unit-tests, we append the additional instruction for C++. Similarly, for JavaScript,
we prompt the model to generate tests using console.assert using the prompt below:

USER: Please write some inside a {language} code using console.assert(...) to create
tests for the following instruction:

{instruction}

You are also provided with a code solution and some existing tests corresponding to the
instruction given above. Code solution:

{code}

Existing unit-tests:

{test}

There should be at least 4 tests different from the ones already provided to you and they
should target more edge cases, and focus on testing different parts of the code. Aim to
generate 8 diverse tests in total while carefully testing for error handling, and at least 4 of
these tests should be testing inputs that are not trivial.
Return only the imports and the test class definition, inside a {language} markdown code
block. You can assume that the solution code for the problem above is already imported.

C.3 CONTRASTIVE TEST GENERATION

The following prompts are used to generate the more complex contrastive set of test suites.

USER: Please write some {language} code using the {testing library} library to
create tests for the following instruction:

{instruction}

You are also provided with a few candidate code solutions corresponding to the instruction
given above. Candidate Code solutions:

{code_solutions}

Target your test generation such that at least one of them fails for each of the solutions
provided above.
Also, carefully take care of the following while generating tests:
- The tests should focus more on testing edge cases (eg. inputs that are rare)
- The tests should ensure coverage of all output categories. Eg. for a problem with a binary
yes/no answer, the tests should focus on inputs that test both outputs equally.
- The test should cover a diverse range of different input types also testing for invalid input
types.
- While basic inputs should be covered, the tests should be aimed at harder inputs as well.
- Also try to include larger/complex inputs that’d fail a correct but un-optimized code solu-
tion.
On average, aim to generate 5-8 tests in total.
Return only the imports and the test class definition, inside a {language} markdown code
block.

As with Minimal and Structured test suites, we prompt the model to use console.assert for
test generation in JavaScript.
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D DIRECT LLM VERIFICATION PROMPT

USER: Your goal is to assess the correctness of a given code solution corresponding to
a given code problem. Your assessment should be thorough and based on the following
criteria: - Does the code correctly implement a solution to the given code problem?
- Is the code correct for all types of edge cases (eg. inputs that are rare and require special
conditions etc.)
- Does the code ensure correct coverage of all output categories. eg. for a problem with a
binary yes/no answer, does the code correctly cater to both categories?
- Does the code produce correct output for a diverse range of different input types? Does the
code implement proper error handling for invalid input types?
- Does the code contain sufficiently optimized logic for harder and more complex input
types? Does it do a good job as far as time and space complexity are concerned?
Code problem:

{instruction}

Code Solution:

{code_solutions}

OUTPUT FORMAT: Your output should be a JSON with the following two keys: a binary
0 or 1 score depending on whether the code is correct or not and describing your analysis of
the score.

{
” a s s e s s m e n t e x p l a n a t i o n ” : ”< e x p l a n a t i o n >” ,
” s c o r e ” : <0/1>” ,
}

E LLM USAGE DISCLOSURE

We made use of LLMs during the preparation of this paper. Specifically, LLMs were employed
to polish the writing for clarity and consistency and assist in polishing the plots. All substantive
research ideation, contributions, system development, and analysis were carried out by the authors.
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