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Abstract

Large language models (LLMs) are increas-
ingly used as coding assistants, but the pro-
grams they generate often fail. Such failures
can be addressed by debugging the existing im-
plementation or regenerating a new solution
from the problem specification, with existing
repair workflows typically defaulting to debug-
ging. We find that the effectiveness of debug-
ging and regeneration depends strongly on ini-
tial program quality, suggesting that no single
repair strategy is universally optimal. Moti-
vated by this observation, we present PATS-
SEL (Program-Adaptive Test-guided Repair
Strategy Selection), a test-guided repair selec-
tion framework that dynamically chooses be-
tween debugging and regeneration. Rather
than committing to a single repair strategy,
PATSSEL generates debugged and regenerated
candidates for each buggy program, evaluates
them using generated verifier tests, and selects
the stronger candidate, leveraging the comple-
mentary strengths of debugging and regenera-
tion. Experiments on LeetCodeDataset, Live-
CodeBench, and HE+Fix show that PATSSEL
achieves average absolute improvements of
2.7% with Qwen3-8B and 3.2% with Llama3-
8B over the best single-strategy baselines under
the same inference compute budget and routing
using gold unit tests. The gains persist across
repair models, routing models, and stronger
debugger models. Further analysis shows that
PATSSEL benefits from the complementary
strengths of debugging and regeneration, high-
lighting the importance of adaptive strategy se-
lection for reliable LLM-based code repair.

1 Introduction

Large language models (LLMs) are increasingly
deployed as coding assistants, yet ensuring the cor-
rectness of generated programs remains a funda-
mental challenge (Sonwane et al., 2025; Le et al.,
2022; Zeng et al., 2025). When a generated pro-
gram fails, there are two natural ways to obtain a

correct solution. One can debug the existing im-
plementation, refining the current draft while pre-
serving its existing structure and reasoning, or re-
generate a new solution directly from the problem
specification. These alternatives allocate repair ef-
fort differently: debugging conditions on the previ-
ous attempt, whereas regeneration reasons indepen-
dently from scratch. While existing repair pipelines
typically default to debugging (Chen et al., 2023;
Fan et al., 2023), it is unclear whether preserv-
ing the existing implementation is always the right
choice. This raises a central question: when should
a failed program be repaired through debugging,
and when is it better to abandon the current draft
and generate a new solution?

To answer this question, we systematically com-
pare debugging and regeneration across a diverse
collection of naturally occurring model failures.
Our analysis reveals that neither strategy consis-
tently dominates the other (Figure 1). Instead, re-
pair effectiveness depends strongly on initial solu-
tion quality. When the generated program already
captures much of the correct logic, debugging is
often more successful because it preserves useful
structure while making targeted modifications. In
contrast, when the initial solution is fundamentally
flawed and requires substantial algorithmic revi-
sion, regeneration is more effective because it can
explore entirely new solution trajectories. More-
over, repaired programs produced through debug-
ging exhibit substantially higher test-case overlap
with the original buggy solution than those pro-
duced through regeneration, suggesting that debug-
ging primarily preserves and refines existing behav-
ior, whereas regeneration is more likely to explore
alternative solution paths. These findings suggest
that successful code repair requires determining
whether the current implementation provides a use-
ful foundation for correction or should be aban-
doned. This suggests that repair strategy should
depend on the quality of the existing program.
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Figure 1: Various repair strategies for fixing buggy code generated by coding agents exhibit complementary strengths
and weaknesses. PATSSEL achieves strong performance by adaptively selecting debugging or regeneration based
on the severity of the underlying bug.

Motivated by these observations, we propose
PATSSEL (Program-Adaptive Test-guided Repair
Strategy Selection), a test-guided repair selection
framework using execution feedback. Rather than
committing to a single repair strategy, PATSSEL

first explores both repair paths by constructing two
competing candidates for each buggy program: a
debugged candidate that refines the existing imple-
mentation and a regenerated candidate produced
directly from the original problem specification.
To determine which candidate is more likely to
be correct, PATSSEL generates verifier tests and
executes both candidates on them. The resulting
execution traces provide behavioral evidence for
comparing the relative reliability of alternative re-
pairs. Because gold evaluation tests are unavailable
at deployment time, the verifier tests are produced
by a learned unit-test generator trained from execu-
tion feedback. By selecting repairs based on their
observed behavior under generated tests, PATS-
SEL adaptively chooses between debugging and
regeneration without requiring oracle test suites.

We evaluate PATSSEL on LeetCodeDataset (Xia
et al., 2025), LiveCodeBench (Jain et al., 2024) and
HE+Fix (Prasad et al., 2025; Muennighoff et al.,
2024), and using Qwen3-8B (Yang et al., 2025)
and Llama3-8B (Grattafiori et al., 2024) as repair
models and compare it against single-strategy re-
pair baselines that perform either regeneration-only
or debugging-only repair with the same inference
budget (two repair attempts) and the same routing
mechanism used by PATSSEL. Using gold test
cases for routing, PATSSEL achieves average ab-
solute improvements of 2.7% with Qwen3-8B and

3.2% with Llama3-8B over the best single-strategy
baselines across the three benchmarks.

We further find that stronger verifiers lead to
larger gains over single-strategy baselines, high-
lighting the importance of accurate verification for
repair strategy selection. Analyzing performance
across pass-rate buckets reveals that PATSSEL

is effective across diverse bug severities. Com-
pared to regeneration, the largest improvements
occur in the highest pass-rate bucket, where de-
bugging is particularly effective at making local-
ized fixes. In contrast, compared to debugging, the
largest gains occur in the lowest pass-rate bucket,
where regeneration is better suited to correcting
severely flawed solutions. These findings suggest
that PATSSEL successfully combines the comple-
mentary strengths of debugging and regeneration
rather than relying on a single repair strategy. This
complementarity holds across verifiers. Finally,
we observe that the benefits of PATSSEL persist
with a stronger external debugger, showing that the
framework is robust to debugger choice.

2 Related Work

Code Repair and Self-Debugging. Recent work
has demonstrated that execution feedback provides
an effective supervision signal for improving code
models, enabling reinforcement learning from unit-
test outcomes and other verifiable signals (Le et al.,
2022; Shao et al., 2024; Kulkarni and Srikumar,
2025). Building on this paradigm, a growing
body of work studies automated repair and self-
debugging of LLM-generated programs. Prior ap-
proaches improve repair models through iterative
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refinement, synthetic debugging trajectories, or
execution-grounded training objectives (Fan et al.,
2023; Jiang et al., 2025; Pham et al., 2025; Son-
wane et al., 2025). While these methods demon-
strate that many incorrect programs can be suc-
cessfully repaired, self-repair is not uniformly reli-
able: improvements are highly instance-dependent,
and repeated refinement may fail to recover cor-
rect solutions (Olausson et al., 2024). Motivated
by these findings, we study a complementary ques-
tion: rather than assuming that every failed pro-
gram should be repaired through debugging, we
investigate when debugging is preferable to regen-
eration and how a system can choose between these
two repair operations.

Test Generation and Verification for Code Mod-
els. Generated tests have become an important
mechanism for supervising, evaluating, and select-
ing code solutions. UTGen (Prasad et al., 2025)
showed that execution feedback can be used to
train a unit-test generator whose tests support pro-
gram verification and reranking. ACECoder (Zeng
et al., 2025) scales code RL with automated test-
case synthesis and execution-grounded rewards.
CURE (Wang et al., 2025) co-evolves a coder and
a unit-test generator through execution feedback,
while SOLVER (Lin et al., 2025) improves solvers
and verifiers through solve-verify self-play. These
approaches show that generated tests can provide
useful behavioral signals even when gold evalua-
tion tests are unavailable. We build on this line
of work by training a unit-test generator using
execution-grounded feedback. However, our goal
differs from prior approaches. Rather than using
generated tests solely to improve or verify a single
candidate solution, we use them to serve as behav-
ioral evidence for selecting between a debugged
candidate and a regenerated candidate, providing
a practical approximation to oracle repair-strategy
selection without access to hidden evaluation tests.

3 Regeneration vs. Debugging

In this section, we investigate whether debugging
is the most effective default strategy for repairing
buggy code. To enable a comprehensive compari-
son across diverse bug types, we first construct an
evaluation dataset using outputs generated by mod-
els of varying sizes (Section 3.1). We then compare
two repair strategies, debugging and regeneration,
and analyze their relative performance by initial
program quality in Section 3.2.

3.1 Experimental Setup
Constructing Buggy Programs. To obtain a di-
verse collection of buggy programs, we generate
solutions for problems in the LeetCodeDataset (Xia
et al., 2025) using Qwen 2.5 (Hui et al., 2024) mod-
els at six scales: 0.5B, 1.5B, 3B, 7B, 14B, and
32B parameters. Using models of varying capabili-
ties produces a broad spectrum of errors, ranging
from simple implementation mistakes to more sub-
stantial reasoning failures. For each problem, we
execute the generated solution against the refer-
ence test cases and retain only programs that fail
at least one test. Each resulting instance consists
of the problem specification, the generated buggy
program, the reference tests, and the correspond-
ing execution outcomes. We partition the collected
instances into training and evaluation sets for the
analyses and experiments presented in the remain-
der of the paper. More details in Appendix A.

Models. We experiment using Qwen3 8B (Yang
et al., 2025) and Llama3-8B (Grattafiori et al.,
2024) as base models for regeneration and debug-
ging to evaluate generalization across repair-model
families. To ensure that differences between regen-
eration and debugging are not solely attributable to
the debugging capability of the underlying model,
we additionally evaluate an RL-trained debugger
specialized for code repair. Details of the debugger
training procedure are provided in Section 4.2.

3.2 Motivating Analysis
For each buggy program, we compare debugging
and regeneration using the same base Qwen3-8B
model, allowing us to isolate the effect of the repair
strategy. Debugging conditions on the problem de-
scription, the buggy program, and a failing test case,
and asks the model to modify the existing code to
fix the bug. In contrast, regeneration conditions
only on the problem specification and generates
a new solution from scratch without access to the
buggy program. We evaluate both repaired pro-
grams on the same reference test suite and compare
their performance across different levels of initial
program quality.

Figure 3 shows that the relative effectiveness of
debugging and regeneration depends strongly on
the original pass rate of the buggy program. Re-
generation substantially outperforms debugging for
low-quality programs, with a 25.8-point advantage
in Q1. However, this advantage steadily decreases
as the quality of the original program improves,
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Figure 2: Overview of PATSSEL. Given a buggy code, failed test, and problem instruction, we generate two
candidate repairs using complementary strategies: debugging and regeneration. We also use a test generator to
produce verifier unit tests. Both repair candidates are executed on the generated tests, and the candidate achieving
the higher pass rate is selected as the final output.
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Figure 3: Performance of regeneration and debugging
across original pass-rate bins (Q1: 0–25, Q2: 25–50, Q3:
50–75, Q4: 75–99). We compare one ReGen and one
Debug attempt using the same base Qwen3-8B model,
isolating the effect of repair strategy.

and in the highest pass-rate bucket (Q4), debug-
ging instead outperforms regeneration by 2.3 points.
These results suggest that regeneration is more
effective when the initial solution contains sub-
stantial errors, whereas debugging becomes prefer-
able when the existing program already provides a
strong foundation for repair.

4 Program-Adaptive Test-guided Repair
Strategy Selection

In this section, we introduce PATSSEL (Program-
Adaptive Test-guided Repair Strategy Selection),
a test-guided repair framework that treats code re-
pair as a repair-strategy selection problem, to com-
bine the complementary strengths of debugging
and regeneration as shown in Section 3.2. Rather

than committing to either strategy a priori, PATS-
SEL generates both a debugging-based repair and
a regeneration-based repair, then uses generated
verifier tests to determine which candidate is more
likely to be correct (Figure 2). We first describe the
overall inference procedure of PATSSEL in Sec-
tion 4.1. Although PATSSEL is compatible with
any debugging, generation, and test-generation
models including the base model, we additionally
train specialized debugger and unit-test generation
models to maximize performance. The training
procedure for the debugger is described in Sec-
tion 4.2, and the unit-test generator is described in
Section 4.3, including training objectives.

4.1 Repair Strategy Selection at Test-Time
As shown in Figure 2, at inference time the system
receives a problem instruction x and a buggy code
y0. Rather than committing to a single repair strat-
egy, it generates two competing repair candidates:
a debugged candidate (ydbg) that refines the exist-
ing implementation and a regenerated candidate
(ygen) generated by resampling from the problem
specification.

The regeneration branch produces a fresh solu-
tion: ygen ∼ πgen(· | x) conditioning only on the
problem instruction. The debugging branch pro-
duces a repaired solution: ydbg ∼ πdbg(· | x, y0, t).
The failing test t is drawn from the same test source
used for verification in each experimental setting:
Base-generated tests, RL-generated tests, or the
gold test suite for the Base, RL, and Gold settings,
respectively.

A unit-test generator then gets the problem in-
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struction and buggy code as input and produces unit
tests: Z = {z1, . . . , zm}. Both repair candidates
are executed against the unit tests Z, producing
pass-rate estimates:

sgen = p(ygen, Z), sdbg = p(ydbg, Z).

The final repair is selected by comparing these pass
rates and choosing the one with higher pass rate.

4.2 RL Debugger Training
The debugger is trained to improve an existing
buggy program. Each training instance consists
of a problem instruction x, a buggy code y0, a ref-
erence test suite Z, and at least one failing test case
z ∈ Z. The debugger receives the buggy program
and the failing test as input and generates a repaired
program ŷ. The repaired program is then executed
against the full reference test suite Z.

We train the debugger with GRPO (Shao et al.,
2024) using an execution-based reward that mea-
sures pass-rate improvement over the original
buggy program. For each training instance, the
debugger samples a group of candidate repairs
{ŷ1, . . . , ŷG} from the current policy. For a candi-
date repair ŷi, the reward is

Rdebug(ŷi; y0, Z) = 1000×(p(ŷi, Z)− p(y0, Z)) ,

where p(ŷi, Z) denote the fraction of tests in Z
passed by program ŷi. This reward directly en-
courages functional improvement over the starting
buggy program y0. A repair receives positive re-
ward when ŷi fixes more tests than the original
code y0, zero reward when it leaves the pass rate
unchanged, and negative reward when it introduces
regressions. Invalid outputs that cannot be parsed
into the required function or class receive no useful
reward because they fail execution.

4.3 RL Unit-Test Generator Training
As gold test cases are typically unavailable at in-
ference time, to obtain verifier tests for estimating
program correctness and selecting between repair
strategies, we train a unit-test generator. The unit-
test generator produces executable tests that serve
as a routing signal for PATSSEL. We train this
component using GRPO (Shao et al., 2024). Each
training instance consists of a problem specifica-
tion x, a buggy program y0, a reference solution,
starter code, and the program entry point. The test
generator receives the problem specification, starter

code, buggy program, and entry point and gener-
ates a suite of executable unit tests. The generated
tests are then executed on the reference solution to
compute the reward based on three objectives: (1)
producing a valid executable test suite, (2) generat-
ing a sufficient number of informative tests, and (3)
ensuring that the generated assertions agree with
the behavior of the reference implementation.

Let ρ(G) = c/|G|, where c is the number of
generated assertions in generated unit tests G that
pass on the reference solution. With minimum suite
size τ , we use

Rtest =





−200, invalid(G),

0, |G| < τ,

1000ρ(G) + 20min(c, 10), otherwise.
(1)

The first term rewards semantic correctness of
the generated tests, while the second gives a small
bonus for producing multiple correct assertions.
The minimum-assertion constraint discourages de-
generate suites that contain only one easy test.
The resulting test generator learns to produce ex-
ecutable behavioral probes rather than free-form
explanations or informal test descriptions (Prasad
et al., 2025; Wang et al., 2025).

5 Experiments

5.1 Setup
Evaluation Datasets. We evaluate on three
code-repair benchmarks: LeetCodeDataset, Live-
CodeBench (LCB), and HE+Fix. HE+Fix (Prasad
et al., 2025; Muennighoff et al., 2024) directly
provides buggy functions together with reference
solutions, entry points, and test suites. We also
evaluate on the LCB self-repair setting using the
release_v1 split, which consists of 400 problems
released between May 2023 and March 2024 (Jain
et al., 2024). Unlike HE+Fix, LCB consists of std-
in/stdout programming tasks and does not provide
buggy programs. To construct repair instances, we
first generate solutions using Qwen3 models (Yang
et al., 2025) at four scales (1.7B, 4B, 8B, and 14B),
execute them on the official test cases, and retain
the failing solutions as buggy programs. Details
of LeetCodeDataset construction are provided in
Section 3.1 and more details of dataset is in Ap-
pendix A. For LeetCodeDataset and LCB, we fur-
ther partition evaluation instances into four pass-
rate quartiles (Q1–Q4) based on the buggy pro-
gram’s initial pass rate.
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Training Details. PATSSEL consists of three
components: a generation model (GEN) that re-
generates solutions from the problem specification,
a debugging model (DEBUG) that repairs buggy
code, and a test-generation model (TEST GEN) that
produces verifier unit tests. For both GEN and
DEBUG, if not specified, we use the base Qwen3-
8B model (Base) and an RL-trained Qwen3-8B
debugger (RL), respectively. For TEST GEN, we
use Qwen3-4B-Instruct-2507 and its RL-trained
counterpart. For the Llama experiments, we use
Llama3-8B (Grattafiori et al., 2024) as the com-
mon backbone for GEN, DEBUG, and TEST GEN,
and separately train Llama3-8B debugger and test-
generator models using the corresponding objec-
tives in Sections 4.2 and 4.3. In addition, for analy-
sis experiments, we evaluate a stronger debugging
model, FrogMini-14B-2510 (Sonwane et al., 2025),
an RL-trained model built on top of Qwen3-14B.

Both learned components are trained with GRPO
using HuggingFace TRL (von Werra et al., 2020).
The debugger is optimized using the pass-rate im-
provement reward (Section 4.2), while the test gen-
erator is optimized with the test correctness reward
defined in Section 4.3. For both models, we train
LoRA adapters with rank 16, alpha 32, and dropout
0.05 on the attention and MLP projection layers.
We train for one epoch with learning rate 10−5,
batch size 1, gradient accumulation 2, KL coeffi-
cient β = 0.02, and 4 sampled completions per
prompt. For debugger training, we use a maxi-
mum prompt length of 2048 tokens and completion
length of 1024 tokens; for test-generator training,
we use 3072 and 1800 tokens, respectively.

Baselines. We compare PATSSEL against two
single-strategy repair baselines: GEN, which re-
generates a solution from the problem specifica-
tion, and DEBUG, which repairs the given buggy
program. To control for inference-time compute,
we evaluate all methods under setting where com-
pute cost matches. Specifically, each baseline pro-
duces two independent candidates using the same
repair strategy, and the final prediction is selected
using the same unit-test-based routing procedure
employed by PATSSEL. Consequently, all com-
pared methods use the same number of model calls
and incur comparable inference costs.

Metrics. We report accuracy, where accuracy is
computed from the benchmark reference-test out-
comes of the selected repair. For Q1–Q4, scores
are micro-averaged over all reference tests within

each bucket, while MICRO AVG. is computed over
all reference tests in the full evaluation set. For
PATSSEL, the regenerated and debugged candi-
dates are selected using their verifier-test pass rates.
To match the inference budget, ReGen and Debug
each generate two independent candidates and use
the same verifier-based selection procedure.

5.2 Results
Table 1 reports accuracy on LeetCodeDataset (Xia
et al., 2025), LiveCodeBench (LCB) (Jain et al.,
2024), and HE+Fix (Prasad et al., 2025; Muen-
nighoff et al., 2024). LeetCodeDataset serves as the
in-domain benchmark used for training both the RL
debugger DEBUG and RL test generator TEST GEN,
while HE+Fix and LCB evaluate out-of-domain
generalization. For the generation model, we use
the corresponding base Qwen3-8B or Llama3-8B
model. We compare PATSSEL against single-
strategy baselines that rely exclusively on regener-
ation or debugging. We further evaluate three rout-
ing settings depending on TEST GEN, the verifier
used for candidate selection: Base (the pretrained
test generator), RL (the RL-trained test generator),
and Gold (the ground-truth evaluation tests). We
discuss the Qwen3-8B results in detail below; the
Llama3-8B results exhibit the same overall trend,
showing that the benefits of repair-strategy selec-
tion transfer across models.

Routing consistently outperforms single-
strategy repair. Across all benchmarks and
verifier settings, PATSSEL, which routes between
regeneration and debugging, consistently achieves
stronger or comparable performance than relying
on either regeneration or debugging alone, while
using the same compute budget and routing. This
demonstrates that PATSSEL effectively leverages
the complementary strengths of both approaches.

On HE+Fix and LiveCodeBench, using gold ver-
ifier tests, PATSSEL improves accuracy by 6.7%
and 2.8% over ReGen (routing between two regen-
erated candidates), and by 2.3% and 3.4% over
Debug (routing between two debugging attempts),
respectively. Similar gains are observed on Leet-
CodeDataset, where PATSSEL improves accuracy
by 3.1% over ReGen and 10.1% over Debug. The
gains largely persist when replacing gold tests
with verifier tests generated by our RL-trained test
generator. On HE+Fix, PATSSEL improves by
5.9% over ReGen and 3.1% over Debug, while on
LiveCodeBench it improves by 2.7% over ReGen
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Model Test
Gen Strategy

LeetCodeDataset LiveCodeBench HE+Fix

Q1 Q2 Q3 Q4 Micro
Avg. Q1 Q2 Q3 Q4 Micro

Avg.
Micro
Avg.

Qwen3-8B

Base
ReGen 57.6 69.7 68.4 87.9 70.7 11.5 46.2 60.3 71.0 22.2 89.1
Debug 37.6 58.6 69.5 90.1 63.6 9.9 45.7 66.5 90.1 22.4 92.7

PATSSEL 53.5 67.0 71.6 90.7 70.4 11.7 51.9 66.8 91.2 24.5 94.7

RL
ReGen 58.3 67.8 70.4 88.4 71.0 12.1 50.7 58.2 67.4 22.8 89.3
Debug 39.9 59.0 66.7 89.1 63.3 11.0 50.3 68.9 89.0 23.9 92.1

PATSSEL 54.7 67.4 71.0 90.2 70.6 12.9 55.8 68.3 82.2 25.5 95.2

Gold
ReGen 59.4 69.1 73.7 86.2 71.4 17.6 53.5 65.4 67.4 27.9 89.3
Debug 44.8 60.1 70.1 87.7 64.4 14.0 57.4 72.4 90.6 27.3 93.7

PATSSEL 60.0 71.7 76.0 91.3 74.5 17.9 60.6 75.5 88.3 30.7 96.0

Llama3-8B

Base
ReGen 33.0 40.0 45.1 47.4 40.9 11.2 36.6 36.2 51.4 19.9 76.3
Debug 10.9 30.8 33.9 41.6 28.5 5.8 12.9 23.2 90.1 15.5 54.7

PATSSEL 33.1 42.8 42.7 49.2 41.6 11.0 35.6 46.4 97.2 24.6 77.4

RL
ReGen 33.0 40.0 45.2 47.4 40.9 8.4 27.0 31.9 45.8 16.0 74.2
Debug 10.9 30.4 34.3 42.7 28.8 5.2 11.9 21.7 90.1 14.9 47.9

PATSSEL 33.1 42.8 42.8 49.2 41.6 10.0 27.7 37.1 95.7 21.9 77.4

Gold
ReGen 35.1 46.0 50.7 61.5 47.6 12.4 42.6 41.4 58.6 22.6 80.1
Debug 19.8 37.4 47.6 55.1 38.9 7.0 15.8 28.6 91.4 17.2 48.5

PATSSEL 40.3 50.0 52.1 60.8 50.3 13.8 45.5 54.3 95.7 28.3 81.3

Table 1: Overall performance on LeetCodeDataset, LiveCodeBench, and HE+Fix using Qwen3-8B and Llama3-8B
repair models. TEST GEN indicates the model used to generate verifier tests for routing, while STRATEGY denotes
the repair approach. All methods use the same inference budget and routing mechanism. ReGen and Debug each
generate two candidates using regeneration or debugging, respectively, and select the candidate with the higher
verifier-test pass rate. PATSSEL generates one candidate from each strategy and selects the better candidate based
on verifier-test pass rate.

and 1.6% over Debug. On LeetCodeDataset, per-
formance remains comparable to ReGen (-0.4%)
while maintaining a substantial 7.3% advantage
over Debug. Even a simple zero-shot test gener-
ator based on the base model is sufficient to ob-
tain similar benefits. Under this setting, PATSSEL

improves by 5.6% and 2.0% over ReGen and De-
bug on HE+Fix, respectively; by 2.3% over Re-
Gen and 2.1% over Debug on LiveCodeBench;
and achieves performance comparable to ReGen
(-0.3%) while outperforming Debug by 6.8% on
LeetCodeDataset.

Taken together, these results indicate that regen-
eration and debugging succeed on complementary
subsets of failures when using PATSSEL. Con-
sequently, selecting between the two strategies is
more effective than committing to either strategy
alone, even when both approaches use the same
number of repair attempts and the same routing
budget. Moreover, this complementarity general-
izes across benchmarks and remains observable
with automatically generated verifier tests.

Stronger verifier quality leads to larger gains
from PATSSEL. Comparing different verifier
models (TEST GEN) reveals that as verifier quality

improves, the performance gap between PATSSEL

and single-strategy repair baslines widens. For
example, on LiveCodeBench, the average improve-
ment of PATSSEL over single-strategy repair is
3.1% when using gold verifier tests, compared to
2.2% when using the Base Test Gen. This sug-
gests that higher-quality verifier tests enable more
accurate routing decisions and allow PATSSEL to
better exploit the complementary strengths of re-
generation and debugging. At the same time, the
RL-trained Test Gen consistently outperforms the
Base Test Gen and substantially narrows the gap to
oracle routing with gold tests. This result indicates
that training the verifier with execution feedback
produces reliable routing signals, enabling effec-
tive strategy selection without requiring access to
evaluation test cases at inference time.

Routing is effective across a wide range of
bug severities. The bucketed results (Q1–Q4) on
LeetCodeDataset and LiveCodeBench, where in-
stances are grouped by the original program pass
rate, show that PATSSEL consistently outperforms
both single-strategy repair approaches across all
levels of bug severity. The largest gains over ReGen
are observed in the highest pass-rate bucket (Q4),
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Figure 4: Oracle routing preferences across original
pass-rate buckets. Colors indicate the proportion of
instances for which regeneration (ReGen) or debugging
(Debug) is preferred when routing decisions are made
using gold test cases.
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Figure 5: Routing preferences between regeneration
(ReGen) and debugging (Debug) using the RL-trained
test generator. Colors indicate the proportion of in-
stances assigned to each repair strategy.

where PATSSEL benefits from the debugging strat-
egy, which we showed in Section 3.2 to be particu-
larly effective for localized fixes. Conversely, the
largest gains over Debug occur in the lowest pass-
rate bucket (Q1), where PATSSEL leverages the
strength of regeneration on more severely flawed
solutions. Taken together, these results suggest that
regeneration and debugging offer complementary
strengths across a broad spectrum of bug severities,
rather than being limited to specific failure regimes.

6 Analysis

6.1 Routing Decisions by Bug Type
Figure 4 and Figure 5 show the routing preferences
between regeneration (ReGen) and debugging (De-
bug) across original pass-rate buckets using either
gold test cases (oracle routing) or tests generated
by the RL-trained verifier. We observe that both
routing policies increasingly favor debugging as the
original pass rate increases, with the strongest pref-
erence for debugging in Q4 (75–99% pass rate) and
the weakest preference in Q1 (0–25% pass rate).
This behavior is consistent with our earlier findings

Selection Method Q1 Q2 Q3 Q4 Micro
Avg.

TF-IDF Value Router 54.7 64.4 68.9 83.1 67.5
Preference-Gap SFT Router 45.6 60.4 62.6 86.9 63.6
SFT Router 48.1 57.7 65.4 78.3 62.1

PATSSEL (Base Test Gen) 53.5 67.0 71.6 90.7 70.4
PATSSEL (RL Test Gen) 54.7 67.4 71.0 90.2 70.6
PATSSEL (Gold Tests) 60.0 71.7 76.0 91.3 74.5

Table 2: Comparison with outcome-independent routers
on LeetCodeDataset using Qwen3-8B as the repair
model. The trained routers select between regenera-
tion and debugging before observing the resulting repair
candidates, whereas PATSSEL selects between gener-
ated candidates using verifier-test execution.

on the relative strengths of regeneration and debug-
ging across different bug severities, suggesting that
the routers successfully adapt the repair strategy
to the quality of the initial solution. Compared to
oracle routing (Figure 4), however, the RL-trained
verifier (Figure 5) exhibits a stronger overall bias
toward debugging, particularly in the lower pass-
rate buckets where regeneration is often more ef-
fective. This tendency likely explains part of the
performance gap between RL-based routing and
oracle routing reported in Table 1. Nevertheless,
the overall routing trends remain highly consistent
across the two settings, indicating that generated
tests provide sufficient signal for effective repair-
strategy selection. As a result, PATSSEL is able to
leverage the complementary strengths of both re-
pair strategies, favoring debugging for near-correct
solutions while relying more on regeneration when
larger modifications are required.

6.2 Can repair strategy be predicted without
execution?

The routing trends in Section 6.1 raise a natural
question: can the preferred repair strategy be pre-
dicted from the original repair instance before ob-
serving the resulting candidates? To investigate
this, we train three outcome-independent routers
on LeetCodeDataset (Table 2). The TF-IDF Value
Router represents the problem, buggy code, and
failing test with TF-IDF features compressed using
SVD and predicts expected ReGen and Debug out-
comes. We also train two LLM-based routers: the
SFT Router directly predicts the preferred strategy,
while the Preference-Gap SFT Router additionally
models the performance gap between them. Al-
though all three learn useful routing signals, the
strongest TF-IDF router reaches 67.5 average ac-
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Verifier Micro
Avg.

Gap to
Gold

Wrong
Route (%)

Weak/
Non-disc.

Base Test Gen 70.4 4.10 17.5% 49/70
RL Test Gen 70.6 3.94 17.5% 48/70
Gold Tests 74.5 – – –

Table 3: Routing error analysis for PATSSEL on 400
LeetCodeDataset instances using Qwen3-8B. GAP TO
GOLD measures the difference in Micro Avg. relative
to gold-test routing, while WRONG ROUTE is the per-
centage of instances whose routing decision differs from
gold-test routing. WEAK/NON-DISC. reports how many
wrong routing decisions are caused by generated verifier
tests that are weak or fail to distinguish ReGen from
Debug.

curacy, below PATSSEL with Base (70.4) or RL-
trained (70.6) verifier tests. This indicates that such
input-level signals are informative but insufficient:
repair success also depends on the particular can-
didates produced at test time. By generating both
candidates and comparing their observed behav-
ior through execution, PATSSEL can use evidence
that outcome-independent routers cannot access in
advance.

6.3 When does verifier-based routing fail?
Although generated verifier tests outperform
outcome-independent routing, they remain be-
low oracle selection with gold tests. On 400
LeetCodeDataset instances, both Base and RL-
generated tests disagree with gold routing on 70
cases (17.5%), corresponding to Micro Avg. gaps
of 4.10 and 3.94 points, respectively (Table 3).

The dominant failure mode is insufficiently dis-
criminative tests: 70.0% Base and 68.6% RL rout-
ing errors occur when generated tests fail to dis-
tinguish ReGen and Debug despite a clear differ-
ence under gold tests. Thus, the main bottleneck is
whether verifier tests expose behavioral differences
between competing repairs.

6.4 Generalization to Other Stronger
Debugger Models

To evaluate the generalizability of PATSSEL

beyond our own debugger, we replace it with
FrogMini-14B (Sonwane et al., 2025), a stronger
debugger trained on top of Qwen3-14B. Table 4
reports results using Qwen3-8B for regeneration
and FrogMini-14B for debugging.

Consistent with Section 5.2, PATSSEL achieves
the best average performance under all three rout-
ing settings. With gold tests, it improves over Re-

Test Gen Strategy Q1 Q2 Q3 Q4 Micro
Avg.

Base
ReGen 57.6 69.7 68.4 87.9 70.7
Debug 43.5 60.5 66.3 90.6 64.8

PATSSEL 57.8 71.5 78.8 88.5 73.3

RL
ReGen 58.3 67.8 70.4 88.4 71.0
Debug 42.8 61.0 67.5 90.2 64.9

PATSSEL 57.1 73.5 72.9 87.8 72.1

Gold
ReGen 59.4 69.1 73.7 86.2 71.4
Debug 51.3 64.1 73.0 90.7 69.4

PATSSEL 66.8 75.2 80.3 92.4 78.2

Table 4: Performance of PATSSEL on LeetCodeDataset
using FrogMini-14B as the debugger and Qwen3-8B
as the regenerator. We evaluate three routing settings:
Base-generated tests (Base), RL-generated tests (RL),
and gold test cases (Gold). All methods use the same
inference budget of choosing from two repair trials.

Gen by 6.8% and Debug by 8.8%; gains also persist
with Base and RL-generated tests. Thus, PATSSEL

transfers to a stronger external debugger and is not
tied to our trained debugging model.

7 Conclusion

In this paper, we show that debugging and regen-
eration possess complementary strengths for code
repair, with neither strategy being uniformly opti-
mal across all failures. Motivated by the observa-
tion, we introduced PATSSEL, a test-guided frame-
work that dynamically selects between the two re-
pair strategies using verifier tests and their execu-
tion outcomes. Across LeetCodeDataset, HE+Fix,
and LiveCodeBench, PATSSEL consistently out-
performs single strategy baselines, debugging-only
and regeneration-only, under the same inference-
time compute budget. These gains persist across
verifier settings and repair models. Our results
highlight the importance of adaptive repair strat-
egy selection, suggesting that effective code repair
depends not only on stronger repair models but
also on choosing the right repair pathway for each
failure instance.

Limitations

Due to the computational cost of running multi-
ple repair strategies and verifier evaluations, our
experiments focus on two 8B-scale repair models,
Qwen3-8B and Llama3-8B, rather than a broader
range of model sizes. However, we observe that
the strength of PATSSEL generalizes over multi-
ple benchmarks and with different debugger and
test-generation models.
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Dataset Split Problems Avg. Buggy
Code Accuracy.

LeetCodeDataset
Train 3000 48.0
Dev 400 49.5
Test 400 50.5

HE+Fix Test 158 37.8

LiveCodeBench Test 813 15.3

Table 5: Dataset statistics. Each LeetCodeDataset prob-
lem pairs a buggy program with one selected failing
unit test. Problems denotes the number of training or
evaluation problems in each split. Avg. Buggy Acc. is
the average full-suite accuracy of the buggy code before
repair. The LeetCodeDataset dev and test splits are each
further divided into four pass-rate groups: Q1 (0–25%),
Q2 (25–50%), Q3 (50–75%), and Q4 (75–99%), with
100 problems in each group.

Q1 (0-25%) Q2 (25-50%) Q3 (50-75%) Q4 (75-99%)
Original Pass-Rate Bin
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Figure 6: Performance of regeneration and debugging
with an RL-trained debugger across original pass-rate
bins (Q1: 0–25, Q2: 25–50, Q3: 50–75, Q4: 75–99).
ReGen uses the base Qwen3-8B model, while Debug
uses the RL-trained Qwen3-8B debugger. RL training
narrows the gap between the two strategies, while the
overall trend across initial program quality remains.

A Details of Dataset

Table 5 shows the statistics of dataset used for train-
ing and evaluation. HE+Fix and LeetCodeDataset
are under MIT license and LiveCodeBench is un-
der Creative Commons license. We focused on
English.

B More analysis on Regeneration vs.
Debugging

B.1 Performance with an RL-Trained
Debugger

We additionally examine whether the relationship
between regeneration and debugging observed in
Section 3.2 persists when using a debugger explic-
itly trained for code repair. We keep regeneration
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fixed to the base Qwen3-8B model and replace the
base debugging model with our RL-trained Qwen3-
8B debugger.

Figure 6 shows that RL training substantially
strengthens debugging, particularly in the lower
and intermediate pass-rate bins, narrowing the gap
between debugging and regeneration. Nevertheless,
the overall trend remains unchanged: regeneration
performs better for lower-quality programs (Q1–
Q3), while debugging becomes preferable in the
highest pass-rate bucket (Q4). The regeneration
advantage decreases from 18.9 points in Q1 to 3.9
points in Q3, while the RL-trained debugger out-
performs regeneration by 1.2 points in Q4. These
results show that the dependence of repair strat-
egy on initial program quality persists even with
a stronger specialized debugger, further motivat-
ing adaptive selection between regeneration and
debugging.

C Additional Results

C.1 Comparison on QuixBugs-Python
To further evaluate PATSSEL against existing code-
repair approaches, we report results on QuixBugs-
Python (Lin et al., 2017) in Table 6. UniDebugger-
Lite (Lee et al., 2025) repairs all 40 problems using
GPT-4o with five repair attempts. In comparison,
PATSSEL uses the substantially smaller Qwen3-
8B model and only two repair candidates, repairing
33/40 problems with either Base- or RL-generated
verifier tests and 35/40 with gold verifier tests. The
gold-verifier setting also exceeds several larger
standalone code models evaluated with 20 sam-
ples, including CodeLlama-34B and LLaMA2-70B
(33/40), DeepSeekCoderV2 (25/40), Gemini-1.5-
Flash (29/40), and GPT-3.5-Turbo (34/40). Al-
though the compared approaches differ in model
scale and inference budget, these results show
that PATSSEL remains competitive on QuixBugs-
Python while using an 8B repair model and only
two candidate repairs.

C.2 Compute-Matched Repair Budget
Our main comparisons control for candidate-
generation budget: ReGen and Debug each gen-
erate two candidates, while PATSSEL generates
one candidate from each repair strategy. In all
three cases, the final candidate is selected using the
same verifier-based criterion. Table 7 additionally
reports single-attempt ReGen and Debug perfor-
mance for context. While using a second candidate

Method / Model Setting Correct
(Out of 40)

CodeLlama-34B 20 samples 33
LLaMA2-70B 20 samples 33
DeepSeekCoderV2 20 samples 25
Gemini-1.5-Flash 20 samples 29
GPT-3.5-Turbo 20 samples 34
Claude-3.5-Sonnet 20 samples 40
GPT-4o 20 samples 39
UniDebugger-Lite (GPT-4o) 5 attempts 40

PATSSEL (Qwen3-8B) Base Test Gen 33
PATSSEL (Qwen3-8B) RL Test Gen 33
PATSSEL (Qwen3-8B) Gold Tests 35

Table 6: Comparison of code-repair performance on
QuixBugs-Python. PATSSEL uses Qwen3-8B with two
repair candidates; other methods are shown with their
corresponding inference settings.

Verifier / Budget Strategy Q1 Q2 Q3 Q4 Micro
Avg.

No verification / 1 attempt Base ReGen 52.1 66.9 66.9 84.1 67.3
No verification / 1 attempt RL Debug 33.2 56.4 63.0 85.3 59.3

Gold Tests / 2 attempts ReGen 59.4 69.1 73.7 86.2 71.4
Gold Tests / 2 attempts Debug 44.8 60.1 70.1 87.7 64.4
Gold Tests / 2 attempts PATSSEL 60.0 71.7 76.0 91.3 74.5

Table 7: Effect of candidate-generation budget on Leet-
CodeDataset using Qwen3-8B as the repair model. The
main two-candidate comparison is compute-matched:
ReGen and Debug allocate both candidates to a single
strategy, whereas PATSSEL allocates one candidate to
each strategy.

improves the available repair budget, the controlled
two-candidate comparison shows that PATSSEL

achieves the strongest average performance (74.5),
outperforming two ReGen attempts (71.4) and two
Debug attempts (64.4). Thus, the improvement of
PATSSEL is not due to generating more repair can-
didates, but to allocating the same two-candidate
budget across complementary regeneration and de-
bugging strategies.

D More Details of Training

Given the computational cost of training, we use
one training run for each reported configuration.

D.1 Details of GRPO Training
We train both learned components with Group Rela-
tive Policy Optimization (GRPO; Shao et al., 2024).
For each prompt q, the current policy samples a
group of outputs, each output is executed, and the
resulting scalar rewards are normalized within the
group to form relative advantages. This is a natu-
ral fit for code repair and test generation because
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both tasks provide execution-based rewards, but do
not require a single gold text target. We use the
same GRPO training procedure for the debugger
and the unit-test generator, while changing only
the reward function: the debugger is rewarded for
improving the buggy program’s reference-test pass
rate, and the test generator is rewarded for produc-
ing executable tests that agree with the reference
solution.

D.2 Unit Test Generator
The test generator model generates a test suite
in the form “def check(candidate):” with as-
sertions over the candidate program. The test-
generator reward has three goals. First, the output
must have the correct structure. It must define a
valid check(candidate) function containing exe-
cutable assertions. Second, the suite should contain
enough tests to provide a useful behavioral signal.
Third, the expected outputs in the generated asser-
tions must agree with the reference solution.

E Prompts

This section lists the prompt templates used for
regeneration, debugging, and unit-test generation.
Placeholders such as <PROBLEM_SPECIFICATION>,
<BUGGY_FUNCTION_OR_CLASS>, and
<FAILING_UNIT_TEST> are replaced with
instance-specific fields at inference time.

F LLM Usage

In our research, we employed LLMs as writing as-
sistance. During writing, LLMs were utilized for
sentence-level refinement and grammatical polish-
ing. All AI-generated suggestions were carefully
reviewed and edited by the authors to maintain the
coherency and accuracy.

G Future Work

Our experiments focus on algorithmic code repair
with executable candidates and verifier tests. Fu-
ture work should extend PATSSEL to repository-
level repair, where larger contexts, dependencies,
and execution environments complicate the choice
between localized debugging and broader regen-
eration. We also plan to investigate outcome-
independent strategy prediction. While our learned
routers show that the original repair instance con-
tains useful signal, more principled predictors
based on model-internal or uncertainty signals may

enable strategy selection before candidate execu-
tion, reducing the need for candidate comparison.
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Regeneration prompt

You are an expert Python programmer. You will be given a question (problem specification) and will generate a correct Python
program that matches the specification and passes all tests.

### Question:
<PROBLEM_SPECIFICATION>

### Format: You will use the following starter code to write the solution to the problem and enclose your code within
delimiters.

```python
<STARTER_CODE>
```

### Answer: (use the provided format with backticks)

Figure 7: Regeneration prompt template. The problem specification and starter code are filled in for each example.

Debugging system prompt

You are a Python bug-fixing assistant.

You MUST respond with the exact structure below. Every section is REQUIRED.
Write naturally and with as much detail as needed (no length limit).

1) CODE INTENT
2) BUG REVIEW
3) FIX PLAN
4) FINAL FIX

Output ONLY the fixed function/class in exactly ONE Python fenced code block.
The code block MUST be the LAST thing in the response.
Keep the same function/class name and signature.
Do NOT change imports.

Figure 8: System prompt used for the debugging branch.

Debugging user prompt

Fix the buggy function/class so that the failing unit test passes, also try to fix any other issues in the code.
- Keep the same function/class name and signature.
- Do NOT change imports.

Problem description:
<PROBLEM_DESCRIPTION>

Buggy function/class:
<BUGGY_FUNCTION_OR_CLASS>

Failing unit test:
<FAILING_UNIT_TEST>

Figure 9: User prompt used for the debugging branch. The failing unit test is sampled from the same test source
used by the verifier in the corresponding experimental setting.
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Unit-test generation system prompt

You are a Python unit-test generation assistant for programming problems.
Your job is to generate executable Python tests in exactly the dataset style.

REQUIRED OUTPUT FORMAT:
- Output ONLY one Python code block.
- Inside the code block, define exactly one function:

def check(candidate):
assert candidate(...) == ...
assert candidate(...) == ...
...

Rules:
- Use the provided entry point implicitly through `candidate`.
- Do not include imports.
- Do not include any text outside the code block.
- Generate AT LEAST 10 assert statements.
- Generate diverse tests that aim for broad behavior coverage of the provided problem.
- Include easy, edge, boundary, duplicate, large-value, adversarial, empty/singleton, and structure-specific cases when

applicable.
- Every assert must be deterministic.
- If no valid output exists for an input, you may use `None` only when consistent with the problem behavior.

Figure 10: System prompt used for the unit-test generator.

Unit-test generation user prompt

Problem description:
<PROBLEM_DESCRIPTION>

Starter code:
<STARTER_CODE>

Buggy function/class:
<BUGGY_FUNCTION_OR_CLASS>

Entry point:
<ENTRY_POINT>

Generate Python tests in the dataset format now.
You MUST generate at least 10 assert statements inside def check(candidate).
Generate diverse tests; do not output one simple test case.
All expected outputs must be correct with respect to the problem description.

Figure 11: User prompt used for the unit-test generator.
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