
Precise Debugging Benchmark: Is Your Model Debugging or Regenerating?

Anonymous ACL submission

Abstract001

Unlike code completion, debugging requires002
localizing faults and applying targeted edits.003
We observe that frontier LLMs often regener-004
ate correct but over-edited solutions during de-005
bugging. To evaluate how far LLMs are from006
precise debugging, we introduce the PRECISE007
DEBUGGING BENCHMARKING (PDB) frame-008
work, an automatic pipeline that converts any009
coding dataset into a debugging benchmark010
with precision-aware evaluation. PDB gener-011
ates buggy programs by synthesizing verified012
atomic bugs and composing them into multi-013
bug programs. We further define two novel014
metrics, edit-level precision and bug-level re-015
call, which provide fine-grained measurements016
of how many necessary edits are made and017
how many bugs are resolved. We release PDB-018
HARD, a 5,734-example evaluation set for mea-019
suring debugging precision and recall. Ex-020
periments show that frontier models, such as021
GPT-5.1-Codex and DeepSeek-V3.2-Thinking,022
achieve unit-test pass rates above 78% but ex-023
hibit precision below 45%, even when explic-024
itly instructed to perform minimal debugging.025
Finally, we show that iterative and agentic de-026
bugging strategies do not substantially improve027
precision or recall, highlighting the need to re-028
think post-training pipelines for coding models.029

1 Introduction030

Large Language Models (LLMs) have reshaped the031

programming landscape through their remarkable032

capabilities in code generation (Chen et al., 2021;033

Li et al., 2022a). From synthesizing complex algo-034

rithms from natural language prompts to translating035

entire codebases, modern LLMs excel at producing036

code from scratch. However, real-world software037

development is dominated not by generation but by038

debugging and maintenance (Glass, 2002). When039

applied to debugging tasks, we observe that frontier040

LLMs often default to regeneration, i.e., rewriting041

large portions, or even the entirety, of a program042

Task: (Binary Search) 
Given a list of integers sorted in 
ascending order and a target value, 
write a function that finds the target 
in O(log n) time. Return its index if 
found; otherwise, return None.

Task Description 

Buggy Code
1.def fc(n, target):
2.  R = len(n)
3.  L  = 1
4.  while L < R:
5.    mid = (R + L) // 2
6.    if n[mid] > target:      
7.      R = mid
8.    else:
9.      L = mid + 1
10. return mid if not n[mid]       
=     == target else None   

 Debug my code

return mid if n[mid]
  == target else None

Debugged Code
1.def fc(n, target):
2.  L  = 0
3.  R = len(n) - 1
4.  while L <= R:
5.    mid = (L + R) // 2
6.    if n[mid] == target:
7.      return mid      
8.    elif n[mid] > target:
9.      R = mid - 1
10.   else:
11.      L = mid + 1
12. return None

Here is the  
correction

Rewrite Entirely ⚠
Low Precision 

Precise 
Debugging

Figure 1: Real example from GPT-5.2 debugging a
binary search program, where the model rewrites the
entire solution. Green lines mark precise edits; gray
lines highlight over-edits.

when presented with buggy code (Figure 1). While 043

often effective at passing tests, this brute-force strat- 044

egy is poorly suited for realistic codebases, where 045

large-scale rewrites are costly, risky, and difficult 046

to review (Sobania et al., 2023). In contrast, tar- 047

geted debugging requires precise fault localization 048

and minimal, intent-preserving edits. This raises 049

a fundamental question: How far are LLMs from 050

precise debugging, rather than merely reverting to 051

their strength in code regeneration? 052

Existing debugging benchmarks focus on unit- 053

test only evaluation and fail to evaluate these ca- 054

pabilities. Under such evaluation, models are re- 055

warded equally for regenerating a full solution, 056

hard-coding outputs, or performing a minimal tar- 057

geted fix. Moreover, unit-test evaluation obscures 058

incremental progress: a model that correctly repairs 059

only one defect in a multi-bug program receives 060

the same score as a model that fixes none. This 061

misalignment with real-world debugging practice 062
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limits our ability to understand how LLMs reason063

about bugs and code edits.064

To address this gap, we introduce the PRECISE065

DEBUGGING BENCHMARKING (PDB) framework,066

an automatic pipeline that rigorously evaluates067

LLM debugging behavior independently of code068

generation. PDB provides a plug-and-play frame-069

work that converts existing coding datasets into070

debugging benchmarks through two steps: (1) syn-071

thesizing verified atomic bugs to produce ground-072

truth edit scripts, and (2) composing these bugs073

into multi-bug programs while preserving bug in-074

dependence (i.e., avoiding compounding interac-075

tions). Beyond binary test outcomes, PDB evalu-076

ates model patches using novel edit-level precision077

and bug-level recall, explicitly rewarding targeted078

fixes and penalizing unnecessary modifications.079

We constructed a 5,734-example PDB-HARD080

evaluation set with the PDB framework, from081

BigCodeBench (Zhuo et al., 2024) and Live-082

CodeBench (Zhu et al., 2024). Experiments on083

PDB-HARD reveal behaviors that unit tests fail084

to capture. First, frontier models exhibit strik-085

ingly different rankings under edit-level evaluation.086

Models such as GPT-5.1-Codex (OpenAI, 2025a)087

and DeepSeek-V3.2-Thinking (Liu et al., 2025)088

achieve high unit-test pass rates (>78%) but low089

edit precision (<45%), while Qwen3-Coder-480B090

(Qwen, 2025) attains comparatively lower unit-test091

pass rates (71%) yet substantially higher precision092

(66%). Additionally, we show that though itera-093

tive and agentic debugging strategies can improve094

unit-test performance, they do not meaningfully im-095

prove precision or recall. Our findings demonstrate096

the necessity of PDB for revealing true debugging097

capabilities and distinguishing model strategies098

beyond surface-level correctness, and highlight099

a fundamental limitation in current post-training100

pipelines for coding-focused LLMs.101

2 Precise Debugging Setup102

We begin by formally defining the components of103

the automated debugging task. An automated de-104

bugging system M, takes the initial buggy pro-105

gram Cb and a natural language task description106

x as input, and returns the predicted program re-107

vision Ĉ = M(Cb, x). The conventional debug-108

ging pipeline evaluates the system’s final output109

purely on its functional correctness, using a bi-110

nary evaluation function FU (C)→ {0, 1}, where111

U = {u1, u2, . . . , un} is a suite of designed unit112

tests. The evaluation function FU returns 1 if the 113

program C passes all tests in U , and 0 otherwise. 114

While straightforward, this method cannot penal- 115

ize unnecessary edits or wholesale rewrites when 116

the final program merely passes the test, nor can 117

it distinguish between partially correct solutions 118

and entirely incorrect ones. The precise debugging 119

setup shifts the evaluation from program-level to 120

the specific set of edits proposed by the model. 121

Minimal corrections. We denote a line-edit on
line l as el, and a set of line-edits as E. For a
buggy program Cb, we denote the set of minimal
corrections by

ECb = argmin
E

|E| s.t. FU (apply(E,Cb)) = 1,

where the apply function applies line-edits on Cb. 122

Similarly, we can apply reverse edits Ē on ground- 123

truth program Cgt to derive buggy program Cb. 124

Atomicity. We define the bug in a buggy program 125

Cb as atomic when a minimal correction consists of 126

edits on a contiguous sequence of lines. Formally, 127

∃E ∈ ECb such that E = {ei, ei+1, . . . , ei+n}. 128

Independence. Intuitively, independence means 129

that fixing one bug neither introduces nor removes 130

edits required to fix the other. For two edit sets 131

E1 ∈ ECb1 and E2 ∈ ECb2 corresponding to the 132

same ground-truth program Cgt, we can construct 133

a composed buggy program Cb3 = apply(Ē1 ∪ 134

Ē2, Cgt). If the set of minimal corrections is the 135

pairwise union of corrections from ECb1 and ECb2 , 136

we consider bugs in Cb1 and Cb2 to be independent. 137

Semantic correctness. Consider a buggy pro- 138

gram Cb containing k atomic and independent bugs, 139

and a revision Ĉ = apply(Ê, Cb), where Ê is the 140

predicted edits. We define bug-level semantic cor- 141

rectness as follows. 142

Let Egt ∈ ECb be the set of ground-truth edits, 143

which can be decomposed as Egt = E1 ∪ E2 ∪ 144

· · · ∪ Ek, where E1, . . . , Ek are contiguous and 145

non-overlapping. We employ a function, denoted 146

as map, which pairs each Ei with the closest ed- 147

its in Ê. For each bug i, we construct a pseudo- 148

revision Ĉi = apply((Egt \ Ei) ∪map(Ei), Cb), 149

which replaces the ground-truth edits Ei with the 150

predicted edits map(Ei). We define a candidate 151

Ĉi as semantically correct for bug i if FU (Ĉi) = 1. 152

Examples of this evaluation are shown in Figure 2. 153
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Debugging

Buggy program
and task

   Precision: 3/4
   Recall: 2/2
   Unit test: Failed

(a) Data Collection (b) PDB Generation

Ground Truth Line Edits
1.def fc(n, target):
2.  R = len(n)
3.  L = 0
4.  while L <= R:  󰍹
5.    mid = (R + L) // 2 
6.    if n[mid] > target:      
7.      R = mid
8.    else:
9.      R = L  󰍽
10.     L = mid + 1

"Line 4": {
  "type": "substitution",
  "original": "  while L <= R:",
  "modified": "  while L < R:"
},
"Line 9": {
  "type": "deletion",
  "original": "     R = L",
  "modified": ""
}

1.def fc(n:List[int], target:int):
2.  R = len(n) - 1  󰍹New bug!
3.  L = 0
4.  while L < R:  󰍽Exact match
5.    mid = R + L // 2
6.    if n[mid] > target:     
7.      R = mid  
8.    else:
9.      L = (R + L // 2) + 1
10.     L =   󰍼Semantically correct 

              Debugged Program

Generate multiple 
one-line bugs

Edit-based bug 
composition

Task and GT 
solution

Buggy Program

From Existing Coding Benchmark

1.def fc(n, target):
2.  R = len(n)
3.  L  = 0
4.  while L < R:
5.    mid = (R + L) // 2
6.    if n[mid] > target:      
7.      R = mid
8.    else:
9.      L = mid + 1

 Ground Truth Solution 

Task: (Binary Search) 
Given an List of integers which is sorted in 
ascending order, and an integer target, 
write function to search target in the List 
with O(log n) runtime. 

Example: 
List = [-1,0,3,5,9,12]
target = 9, Output: 4

              Task Description 

Verify bugs 
with unit tests

Buggy program
with line edits

(c) PDB 
Evaluation

           Predicted Line Edits

"Line 2": {
  "type": "substitution",
  "original": "  R = len(n)",
  "modified": "  R = len(n) - 1"
},
"Line 4": {
  "type": "substitution",
  "original": "  while L <= R:",
  "modified": "  while L < R:"
} ...

Matched 
edits

Check semantic 
correctness

Figure 2: PDB pipeline. Generation: LLMs first synthesize and verify single-line bugs from existing coding datasets,
which are then composed into multi-bug programs. Evaluation: Automated debugging systems are evaluated on
these programs using both unit-test accuracy and edit-level precision and bug-level recall.

Based on this, we define precision and recall as:154

precision =
1

|Ê|

k∑
i=1

FU (Ĉi) · |Ei|, (1)155

recall =
1

k

k∑
i=1

FU (Ĉi). (2)156

We note that precision functions as an edit-level157

metric by averaging over the edits |Ê|, while recall158

is a bug-level metric averaged over the k bugs.159

Since our goal is to discourage full-solution re-160

generation rather than to enforce strictly minimal161

edits, we relax the precision metric in Eq. (1) by162

introducing a tolerance parameter ϵ, allowing up to163

ϵ additional lines of edits for each bug i. Formally,164

we denote the effective edit size for each bug i as165

(|Êi|)ϵ = min(|mapϵ(Ei)|, |Ei|+ϵ). We detail the166

matching functions map and mapϵ in Appendix C.167

Accordingly, the precision with a tolerance ϵ is168

precisionϵ =
1

|Ê|

k∑
i=1

FU (Ĉi) · (|Êi|)ϵ. (3)169

3 Generation and Evaluation Pipeline170

As illustrated in Figure 2, PDB consists of two171

stages: generation and evaluation. During the172

PDB generation stage, we first use LLMs to syn- 173

thesize atomic bugs from existing coding datasets. 174

After verifying buggy programs with unit tests, we 175

record the corresponding edit sets and compose 176

them to construct multi-bug programs. During the 177

PDB evaluation stage, we prompt an automated de- 178

bugging systemM to revise the buggy programs, 179

and evaluate its performance using both traditional 180

unit-test accuracy and our proposed edit-level pre- 181

cision and bug-level recall metrics. All prompt 182

templates are provided in Appendix E. 183

3.1 PDB generation 184

Starting from an existing coding benchmark, we 185

preprocess the data by executing unit tests on the 186

annotated “ground-truth” programs and retaining 187

only verified programs that pass all tests with- 188

out errors (e.g., timeouts). For each task descrip- 189

tion x and ground-truth program Cgt, we gener- 190

ate buggy programs across five Orthogonal Defect 191

Classification (ODC; Chillarege et al., 1992) cate- 192

gories: Assignment, Checking, Algorithm, Build/- 193

Package/Merge, and Timing/Serialization. Each 194

category further contains several subcategories, 195

listed in Table 5. 196
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Atomic bug generation. To ensure atomicity, we197

restrict bug generation to single-line edits, so that198

the minimal correction satisfies |E| = 1. We con-199

sider three types of line-level operations: inser-200

tion, deletion, and substitution. We first apply a201

rule-based filter to identify lines that are not safely202

deletable (e.g., causing indentation errors) or not203

editable (e.g., function headers). To promote diver-204

sity, we then randomly select (i) one operation type,205

(ii) one bug category, and (iii) a subset of editable206

lines compatible with the chosen operation. An207

LLM from a generator pool is prompted to modify208

one of the selected lines to produce a single-line209

buggy program. We repeat this process m1 times210

per (x,Cgt) pair and retain only programs that fail211

unit tests, ensuring the validity of injected bugs.212

Bug composition. To create more challenging213

debugging scenarios, we compose multiple atomic214

bugs into a single program. For each (x,Cgt) pair215

and a target bug count k, we randomly sample k216

distinct single-line edits from the generated atomic217

bugs. To encourage independence between bugs,218

we enforce a stride constraint, requiring any two se-219

lected edits to be at least s lines apart. For each bug220

count k ∈ {2, . . . , kmax}, we repeat this process221

m2 times per (x,Cgt) pair and record all composed222

multi-bug programs that satisfy the constraint.223

Subsampling. To avoid over-representation of224

(x,Cgt) pairs with many successful generations, we225

subsample the data by randomly selecting at most226

m3 buggy programs per bug count per (x,Cgt) pair.227

3.2 PDB evaluation228

During evaluation, debugging systems, either229

single-pass LLMs or LLM-based agents, are in-230

structed to debug a buggy program Cb, given the231

task description x and, optionally, access to unit232

tests U and unit-test error feedback.233

We use the precision, recall equations as in234

Eq. (2, 3), and report the unit-test score at Pass@1235

(Kulal et al., 2019). Finally, although subsampling236

reduces imbalance, the dataset may still be skewed237

toward certain bug counts. We therefore report238

micro-averaged on all metrics by first averaging239

over examples with the same bug count and then240

across different bug counts.241

4 PDB-HARD Evaluation Set242

We construct PDB-HARD, an evaluation set of243

5,734 examples, using the PDB generation and244

BigCodeBench
(2,510)

LiveCodeBench
(3,224)

1 bug
(1,596)

2 bugs
(1,725)

3 bugs
(1,547)

4 bugs
(866)

Algorithm
(5,294)

Assignment
(1,354)

Build/Package/Merge
(3,092)

Checking
(2,363)

Timing/Serialization
(1,048)

Figure 3: Data distribution of PDB-HARD.

evaluation pipeline. Dataset statistics are summa- 245

rized in Figure 3. 246

We source tasks from two existing coding bench- 247

marks, BigCodeBench, which focuses on API us- 248

age, and LiveCodeBench, which emphasizes al- 249

gorithmic reasoning. Our bug-generation pool 250

consists of three frontier LLMs: GPT-5.1-Codex, 251

Claude-4.5-Sonnet (Anthropic, 2025), and Gemini- 252

2.5-Pro (Comanici et al., 2025). For each task, 253

we generate m1 = 20 single-line bugs, compose 254

up to m2 = 100 multi-bug variants with at most 255

kmax = 4 independent bugs per program, and sub- 256

sample m3 = 5 buggy programs per bug count per 257

task. We enforce a stride of at least s = 3 lines 258

apart during composition. 259

This procedure yields an initial evaluation set, 260

PDB-FULL, containing 7,591 examples (see Ap- 261

pendix B.2 for details). We evaluate PDB-FULL 262

on 9 models, including thinking models: GPT-5.1- 263

Codex, Claude-4.5-Sonnet, Gemini-2.5-Pro, Grok- 264

Code-Fast (xAI, 2025), DeepSeek-V3.2-Thinking, 265

and Kimi-K2-Thinking (Kimi et al., 2025); 266

and non-thinking models: Qwen3-Coder-480B, 267

DeepSeek-V3.2, and Kimi-K2-Instruct (Kimi et al., 268

2025). All models are prompted to produce mini- 269

mal code edits. We use a maximum output length 270

of 32,000 tokens for thinking models and 8,000 to- 271

kens for non-thinking models, with a temperature 272

of 1.0 throughout. 273

We then apply model-based filtering to identify 274

easy examples. We use a tolerance ϵ = 2 for preci- 275

sion evaluation with Eq. (3) An example is labeled 276

easy if it achieves perfect precision, recall, and 277

unit-test score for at least 7 out of the 9 evaluated 278

models (> 77%). Applying this criterion removes 279

1,857 examples, resulting in the final PDB-HARD 280

benchmark of 5,734 challenging examples. 281

4



0.5 0.6 0.7 0.8
Unit Score

0.3

0.4

0.5

0.6

0.7

0.8

Pr
ec

is
io

n 1

2

34

1

2

34

1

2

3
4

1

2

3
4

1

2

3
4

1

2

3
4

1

2

3 4

0.5 0.6 0.7 0.8
Unit Score

0.675

0.700

0.725

0.750

0.775

0.800

0.825

0.850

Re
ca

ll

1

2

34

1

2

34

1

2

3

4

1

2

3

4

12

3

4

1
2

3

4

1

2

3 4

0.4 0.6 0.8
Unit Score

0.3

0.4

0.5

0.6

0.7

Pr
ec

is
io

n

1

234
1

234

1

23
4

1

234

1

2

3
4

1

2
3

4

1

2
3

4

0.4 0.6 0.8
Unit Score

0.55

0.60

0.65

0.70

0.75

0.80

0.85

0.90

0.95

Re
ca

ll

1

2

3
4

1

2

34

12
34 12

3
4

1

2

3

4

12
3

4

1

2
3

4

Claude-Sonnet-4.5
Gemini-2.5-Pro
Qwen3-Coder-480B
Kimi-K2-Instruct
Grok-Code-Fast
DeepSeek-V3.2
GPT-5.1-Codex

Figure 4: Correlation between precision, recall, and unit-test score across bug counts. Results are shown on subsets
of PDB-HARD from BigCodeBench (left) and LiveCodeBench (right), with bug counts indicated by numbers. As
the number of bugs increases, precision generally exhibits a negative correlation with unit-test score, while recall
displays dataset-dependent behavior.

Model Precision Recall Unit (%)

Claude-Sonnet-4.5 71.9±0.9 82.6±0.8 76.7±1.1
Gemini-2.5-Pro 71.7±0.9 85.2±0.7 79.7±1.0
Qwen3-Coder-480B 66.4±0.9 78.7±0.9 71.0±1.2
Kimi-K2-Instruct 57.2±1.0 74.6±0.9 65.4±1.2
Grok-Code-Fast 54.6±1.0 67.6±1.0 58.8±1.3
Kimi-K2-Thinking 51.4±0.9 77.3±0.9 75.7±1.1
DeepSeek-V3.2 47.5±1.0 70.8±1.0 72.3±1.2
DeepSeek-V3.2-Thinking 44.5±0.9 71.9±1.0 81.2±1.0
GPT-5.1-Codex 39.7±0.8 72.7±0.9 78.1±1.1

Table 1: Precision, recall, and unit score on the PDB-
HARD set. Blue indicates better performance, while red
indicates worse.

5 Experiment Results282

By evaluating and analyzing both LLMs and LLM-283

based agents on PDB-HARD, we show that current284

systems remain far from achieving precise, edit-285

aware debugging.286

5.1 PDB-HARD overview287

Divergence in model debugging behaviors.288

Even when explicitly instructed to perform min-289

imal debugging, 6 of 9 frontier models fail to reach290

60% precision. Table 1 shows that while unit-test291

pass rates suggest comparable performance among292

top models, edit-level precision reveals substan-293

tial differences in debugging strategies. For exam-294

ple, DeepSeek-V3.2-Thinking achieves a higher295

unit-test score than Claude-Sonnet-4.5 (81.2% vs.296

76.7%), yet exhibits much lower precision (44.5%297

vs. 71.9%), indicating regenerator-style behavior298

that relies on broad rewrites. In contrast, mod-299

els such as Claude-Sonnet-4.5 and Gemini-2.5-Pro300

achieve both high unit-test scores (> 76%) and301

high precision (> 71%), reflecting precise fault302

localization and minimal edits. These results un-303

derscore the necessity of edit-level evaluation to 304

distinguish true debugging from regeneration. 305

Negative correlation between unit score and pre- 306

cision. We further analyze model performance 307

as the number of injected bugs increases (k ∈ 308

{1, 2, 3, 4}), corresponding to increasing problem 309

complexity. As shown in Figure 4, unit-test scores 310

consistently decrease across all models as the num- 311

ber of bugs increases. At the same time, we observe 312

an inverse trend for edit-level precision. Because 313

models tend to over-edit, increasing the number 314

of bugs raises the likelihood that a model modi- 315

fies at least one necessary line, but also increases 316

the amount of unnecessary edits, leading to lower 317

precision overall. This trend is further supported 318

by our analysis in Appendix B, which shows that 319

precision degrades as buggy code length increases. 320

In contrast, recall primarily reflects debugging 321

difficulty per bug, as it measures the fraction of 322

bugs successfully addressed. Consistent with this 323

interpretation, recall exhibits dataset-dependent 324

behavior. On the API-focused BigCodeBench 325

benchmark, where the difficulty of fixing individ- 326

ual bugs remains relatively stable, recall varies by 327

less than 5% across bug counts from 1 to 4. On 328

the algorithm-focused LiveCodeBench benchmark, 329

where debugging difficulty increases with the num- 330

ber of injected bugs, recall shows a clear positive 331

correlation with unit-test scores. 332

5.2 Iterative and agentic debugging 333

We randomly sample 500 instances from PDB- 334

HARD to evaluate model behavior under iterative 335

and agentic debugging settings. In iterative debug- 336

ging, models produce an initial single-shot solution 337

and are then allowed up to three revision attempts 338

per problem. The process terminates early if a re- 339
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Figure 5: Both iterative and agentic setups on PDB-HARD improve unit-test pass rates and recall over single-shot
debugging, indicating higher functional success. However, edit-level precision does not improve and sometimes
degrades. Notably, even Claude-Code with access to unit-test and execution feedback exhibits only 50% precision.

vision passes all unit tests. Models have access340

to their previous failed outputs, approximating an341

interactive debugging workflow commonly used by342

human programmers. In the agentic setting, mod-343

els are likewise permitted up to three attempts, but344

additionally receive unit tests and execution error345

feedback at each step, resembling a simple agentic346

debugging pipeline with explicit external feedback.347

Functional gains without precision improve-348

ments. As shown in Figure 5, both iterative349

and agentic settings consistently improve unit-test350

scores and recall, indicating a higher likelihood351

of eventually producing functionally correct pro-352

grams and resolving a larger fraction of ground-353

truth bugs. However, these gains do not translate354

into improved edit-level precision. In most cases,355

precision remains unchanged or degrades relative356

to single-shot debugging. This pattern suggests357

that iterative interaction primarily improves correct-358

ness by expanding the scope of code modifications,359

rather than by refining or localizing edits toward360

minimal repairs.361

Ineffective use of feedback in agentic debugging.362

Despite direct access to unit tests and execution363

feedback, most models fail to leverage this infor-364

mation to improve edit-level behavior in the agentic365

setting (Figure 5). In particular, agentic debugging366

often underperforms iterative debugging in preci-367

sion, suggesting that additional feedback may ex-368

acerbate regeneration-oriented strategies. Rather369

than supporting fault localization, test outcomes370

and error messages are frequently treated as coarse371

success signals that trigger further broad rewrites.372

These results indicate that access to feedback alone373

is insufficient to induce edit-aware debugging.374

Regeneration persists even in Claude-Code.375

We observe similar trends in Claude-Code, which376

Data Precision Recall Unit (%)

Raw 73.0 83.1 76.2
Rewrite-Same-Gen 76.5 86.6 76.4
Rewrite-Different-Gen 75.8 86.8 74.8

Table 2: Rewriting ground truth data always makes it
easier for models to debug more precisely on the buggy
data, but only with different generators the model is
harder to debug successfully on the buggy data.

achieves the highest precision among agentic meth- 377

ods but still attains only approximately 50% pre- 378

cision. As shown in Figure 5, this result indicates 379

that even more sophisticated, end-to-end agentic 380

systems largely rely on regeneration rather than 381

precise editing, reinforcing the conclusion that cur- 382

rent debugging agents lack robust mechanisms for 383

localized, minimal code repair. 384

5.3 Analysis of prompting and data 385

generation 386

We randomly sample 500 examples from PDB- 387

FULL to analyze how prompting and data genera- 388

tion strategies affect model debugging behavior. 389

Freeform vs. minimal debugging. In our main 390

experiments, models are explicitly instructed to per- 391

form debugging with minimal edits. To assess the 392

impact of this constraint, we conduct an ablation 393

in which models are instead prompted to debug 394

freely, without any restriction on edit scope (see 395

Appendix E for prompt details). Figure 6 compares 396

model performance under freeform and minimal- 397

debug prompts. 398

Across all evaluated models, freeform prompt- 399

ing results in a substantial drop in edit-level pre- 400

cision and bug-level recall. Even the strongest 401

models, including Claude-Sonnet-4.5 and Qwen3- 402

Coder-480B, achieve less than 60% precision un- 403

der freeform prompting. Gemini-2.5-Pro exhibits a 404
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Figure 6: Comparison of model performance under minimal-debug and freeform prompting on a subset of PDB-
FULL. Freeform prompting leads to substantial drops in precision and recall across all models, indicating prompt-
level constraints are necessary to increase debugging precision.

40% absolute drop in precision, indicating that its405

apparent debugging precision largely stems from in-406

struction following rather than intrinsic edit aware-407

ness. GPT-5.1-Codex performs particularly poorly408

under freeform prompts, failing to reach 20% pre-409

cision. These results reinforce the regeneration410

behavior discussed in the introduction and demon-411

strate that prompt-level constraints are necessary412

but insufficient: while minimal-debug prompts413

reduce over-editing, they do not fundamentally414

change underlying model behavior.415

Regeneration vs. contamination. Although re-416

generation dominates model behavior on PDB, an417

open question is whether this tendency is driven418

by data contamination, i.e., overlap between bench-419

mark solutions and model pretraining data. To dis-420

entangle these effects, we conduct two controlled421

analyses. First, we rewrite ground-truth solutions422

using rewriter models (Claude-Sonnet-4.5 or GPT-423

5.1-Codex), producing semantically equivalent but424

surface-diverse references. Second, we generate425

buggy programs using either the same model as the426

rewriter or a different generator model.427

As shown in Table 2, rewriting ground-truth solu-428

tions consistently makes debugging slightly easier,429

improving edit-level precision by 2.8-3.5% on aver-430

age. This suggests that increased surface diversity431

reduces incidental overlap and modestly improves432

precise debugging. In contrast, when buggy pro-433

grams are generated by a different model from the434

rewriter, performance degrades, with unit-test pass435

rates dropping by up to 1.4%. This indicates that436

cross-model generation introduces additional vari-437

ability that is more difficult for models to resolve.438

Taken together, these results suggest that while439

data contamination may marginally influence de-440

bugging performance, it does not account for the441

pervasive regeneration behavior observed on PDB.442

5.4 Metric verification and error analysis 443

We conduct a qualitative error analysis by manu- 444

ally inspecting two categories of failures: (1) cases 445

passing unit tests with imperfect precision or recall, 446

and (2) cases failing unit tests despite containing 447

partially correct edits. This analysis assesses the 448

robustness of our precision and recall metrics. We 449

randomly selected 240 examples from these cate- 450

gories and derived the taxonomy described below; 451

detailed examples are provided in Appendix D. 452

Passing unit tests with imperfect precision or 453

recall. In this category, models successfully re- 454

solve the intended bug but introduce extraneous 455

modifications. In 83.5% of cases where unit tests 456

pass, the recall score is also 1. 457

Precision Analysis: In scenarios where unit tests 458

pass but precision<1, we observe that 9.8% of edits 459

add redundant guard checks, 66.8% modify correct 460

code blocks, 13.7% apply correct but non-minimal 461

edits, and 7.8% fully regenerate the solution. No- 462

tably, the remaining 1.9% of patches have low pre- 463

cision because they fix bugs that were missing from 464

the ground-truth solutions. Thus, our edit-level pre- 465

cision accurately captures unnecessary edits. 466

Recall Analysis: Conversely, 16.5% of passing ex- 467

amples exhibit imperfect recall. In this scenario, 468

we find that 70% of examples are functionally cor- 469

rect but evade recall detection due to over-editing 470

or structural rewrites. Furthermore, 10% involve 471

compounding bugs, where an injected bug alters 472

program logic such that other bugs change context, 473

and another 20% arise because a single bug allows 474

for multiple minimal correct fixes. This indicates 475

that, provided bug independence is maintained dur- 476

ing dataset creation, our bug-level recall is accurate 477

for over 97.5% of all the data. 478

Failing unit tests with partially correct edits. 479

In this category, models apply some correct edits 480
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BugGen Model Count Precision Recall Unit (%)

GPT-5.1-Codex 1809 61.5 83.1 78.8
Gemini-2.5-Pro 1937 58.1 75.7 71.0
Claude-Sonnet-4.5 1988 49.9 67.6 67.8

Table 3: Precision, recall, and unit score comparison
across source bug generation models for PDB-HARD,
averaged over debug models.

Assignment

Build/Package/MergeAlgorithm

Checking

Timing/Serialization

50%

60%

70%
Gemini-2.5-Pro
Claude-Sonnet-4.5
Qwen3-Coder-480B
Kimi-K2-Instruct
DeepSeek-V3.2

Figure 7: Recall distribution over bug categories.

but fail to fully resolve existing bugs or introduce481

new ones. We classify these failures into three482

types: (1) Under-repair (Recall <1, Precision =1):483

The model fixes some bugs without unnecessary484

edits but fails to apply all fixes (31.4%). (2) Impre-485

cise repair (Recall <1, Precision <1): The model486

both misses fixes and introduces unnecessary or487

harmful edits (29.4%). (3) Regressive repair (Re-488

call =1): The model fixes all original bugs but489

introduces new errors that cause unit tests to fail;490

this accounts for the majority (39.2%). This gap491

highlights a silent reasoning challenge unique to492

debugging: models must understand program struc-493

ture and preserve original intent while restoring494

functional correctness, rather than merely generat-495

ing working code.496

5.5 Categorical analysis497

We first analyze model debugging behavior by ex-498

amining how performance varies across bug gener-499

ation sources and defect categories. Table 3 reveals500

a clear ranking in task difficulty across the three501

bug generators in our pool: bugs generated by GPT-502

5.1-Codex are consistently the easiest to debug,503

while those generated by Claude-Sonnet-4.5 are504

the hardest. This ordering is consistent across all505

evaluated metrics.506

We further examine bug-level recall across de-507

fect categories (Figure 7). With the exception of508

Gemini-2.5-Pro, which exhibits relatively uniform509

recall of ∼70% across all categories, other models 510

show markedly higher recall on the Build/Pack- 511

age/Merge category. We hypothesize that this ad- 512

vantage arises from the higher prevalence of such 513

defects in model pretraining data, making them 514

easier for models to recognize and repair. 515

6 Related Works 516

Debugging is a critical yet time-consuming stage of 517

the software development lifecycle (Glass, 2002), 518

making it a natural target for automation with 519

LLMs. Recent systems increasingly emulate real- 520

world debugging workflows, achieving improved 521

performance through hierarchical multi-agent ar- 522

chitectures (Han et al., 2024; Bouzenia et al., 2024) 523

and agent-based data synthesis with explicit com- 524

munication (Yang et al., 2024b). To evaluate such 525

approaches, several general-purpose debugging 526

benchmarks have been introduced, including those 527

mined from historical bug-fixing commits (Tian 528

et al., 2024; Siddiq et al., 2024) and those expand- 529

ing coverage across programming languages (Ma 530

et al., 2023). Other benchmarks focus on spe- 531

cific dimensions of debugging, such as code edit- 532

ing (Guo et al., 2024), systematic analyses of auto- 533

mated bug fixing (Sobania et al., 2023), or broader 534

coverage of debugging scenarios (Yuan et al., 2025; 535

Huang et al., 2025; Chai et al., 2024). 536

However, existing benchmarks predominantly 537

rely on unit-test–based evaluation, which rewards 538

models equally for rewriting large portions of code 539

and for making minimal, targeted fixes. In contrast, 540

PDB introduces edit-level precision and bug-level 541

recall, exposing fundamental shortcomings in cur- 542

rent debugging systems and aligning evaluation 543

more closely with real-world practices. 544

7 Discussion 545

We show that while frontier LLMs often succeed 546

at passing unit tests, they remain far from precise 547

debugging, frequently relying on solution regen- 548

eration rather than targeted edits. By introducing 549

PDB and edit-level precision and bug-level recall, 550

we expose behaviors that unit-test–only evaluation 551

fails to capture, revealing substantial gaps between 552

functional correctness and genuine debugging. Re- 553

sults on PDB-HARD demonstrate that improving 554

debugging performance requires rethinking both 555

evaluation and post-training objectives, with an 556

explicit focus on fault localization and edit mini- 557

mality. 558
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Limitation559

First, PDB assumes bug independence when com-560

posing multi-bug programs, which can be difficult561

to guarantee in realistic software systems where562

bugs may interact. While such interactions are pos-563

sible, we empirically observe that violations of this564

assumption constitute only a small fraction of cases565

when data are generated using the PDB framework.566

Nonetheless, handling interacting or compounding567

bugs remains an open challenge.568

Second, to ensure atomicity and reliable ground-569

truth edit scripts, PDB-HARD is constructed exclu-570

sively from single-line bugs. This design choice571

limits the coverage of more complex, multi-line de-572

fects. However, we release the full PDB pipeline,573

enabling future work to extend it to multi-line bug574

generation. Importantly, our results show that even575

under this simplified setting, frontier models strug-576

gle to perform precise debugging, indicating that577

the observed limitations are fundamental rather578

than an artifact of bug complexity.579

Finally, although our edit-level precision and580

bug-level recall metrics provide a more accurate581

characterization of debugging behavior than unit-582

test–only evaluation, they may still fail to capture583

certain correct but semantically equivalent fixes.584

Incorporating more flexible semantic evaluation585

mechanisms, such as LLM-as-a-judge, may help586

address these edge cases. More broadly, reliably587

evaluating semantic correctness of code edits re-588

mains an open problem.589
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A Additional Related Works855

Code Generation. The capability of LLMs856

in code generation has been transforming both857

academia and industry. Beginning with seminal858

models like Codex (Chen et al., 2021), the field has859

rapidly advanced with the introduction of dozens860

of powerful code-centric models including Code861

Llama (Roziere et al., 2023), StarCoder (Li et al.,862

2023; Allal et al., 2023), CodeGen (Nijkamp et al.,863

2023), CodeT5+(Wang et al., 2023), Qwen Coder864

Series (Hui et al., 2024; Qwen, 2025), and more865

recent GPT-5.1 and 5.2 codex (OpenAI, 2025a,b).866

These models, trained on vast web-scale datasets867

of code, excel at synthesizing end-to-end programs868

from natural language prompts. To evaluate their869

capabilities, numerous benchmarks have been es-870

tablished, ranging from function-level synthesis871

tasks like HumanEval (Chen et al., 2021) and872

CoNaLa (Yin et al., 2018), to more complex chal-873

lenges including APPS (Hendrycks et al., 2021),874

CodeContests (Li et al., 2022b), SPOC (Kulal et al.,875

2019), and BigCodeBench (Zhuo et al., 2024).876

Beyond functional correctness, works like Vibe877

Checker (Zhong et al., 2025) and NoFunEval (Sing-878

hal et al., 2024) target the evaluation of models’879

non-functional instruction-following abilities. Re-880

cent agent-based systems like SWE-Agent (Yang881

et al., 2024a) and AutoGen (Sevenhuijsen et al.,882

2025) demonstrate the potential of LLMs in au-883

tonomous development workflows.884

Debugging Frameworks. As a critical and885

often time-consuming task, debugging has natu-886

rally emerged as another target for automation us-887

ing LLMs. This need is further magnified by the888

fact that code generation models themselves are889

Model Precision Recall Unit (%)

Claude-Sonnet-4.5 78.5±0.7 86.7±0.6 82.2±0.9
Gemini-2.5-Pro 78.3±0.7 88.5±0.6 84.2±0.8
Qwen3-Coder-480B 74.2±0.8 83.7±0.7 77.7±0.9
Kimi-K2-Instruct 66.6±0.8 80.5±0.7 73.3±1.0
Grok-Code-Fast 64.2±0.9 74.5±0.8 67.3±1.1
Kimi-K2-Thinking 61.6±0.8 82.6±0.7 81.3±0.9
DeepSeek-V3.2 58.9±0.9 77.5±0.8 78.8±0.9
DeepSeek-V3.2-Thinking 56.1±0.9 78.3±0.8 85.4±0.8
GPT-5.1-Codex 50.6±0.8 78.3±0.8 82.6±0.9

Table 4: Precision, recall, and unit score on the PDB-
FULL set. Blue indicates better performance, while red
indicates worse.

a significant source of buggy and potentially vul- 890

nerable code (Ni et al., 2022; Fu et al., 2023; Jin 891

et al., 2023; Mohsin et al., 2024; Tambon et al., 892

2025; Liu et al., 2024). Consequently, a spec- 893

trum of approaches have been proposed to leverage 894

these models for program repair. Early work like 895

Break-It-Fix-It (Yasunaga and Liang, 2021) intro- 896

duced unsupervised learning for program repair, 897

while CoText (Phan et al., 2021) explored multi- 898

task learning with code-text transformers. Recent 899

systems emulate real-world debugging workflows 900

through sophisticated agent architectures: FixA- 901

gent (Han et al., 2024) employs hierarchical multi- 902

agent frameworks, RepairAgent (Bouzenia et al., 903

2024) demonstrates autonomous repair capabilities, 904

and COAST (Yang et al., 2024b) enhances debug- 905

ging through communicative agent-based data syn- 906

thesis. These approaches utilize techniques ranging 907

from zero-shot prompting to multi-turn conversa- 908

tional agents (Chen et al., 2023; Fan and Xia, 2024; 909

Xia and Zhang, 2023; Zhong et al., 2024; Islam 910

et al., 2024). 911

B Additional Experiments 912

We report additional experimental results in this 913

section. 914

B.1 Additional results on PDB-HARD 915

We list the rewriting figure in Figure 8, which 916

shares a similar but breakdown finding as Table 2. 917

Moreover, we show the model-averaged perfor- 918

mance on PDB-HARD over the distribution of 919

buggy code length. All metrics have a similar per- 920

formance drop, suggesting that increasing code 921

length improves code completion difficulty and 922

makes it harder for models to hit the necessary 923

edits at the same time. 924
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B.2 Additional results on PDB-FULL925

We list model performance on three metrics on926

PDB-FULL in Table 4, which are 4 − 8% higher927

than the results in Table 1 on PDB-HARD.928

The negative correlation or precision and unit929

score over bug counts, and the positive correlation930

or recall and unit score over bug counts, are both931

clearer in the PDB-FULL set as described in Fig-932

ure 10.933

C Algorithm on Precision and Recall934

Following the definitions in §2, we formalize the935

block matching functions map and map ϵ in Algo-936

rithm 1 and Algorithm 2, respectively.937

The function map performs edit alignment be-938

tween ground-truth and predicted patches by first939

identifying exact line-level matches and then re-940

solving block-level correspondences using struc-941

tural containment, local contextual similarity, and942

content equality.943

For cases where ϵ relaxation is used, we have to944

verify redundant editing over ϵ, map ϵ extends this945

procedure by incorporating semantic verification946

through unit-test evaluation, allowing a bounded 947

tolerance of up to ϵ additional edits. By explicitly 948

validating semantic equivalence and minimizing 949

effective edit scope within this tolerance, mapϵ 950

yields a robust matching that supports relaxed pre- 951

cision evaluation while remaining faithful to tar- 952

geted debugging behavior, which is also examined 953

qualitatively in §5.4. 954

D Examples of Debugging Categories 955

We show different categories of debugging with 956

examples from Figure 11-19. 957

E Prompt templates 958

We provide the prompt templates used in our ex- 959

periments, ranging from bug injection and solution 960

rewriting to minimal and free-form debugging with 961

optional unit tests and execution feedback, shown 962

in Figures 20–31. 963

F Checklist Information 964

Risks of malicious use of PDB pipeline. PDB 965

provides a systematic procedure for producing 966

realistic buggy programs from existing code by 967

prompting deliberate fault introduction. Hence, the 968

same pipeline that supports controlled debugging 969

evaluation could be repurposed for malicious bug- 970

injection at scale, enabling automated generation 971

of large quantities of plausible faulty code with 972

minimal surface changes. Such capability may be 973

misused to degrade software reliability in collab- 974

orative development settings, increase the review 975

burden on maintainers, or seed low-quality code 976

into shared repositories. 977

Another risk concern is potential data poisoning 978

and model capability shaping. Because PDB con- 979

verts coding data into structured buggy program 980
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Algorithm 1: map: Match predicted edits to ground-truth edit blocks and construct equivalence-
test candidates

Input: Buggy program Cb; ground-truth diff ∆gt; predicted diff ∆pred

Output: Matched blocksM; unmatched predicted edits ∆−
pred; unmatched ground-truth edits ∆−

gt ; equivalence-test set
T

M← ∅, T ← ∅, ∆−
pred ← ∅

∆rem
gt ← ∆gt, ∆rem

pred ← ∆pred

Brem
gt ← PARSETOBLOCKS(∆rem

gt )
Brem

pred ← PARSETOBLOCKS(∆rem
pred)

L← SPLITLINES(Cb)

Pass 1: Exact line-level matches (EM).
foreach predicted edit (ℓ, v) ∈ ∆rem

pred in descending ℓ do
ℓ′ ← ℓ // line index in GT (same coordinate system)
if ℓ′ ∈ ∆rem

gt and EQUAL(v,∆rem
gt [ℓ′]) then

M←M∪ {MAKEEMBLOCK(ℓ, v)}
remove ℓ′ from ∆rem

gt and remove ℓ from ∆rem
pred

remove the GT block starting at ℓ from Brem
gt

Brem
pred ← PARSETOBLOCKS(∆rem

pred)

Pass 2: Block-level matching.
for j ← 1 to |Brem

pred| do
Bpred ← Brem

pred[j]
G ← ∅ // matched GT blocks for this predicted block

(2.1) Wrap match: predicted block covers GT block start.
foreach Bgt ∈ Brem

gt do
if Bpred.start ≤ Bgt.start ≤ Bpred.end then
G ← G ∪ {Bgt}

(2.2) Near match: context-line overlap before and after.
if G = ∅ then

S−
pred ← CONTEXTBEFORE(L,Bpred,Brem

pred)

S+
pred ← CONTEXTAFTER(L,Bpred,Brem

pred)

foreach Bgt ∈ Brem
gt do

S−
gt ← STRIDECONTEXTBEFORE(L,Bgt)

S+
gt ← STRIDECONTEXTAFTER(L,Bgt)

if LINESETMATCH(S−
pred, S

−
gt ) and LINESETMATCH(S+

pred, S
+
gt ) then

G ← {Bgt}
break

(2.3) Distant-but-identical: single-line equality.
if G = ∅ and |Bpred.∆| = 1 then

foreach Bgt ∈ Brem
gt do

if EQUAL(ONLYVALUE(Bpred.∆), ONLYVALUE(Bgt.∆)) then
G ← {Bgt}
break

Update matches and construct equivalence tests.
if G ̸= ∅ then

I ← {B.id | B ∈ G}
Btest ←

(
ALLGTBLOCKS \ {B : B.id ∈ I}

)
∪ {Bpred}

∆test ← EXPANDBLOCKS(Btest)
C test ← APPLY(Cb,∆

test)
T ← T ∪ {(j, C test)}
τ ← max

(
min

(
|G| · (ϵ− 1), |Bpred.∆| − |G|

)
, 0

)
M←M∪ {MAKEMATCH(Bpred,G, I, τ)}
remove all blocks in G from Brem

gt

else
∆−

pred ← ∆−
pred ∪Bpred.∆

∆−
gt ← EXPANDBLOCKS(Brem

gt )

returnM,∆−
pred,∆

−
gt , T
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Algorithm 2: mapϵ: ϵ-tolerant edit matching with semantic verification
Input: Buggy program Cb; GT blocks Bgt; diffs ∆gt,∆pred; tolerance budget ϵ; unit-test oracle

FU (·)
Output: Final matchingMϵ with fields {success, tolerance, effective_starter}

Step 1: Candidate matching via map.
(M,∆−

pred,∆
−
gt, T )← map(Cb,∆gt,∆pred)

// T contains equivalence-test candidates (id, Ctest) built by replacing matched
GT blocks with predicted blocks.

Step 2: Semantic equivalence verification using FU .
foreach (id, C test) ∈ T do

if FU (C
test) = 1 then

M[id].success← True
else
M[id].success← False
M[id].tolerance← 0;
M[id].gt_match_count← 0;

Step 3: Deep redundancy check to realize effective ϵ-tolerance.
foreach match record r ∈M with r.success = True and r.tolerance > 0 do

Bpred ← r.pred_block; I ← r.gt_match_ids
S ← ∅ // candidate sub-blocks

// Enumerate smaller contiguous sub-diffs within the predicted block.
let items(Bpred.∆) = [(ℓ1, v1), . . . , (ℓm, vm)] ordered by ℓ
for τ ← 0 to r.tolerance− 1 do

for j ← 1 to m− τ do
Bsub ← SUBBLOCK(Bpred, j, τ + 1)
Btest ← (Bgt \ {B : B.id ∈ I}) ∪ {Bsub}
Csub ← APPLY(Cb, EXPANDBLOCKS(Btest))
S ← S ∪ {(τ, j, Csub)}

// Find the smallest τ (and a starter index j) that still passes FU.
(τ⋆, j⋆)← (+∞,⊥)
foreach (τ, j, Csub) ∈ S do

if FU (C
sub) = 1 and τ < τ⋆ then

(τ⋆, j⋆)← (τ, j)

if τ⋆ < +∞ then
r.tolerance← τ⋆;
r.effective_starter← j⋆;

Mϵ ←M
returnMϵ

15
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Figure 10: Correlation between precision, recall, and unit-test score across bug counts. Results are shown on subsets
of PDB-FULL from BigCodeBench (left) and LiveCodeBench (right), with bug counts indicated by numbers. As
the number of bugs increases, precision generally exhibits a negative correlation with unit-test score, while recall
displays dataset-dependent behavior.

ODC Category Sub-category Brief Description

Assignment

Mutability Trap Mutable default arguments cause unintended shared state across calls.
Late Binding in Closures Loop variables captured by reference, yielding unexpected final values.
List Multiplication Surprise List multiplication creates multiple references to the same inner object.
Built-in Shadowing Assigning to names like list or sum hides built-ins.
Variable Shadowing Inner-scope variables obscure outer-scope references.
Name Error Variable is used before being assigned or defined.

Checking

Off-by-One Error Boundary condition is shifted by exactly one element or unit.
Negation Error Boolean condition is logically inverted.
Missing or Incomplete Checks Absent validation leads to runtime errors (e.g., KeyError, TypeError).
Overwriting Built-in Names Built-in identifiers are reassigned, breaking later function calls.
Variable Shadowing Confusing variable scope leads to incorrect condition evaluation.
Chained Boolean Comparison Logic Misparsed chained comparisons yield unintended logic.
Implicit Boolean Conversion Empty collections and None are conflated in boolean context.
Membership Logic Flaws Misunderstanding how membership tests behave for data types.

Algorithm

Wrong Math Expression Mathematical formula or operands are incorrectly specified.
Modifying While Iterating Collection is altered during iteration, skipping or misprocessing elements.
Function Algorithm Misunderstanding Function behavior is misunderstood (e.g., substring vs. set semantics).
Function Argument Misunderstanding Incorrect interpretation of function arguments or defaults.
Infinite Loop / Recursion Termination condition is missing or unreachable.
Other Logical Errors Deeper algorithmic invariants are violated during execution.

Build/Package/Merge Invalid API Call Method is invoked on an unsupported data type or abstraction.
Dependency Version Conflicts Code relies on APIs removed or changed across library versions.

Timing/Serialization Serialization Issue Non-serializable objects are passed to pickle or JSON encoders.
Async Blocking Blocking calls inside async code stall the event loop.

Table 5: ODC-style taxonomy of common programming defects with summarized descriptions. These are used as
in-context examples.

and solution pairs, it can lower the cost of creat-981

ing large synthetic corpora that contain intentional982

buggy programs with minimal-edit transformations.983

If used outside the intended research context, these984

data could be silently employed to bias training to-985

ward behaviors that facilitate code degradation, or986

to contaminate downstream datasets used for model987

deployment and benchmarking. Even when the im-988

mediate artifacts are non-sensitive, the potential,989

silent shift in model behavior raises concerns.990

Risks of malicious use of PDB-HARD. PDB-991

HARD concentrates challenging debugging in-992

stances derived from benchmark-style program-993

ming tasks (LiveCodeBench and BigCodeBench).994

Using such data to train code-editing or debugging995

models is a natural extension of its intended role, 996

which includes training models that can both repair 997

and introduce faults under different objectives. The 998

potential risk arises from how this capability is used 999

and framed: if the PDB-HARD (or derivatives) is 1000

used to optimize for fault insertion or to condition 1001

models toward producing plausible bugs with lo- 1002

calized edits, it could support misuse in settings 1003

where code integrity matters. 1004

Licensing landscape of evaluated models. The 1005

governance of the evaluated LLMs and benchmarks 1006

reveals a sharp dichotomy between proprietary 1007

services and open-weight ecosystems. The pro- 1008

prietary tier includes GPT-5.1-Codex (OpenAI), 1009

Claude-Sonnet-4.5 (Anthropic), Gemini-2.5-Pro 1010
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(Google DeepMind), and Grok-Code-Fast (xAI),1011

all of which are accessible exclusively via commer-1012

cial APIs. These systems are governed by restric-1013

tive Terms of Service that prohibit model weight1014

extraction, reverse engineering, and competitive1015

distillation, serving to protect their respective archi-1016

tectural innovations and agentic harnesses. In con-1017

trast, the open-weight landscape is characterized by1018

permissive licensing designed to commoditize rea-1019

soning capabilities: DeepSeek-V3.2 and its reason-1020

ing variant DeepSeek-V3.2-Thinking are released1021

under the MIT License, while Qwen3-Coder-480B1022

utilizes the Apache License 2.0, which includes an1023

explicit patent grant. A hybrid governance model1024

is observed in Kimi-K2-Thinking and Kimi-K2-1025

Instruct, which operate under a Modified MIT Li-1026

cense; this variant permits general commercial use1027

but mandates strictly visible attribution for entities1028

exceeding 100 million monthly active users or $201029

million in monthly revenue.1030

Licensing landscape of datasets. Regarding1031

evaluation frameworks, BigCodeBench is gov-1032

erned by the Apache License 2.0, whereas Live-1033

CodeBench adopts a split licensing model with its1034

codebase under the MIT License and its dataset1035

artifacts available under the Creative Commons1036

Attribution 4.0 International License (CC-BY 4.0).1037

Use of LLM. We use LLMs to generate buggy1038

programs and debug buggy programs in our experi-1039

ments, and to improve writing fluency and correct1040

grammatical errors.1041
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📋 Task Description

Archive a specified project directory into a ZIP file based on the configuration specified in a config file. This function reads a configuration file to determine the

project directory and archives this directory into a ZIP file. The ZIP file's name will be the project directory's basename, stored in the specified archive directory.

Configuration File Format: [Project] directory=path_to_project_directory

Exceptions:

FileNotFoundError: If the `config_file_path` does not exist or the specified project directory does not exist. Exception: If the ZIP archive cannot be created.

Outputs:

bool: True if the ZIP archive is successfully created, otherwise an exception is raised.

Buggy Code

1. import configparser

2. import os

3. import shutil

4. def task_func(config_file_path, archieve_dir ='/home/user/arch
ive'):

5.  

6.     config = configparser.ConfigParser()

7.     config.read(config_file_path)

8.  

9.     project_dir = config.get('Project', 'directory')

10.  

11.     if not os.path.isdir(project_dir):

12.         raise FileNotFoundError(f'Directory {project_dir} does 
not exist.')

13.  

14.     archive_file = f'{archieve_dir}/{project_dir}.z
ip'

A (Modify)

15.     

16.     # Using shutil to create the zip archive

17.     shutil.make_archive(base_name=os.path.splitext(archive_fil
e)[0], format='zip', root_dir=project_dir)

18.  

19.     if not os.path.isfile(archive_file):

20.         raise Exception(f"Failed to create archive {archive_fi
le}")

21.  

22.     return True

Add: Line added to inject bug Delete: Line removed to inject bug

Modify: Line changed to inject bug

Bug Injection: gpt-5.1-codex

Model Generated Solution

1. import configparser

2. import os

3. import shutil

4. def task_func(config_file_path, archieve_dir ='/home/user/arch
ive'):

5.  

6.     if not os.path.isfile(config_file_path):

7.         raise FileNotFoundError(f"Config file {config_file_pat
h} does not exist.")

8.  

9.     config = configparser.ConfigParser()

10.     config.read(config_file_path)

11.  

12.     project_dir = config.get('Project', 'directory')

13.  

14.     if not os.path.isdir(project_dir):

15.         raise FileNotFoundError(f'Directory {project_dir} does 
not exist.')

16.  

17.     archive_file = f'{archieve_dir}/{os.path.basename(proj
ect_dir)}.zip'

A

18.     

19.     # Using shutil to create the zip archive

20.     shutil.make_archive(base_name=os.path.splitext(archive_fil
e)[0], format='zip', root_dir=project_dir)

21.  

22.     if not os.path.isfile(archive_file):

23.         raise Exception(f"Failed to create archive {archive_fi
le}")

24.  

25.     return True

Fixed bug Extra edit Introduced bug

Debug Model: gemini-2.5-pro

Figure 11: Redundant guard checks (9.8%): The model adds unnecessary defensive checks that don’t affect
correctness.
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📋 Task Description

Draw a circle with a given radius on the polar chart 'ax' and set radial ticks. This function manipulates plot data using matplotlib.

Note: If the radius is negative this function will raise ValueError. If 'ax' is not a polar plot this function will raise TypeError.

Outputs:

matplotlib.axes._axes.Axes: The modified Axes object with the circle plotted.

Buggy Code

1. import matplotlib.pyplot as plt

2. import numpy as np

3. def task_func(ax, radius):

4.  

5.     if radius < 0:

6.         raise ValueError('Radius must be non-negative')

7.     if not isinstance(ax, plt.PolarAxes):

8.         raise TypeError('ax must be a polar plot')

9.  

10.     theta = np.linspace(0, 2 * np.pi, 1000)

11.     ax.plot(theta, radius * np.ones_like(theta))

12.     ax.set_rlabel_position(radius * 45)

13.     ax.draw() A (Add)

14.     return ax

Add: Line added to inject bug Delete: Line removed to inject bug

Modify: Line changed to inject bug

Bug Injection: claude-sonnet-4.5

Model Generated Solution

1. import matplotlib.pyplot as plt

2. import numpy as np

3. def task_func(ax, radius):

4.  

5.     if radius < 0:

6.         raise ValueError('Radius must be non-negative')

7.     if ax.name != 'polar':

8.         raise TypeError('ax must be a polar plot')

9.  

10.     theta = np.linspace(0, 2 * np.pi, 1000)

11.     ax.plot(theta, radius * np.ones_like(theta))

12.     ax.set_rlabel_position(45)

—     ax.draw()

13.     return ax

Fixed bug Extra edit Introduced bug

Debug Model: Kimi-K2-Thinking

Figure 12: Additional modifications (66.8%): The model makes additional modifications to correct code blocks
beyond what is required to fix the bug.
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📋 Task Description

Organize files in a directory based on the first text that is not enclosed in square brackets. Move the files to subdirectories named after this text. If no matching text

is found, the file is not moved.

Outputs:

tuple: str: The directory path with organized files. dict: A dictionary where keys are the created subdirectories and values are lists of files moved to them.

Buggy Code

1. import re

2. import os

3. import shutil

4. from datetime import datetime

5. def task_func(directory):

6.  

7.     DATE_FORMAT = '%Y%m%d%H%M%S'

8.     moved_files = {}

9.     for filename in os.listdir(directory):

10.         with open(os.path.join(directory, filename), 'r') as f
ile:

11.             content = file.read()

12.             match = re.search('(.*?)\[.*?\]', content)

13.             if match:

14.                 subdirectory = match.group(1).strip()

15.  

16.                 if not os.path.exists(os.path.join(directory, 
subdirectory)):

17.                     os.makedirs(os.path.join(directory, subdir
ectory))

18.  

19.                 new_filename = f"{filename.split('.')[0]}_{dat
etime.now().strftime(DATE_FORMAT)}.{filename.split('.')[1]}"

20.                 shutil.move(os.path.join(directory, filename), 
os.path.join(directory, subdirectory, new_filename))

21.                 

22.                 if subdirectory not in moved_files:

23.                     moved_files[subdirectory] = []

24.                 moved_files[subdirectory].append(new_filename)

25.  

26.     return directory.resolve(), moved_files A (Modify)

Add: Line added to inject bug Delete: Line removed to inject bug

Modify: Line changed to inject bug

Bug Injection: claude-sonnet-4.5

Model Generated Solution

1. import re

2. import os

3. import shutil

4. from datetime import datetime

5. def task_func(directory):

6.  

7.     DATE_FORMAT = '%Y%m%d%H%M%S'

8.     moved_files = {}

9.     for filename in os.listdir(directory):

10.         filepath = os.path.join(directory, filename)

11.         if os.path.isfile(filepath):

12.             with open(filepath, 'r') as file:

13.                 content = file.read()

14.                 match = re.search(r'^(.*?)\[(.*?)\](.*)$', con
tent, re.DOTALL)

15.                 if not match:

16.                     match = re.search(r'\[(.*?)\](.*)$', conte
nt, re.DOTALL)

17.                     if match:

18.                         before_brackets = content[:match.start
()]

19.                         first_non_bracket_text = before_bracke
ts.split()[-1] if before_brackets.split() else ""

20.                         subdirectory = first_non_bracket_text

21.                     else:

22.                         continue

23.                 else:

24.                     before_first_bracket = match.group(1)

25.                     parts = before_first_bracket.strip().split
()

26.                     subdirectory = parts[-1] if parts else ""

27.                 

28.                 if not subdirectory:

29.                     continue

30.  

31.                 if not os.path.exists(os.path.join(directory, 
subdirectory)):

32.                     os.makedirs(os.path.join(directory, subdir
ectory))

33.  

34.                 name_part, ext_part = os.path.splitext(filenam
e)

35.                 new_filename = f"{name_part}_{datetime.now().s
trftime(DATE_FORMAT)}{ext_part}"

36.                 shutil.move(filepath, os.path.join(directory, 
subdirectory, new_filename))

37.                 

38.                 if subdirectory not in moved_files:

39.                     moved_files[subdirectory] = []

40.                 moved_files[subdirectory].append(new_filename)

41.  

42.     return os.path.abspath(directory), moved_files A

Fixed bug Extra edit Introduced bug

Debug Model: Qwen3-Coder-480B-A35B-Instruct-FP8

Figure 13: Complete rewrite (7.8%): The model completely regenerates the solution rather than making minimal
targeted fixes.
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📋 Task Description

Unzip a list of objects and their 3D coordinates, run PCA to reduce the dimensionality to 2D, and depending on the value of save_plot parameter, either save the plot

to the provided path and return the 2D coordinates or return the 2D coordinates and the plot's Axes.

Exceptions:

ValueError: If save_plot is True but plot_path is not provided.

Outputs:

coordinates_2d (numpy.ndarray): The 2D coordinates after applying PCA. ax (matplotlib.axes._axes.Axes, optional): The plot's Axes if save_plot is True.

Buggy Code

1. import numpy as np

2. from sklearn.decomposition import PCA

3. import matplotlib.pyplot as plt

4. def task_func(data, save_plot=False, plot_path=None):

5.  

6.     items, x_values, y_values, z_values = zip(*data)

7.     coordinates = np.array(list(zip(x_values, y_values, z_valu
es)))

8.  

9.     pca = PCA(n_components=2)

10.     coordinates_2d = pca.fit_transform(coordinates)

11.  

12.     # Initialize a fresh plot

13.     plt.figure()

14.     fig, ax = plt.subplots()

15.     ax.scatter(*zip(*coordinates_2d))

16.  

17.     if save_plot:

18.         if plot_path is not None == True: A (Modify)

19.             plt.savefig(plot_path)

20.             plt.close(fig)

21.             return coordinates_2d, ax

22.         else:

23.             raise ValueError("plot_path is required if save_pl
ot is True")

24.     else:

25.         return coordinates_2d

Add: Line added to inject bug Delete: Line removed to inject bug

Modify: Line changed to inject bug

Bug Injection: claude-sonnet-4.5

Model Generated Solution

1. import numpy as np

2. from sklearn.decomposition import PCA

3. import matplotlib.pyplot as plt

4. def task_func(data, save_plot=False, plot_path=None):

5.  

6.     items, x_values, y_values, z_values = zip(*data)

7.     coordinates = np.array(list(zip(x_values, y_values, z_valu
es)))

8.  

9.     pca = PCA(n_components=2)

10.     coordinates_2d = pca.fit_transform(coordinates)

11.  

12.     # Initialize a fresh plot

13.     plt.figure()

14.     fig, ax = plt.subplots()

15.     ax.scatter(*zip(*coordinates_2d))

16.  

17.     if save_plot:

18.         if plot_path is not None: A

19.             plt.savefig(plot_path)

20.             plt.close(fig)

21.             return coordinates_2d, ax

22.         else:

23.             raise ValueError("plot_path is required if save_pl
ot is True")

24.     else:

25.         plt.close(fig)

26.         return coordinates_2d

Fixed bug Extra edit Introduced bug

Debug Model: Qwen3-Coder-480B-A35B-Instruct-FP8

Figure 14: Discovering bugs missed by ground-truth (1.9%): The model identifies and fixes bugs that were
overlooked in the ground-truth solutions of the seed benchmark.
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📋 Task Description

Analyzes a given DataFrame containing article titles and content to identify articles with titles that include the words "how" or "what". It calculates the TF-IDF

scores for the words in the content of these articles and visualizes these scores in a bar plot.

Note: If the DataFrame does not contain 'Title' and 'Content' columns, the function returns an empty plot. If no articles have titles containing "how" or "what," the

function also returns an empty plot. Set the name of the y-axis to 'TF-IDF Score'. Set xticks to display the feature names vertically.

Outputs:

Axes: A matplotlib Axes object displaying a bar plot of the TF-IDF scores.

Buggy Code

1. import re

2. import matplotlib.pyplot as plt

3. from sklearn.feature_extraction.text import TfidfVectorizer

4. import numpy as np

5. def task_func(df):

6.  

7.     pattern = re.compile(r'(how|what)', re.IGNORECASE)

8.  

9.     # Check if the DataFrame has the required columns

10.     if not set(['Title', 'Content']).issubset(df.columns):

11.         fig, ax = plt.subplots()

12.         return ax

13.  

14.     interesting_articles = df[df['Title'].apply(lambda x: bool
(pattern.search(x)))]

15.  

16.     fig, ax = plt.subplots()

17.  

18.     # If there are no interesting articles, return an empty pl
ot

19.     if interesting_articles is None: A (Modify)

20.         return ax

21.  

22.     vectorizer = TfidfVectorizer()

23.     X = vectorizer.transform(interesting_articles
['Content'])

B (Modify)

24.     tfidf_scores = np.array(X.sum(axis=0))[0]

25.  

—     ax.bar(vectorizer.get_feature_names_out(), tfidf
_scores)

C (Delete)

26.     ax.set_ylabel('TF-IDF Score')

27.     plt.xticks(rotation='vertical')

28.  

29.     return ax

Add: Line added to inject bug Delete: Line removed to inject bug

Modify: Line changed to inject bug

Bug Injection: gemini-2.5-pro

Model Generated Solution

1. import re

2. import matplotlib.pyplot as plt

3. from sklearn.feature_extraction.text import TfidfVectorizer

4. import numpy as np

5. def task_func(df):

6.  

7.     pattern = re.compile(r'(how|what)', re.IGNORECASE)

8.  

—     # Check if the DataFrame has the required columns

9.     if not set(['Title', 'Content']).issubset(df.columns):

10.         fig, ax = plt.subplots()

11.         return ax

12.  

13.     interesting_articles = df[df['Title'].apply(lambda x: bool
(pattern.search(x)))]

14.  

15.     fig, ax = plt.subplots()

16.  

17.     if interesting_articles.empty: A

—     if interesting_articles is None: A

18.         return ax

19.  

20.     vectorizer = TfidfVectorizer()

21.     X = vectorizer.fit_transform(interesting_articles['Con
tent'])

B

22.     tfidf_scores = np.array(X.sum(axis=0))[0]

23.     feature_names = vectorizer.get_feature_names_out()

24.  

25.     ax.bar(feature_names, tfidf_scores) C

26.     ax.set_ylabel('TF-IDF Score')

27.     ax.set_xticks(range(len(feature_names)))

28.     ax.set_xticklabels(feature_names, rotation='vertical')

29.  

30.     return ax

Fixed bug Extra edit Introduced bug

Debug Model: gpt-5.1-codex

Figure 15: Functionally correct but undetected (70% of recall<1 cases): The model’s fix is functionally correct but
not detected due to over-edits and structural rewrites.
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📋 Task Description

Perform a linear regression between "age" and "score" in the DataFrame, excluding rows with duplicate names. Plot the regression line and the scatter plot of the

data.

Note: The function use "Linear Regression" for the plot title. The function use "Age" and "Score" as the xlabel and ylabel respectively.

Exceptions:

The function will raise a ValueError is input df is not a DataFrame.

Outputs:

tuple: A tuple containing the matplotlib.pyplot object and the axes object.

Buggy Code

1. import pandas as pd

2. from scipy import stats

3. import matplotlib.pyplot as plt

4. def task_func(df):

5.  

6.     if not isinstance(df, pd.DataFrame):

7.         raise ValueError("The input df is not a DataFrame")

8.  

9.     df = df.drop_duplicates(subset='Name')

10.  

11.     slope, intercept, r_value, _, _ = stats.linregress(df['Ag
e'], df['Score'])

12.  

—     df['Age_up'] = intercept + slope * df['Age'] A (Delete)

13.     fig = plt.figure(figsize=(8, 6))

14.     ax = fig.add_subplot(111)

15.     plt.scatter(df['Age'], df['Score'], label='Data')

—     plt.plot(df['Age'].values, df['Age_up'].values, 
'r', label='Fitted line')

B (Delete)

16.     plt.xlabel('Age')

17.     plt.ylabel('Score')

18.     plt.title('Linear Regression')

19.     plt.legend()

20.     return plt, ax

Add: Line added to inject bug Delete: Line removed to inject bug

Modify: Line changed to inject bug

Bug Injection: claude-sonnet-4.5

Model Generated Solution

1. import pandas as pd

2. from scipy import stats

3. import matplotlib.pyplot as plt

4. def task_func(df):

5.  

6.     if not isinstance(df, pd.DataFrame):

7.         raise ValueError("The input df is not a DataFrame")

8.  

9.     df = df.drop_duplicates(subset='Name')

10.  

11.     slope, intercept, r_value, _, _ = stats.linregress(df['Ag
e'], df['Score'])

12.  

13.     fig = plt.figure(figsize=(8, 6))

14.     ax = fig.add_subplot(111)

15.     plt.scatter(df['Age'], df['Score'], label='Data')

16.     plt.plot(df['Age'], slope * df['Age'] + intercept, col
or='red', label='Regression Line')

B

17.     plt.xlabel('Age')

18.     plt.ylabel('Score')

19.     plt.title('Linear Regression')

20.     plt.legend()

21.     return plt, ax

Fixed bug Extra edit Introduced bug

Debug Model: grok-code-fast-1

Figure 16: Multiple minimal fixes (20% of recall<1 cases): A single bug can have multiple minimal correct fixes,
and the model chose a different valid fix than the ground-truth.
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📋 Task Description

Count the frequency of each letter in a list of lists. If a list is empty, fill it with a random sample from the alphabet, and then count the letters.

Outputs:

Counter: A Counter object with the frequency of each letter.

Buggy Code

1. from collections import Counter

2. import itertools

3. import random

4. # Constants

5. ALPHABET = 'abcdefghijklmnopqrstuvwxyz'

6. def task_func(list_of_lists, seed=0):

7.  

8.     random.seed(seed)

—     flattened_list = list(itertools.chain(*list_of_l
ists))

A (Delete)

9.  

10.     for list_item in list_of_lists:

11.         if list_item == []:

12.             flattened_list += random.sample(ALPHABET, 10)

13.  

14.     counter = Counter(list_item) B (Modify)

15.  

16.     return counter

Add: Line added to inject bug Delete: Line removed to inject bug

Modify: Line changed to inject bug

Bug Injection: claude-sonnet-4.5

Model Generated Solution

1. from collections import Counter

2. import itertools

3. import random

4. # Constants

5. ALPHABET = 'abcdefghijklmnopqrstuvwxyz'

6. def task_func(list_of_lists, seed=0):

7.  

8.     random.seed(seed)

9.  

10.     for list_item in list_of_lists:

11.         if list_item == []:

12.             list_item.extend(random.sample(ALPHABET, 10)) A

13.  

14.     flattened_list = list(itertools.chain.from_iterable(li
st_of_lists))

B

15.  

16.     counter = Counter(flattened_list) B

17.  

18.     return counter

Fixed bug Extra edit Introduced bug

Debug Model: Kimi-K2-Instruct

Figure 17: Bug composition issue (10% of recall<1 cases): Compounding bugs introduced during bug-composition
stage where one injected bug changes program logic affecting other bugs.
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📋 Task Description

Convert elements in 'T1' to integers and create a list of random integers where the number of integers is determined by the sum of the integers in `T1`. Random

integers are generated between 0 and `RANGE` (default is 100). Count the occurrences of each number in the generated list using a Counter.

Outputs:

Counter: A Counter object representing the count of each number appearing in the list of generated random integers.

Buggy Code

1. from collections import Counter

2. import itertools

3. from random import randint

4. def task_func(T1, RANGE=100):

5.  

6.     int_list = [list(map(int, x)) for x in T1]

7.     int_list = int_list[:1] A (Add)

8.     flattened_list = list(itertools.chain(*int_list))

9.     total_nums = sum(flattened_list)

10.  

11.     random_nums = [randint.random(0, RANGE) for _ i
n range(total_nums)]

B (Modify)

12.     counts = Counter(random_nums)

13.  

14.     return counts if total_nums else None C (Modify)

Add: Line added to inject bug Delete: Line removed to inject bug

Modify: Line changed to inject bug

Bug Injection: gpt-5.1-codex

Model Generated Solution

1. from collections import Counter

2. import itertools

3. from random import randint

4. def task_func(T1, RANGE=100):

5.  

6.     int_list = [list(map(int, x)) for x in T1]

—     int_list = int_list[:1]

7.     flattened_list = list(itertools.chain(*int_list))

8.     total_nums = sum(flattened_list)

9.  

10.     random_nums = [randint(0, RANGE) for _ in range(total_
nums)]

B

11.     counts = Counter(random_nums)

12.  

13.     return counts if total_nums else None

Fixed bug Extra edit Introduced bug

Debug Model: claude-sonnet-4-5-20250929

Figure 18: Under-repair (31.4%): The model fixes some bugs without introducing unnecessary edits but fails to
apply all required fixes (recall<1, precision=1).
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📋 Task Description

Create a numeric array from the "original" list, calculate Fast Fourier Transform (FFT) and record the original and FFT data. Additionally, plot the histogram of the

magnitude of the FFT data and return the axes object of the plot. For an empty list, return an empty array for the FFT data and None for the axes object.

Outputs:

np.array: A numpy array for the original data. np.array: FFT data. plt.Axes: The axes object of the plot.

Buggy Code

1. import numpy as np

2. from scipy.fft import fft

3. from matplotlib import pyplot as plt

4. def task_func(original):

5.  

6.     arr = np.array([b for (_, b) in original])

7.  

8.     if arr.shape == 0: A (Modify)

9.         fft_data = np.array([])

10.         return arr, fft_data, None

11.  

12.     fft_data = fft(arr, n=len(arr)*2) B (Modify)

13.     _, ax = plt.subplots()

14.     ax.hist(np.abs(fft_data))

15.  

16.     return arr, fft_data, ax

Add: Line added to inject bug Delete: Line removed to inject bug

Modify: Line changed to inject bug

Bug Injection: claude-sonnet-4.5

Model Generated Solution

1. import numpy as np

2. from scipy.fft import fft

3. from matplotlib import pyplot as plt

4. def task_func(original):

5.  

6.     arr = np.array(original)

7.  

8.     if arr.size == 0: A

9.         fft_data = np.array([])

10.         return arr, fft_data, None

11.  

12.     fft_data = fft(arr) B

13.     _, ax = plt.subplots()

14.     ax.hist(np.abs(fft_data))

15.  

16.     return arr, fft_data, ax

Fixed bug Extra edit Introduced bug

Debug Model: Kimi-K2-Thinking

Figure 19: Regressive repair (39.2%): The model fixes all original bugs (recall=1) but introduces new bugs that
cause unit tests to fail.
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Your task is to perform a deep analysis of a code snippet and intentionally introduce ONE bug.

You will be given two major components:

PART 1: A task description outlining the intended functionality.

PART 2: A solution to the task.

First, carefully read and understand both the task description and the provided solution.

Then, modify the solution by injecting a realistic programming error.

You will be asked to introduce one of the following bug types into the code: Assignment, Checking, Algorithm, 

Build/Package/Merge or Timing/Serialization.

You will be asked to perform exactly one action: Add one line, Delete one line or Modify one line.

Instructions for modifying the code:

- ONLY modify ONE selected line to induce a HARD bug to the task.

- Keep the other lines of the code solution EXACTLY the SAME.

- Do NOT add any new comments to the modified line.

- DO NOT introduce easy bugs such as referencing variable names before declaration, adding typos or commas.

You should output two things:

- The subtype of the introduced bug.

- A buggy code snippet with only a ONE line difference with the original code solution, and no comments on that 

modified line.

---

task_prompt: {task_prompt}

correct_solution: {correct_solution}

bug_type: {bug_type}

action_on_lines: {action_on_lines}

task_prompt

The programming task description for context

correct_solution

A correct Python code solution

bug_type

The type of bug to add

action_on_lines

The action and the lines to choose from

Figure 20: Bug injection prompt for benchmark construction.
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Debug the given Python code that contains errors. ONLY fix the bugs. Make minimal edits.

Do NOT generate a new solution based on the problem description.

Do NOT reformat lines that are already correct.

Do NOT edit or add any comments.

The input consists of two parts:

- A problem description outlining the intended functionality.

- A buggy code that needs to be fixed.

Your response should include:

- A self-contained, corrected Python implementation, with minimal edits.

---

problem_description: {problem_description}

buggy_solution: {buggy_solution}

problem_description

The problem description

buggy_solution

The buggy solution

Figure 21: Minimal debugging prompt with problem description and buggy code.
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Debug the given Python code that contains errors. ONLY fix the bugs. Make minimal edits.

Do NOT generate a new solution based on the problem description.

Do NOT reformat lines that are already correct.

Do NOT edit or add any comments.

The input consists of three parts:

- A problem description outlining the intended functionality.

- A buggy code that needs to be fixed.

- A set of unit tests for the problem.

Your response should include:

- A self-contained, corrected Python implementation, only making minimal edits on the buggy code.

---

problem_description: {problem_description}

buggy_solution: {buggy_solution}

unit_tests: {unit_tests}

problem_description

The problem description

buggy_solution

The buggy solution

unit_tests

The unit tests

Figure 22: Minimal debugging prompt with unit tests.

29



Debug the given Python code that contains errors. ONLY fix the bugs. Make minimal edits.

Do NOT generate a new solution based on the problem description.

Do NOT reformat lines that are already correct.

Do NOT edit or add any comments.

The input consists of three parts:

- A problem description outlining the intended functionality.

- A buggy code that needs to be fixed.

- Previously failed attempts and optionally error feedback.

Your response should include:

- A self-contained, corrected Python implementation, only making minimal edits on the buggy code.

---

problem_description: {problem_description}

buggy_solution: {buggy_solution}

failed_attempts: {failed_attempts}

problem_description

The problem description

buggy_solution

The buggy solution

failed_attempts

Previous attempts that failed unit tests, AVOID THEM!

Figure 23: Minimal debugging prompt with execution feedback.
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Debug the given Python code that contains errors. ONLY fix the bugs. Make minimal edits.

Do NOT generate a new solution based on the problem description.

Do NOT reformat lines that are already correct.

Do NOT edit or add any comments.

The input consists of four parts:

- A problem description outlining the intended functionality.

- A buggy code that needs to be fixed.

- A set of unit tests for the problem.

- Previously failed attempts and optionally error feedback.

Your response should include:

- A self-contained, corrected Python implementation, only making minimal edits on the buggy code.

---

problem_description: {problem_description}

buggy_solution: {buggy_solution}

unit_tests: {unit_tests}

failed_attempts: {failed_attempts}

problem_description

The problem description

buggy_solution

The buggy solution

unit_tests

The unit tests

failed_attempts

Previous attempts that failed unit tests, AVOID THEM!

Figure 24: Minimal debugging prompt with unit tests and execution feedback.

Debug the given Python code that contains errors. Do NOT add any comments. The input consists of two parts:

- A problem description outlining the intended functionality.

- A buggy code that needs to be fixed.

Your response should include:

- A self-contained, corrected Python implementation.

---

problem_description: {problem_description}

buggy_solution: {buggy_solution}

problem_description

The problem description

buggy_solution

The buggy solution

Figure 25: Free-form debugging prompt without minimal edit constraint.
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Debug the given Python code that contains errors. Do NOT add any comments. The input consists of three parts:

- A problem description outlining the intended functionality.

- A buggy code that needs to be fixed.

- A set of unit tests for the problem.

Your response should include:

- A self-contained, corrected Python implementation.

---

problem_description: {problem_description}

buggy_solution: {buggy_solution}

unit_tests: {unit_tests}

problem_description

The problem description

buggy_solution

The buggy solution

unit_tests

The unit tests

Figure 26: Free-form debugging prompt with unit tests.

Debug the given Python code that contains errors. Do NOT add any comments. The input consists of three parts:

- A problem description outlining the intended functionality.

- A buggy code that needs to be fixed.

- Previously failed attempts and optionally error feedback.

Your response should include:

- A self-contained, corrected Python implementation.

---

problem_description: {problem_description}

buggy_solution: {buggy_solution}

failed_attempts: {failed_attempts}

problem_description

The problem description

buggy_solution

The buggy solution

failed_attempts

Previous attempts that failed unit tests, AVOID THEM!

Figure 27: Free-form debugging prompt with execution feedback.
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Debug the given Python code that contains errors. Do NOT add any comments. The input consists of four parts:

- A problem description outlining the intended functionality.

- A buggy code that needs to be fixed.

- A set of unit tests for the problem.

- Previously failed attempts and optionally error feedback.

Your response should include:

- A self-contained, corrected Python implementation.

---

problem_description: {problem_description}

buggy_solution: {buggy_solution}

unit_tests: {unit_tests}

failed_attempts: {failed_attempts}

problem_description

The problem description

buggy_solution

The buggy solution

unit_tests

The unit tests

failed_attempts

Previous attempts that failed unit tests, AVOID THEM!

Figure 28: Free-form debugging prompt with unit tests and execution feedback.
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Debug the given Python code that contains errors. ONLY fix the bugs. Make minimal edits.

Do NOT generate a new solution based on the problem description.

Do NOT reformat lines that are already correct.

Do NOT edit or add any comments.

The input consists of three parts:

- A problem description outlining the intended functionality.

- A buggy code that needs to be fixed.

- A set of unit tests for the problem.

Your response should include:

- A self-contained, corrected Python implementation, only making minimal edits on the buggy code.

PART 1: Problem Description

```text

{task_prompt}

```

PART 2: Buggy Code

```python

{buggy_code}

```

PART 3: Unit Tests (context only)

```python

{unit_tests_code}

```

Output format (follow *exactly*):

```python

[Corrected code here]

```

Corrected Code Output (use the format above):

task_prompt

Problem description text

buggy_code

Python code with bugs

unit_tests_code

Unit test code

Figure 29: External API template for minimal debugging.
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Debug the given Python code that contains errors. Do NOT add any comments. The input consists of three parts:

- A problem description outlining the intended functionality.

- A buggy code that needs to be fixed.

- A set of unit tests for the problem.

Your response should include:

- A self-contained, corrected Python implementation.

PART 1: Problem Description

```text

{task_prompt}

```

PART 2: Buggy Code

```python

{buggy_code}

```

PART 3: Unit Tests (context only)

```python

{unit_tests_code}

```

Output format (follow *exactly*):

```python

[Corrected code here]

```

Corrected Code Output (use the format above):

task_prompt

Problem description text

buggy_code

Python code with bugs

unit_tests_code

Unit test code

Figure 30: External API template for free-form debugging.
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Your task is to rewrite the solution code of a task with structural and stylistic perturbations.

You will be given two parts:

PART 1: A task description outlining the intended functionality.

PART 2: A correct solution to the task.

First, read both the task description and the provided solution to understand what the code is supposed to do.

Then, your task is to perform a deep rewriting (perturbation) of the solution code WITHOUT changing its 

functionality.

Strictly adhere to the following rules:

    - Do NOT change the starter code as given in the task description.

    - Do NOT add any new comments.

    - Do NOT make shallow redundancy edits, such as a = 1 + 2 - 1.

    - Do NOT condense the code to very short format.

    - NEVER rename variables to very short names (e.g., sum_production -> p), but you can give variables wrong 

names.

    - The rewritten code should resemble what human will write and should NOT be hard for human to read.

    - The rewritten code should be different enough from the original code.

You can probably use the following hints:

    - Change loop syntax (e.g., for to while or vice versa, if applicable)

    - Convert recursion to iteration or vice versa (if functionally equivalent)

    - Invert control flow where logical structure remains the same (e.g., replace `if not ...` with an inverted 

block)

    - Merge or flatten adjacent or nested if blocks.

Your response should ONLY contain the rewritten Python code, which is a different but correct solution to the 

task.

---

task_description: {task_description}

original_solution: {original_solution}

task_description

The programming task description.

original_solution

The original Python code solution.

Figure 31: Solution rewriting prompt for benchmark construction.
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