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Abstract

We conduct a controlled study isolating rea-
soning in autonomous debugging by holding
scaffolding and tool access fixed. We decom-
pose fault-targeted reasoning into test gener-
ation and repair using LLM-generated solu-
tions that pass most tests but fail on edge
cases. Across 12 frontier and open-source
models, we identify three limitations. First,
despite 87.7% input validity, only 68.3% of
inputs are discriminative, identifying fault-
hypothesis formation as the bottleneck: find-
ing fault-triggering inputs costs 19.4 points
versus 2.7 points for output prediction. Sec-
ond, diagnostic feedback has mixed effects on
repair: tests generated internally within the re-
pair response reduce success by 5.6 points rel-
ative to a bug label alone, while separately gen-
erated same-model tests differ little on average,
but repair succeeds more often with discrim-
inative than non-discriminative tests (66.8%
versus 25.2%). Third, capabilities do not con-
sistently compose: success across bug detec-
tion, test construction, and repair does not con-
sistently occur on the same instances, with the
largest losses in forming a fault-triggering in-
put and converting a discriminative test into a
correct repair. Together, these findings identify
both transitions as key debugging limits.

1 Introduction

Recent advances in large language models (LLMs)
have accelerated vibe coding: agentic workflows
that generate substantial software with minimal
human oversight (Dong et al., 2025). Although
recent systems achieve near-ceiling pass rates on
established benchmarks (Austin et al., 2021; Jain
et al., 2024; Chen et al., 2021a), LLM-generated
code can pass visible tests while failing on edge
cases (Liu et al., 2023, 2024a, 2025). This mis-
match is a reliability concern for coding assistants.

*Work done while at Salesforce AI Research.

Agentic evaluations also combine model reason-
ing with scaffolding and tool use, making it dif-
ficult to attribute failures to reasoning or system
design. Reliable deployment requires models to
verify code, diagnose latent faults that evade tests,
and synthesize repairs. We therefore conduct a
controlled study that holds scaffolding and tool ac-
cess fixed to identify where reasoning errors arise.
This leads to the central question: Given a par-
tially correct program with no observed failure,
can an LLM synthesize a fault-triggering input
and use it for repair?

We term this capability fault-targeted reason-
ing: the ability to surface failure-inducing inputs
and use them to drive repair. Prior work evalu-
ates its components in isolation. Test-generation
research (Altmayer Pizzorno and Berger, 2025;
Chen et al., 2024b; Huang et al., 2025a) relies on
validity, coverage, or mutation scores as proxies
for fault exposure. Repair research (Tian et al.,
2024; Chopra et al., 2024; Huang et al., 2025b)
often supplies an explicit fault signal, such as a
location or bug description, or evaluates only the
final patch. These protocols do not jointly measure
the counterexample construction and diagnosis-
guided repair required for autonomous debugging.
We test whether proxy metrics track fault exposure
and where diagnosis limits end-to-end reliability.

We conduct a controlled empirical study that
systematically evaluates fault-targeted reasoning
through two complementary tasks (Figure 1).
Fault-Triggering Test Generation (Task 1) mea-
sures whether LLMs can generate tests that ex-
pose bugs in partially correct model-generated so-
lutions. Unlike prior test-generation benchmarks
focused on coverage or correctness verification,
we require tests to be discriminative: valid input–
output pairs on which buggy and accepted imple-
mentations diverge. Fault-Targeted Program Re-
pair (Task 2) evaluates the ability to fix these
bugs under three guidance conditions—a bug label
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alone, an externally supplied fault-triggering test
generated by the same model, and a test generated
within the repair response—enabling a controlled
study of how diagnostic context affects repair suc-
cess. Our setup uses 173 instances spanning 76
challenging problems from LiveCodeBench, each
paired with a model-generated buggy solution and
a platform-accepted human-authored solution, iso-
lating reasoning from scaffold and tool effects.

Evaluating fault-targeted reasoning across 12
frontier and open-source models yields three find-
ings. First, although 87.7% of generated inputs are
valid, only 68.3% are discriminative, with fault-
hypothesis formation the main bottleneck: the
19.4-point gap is approximately seven times the
2.7-point output-prediction gap. Second, tests gen-
erated internally within the repair response reduce
repair success by 5.6 points relative to receiving
only a bug label, while externally supplied same-
model tests have mixed effects. Repair succeeds
in 66.8% of cases with discriminative tests and
25.2% otherwise, a 41.6-point difference. Third,
success across bug detection, test construction,
and repair does not consistently occur on the same
instances. The largest losses arise in forming a
fault-triggering input and converting a discrimina-
tive test into a correct repair.

Our contributions are: (i) a controlled study
of fault-targeted reasoning across 12 frontier and
open-source LLMs, holding scaffolding and tool
access fixed; (ii) an execution-based evaluation
framework that separates valid-input generation,
fault-triggering input construction, output predic-
tion, and program repair; and (iii) a cluster-aware
analysis identifying the main failures in forming
fault-triggering inputs and converting discrimina-
tive tests into correct repairs, with mixed benefits
from model-generated tests beyond a bug label.

2 Related Work

Code generation has been evaluated on function-
level tasks (Chen et al., 2021a; Austin et al., 2021),
algorithmic reasoning (Li et al., 2022; Hendrycks
et al., 2021; Khan et al., 2024; Jain et al., 2024;
Zheng et al., 2025), and software engineering
workflows (Liu et al., 2024b; Jimenez et al., 2024;
Ding et al., 2025). However, these benchmarks
focus on solution synthesis or patch correctness
rather than whether models can identify, localize,
and reason about failures. By treating debugging
as a downstream outcome, they obscure the diag-

nostic process required for informative counterex-
ample construction. Consequently, strong coding
performance does not imply robust fault-targeted
reasoning or reliable autonomous debugging.
Understanding Model Capabilities and Limita-
tions. While models achieve high performance
on isolated generation tasks, Fried et al. (2023)
highlights mismatches between autoregressive ob-
jectives and editing patterns. Software engi-
neering workflows requiring long-context under-
standing, bug fixing, and repository-level reason-
ing expose persistent capability gaps (Liu et al.,
2024b; Jimenez et al., 2024; Ding et al., 2025; Li
et al., 2024). CodeChain shows that modular self-
revision can improve correctness, but underlying
reasoning limitations remain underexplored (Le
et al., 2024).

Analyzing Debugging and Repair Capabil-
ities. Models can leverage execution feedback
for iterative refinement (Chen et al., 2024a; Wang
et al., 2024; Ni et al., 2023), but reasoning limita-
tions remain underexplored. CodeT (Chen et al.,
2022) uses LLM-generated tests for solution se-
lection through execution agreement, measuring
consistency rather than discriminative power. UT-
Gen (Prasad et al., 2025) proposes training meth-
ods for error-revealing tests with test-time com-
pute and validation. Repository repair (Jimenez
et al., 2024; Wei et al., 2025; Reddy et al., 2025)
and unit-test synthesis (Lemieux et al., 2023; Zhu
et al., 2025) demonstrate gains from scaffolding,
but leave reasoning bottlenecks unresolved.

Despite these advances, existing evaluations
combine model reasoning with agentic scaffold-
ing and tool access, making attribution of fail-
ures difficult. We conduct a controlled empiri-
cal study of fault-targeted reasoning—bug detec-
tion, discriminative test construction, and program
repair—while holding scaffolding and tool access
fixed. Execution-based metrics then localize fail-
ures to specific stages.

3 Controlled Study Design

We decompose fault-targeted reasoning into two
complementary capabilities (Figure 1), evaluating
each under controlled conditions: (Task 1) Fault-
Triggering Test Generation (FT-Test) measures
the ability to craft discriminative tests that ex-
pose subtle semantic bugs, and (Task 2) Fault-
Targeted Program Repair (FPR) measures the
ability to repair these bugs under varying diagnos-
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Figure 1: Controlled decomposition of fault-targeted reasoning. We isolate test generation from repair by
evaluating each capability under varying diagnostic conditions. Given a problem description and a buggy solution,
the model generates a fault-triggering (FT) test—and, in Bug-Discovery, first performs bug detection (Task 1: FT-
Test). An FT-test is discriminative if its input is valid, the buggy solution fails, and the gold solution passes. The
diagram shows the separately generated same-model test path. Task 2: Fault-Targeted Program Repair evaluates
repair with a bug label alone (BUGLABELONLY), a separately generated same-model FT-test (EXTTEST), or an
FT-test generated within the repair response (INTTEST).

tic guidance. Joint evaluation measures dependen-
cies between test generation and repair, cascading
errors through the diagnostic chain, and whether
model-generated tests improve debugging. By
controlling the problem unit (function-level code),
bug type (semantic faults in near-correct solu-
tions), and diagnostic context (BUGLABELONLY,
EXTTEST, or INTTEST), we study reasoning
while holding these factors fixed. Our design
follows three core principles: diverse seman-
tic bugs, execution-based verification, and multi-
setting evaluation (Appendix A.1.1).

3.1 Dataset Construction

We construct VIBEPASS through a three-stage
pipeline (Appendix A.2).
Problem Collection. We focus on function-level
algorithmic problems for controlled analysis: they
enable precise execution-based evaluation, fine-
grained test generation, and isolate reasoning from
repository navigation, build systems, and multi-
file dependencies. We source problems from Live-
CodeBench (Jain et al., 2024), whose continuous
release mitigates train-test contamination. After
discarding problems with conflicting test cases
or non-standard evaluation, we apply capability-
based filtering, retaining only problems not solved
within three attempts by any of three reasoning
models (GPT-4o, Claude Sonnet-4, Gemini-2.5-
Pro). This yields 170 problems, 89% of which are

rated “medium” or “hard.”

Input-Validity Checker Generation. Evaluating
test generation requires verifying that generated in-
puts satisfy problem constraints. For each prob-
lem, we automatically generate a Python checker
is_valid_test(ti) → {True, False} using GPT-
5-Mini. We discard any checker that rejects an of-
ficial input. As shown in Figure 4, 98.8% of prob-
lems yield a checker that accepts the official suite.

Solution Collection, Verification and Filtering.
We collect 2,184 candidate solutions across 168 of
the filtered problems from human and LLM sub-
missions. Solutions passing all official tests are
designated gold; wrong-answer failures are desig-
nated buggy—runtime errors are discarded as triv-
ially detectable. We retain one gold and up to four
diverse buggy solutions per problem.

Final Dataset. Our dataset contains 173 instances
spanning 76 unique problems. Each instance com-
prises a problem specification, official test cases,
an official-suite-validated input checker, a human-
authored gold solution, and a model-generated
buggy solution. We evaluate 12 models in five
settings (Bug-Aware, Bug-Discovery, BUGLABE-
LONLY, EXTTEST, and INTTEST), totaling more
than 10,000 model evaluations. Across instances,
buggy-solution pass rates range from 10% to 90%
on the official tests, providing a range of fault dif-
ficulty. Table 5 provides full statistics.
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3.2 Task 1: Fault-Triggering Test Generation
(FT-Test)

Motivation. Effective fault localization requires
targeted tests that expose bugs (Rafi et al., 2024,
2025)—central to test-driven development and au-
tomated program repair. Task 1 isolates the abil-
ity to generate FT-tests (inputs that trigger buggy
behavior while passing correct implementations)
from downstream repair, revealing where the di-
agnostic reasoning chain breaks: fault-hypothesis
formation versus output validation.

Task Definition. Given a problem specification
P and buggy solution Sbuggy, generate a test t =
(ti, to) with input ti and expected output to. A test
is FT iff is_valid_test(ti) = True∧Sgold(ti) =
to ∧ Sbuggy(ti) ̸= to.

Evaluation Settings. We control information
availability through two settings. Bug-Aware FT-
Test informs the model that S contains a bug, mea-
suring test generation given a known fault. Bug-
Discovery FT-Test requires the model to first de-
termine whether S is correct or buggy, then gener-
ate an FT-test only if it judges S buggy, measuring
combined bug detection and test generation. Com-
paring these settings isolates the effect of supply-
ing the bug label.

Evaluation Metrics. We evaluate the FT-
Test task using four progressively stricter crite-
ria. Validity (VI ) measures whether the gener-
ated test input is valid, i.e., is_valid_test(ti) =
True. Executability (VIO) additionally requires
the gold implementation to produce the expected
output: Sgold(ti) = to. Discriminative Input
(DI ) measures whether a valid test input dis-
tinguishes the buggy and gold implementations,
i.e., Sbuggy(ti) ̸= Sgold(ti). Finally, Discrimina-
tive Test (DIO) is the strictest criterion, requir-
ing a valid executable test whose expected output
matches the gold implementation while differing
from the buggy implementation: Sgold(ti) = to
and Sbuggy(ti) ̸= to.

The success events satisfy {DIO=1} ⊆
{VIO=1} ∪ {DI=1} ⊆ {VI=1}. The (VI →DI)
gap captures failures in fault-hypothesis formation,
whereas the (DI →DIO) gap captures failures in
output prediction. For Bug-Discovery, we addi-
tionally report Bug Detection Recall (BDR): the
fraction of known-buggy solutions classified as
buggy. Because every evaluated instance is buggy,
BDR is a true-positive rate rather than classifica-
tion accuracy and does not measure false posi-

tives on correct programs; an always-“buggy” clas-
sifier therefore achieves 100% BDR. Joint met-
rics (BDR+∗) require both bug detection and
the corresponding FT-Test criterion; for example,
BDR+DIO denotes success in both stages.

3.3 Task 2: Fault-Targeted Program Repair
(FPR)

Motivation. While Task 1 isolates test genera-
tion, Task 2 isolates repair capability by control-
ling diagnostic context. By varying whether mod-
els receive a separately generated same-model test,
a test generated within the repair response, or no
test beyond the bug label, we measure how model-
generated diagnostic information affects repair.

Task Definition. Given a problem specification
P , buggy solution Sbuggy and diagnostic context C,
generate a corrected solution Sfixed that passes all
official test cases.

Evaluation Conditions. We control diagnostic
context through three conditions, all of which state
that the solution is buggy. BUGLABELONLY sup-
plies the bug label but no test. EXTTEST provides
an FT-test generated by the same model in Task 1
(Bug-Aware), decoupling test generation from re-
pair; the generated test is not guaranteed to be
discriminative. INTTEST requires the model to
first generate its own fault-triggering test and then
use it for repair within one response. We evaluate
same-model test transfer only; cross-model trans-
fer is outside this protocol.

Evaluation Metrics. A repair succeeds only
if it passes every official test. Pass@1 first aver-
ages success across variants of each problem and
then across problems. Pair-level analyses report
instance-level success percentages. For EXTTEST

and INTTEST, we also assess test quality using
Task 1 metrics (VIO and DIO).

3.4 Evaluated Models

We evaluate 12 frontier commercial and open-
source models: OpenAI (GPT-5-Nano, GPT-
5-Mini, GPT-5.2, GPT-5.2-Codex), Google
(Gemini-3-Flash, Gemini-3-Pro, Gemini-
3.1-Flash-Lite, Gemini-3.1-Pro), Anthropic
(Sonnet-4.6, Opus-4.6), and open-source models
GPT-OSS-120B and Nemotron-3-Nano-30B-A3B
(abbreviated Nemotron-3-Nano). All models use
their highest supported reasoning effort. Full
experimental details are in Appendix A.4.
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Table 1: Bug-Aware and Bug-Discovery FT-Test Generation. Bug-Aware assumes the model knows the code is
buggy; its metrics directly evaluate FT-Test quality. Bug-Discovery additionally requires bug detection, reported
as Bug Detection Recall (BDR) because all evaluated programs are known to be buggy. Joint metrics (BDR+∗)
require both bug detection and the corresponding FT-Test criterion. Pass@1 (P@1) is the code-generation baseline.

Model P@1
Bug-Aware Bug-Discovery

VI VIO DI DIO BDR BDR+VI BDR+VIO BDR+DI BDR+DIO

Gemini-3.1-Flash-Lite 25.0 89.6 69.4 31.8 26.0 39.9 33.0 24.3 20.8 15.6
Gemini-3-Flash 78.9 95.4 92.5 63.6 63.0 76.3 75.1 68.2 68.2 66.5
Gemini-3-Pro 81.6 94.8 89.6 72.3 69.4 83.2 80.4 71.1 64.2 59.5
Gemini-3.1-Pro 92.1 94.8 87.9 85.6 84.4 86.7 83.8 60.1 75.7 60.1

GPT-5-Nano 43.4 92.5 82.1 57.8 52.0 54.9 52.0 16.8 44.5 16.2
GPT-5-Mini 48.7 91.3 82.1 73.4 70.5 62.4 60.7 52.0 55.5 52.0
GPT-5.2 71.1 88.4 79.8 79.8 77.5 84.4 82.1 75.7 75.7 74.6
GPT-5.2-Codex 71.1 91.9 85.0 85.0 83.8 86.7 83.8 76.3 75.7 75.1

Sonnet-4.6 57.9 84.4 75.1 74.6 73.4 80.4 77.5 70.5 70.5 70.5
Opus-4.6 73.7 87.9 83.8 83.2 83.2 82.7 79.8 75.7 75.1 75.1

GPT-OSS-120B 67.1 76.3 69.9 66.5 65.3 74.0 70.5 66.5 67.1 65.9
Nemotron-3-Nano 26.3 65.0 48.0 46.3 39.3 57.2 52.0 15.0 39.9 13.3

Mean 61.4 87.7 78.8 68.3 65.6 72.4 69.2 56.0 61.1 53.7

3.5 Statistical Analysis

We compute 95% confidence intervals by cluster-
bootstrap resampling the 76 problem clusters
10,000 times, keeping all buggy variants of a sam-
pled problem together. Confidence intervals for
cross-model averages additionally resample the 12
models in an outer bootstrap; all bootstrap anal-
yses use seed 42. For paired binary outcomes,
we use exact two-sided McNemar tests within
each model. Comparisons between repairs receiv-
ing discriminative and non-discriminative tests use
two-sided Fisher’s exact tests. We use p < 0.05 as
the significance threshold. Because each prompt
is sampled once at temperature 1 where config-
urable, the intervals quantify variation across sam-
pled problems, not repeated-decoding variance.

4 Results and Analysis

Our controlled study reveals three key empirical
findings about fault-targeted reasoning in frontier
and open-source LLMs. By holding scaffolding
and tool access fixed, we evaluate test generation
and repair under controlled diagnostic contexts.
Each finding identifies a capability bottleneck and
failure patterns; Table 4 summarizes uncertainty
and per-model robustness.

4.1 Finding 1: Fault-hypothesis bottleneck

Our hierarchical metrics (Table 1) isolate where
test generation reasoning fails. In the Bug-Aware
FT-Test setting, models generate valid inputs with

high reliability (average VI = 87.7%), yet only
68.3% achieve discriminative inputs (DI ) and
65.6% achieve discriminative FT-tests (DIO)—a
19.4-point fault-hypothesis gap followed by a 2.7-
point output-prediction gap. This extends clas-
sical observations from automated testing (Chen
et al., 2021b) to the LLM setting: input validity
and fault detection are distinct capabilities. The
gap arises because producing format-compliant in-
puts largely relies on learned specification pat-
terns, whereas exposing faults requires reason-
ing about program behavior. The 58.4-point
DIO range between Gemini-3.1-Pro (84.4%) and
Gemini-3.1-Flash-Lite (26.0%) shows substantial
variation across models. Only 0.8% of the 2,076
Bug-Aware tests are reverse-discriminative—their
expected output agrees with the buggy rather than
the gold program—and the maximum rate for any
model is 4.0%.

The decomposition isolates two failure modes:
the fault-hypothesis gap (VI − DI , average: 19.4
points; 95% CI: 11.4–29.5) measures failures in
identifying discriminative inputs, while the output-
prediction gap (DI − DIO, average: 2.7 points;
95% CI: 1.2–4.8) measures failures in predict-
ing outputs. The fault-hypothesis gap is approx-
imately seven times larger and is significant for
all 12 models under paired McNemar tests; the
output-prediction gap is significant for 3 of 12
models. The fault-hypothesis gap varies across
models, from 57.8 points for Gemini-3.1-Flash-
Lite to 4.7 points for Opus-4.6. A sharp capacity
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Table 2: Model performance on FT-Test generation
under Bug-Discovery and Bug-Aware settings. B
denotes a “buggy” prediction in Bug-Discovery. Bug-
Aware uses the same B partition; Agr. denotes cross-
setting DIO agreement, and G denotes Gemini.

Model Discovery Aware Agr.
BDR DIO | B DIO | B DIO | ¬B

G-3.1-Flash-Lite 39.9 39.1 34.8 20.2 87.0
G-3-Flash 76.3 87.1 74.2 26.8 76.5
G-3-Pro 83.2 71.5 75.0 41.4 84.0
G-3.1-Pro 86.7 69.3 90.0 47.8 75.3

GPT-5-Nano 54.9 29.5 66.3 34.6 48.4
GPT-5-Mini 62.4 83.3 89.8 38.5 84.3
GPT-5.2 84.4 88.4 84.9 37.0 93.8
GPT-5.2-Codex 86.7 86.7 89.3 47.8 96.0

Sonnet-4.6 80.4 87.8 82.0 38.2 92.8
Opus-4.6 82.7 90.9 89.5 53.3 97.2

GPT-OSS-120B 74.0 89.1 78.9 26.7 88.3
Nemotron-3-Nano 57.2 23.2 52.5 21.6 58.6

Mean 72.4 70.5 75.6 36.2 81.9

difference is visible at the lower end: GPT-5-Nano
achieves 92.5% VI but 57.8% DI (a 34.7-point
gap), and Gemini-3.1-Flash-Lite achieves 89.6%
VI but 31.8% DI (a 57.8-point gap). In the paired
analysis, the full VI−DIO gap is 22.2 points (95%
CI: 13.7–32.0) and is significant for every model.
The tighter coupling DIO/DI ≈ 0.96, compared
with VIO/VI ≈ 0.90, further shows that the larger
loss occurs in identifying discriminative inputs.

Controlling information availability (Bug-
Discovery versus Bug-Aware) isolates the effect
of bug awareness. In Bug-Discovery, models must
detect the bug before generating tests, creating a
two-stage reasoning bottleneck. Because all eval-
uated programs are buggy, the detection metric
is Bug Detection Recall (BDR), not general clas-
sification accuracy. Mean BDR reaches 72.4%,
but end-to-end BDR+DIO falls to 53.7%—11.9
points below Bug-Aware DIO (65.6%). This
paired difference (95% CI: 5.4–19.6) is significant
for 8 of 12 models. The drop from BDR to
BDR+DIO is 26.6 points for Gemini-3.1-Pro,
but only 7.6 points for Opus-4.6.

Conditioning on detection outcomes (Table 2)
further isolates the reasoning bottleneck. Bug-
Aware DIO (65.6%) exceeds end-to-end Bug-
Discovery BDR+DIO (53.7%), but conditioning
on a “buggy” prediction (B) narrows the differ-
ence to 5.1 points (75.6% versus 70.5%). A pro-
nounced asymmetry remains even in Bug-Aware:

Table 3: Controlled comparison of diagnostic con-
text in repair. We report Pass@1 (P@1) for the code-
generation baseline (CG), a bug label alone (Label), a
test generated within the repair response (Int), and a
separately generated same-model test (Ext). Int and Ext
tests are model-generated rather than gold.

Model CG Label Int Ext

Gemini-3.1-Flash-Lite 25.0 45.7 23.4 24.4
Gemini-3-Flash 78.9 74.6 68.9 73.5
Gemini-3-Pro 81.6 72.5 63.8 72.0
Gemini-3.1-Pro 92.1 75.7 71.8 70.9

GPT-5-Nano 43.4 27.7 29.0 37.2
GPT-5-Mini 48.7 45.2 41.7 45.7
GPT-5.2 71.1 68.0 65.6 64.4
GPT-5.2-Codex 71.1 65.5 69.2 64.3

Sonnet-4.6 57.9 59.8 53.5 60.3
Opus-4.6 73.7 69.5 62.2 70.8

GPT-OSS-120B 67.1 54.5 44.2 54.3
Nemotron-3-Nano 26.3 19.9 14.1 23.3

Mean 61.4 56.5 50.6 55.1

models achieve 75.6% DIO on cases with B but
only 36.2% on cases with ¬B. At the model level,
Bug-Aware performs better than Bug-Discovery
on the B subset for only 6 of 12 systems, indicat-
ing model-dependent bug-label effects. Nemotron-
3-Nano, GPT-5-Nano, and GPT-5-Mini gain from
Bug-Aware, while Claude models and GPT-OSS-
120B do not; Gemini and GPT-5.2 are mixed.

In the Bug-Aware setting, strong models per-
form well on cases detected as buggy in Bug-
Discovery (GPT-5.2-Codex: 89.3%; Opus-4.6:
89.5%) but less well on cases where detection
fails (47.8% and 53.3%, respectively). GPT-5-
Nano likewise drops from 66.3% to 34.6%. The
81.9% cross-setting agreement shows that test out-
comes often remain consistent even when the Bug-
Aware prompt supplies the bug label. This resem-
bles selective prediction (Wen et al., 2025): Bug-
Discovery permits implicit abstention through a
“correct” prediction, whereas Bug-Aware requires
test generation in every case. Most FT-Test fail-
ures arise before output prediction: models strug-
gle primarily to identify inputs that expose the
fault, while bug detection adds a separate upstream
failure point in Bug-Discovery.

4.2 Finding 2: The value of model-generated
tests depends on test quality

Controlling diagnostic context (Table 3) reveals
whether test-based feedback improves repair be-
yond an explicit bug label. We evaluate three con-
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Table 4: Uncertainty and per-model significance. Ef-
fects and cluster-bootstrap 95% CIs are in percentage
points; Sig. counts models with p < 0.05.

Comparison Effect [95% CI] Sig.

VI −DI 19.4 [11.4–29.5] 12/12
VI −DIO 22.2 [13.7–32.0] 12/12
DI −DIO 2.7 [1.2–4.8] 3/12
BUGLABELONLY − INTTEST 5.6 [1.8–9.2] 8/12
Bug-Aware DIO vs.
Bug-Discovery BDR+DIO 11.9 [5.4–19.6] 8/12
Discr. vs. non-discr. EXTTEST 41.6 [34.7–48.4] 10/12

Figure 2: Repair after matching external and in-
ternal test quality. Pass@1 under BUGLABELONLY,
EXTTEST, and INTTEST on instances for which the
external and internal tests have the same DIO sta-
tus. Solid and hatched bars denote DIO=True and
DIO=False, respectively. The plot shows the average
and six individual models.

ditions that isolate the impact of diagnostic infor-
mation: BUGLABELONLY (the model knows the
solution is buggy but receives no test), EXTTEST

(the model receives its separately generated Task 1
Bug-Aware test), and INTTEST (the model gener-
ates a test and uses it for repair within the same
response). No repair condition uses a gold test.

On average, adding an internally generated test
degrades repair performance: mean Pass@1 drops
from 56.5% for BUGLABELONLY to 50.6% for
INTTEST, a 5.9-point descriptive gap. The paired
instance-level estimate is 5.6 points (95% CI: 1.8–
9.2) and is significant for 8 of 12 models. Sep-
arately generated same-model tests partially re-
cover performance: EXTTEST reaches 55.1%,
only 1.4 descriptive points below BUGLABE-
LONLY. These aggregate comparisons do not sep-
arate test quality from how the repair response
uses the test, which the analyses below examine.

Controlling for test quality (Figure 2) isolates

feedback use from test discriminativeness. We
analyze instances for which the external Task 1
test and the test generated within Task 2 have
identical discriminative status. When both tests
are discriminative, BUGLABELONLY, EXTTEST,
and INTTEST achieve 68.4%, 70.3%, and 68.2%
Pass@1, respectively—minimal differences de-
spite explicit fault evidence. When both tests
are non-discriminative, the corresponding rates are
33.0%, 31.5%, and 13.8%, with INTTEST degrad-
ing most severely. This asymmetry shows error
propagation when test generation and repair occur
within the same response.

Across all 2,076 EXTTEST instance–model
pairs, repair succeeds on 66.8% of the 1,363 pairs
with a discriminative supplied test, compared with
25.2% of the 713 pairs with a non-discriminative
test. The 41.6-point difference (95% CI: 34.7–
48.4) is significant for 10 of 12 models under
Fisher’s exact tests. Of the 985 EXTTEST failures,
54.1% receive a non-discriminative test, while
45.9% fail despite receiving a discriminative test.

A paired flow analysis of 1,021 cases for
which both the external and internal tests are
discriminative shows why the aggregate com-
parison is mixed: the external test changes a
failed BUGLABELONLY repair into a successful
EXTTEST repair in 7.0% of cases, but changes a
successful repair into a failure in 8.4%. The re-
maining cases either succeed in both conditions
(64.5%) or fail in both (20.1%). The 8.4% hurt
flow is consistent with overfitting to, or otherwise
misusing, the supplied test; the 20.1% both-fail
flow instead contains cases where the discrimina-
tive signal does not suffice. These shares identify
separate intervention points: non-discriminative
tests require better upstream validation, whereas
failures despite discriminative tests require better
downstream use of diagnostic evidence. Discrimi-
native tests are therefore highly informative at the
population level, yet do not guarantee that a model
will use the signal correctly in a particular repair.

4.3 Finding 3: Stage-level success does not
ensure end-to-end success

Joint evaluation (Figure 3) reveals capability inter-
actions that separate task evaluations cannot mea-
sure. We analyze correlations across six pipeline
stages—Valid Input (VI ), Valid IO (VIO), FT-Input
(DI ), FT-IO (DIO), Repair, and bug detection
(BDR)—to identify where reasoning breaks down.
FT-Input and FT-IO exhibit near-perfect model-

51364



Figure 3: Relationships among fault-targeted reasoning stages. Left: Pearson correlations across model-level
success rates; Repair denotes BUGLABELONLY repair and BDR denotes Bug Detection Recall. FT-Input and
FT-IO are nearly collinear (r = 0.998), while FT-IO and repair correlate at r = 0.77. Right: Cumulative instance-
level success across stages for a balanced subset of two models per family.

level correlation (r = 0.998), consistent with
fault-triggering input generation being the larger
test-construction bottleneck. However, FT-IO and
BUGLABELONLY repair correlate at r = 0.77,
indicating an imperfect association between their
model-level rates. BDR correlates at r = 0.87
with BUGLABELONLY repair and at r = 0.89
with FT-IO.

The right panel evaluates cumulative success on
aligned instance–model pairs. Starting from bug
detection, each point adds the next requirement:
valid input, correct expected output, discrimina-
tive input, discriminative test, and correct repair.
Each drop therefore marks pairs that fail the newly
added requirement after satisfying all preceding
stages. Unlike model-level correlations, the result-
ing curves track whether success is preserved on
the same pairs as the pipeline advances. A high
stage-level average need not imply that the same
instances remain successful downstream. This
aligned view localizes observed attrition without
assuming independence or introducing a separate
aggregate composition estimate.

In the balanced two-model-per-family analysis,
performance drops isolate where success is lost
in the pipeline. The sharpest attrition occurs at
Valid IO → FT-Input (9 points, fault-hypothesis
formation) and FT-IO → Repair (19 points, test-
to-repair conversion). Together with the paired re-
pair flows in Finding 2, these losses show that suc-
cess at one stage does not guarantee end-to-end de-

bugging success. Improving either test generation
or repair alone may therefore be insufficient; both
fault-hypothesis formation and the conversion of
discriminative tests into correct repairs remain bot-
tlenecks.

5 Conclusion

We isolate fault-targeted reasoning from scaffold-
ing through a controlled study of frontier and
open-source LLMs, using a multi-stage frame-
work that decouples test generation from repair
under varying diagnostic conditions. Three lim-
itations emerge. First, models produce mostly
valid inputs, but fewer are discriminative, local-
izing the main test-generation bottleneck to fault-
hypothesis formation rather than output prediction.
Second, diagnostic feedback has mixed effects on
repair: internally generated tests reduce success on
average, while separately generated same-model
tests help some cases and hurt others depending on
test quality and use. Third, success across bug de-
tection, test construction, and repair does not con-
sistently occur on the same instances. Overall, our
multi-level analysis identifies fault-hypothesis for-
mation and test-to-repair conversion as the largest
losses. These results motivate systems that val-
idate tests before repair and preserve evidence
across stages; gains at one stage need not improve
the full pipeline. Evaluations should likewise track
aligned outcomes across stages rather than relying
only on aggregate task averages.
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6 Limitations

Our controlled study prioritizes attribution within
a fixed setting over ecological validity: function-
level algorithmic problems isolate fault-targeted
reasoning from repository navigation, build sys-
tems, and multi-file dependencies, enabling
focused analysis without directly predicting
production-agent performance. The dataset con-
tains 173 instances from 76 problems and sup-
ports controlled analysis rather than large-scale
model ranking, with execution-based evaluation
across 12 models and five settings. Because each
prompt is sampled once, the cluster-bootstrap in-
tervals capture variation across problems but not
stochastic decoding variance. We focus on seman-
tic bugs in near-correct, model-generated code,
whose distribution may differ from human-written
and production software. The study includes only
known-buggy solutions, so Bug Detection Recall
does not measure false positives on correct code.
Input-validity checkers are validated against offi-
cial tests, but this cannot establish that they encode
every implicit constraint. We evaluate Python in
single-turn settings, excluding multi-turn debug-
ging, language-specific effects, and broader prob-
lem distributions. Extending the study across lan-
guages, bug sources, and interactive settings re-
mains future work. Repository-scale extensions
will also require audited specifications and test or-
acles because mis-scoped tests can reject function-
ally correct patches (OpenAI, 2026).
Potential Risks. This work could be misinter-
preted as evaluating real-world autonomous cod-
ing performance, although it studies a controlled,
function-level, single-turn setting without reposi-
tory context. Such overgeneralization could sug-
gest that diagnostic feedback is inherently harmful,
whereas our results show that model-generated
tests can help or hurt depending on their qual-
ity and how they are used. Suggested improve-
ments to fault-hypothesis formation could also cre-
ate brittle systems if applied without validation.
Continued release of LiveCodeBench (Jain et al.,
2024) tasks may cause future pretraining contam-
ination, affecting longitudinal comparisons. Fi-
nally, autonomous debugging systems may inherit
the observed failure modes without safeguards.
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A Additional Study Details

A.1 Study Design & Dataset Statistics
A.1.1 Key Design Principles
The study follows three principles:
Diverse Semantic Bugs. We curate non-trivial
buggy solutions that pass a subset of official tests.
Bugs with higher pass rates and diverse behaviors
(measured via Hamming distance) are prioritized,
unlike trivially detectable syntax errors. These
bugs capture genuine model reasoning failures.
Execution-Based Verification. All metrics rely
on automated execution against the official test
suite. A solution S passes if it produces the ex-
pected output on every test t = (ti, to) in the
suite T , i.e., S(ti) = to for all t ∈ T . A fault-
triggering test is a pair t = (ti, to) for which
the buggy solution fails and the gold solution suc-
ceeds: Sbuggy(ti) ̸= to = Sgold(ti).
Multi-Setting Evaluation. We evaluate mod-
els under varying information conditions—Bug-
Aware versus Bug-Discovery FT-Test genera-
tion, and BUGLABELONLY versus EXTTEST

or INTTEST program repair—to isolate different
reasoning capabilities and measure how model-
generated guidance affects performance.

A.2 Dataset Construction Details
Problem Collection. We source 1,055
function-level algorithmic problems from
LiveCodeBench (Jain et al., 2024), spanning Leet-
Code, AtCoder, and Codeforces (May 2023–April
2025). Each problem includes a natural-language
specification, official test cases with verified out-
puts, and a platform-assigned difficulty label. We
discard problems with conflicting test cases (the
same input with different outputs) or non-standard
evaluation (interactive judges or approximate
outputs), ensuring deterministic execution-based
metrics. We apply capability-based filtering,
excluding problems solved within three attempts
by GPT-4o, Gemini-2.5-Pro, or Claude Sonnet-4.
This yields 170 problems (16% retention), of
which 89% are rated “medium” or “hard.” Within
this filtered pool, domains include dynamic
programming (28%), graph algorithms (22%),
data structures (18%), greedy algorithms (15%),
and others (17%).
Input-Validity Checker Generation. We
prompt GPT-5-Mini to produce a Python function
is_valid_test(ti) → {True, False} that checks
whether input ti conforms to all constraints in

the problem specification. Figure 4 shows the
prompt template and a model-generated sample.
Each checker is validated against the official test
suite; checkers rejecting any official input are dis-
carded and regenerated (up to 3 attempts). This
ensures no false negatives, though it does not guar-
antee coverage of all implicit constraints. In prac-
tice, 98.8% of problems yield valid checkers, with
100% acceptance on official tests.
Solution Collection and Verification. We col-
lect candidate solutions from two sources: hu-
man solutions (accepted submissions from the of-
ficial platforms, serving as high-confidence gold
solutions) and model-generated solutions (5–10
samples per model per problem from LLMs span-
ning capabilities and architectures). All candi-
dates are executed against the official test suites
with time limits twice the platform limits. Solu-
tions passing all test cases are designated gold;
those producing a wrong answer on at least one
test are designated buggy. We discard runtime
errors, including exceptions and timeouts, to fo-
cus on semantic wrong-answer bugs. For each
problem, we retain the fastest human-authored
gold solution. Buggy solutions are prioritized first
by official-test pass rate and then by diversity:
among solutions with the same pass count, we
maximize Hamming distance between their binary
test-outcome vectors. Candidate-generation mod-
els span OpenAI (GPT-5-Nano, GPT-5-Mini, GPT-
5, GPT-5.1, GPT-5.2), Google (Gemini-2.5-Flash-
Lite, Gemini-2.5-Flash, Gemini-2.5-Pro, Gemini-
3-Flash, Gemini-3-Pro), and Anthropic (Claude
Opus-4/4.1/4.5 and Sonnet-4/4.5). In total, we col-
lect 2,184 solutions from 168 filtered problems.

A.3 Per-Problem Variation
Table 6 reports uncertainty for the primary Bug-
Aware discriminative-test metric. Confidence
intervals use the problem-cluster bootstrap de-
scribed in Section 3.5; standard deviations are
computed over the 76 problem-level rates.

A.4 Experimental Setup
Models. We evaluate a diverse set of frontier and
open-source language models spanning capability
levels and architectures. Our evaluation includes:
(1) OpenAI models (GPT-5-Nano, GPT-5-Mini,
GPT-5.2, and GPT-5.2-Codex); (2) Google models
(Gemini-3.1-Flash-Lite, Gemini-3-Flash, Gemini-
3-Pro, and Gemini-3.1-Pro); (3) Anthropic models
(Claude Sonnet-4.6 and Opus-4.6); and (4) open-
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Table 5: Dataset statistics for the VIBEPASS controlled
study.

Statistic Value

Total instances (problem, gold, buggy tuples) 173
Unique problems 76
Avg. instances per problem 2.3

Problem Difficulty (platform labels)
Easy 2%
Medium 25%
Hard 73%

Buggy Solution Pass Rate on Official Tests
1st quartile 43%
Median 71%
3rd quartile 86%
Mean 61%

Problem Domains
Array/Matrix 25%
Dynamic Programming 18%
Math/Number Theory 16%
Graph Algorithms 22%
Other 19%

Bug Categories
Missing Edge Case 32%
Incorrect Condition 28%
Off-by-One Error 27%
Wrong Algorithm 8%
Others (DP Error, Incorrect Init) 5%

Platforms
LeetCode 57%
AtCoder 43%

source models (Nemotron-3-Nano-30B-A3B, ab-
breviated Nemotron-3-Nano in the tables, and
GPT-OSS-120B). For dataset construction, we use
GPT-5-Mini to generate input-validity checkers
and GPT-4o, Gemini-2.5-Pro, and Claude Sonnet-
4 for capability-based filtering.

Inference Configuration. For all test-
generation and repair tasks, we set temperature
T = 1 for API models when available and use
the highest supported reasoning effort. We set
the maximum context window to 128K tokens for
open-source models and use the provider maxi-
mum for API models, sufficient for problem spec-
ifications, code solutions, and generated tests.

Prompt Design. All tasks use structured
prompts that include the problem description,
input–output format, implementation, and task-
specific instructions. Bug-Discovery prompts re-
quest both a correctness classification and, after
a “buggy” prediction, a test. For EXTTEST, the
same model’s Bug-Aware test is supplied in the
repair prompt. For INTTEST, prompts instruct the
model to generate a test within the response before
attempting repair. Full templates and evaluation

Table 6: Bug-Aware DIO with cluster-bootstrap 95%
CIs and across-problem standard deviations.

Model DIO 95% CI Std.

Gemini-3.1-Flash-Lite 26.0 19.1–34.2 43.3
Gemini-3-Flash 63.0 52.6–74.3 39.9
Gemini-3-Pro 69.4 59.9–78.6 38.4
Gemini-3.1-Pro 84.4 75.7–92.3 29.0
GPT-5-Nano 52.0 41.2–63.7 42.8
GPT-5-Mini 70.5 61.6–80.0 36.3
GPT-5.2 77.5 67.4–87.0 34.8
GPT-5.2-Codex 83.8 75.9–91.3 30.3
Sonnet-4.6 73.4 61.8–85.1 33.8
Opus-4.6 83.2 75.3–91.0 27.5
GPT-OSS-120B 65.3 55.0–76.2 38.7
Nemotron-3-Nano 39.3 29.9–49.7 43.5

code are available in the released repository.1 The
dataset is available on Hugging Face.2

Evaluation Protocol. All generated solutions
and tests are executed in isolated sandboxes with
time limits five times the original platform limits
to focus evaluation on semantic correctness rather
than efficiency. Generated inputs are verified us-
ing the input-validity checkers. We report Pass@1
for repair and the hierarchical FT-Test metrics for
test generation, computed over the full set of eval-
uated instances. Each prompt is sampled once.

1https://github.com/SalesforceAIResearch/
vibepass

2https://huggingface.co/datasets/Salesforce/
vibepass
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Prompt

Given the following problem statement and starter code, write only the Python function ‘is_valid_test‘ (with the
same signature as in the starter code, but without ‘self‘). The function should return True if the inputs are valid
according to the problem constraints, and False otherwise. Output only the code for the ‘is_valid_test‘ function,
with no extra text or comments.

Problem Statement: You are given a 0-indexed integer array nums. You can perform any number of operations, where
each operation involves selecting a subarray of the array and replacing it with the sum of its elements. For example, if
the given array is [1,3,5,6] and you select subarray [3,5] the array will convert to [1,8,6].
Return the maximum length of a non-decreasing array that can be made after applying operations.
A subarray is a contiguous non-empty sequence of elements within an array.

Example 1:

Input: nums = [5,2,2]
Output: 1
Explanation: This array with length 3 is not non-decreasing.
We have two ways to make the array length two.
First, choosing subarray [2,2] converts the array to [5,4].
Second, choosing subarray [5,2] converts the array to [7,2].
In these two ways the array is not non-decreasing.
And if we choose subarray [5,2,2] and replace it with [9] it becomes non-decreasing.
So the answer is 1.

Example 2:

Input: nums = [1,2,3,4]
Output: 4
Explanation: The array is non-decreasing. So the answer is 4.

Constraints:

1 <= nums.length <= 105

1 <= nums[i] <= 105

Starter Code:

c l a s s S o l u t i o n :
d e f findMaximumLength ( s e l f , nums : L i s t [ i n t ] ) −> i n t :

p a s s

Sample Output

d e f i s _ v a l i d _ t e s t ( nums : l i s t ) −> boo l :
i f n o t i s i n s t a n c e ( nums , l i s t ) :

r e t u r n F a l s e
n = l e n ( nums )
i f n o t i s i n s t a n c e ( n , i n t ) o r n < 1 or n > 10**5 :

r e t u r n F a l s e
f o r x i n nums :

i f n o t i s i n s t a n c e ( x , i n t ) o r i s i n s t a n c e ( x , boo l ) :
r e t u r n F a l s e

i f x < 1 or x > 10**5 :
r e t u r n F a l s e

r e t u r n True

Figure 4: Example prompt and corresponding model output for input-validity generation.
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