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Abstract001

Determining whether a program terminates is002
a central problem in computer science. Tur-003
ing’s foundational result established the Halting004
Problem as undecidable, showing that no al-005
gorithm can universally determine termination006
for all programs and inputs. Consequently,007
automatic verification tools approximate termi-008
nation, sometimes failing to prove or disprove;009
these tools rely on problem-specific architec-010
tures and abstractions, and are usually tied to par-011
ticular programming languages. Recent success012
and progress in large language models (LLMs)013
raises the following question: can LLMs re-014
liably predict program termination? In this015
work, we evaluate LLMs on a diverse set of 𝐶016
programs from the Termination category of the017
International Competition on Software Verifi-018
cation (SV-Comp) 2025. Our results suggest019
that LLMs perform remarkably well at predict-020
ing program termination, where GPT-5 and021
Claude Sonnet-4.5 would rank just behind the022
top-ranked tool (using test-time-scaling), and023
Code World Model (CWM) would place just024
behind the second-ranked tool. While LLMs025
are effective at predicting program termination,026
they often fail to provide a valid witness as a027
proof. Moreover, LLMs performance drops028
as program length increases. We hope these029
insights motivate further research into program030
termination and the broader potential of LLMs031
for reasoning about undecidable problems.032

1 Introduction033

Program termination is a central problem in com-034

puter science, demonstrated by the Halting Prob-035

lem (Turing et al., 1936). The undecidability of036

the Halting Problem proves that no algorithm can037

universally determine whether a given program will038

halt. Ensuring program termination is important039

for software reliability and safety (Avizienis et al.,040

2004). Non-termination may present a critical soft-041

ware defect that can lead to unbounded resource042

consumption, loss of system responsiveness, and 043

severe failures in real-world deployments. 044

Despite the undecidability of the Halting Prob- 045

lem, a variety of verification tools have been 046

proposed over the years to approximate termi- 047

nation analysis. State-of-the-art tools, such as 048

UAutomizer (Heizmann et al., 2023) and PRO- 049

TON (Metta et al., 2024), use automata over pro- 050

gram statements or leverage symbolic execution via 051

CBMC (Kroening and Tautschnig, 2014). These 052

tools often rely on complex, multi-stage problem- 053

and language-specific architectures (for example, 054

see PROTON architecture in Figure 1). 055

In recent years LLMs have demonstrated impres- 056

sive capabilities in code generation, reasoning, and 057

problem solving (Zheng et al., 2023; Zhao et al., 058

2023; Liu et al., 2024; Jiang et al., 2024). Unlike tra- 059

ditional tools, LLMs can be integrated directly into 060

the code generation phase, reason beyond surface- 061

level syntax, and generalize across programming 062

languages. This raises a compelling question: Can 063

LLMs reliably predict program termination and 064

enhance verification methods and systems? 065

Determining whether a program terminates on 066

all inputs is undecidable. Non-termination cannot 067

always be inferred from a finite set of concrete 068

executions, since the infinite behaviors might not be 069

captured by those finite traces. Proving termination 070

requires ruling out all infinite execution paths. Thus, 071

we argue that assessing termination requires LLMs 072

to reason about program structure and control flow 073

beyond pattern matching. 074

In this work, we asses the reasoning capabilities 075

of LLMs by evaluating their performance on the 076

International Competition on Software Verification 077

(SV-Comp) 2025 Termination category1 (Beyer, 078

2012). We cover both open-weights models, i.e., 079

CWM (Copet et al., 2025) and Qwen3-32B (Yang 080

et al., 2025) together with proprietary models, i.e., 081

1The dataset is publicly available, see Appendix A.
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Verdict: Terminates (T)

(2) Large Language Model 
(LLM) 

Input Program (P)

(1) Software architecture for PROTON, 
a state-of-the-art tool for non-termination 

analysis in C programs

Figure 1: Termination prediction task. Given a program, the task is to predict whether the program halts
for all inputs (instantiations of nondeterministic variables). (1) Traditional verification tools like PROTON use
multi-component architectures for parsing, input augmentation, and tool-chain management (its architecture image
reproduced from Metta et al. (2024) under Attribution 4.0 International License). (2) We investigate whether LLMs
can match state-of-the-art verification tools, providing a simpler, language-agnostic solution, as illustrated in the
example above where the LLM correctly predicts termination. For an example of non-termination see Figure 2.

GPT-5 (OpenAI, 2025), Claude Sonnet 4.5 (An-082

thropic, 2025), and GPT-4o (Hurst et al., 2024),083

which serves as a non-reasoning baseline model.084

For a reference, we report results for the top three085

SV-Comp 2025 verification tools: PROTON (Metta086

et al., 2024), UAutomizer (Heizmann et al., 2023),087

and AProVE (Emrich et al., 2023).088

To further validate our findings, we qualitatively089

analyze a subset of programs by prompting the090

model to explicitly specify the input values that091

cause non-termination. We believe this is a simpler,092

more interpretable alternative to the SV-Comp wit-093

ness format, that allows us to probe deeper into the094

reasoning process of the model.095

Results indicate that GPT-5 and Claude Sonnet-096

4.5 reach performance levels corresponding to097

second- and third-place, respectively, trailing only098

the PROTON tool, which placed first. CWM ranks099

immediately behind UAutomizer, which finished100

second in SV-Comp. Error analysis indicates that101

while LLMs are highly effective at predicting pro-102

gram termination, they struggle to provide sup-103

porting evidence by constructing valid automaton104

graphs for infinite paths within the program. Addi-105

tionally, their performance tends to degrade when106

handling longer and more complex code samples.107

More broadly, termination is one instance of a108

large class of undecidable problems. By Rice’s109

Theorem (Rice, 1953), every non-trivial semantic110

property of programs is undecidable, including111

central verification tasks such as unreachability,112

memory safety, and program equivalence checking.113

We hope that our results encourage further research114

into how large language models can reason about115

such semantic properties in practice.116

2 Problem Formulation 117

We follow the format specification of the SV-Comp 118

Termination category, in which the input is a 𝐶 119

program with one main function and possibly aux- 120

iliary helper functions. The program may include 121

multiple non-deterministic variables, which can be 122

assigned random values during execution. 123

The output is a termination prediction. Specif- 124

ically, we consider three possible predictions: (1) 125

T (Terminating), meaning the program termi- 126

nates on all possible input values; (2) NT (Non- 127

Terminating), indicating the program diverges on 128

some values and forms a non-termination loop. 129

Here, the model is required to provide a witness 130

automaton, which is a graph containing a cycle of 131

valid states to demonstrate an infinite execution path 132

within the program. Nodes correspond to program 133

states; edges represent transitions. 134

Importantly, this path does not need to be fully 135

explicit; the model is not required to specify the 136

exact nondeterministic values chosen along the path. 137

As a result, the model does not need to produce a 138

concrete counterexample, but rather a valid infinite 139

path through the program’s state space. This allows 140

standard SV-Comp validators to confirm correctness 141

in under a second. See Appendix E for details about 142

UAutomizer, the witness validator we used, and 143

Figure 2 for an example of LLM witness prediction. 144

Lastly, (3) UNK (Unknown) is returned when the 145

model cannot determine the termination behavior. 146

3 Dataset 147

We use SV-Comp 2025, which is arguably the largest 148

public collection of formal verification tasks, span- 149
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line 7; 
enterLoopHead: true

C code example:

N1 
entry

E0 

line 6

E1 N0 
cycle
Head

UAutomizer (Witness Validator)

N2

E2 
line 9; 
control: condition-true
assumption: i == 0

LLM witness prediction:
Verdict:        Non-termination

Figure 2: LLM non-termination witness predic-
tion. Given a 𝐶 program, an LLM that predicts non-
termination must additionally output a witness automa-
ton as a proof in JSON format (see Figure 8 in the
Appendix). The witness automaton models a potentially
infinite execution: nodes correspond to program states
and edges to transitions. The predicted JSON is con-
verted to GraphML and validated by a witness validator
(e.g., UAutomizer). The example illustrates a loop where
𝑖 is initialized in [−5, 5], eventually reaches 0 (see the
assumption on edge E2), and executes indefinitely.

ning six key properties for tool evaluation. We focus150

on the termination category resulting in a total151

of 2, 328 tasks. These tasks are organized into four152

subcategories: BitVectors (bit-precise arithmetic),153

MainControlFlow (complex control flow such as154

loops and recursion), MainHeap (dynamic heap155

memory manipulation), and Other. Each subcate-156

gory presents distinct program analysis challenges.157

A detailed summary of these subcategories is pro-158

vided in Table 7 in the Appendix.159

Each task in the dataset provides a 𝐶 code and160

its expected verification result, i.e., whether the161

code terminates or not. The benchmarks range162

from synthetic cases targeting specific algorithms163

to real-world code. Figure 2 illustrates a simple non-164

termination example from the SV-Comp dataset.165

Dataset statistics. The dataset contains 𝐶 input 166

programs of diverse lengths. Using the Instruct 167

Llama3 Tokenizer we find that 90% of samples 168

include maximum of 20K tokens (the median is 6K 169

tokens). See Appendix B for full statistics. 170

The dataset contains 2,328 samples, with 65.6% 171

labeled as Termination (T) and 34.4% as Non- 172

termination (NT). This distribution is skewed to- 173

ward terminating programs, reflecting typical real- 174

world software; non-terminating cases often arise 175

from unintended behaviors or bugs, which are also 176

deliberately included in SV-Comp. 177

4 Experimental Setup 178

We provide a detailed description of the evalua- 179

tion setup, covering model inference, evaluation 180

methodology, and task-specific evaluation metrics. 181

4.1 Model Inference 182

We evaluate CWM (Copet et al., 2025), Qwen3- 183

32B (Yang et al., 2025), GPT-5 (OpenAI, 2025) 184

and Claude Sonnet-4.5 (Anthropic, 2025), all in 185

reasoning mode. We additionally evaluate GPT- 186

4o (Hurst et al., 2024) as a strong baseline model 187

with no reasoning capabilities. 188

Inference pipeline. Each model is prompted to 189

generate a JSON object containing a verdict at- 190

tribute: true for Termination (T), and false for 191

Non-termination (NT). For NT cases, the model 192

also outputs a witness attribute, which is a JSON 193

graph (nodes are states in the program; edges the 194

transitions between states) representing a potential 195

infinite path. See Figure D in the Appendix for the 196

complete prompt provided to the model. 197

For a false verdict (NT), the LLM outputs a wit- 198

ness automaton graph in the witness JSON attribute. 199

The prediction is validated against a schema: the 200

graph must have unique nodes and edges ids, it also 201

must contain the required attributes (id, source, 202

target, line2, sourcecode). Duplicates or miss- 203

ing fields treated as errors. See Figure 8 in Appendix 204

for an example of predicted witness. 205

Finally, we convert the validated JSON object 206

into a GraphML representation, which is then pro- 207

cessed by a witness validator. Specifically, we use 208

the UAutomizer tool (Heizmann et al., 2023), which 209

symbolically analyzes the candidate infinite path by 210

accumulating constraints and using an SMT solver 211

2To facilitate accurate prediction of the line attribute, we
added line numbers to each line in the input code.
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Figure 3: SV-Comp main results. Mean SV-Comp scores for LLMs (across 100 bootstraps), top SV-Comp 2025
verification tools, and the max possible scores (minimum score is −50,064). GPT-5 (TTS) and Claude Sonnet-4.5
(TTS) would place 2nd and 3rd (3,520 and 3,448), behind the gold medalist PROTON. CWM ranks just below
UAutomizer. GPT-4o scores significantly lower: 546 with TTS, and a negative score without TTS (−5, 145).

to validate the feasibility of an infinite execution.212

See Appendix E for more details on UAutomizer.213

4.2 SV-Comp Score214

As discussed in Section 3, the SV-Comp Termina-215

tion category is divided into four categories. The216

SV-Comp score provides an average measure of217

performance across all categories, assigning equal218

weight to each. The score is computed as,219

Score =
1
𝑘

𝑘∑︁
𝑖=1

(
𝑠𝑖

𝑛𝑖

)
·
(

𝑘∑︁
𝑖=1

𝑛𝑖

)
(1)220

where 𝑠𝑖 is the total score for category 𝑖, 𝑛𝑖 is221

the number of samples in category 𝑖, 𝑘 is the total222

number of categories.223

Scoring per sample. We use the asymmetric224

scoring approach, following the metric used in SV-225

Comp, with the non-termination (NT) class treated226

as positive. See the scoring criteria in Table 1.227

Correct T predictions (true negatives (TN)) re-228

ceive +2 points. Correct NT predictions with a229

valid witness (TP_valid_witness) receive +1 point,230

while correct NT predictions with an invalid wit-231

ness (TP_invalid_witness) or unknown receive 0232

points. Incorrect NT predictions (false positives233

(FP)) are penalized with−16 points, and incorrect T234

predictions (false negatives (FN)) with −32 points.235

This scheme prioritizes safety in verification.236

False negatives (misclassify diverging programs237

as terminating) can lead to deploying software238

with infinite loops, risking system failures and239

Prediction type Score

Correct Termination (TN) +2
Correct Non-termination (TP_valid_witness) +1

Unknown 0
Correct Non-termination (TP_invalid_witness) 0

Incorrect Non-termination (FP) -16
Incorrect Termination (FN) -32

Table 1: SV-Comp scoring per sample. Non-
termination (NT) is the positive class. For NT pre-
dictions, scores differ based on witness validity.

resource exhaustion. False positives, by contrast, 240

only prompt unnecessary caution. 241

4.3 Evaluation 242

Bootstrap sampling. LLM outputs are inherently 243

stochastic, so repeated runs may yield different 244

predictions. To ensure a robust evaluation, we 245

employ bootstrap sampling. For each instance, we 246

aggregate results across 100 bootstrap runs. 247

SV-Comp-1. We generate 20 predictions per in- 248

stance and randomly select one prediction from the 249

20 generated for each bootstrap iteration. 250

SV-Comp-TTS. To improve reliability and uncer- 251

tainty estimates, we apply Test-Time Scaling (TTS) 252

with Consensus Voting. For each instance, we ran- 253

domly select 𝑛 = 10 out of 20 predictions. If all 254

sampled votes agree (considering T and NT, while 255

ignoring unknown), we adopt the unanimous pre- 256

diction. If there is any disagreement, we output 257

unknown to reflect model uncertainty, reducing the 258
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Model F1 (T) ↑ F1 (NT) ↑
GPT-5 (TTS) 0.98 0.96
GPT-5 0.98 0.97

Claude S-4.5 (TTS) 0.94 0.89
Claude S-4.5 0.98 0.96

CWM (TTS) 0.84 0.63
CWM 0.91 0.80

Qwen3-32B (TTS) 0.83 0.59
Qwen3-32B 0.90 0.78

GPT-4o (TTS) 0.73 0.50
GPT-4o 0.73 0.49

Table 2: LLMs SV-Comp F1 scores. F1 (T) and F1 (NT)
are averaged over 100 bootstrap runs. F1 decreases under
TTS due to increased unknown predictions (counted as
errors in F1). Rankings align with SV-Comp score.

risk of penalties from incorrect predictions.259

We found 𝑛 = 10 as a sweet spot for TTS, rep-260

resenting an optimal trade-off. Lower values of261

𝑛 make consensus easier and reduce unknown out-262

puts, while higher values increase the likelihood of263

disagreement and thus more unknown predictions,264

which can lower the overall score.265

Note that requiring agreement between all tra-266

jectories is a strict criterion that may lead to exces-267

sive unknown predictions and reduced overall score.268

Future work could explore alternative agreement269

thresholds to optimize performance.270

F1 score. Beyond the SV-Comp score, we report271

per-class F1 scores to enable a more fine-grained272

analysis of model performance. Unknowns predic-273

tions considered as a mistake.274

Model hyper-parameters. We configured each275

model using its official recommended settings. Top-276

p was set to 0.95 for all models. For CWM and277

Claude Sonnet 4.5, temperature is set to 1.0 while278

for Qwen temperature is set to 0.6, and for GPT-4o it279

is set to 0.7. For GPT-5, temperature control is not280

supported; we used the official default configuration281

with medium reasoning effort.282

5 Results283

5.1 Main Results284

Results are presented in Figure 3. Under the TTS285

setup, all reasoning models show impressive SV-286

Comp scores. Among the LLMs, GPT-5 achieves287

the highest LLM SV-Comp score (3,520), out-288

performing UAutomizer and placing second af-289

ter PROTON. Claude Sonnet-4.5 also surpasses290

UAutomizer, ranking third (3, 448). CWM (3,129)291

Model P ↑ R ↑ V ↑
GPT-5 40.1% 40.7% 41.4%
Claude Sonnet-4.5 38.5% 39.9% 40.7%
CWM 28.5% 25.9% 30.6%
Qwen3-32B 22.6% 17.9% 24.8%
GPT-4o 20.8% 22.7% 27.3%

Table 3: LLMs witness prediction (validated by UAu-
tomizer) success rates. Metrics: P (Precision): (%)
of validated witness NT predictions out of all NT pre-
dictions; R (Recall): (%) of validated witness NT pre-
dictions out of all NT samples; V (Validity): (%) of
validated witness NT predictions out of all correct NT
predictions. GPT-5 and Claude lead in prediction rates,
while CWM, GPT-4o, and Qwen3-32B perform lower,
highlighting the challenge of generating a valid witness.

and Qwen-32B (2,895) follow, and do not exceed 292

UAutomizer. GPT-4o, serving as a non-reasoning 293

baseline, shows substantially lower performance. 294

While all models benefit from TTS, this benefit is 295

more pronounced in CWM, Qwen-32B, and GPT4o 296

(e.g., Qwen SV-Comp-1 is 225 while its SV-Comp- 297

TTS is 2,895). Interestingly, the gap is the smallest 298

for GPT-5, implying better model calibration and 299

robustness across predictions. 300

Table 2 presents LLMs performance in terms 301

of F1 score. The F1 ranking aligns with the SV- 302

Comp ranking (e.g., GPT-5 ranks best under both). 303

As expected, the F1 scores for both classes T and 304

NT decrease under TTS, as increasing unknown 305

predictions are neutral for SV-Comp scoring but 306

counted as errors in F1 calculation. 307

F1 score’s standard deviations are consistently 308

low (< 0.1), indicating stable classification perfor- 309

mance across models, especially top LLMs. SV- 310

Comp score variability decreases with TTS, remain- 311

ing low for top models and demonstrating robust 312

results. See Appendix H for details. 313

5.2 Analysis 314

Next, we analyze models performance across three 315

main axis: (i) ability to predict a valid witness au- 316

tomaton graph; (ii) the frequency of unknown pre- 317

dictions, comparing their occurrence in SV-Comp-1 318

and TTS settings; and (iii) model performance as a 319

function of input code length. 320

Witness automaton prediction. Table 3 summa- 321

rizes the results of witness automaton prediction, as 322

validated by the UAutomizer witness validator. Per- 323

formance is evaluated using three metrics, which 324

correspond to the prediction types defined in Ta- 325

ble 1. The first metric, Validity (V), measures the 326
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proportion of correct NT predictions that have a327

valid witness, relative to all correct NT predictions:328

𝑉𝑎𝑙𝑖𝑑𝑖𝑡𝑦 =
𝑇𝑃valid_witness

𝑇𝑃valid_witness + 𝑇𝑃invalid_witness
(2)329

Similarly, Precision (P) and Recall (R) are de-330

fined as the proportion of correct NT predictions331

with a valid witness (out of all NT predictions in332

precision, and out of all NT samples in recall).333

Note that Precision and Recall also account for334

NT label prediction errors: false positives (FP) in335

Precision and false negatives (FN) in Recall, which336

are independent of whether the witness is valid.337

GPT-5 achieves the highest witness automaton338

validated predictions, with Claude performing sim-339

ilarly. CWM, GPT-4o, and Qwen3-32B exhibit340

lower performance, with CWM providing the best341

performance among the three.342

One might wonder whether models mistakes are343

derived from wrong prediction content or wrong344

format generation. To validate that, we compare345

witness formatting errors against witness validator346

errors, and find that most errors are content-related347

ones. GPT-5 and GPT-4o produced no formatting348

errors, while Qwen and Claude have formatting349

issues in about 5% of the cases. Interestingly,350

CWM exhibits formatting errors in roughly 25%351

of the cases, indicating that improved formatting352

could enhance its witness prediction performance.353

Overall, we conclude that predicting a valid wit-354

ness automaton is a challenging task for LLMs.355

Unknown prediction. Table 4 presents the results356

for unknown prediction considering both SV-Comp-357

1 and TTS. GPT-5 and Claude predict unknown358

least often, 0.5%, 0.3% respectively, followed by359

Qwen3-32B (2%) and CWM (6%). CWM’s higher360

unknown rate improves its SV-Comp-1 score com-361

pared to Qwen. GPT-4o predicts unknown much362

more frequently (26%), reflecting its difficulty with363

the program termination classification task.364

Under the TTS setup, GPT-5 and Claude have365

the lowest unknown rates (3% and 8%). These366

results are due to better consensus among model367

predictions, which implies better and more consis-368

tent model predictions. CWM, Qwen3-32B, and369

GPT-4o show less agreement, resulting in higher370

unknown rates, 22%, 23%, 30%, respectively.371

Code inputs length. We hypothesize that model372

performance is affected by code complexity, which373

often correlates with input length (longer code374

inputs are likely to present greater challenge).375

Model Unk ↓ TTS-Unk ↓
GPT-5 0.5% 3%
Claude Sonnet-4.5 0.3% 8%
CWM 6% 22%
Qwen3-32B 2% 23%
GPT-4o 26% 30%

Table 4: LLMs unknown prediction distribution. Unk:
(%) of unknown predictions, aggregated over 20 gen-
erations per entry. TTS-Unk: (%) of cases without
unanimous agreement among 10 model predictions, re-
sulting in an unknown. As we can see, GPT-5 and Claude
Sonnet-4.5 rarely predict unknown, while GPT-4o does
so most often. For TTS-Unk, GPT-5 and Claude show
high prediction unanimity, whereas CWM, Qwen3-32B,
and GPT-4o have more disagreement – improving SV-
Comp scores but lowers F1 scores.

Figure 4 illustrates the mean SV-Comp score as 376

a function of code input length (measured in tokens 377

using Instruct Llama3 Tokenizer), with examples 378

grouped into three equal size bins. The results 379

show a clear trend: as code length increases, the 380

mean SV-Comp score decreases. 381

Among the models, GPT-5 consistently achieves 382

the highest scores, followed by Claude and then 383

CWM. In the medium and long bins, GPT-4o out- 384

performs Qwen3 and matches CWM’s performance, 385

although its scores are notably lower in the smallest 386

bin. Interestingly, GPT-4o predicts a relatively high 387

number of unknown outcomes, which helps reduce 388

penalties for longer code inputs. 389

Next, we examine how code length varies with 390

prediction score. Our analysis reveals that incorrect 391

predictions (FN, FP), as well as unknown cases 392

and NT predictions with invalid witnesses, are 393

more prevalent on longer code inputs, while correct 394

predictions (TP, TN) tend to occur on shorter ones. 395

See Appendix F for details. These observations 396

align with the trends discussed above. 397

5.3 Qualitative Analysis 398

Since the SV-Comp witness format is rather com- 399

plex, we propose an interpretable alternative in 400

which models are asked to directly output a log- 401

ical expression over non-deterministic variables 402

characterizing conditions for non-termination (e.g., 403

𝑥 < 0 ∧ 𝑦 = 0 indicates that the program diverges 404

only when 𝑥 is negative and 𝑦 equals zero.) 405

To assess models’ ability to predict logical ex- 406

pressions representing non-termination (NT), we 407

manually annotated 40 NT programs from the SV- 408

Comp dataset. Each program is labeled with a 409

6



Figure 4: LLMs mean SV-Comp score vs. code
length. Dataset examples are grouped into three equal
size bins by code length (measured in tokens using
Instruct Llama3 Tokenizer) (x axis). The mean SV-
Comp score (y axis) per bin is shown for all models
(20 predictions per sample). Scores decrease with code
length; GPT-5 leads, followed by Claude and CWM.

logical expression for the NT domain.410

One annotator labeled all samples, while four411

others annotated a disjoint subset. Annotators were412

instructed to “Read the given C program and specify413

a logical expression over the non-deterministic414

variables that characterizes the inputs leading to415

non-termination.”. All annotators exhibited perfect416

agreement with the first annotator.417

Note that we selected short code examples with418

at most two non-deterministic variables to keep419

the annotation process manageable and reliable for420

human annotators. We observe that the resulting421

dataset contains simple logical expressions, and422

acknowledge that more complex expressions could423

arise in general (e.g., involving equations with424

higher-order terms or non-linear constraints).425

Since model predictions for NT domains may426

use different (syntactically) but equivalent logi-427

cal expressions (e.g., 𝑥 < 10 ∧ 𝑦 > −10 ver-428

sus 𝑥 ≤ 9 ∧ 𝑦 ≥ −9), we use the Z3 Theorem429

Prover (De Moura and Bjørner, 2008) to automat-430

ically verify equivalence between predicted and431

ground-truth expressions.432

Table 5 presents the mean Pass@1 and433

Pass@3 (Chen, 2021) accuracy for the 40 anno-434

tated samples, each evaluated with 10 model pre-435

dictions. “Domain W.” column reports results436

for our proposed witness format, while “SV-Comp437

W.” corresponds to the graph-based format. See438

Appendix G for the domain witness prompt.439

Both witness approaches demonstrate high accu-440

racy on these relatively short and straightforward441

code samples. Domain W. consistently achieves442

higher Pass@1 and Pass@3 scores than SV-Comp443

W., indicating that it facilitates the generation of444

Model Domain W. ↑ SV-Comp W. ↑
P@1 P@3 P@1 P@3

Claude S-4.5 0.87 0.96 0.80 0.83
CWM 0.82 0.96 0.75 0.83
Qwen3-32B 0.85 0.94 0.77 0.83

Table 5: LLMs performance on two types of witness
formats. We report Mean Pass@1 and Pass@3 accuracy
for correct witness predictions on 40 SV-Comp NT
samples (10 generations each) on these relatively short
code samples. All models perform well, with higher
accuracy for Domain W.

valid witnesses. Note that Domain W. is easier to 445

interpret and requires fewer output tokens, making 446

it worth to consider in future work. 447

Examples of model witness outputs. We find that 448

certain NT samples yield a valid domain witness 449

format but not a valid graph-based format, and 450

vice versa. This suggests that the two formats 451

are complementary: errors in one format do not 452

necessarily occur in the other. See Appendix I for 453

examples comparing both witness formats, with 454

one example also includes the model’s reasoning 455

process prior to its final answer. 456

6 Related Work 457

LLMs vs. classic reasoners. Kambhampati (2024) 458

examine the capacity of LLMs for reasoning and 459

planning, showing that they underperform classical 460

planners on benchmarks from the International Plan- 461

ning Competition (Valmeekam et al., 2024). They 462

argue that while LLMs may complement traditional 463

planners through their language capabilities, they 464

fall short in both accuracy and efficiency (Kamb- 465

hampati et al., 2024). Similarly, Hazra et al. (2025) 466

report that reasoning-oriented models yield im- 467

provements on SAT tasks but still do not reach the 468

performance of classical solvers. 469

In the context of theorem proving, prior work 470

mostly integrates LLMs with symbolic reasoning 471

systems such as Lean, SMT solvers, and first- 472

order logic provers-where LLMs generate candidate 473

proofs that are verified by symbolic tools, improv- 474

ing performance and reliability (Sultan et al., 2025; 475

Trinh et al., 2024; Mirzadeh et al., 2024; Régin et al., 476

2024; Szeider, 2024; Olausson et al., 2023). In con- 477

trast, we evaluate the standalone ability of LLMs 478

to reason about program termination, while noting 479

that practical systems should ultimately combine 480

LLMs with symbolic proof checkers. 481

Termination analysis using LLMs. Most prior 482
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work has focused on predicting program inputs and483

outputs (Gu et al., 2024; Xu et al., 2025). Recent484

studies show that jointly training models to predict485

code and execution traces improves code generation486

(Armengol-Estapé et al., 2025), and that learning487

code world models further extends this capability488

(Copet et al., 2025). Termination prediction goes489

beyond execution, requiring reasoning about the490

existence of non-terminating behaviors.491

Another line of work has explored using LLMs to492

synthesize termination arguments, such as ranking493

functions (Kamath et al., 2024), but, to the best of494

our knowledge, has not addressed non-termination495

witnesses. Alon and David (2022) applies GNNs to496

termination reasoning, using timeouts as a heuristic497

proxy for non-termination. More recently, Copet498

et al. (2025) evaluate CWM and Qwen3 on a simpli-499

fied subset of translated Python functions from SV-500

Comp and TPDB, 3 showing strong performance.501

Termination analysis tools. In SV-Comp 2025, the502

leading systems are PROTON (Metta et al., 2024)503

and UAutomizer (Heizmann et al., 2023). PRO-504

TON uses CBMC (Kroening and Tautschnig, 2014)505

to soundly detect non-termination via recurrent506

loop states and generate witnesses, falling back on507

high-confidence termination checks from VeriFuzz508

(Metta et al., 2023). UAutomizer instead encodes509

programs as automata and applies SMT-based re-510

finement to eliminate infeasible paths.511

SV-Comp tools typically target small, self-512

contained programs. In contrast, Raad et al. (2024)513

propose a repository-level analysis over millions of514

lines of code that seeks to establish non-termination,515

without proving termination. Their approach iden-516

tifies recurrent sets (Gupta et al., 2008) as non-517

termination witnesses and leverages bi-abduction518

(Calcagno et al., 2011) and under-approximation519

(O’Hearn, 2020) to achieve soundness at scale.520

7 Discussion521

Decidable vs. Undecidable problems. As dis-522

cussed in Section 6, prior studies report that LLMs523

underperform classical solvers on decidable tasks524

such as SAT and propositional planning. Inter-525

estingly, our results suggest that LLMs achieve526

comparable performance to classical tools on the527

halting problem, a task that is theoretically more528

challenging due to its undecidability.529

This discrepancy may be partly attributable to530

differences in benchmark construction: SAT and531

3https://github.com/TermCOMP/TPDB

planning competition benchmarks are largely syn- 532

thetically generated, whereas SV-Comp has evolved 533

through community contributions informed by the 534

practical experience of verification teams. As a 535

result, SV-Comp more closely reflects naturally 536

occurring verification problems rather than being 537

explicitly designed to be adversarial. Moreover, 538

unlike SAT or propositional planning, the halting 539

problem has not been fully resolved by classical 540

tools, hence leaves more room for improvement. 541

Additionally, as undecidable problems cannot be 542

solved exhaustively and instead depend on heuristic 543

methods, they may constitute a more natural appli- 544

cation domain for LLMs than problems for which 545

classical techniques are already highly effective. 546

Beyond SV-Comp. While SV-Comp constitutes an 547

important and valuable benchmark, making LLMs 548

useful for program termination requires extending 549

evaluation to more challenging settings. We believe 550

that the ultimate assessment of the practical utility 551

of LLMs in termination analysis should derive from 552

deployment on real-world codebases, for example 553

within continuous integration pipelines. In practical 554

deployments, automatic termination reasoning must 555

handle a continual stream of previously unseen 556

problems and meet the accuracy requirements of 557

real-world engineering, rather than those defined 558

by researcher-curated benchmarks. 559

8 Conclusions and Future Work 560

We tackled the foundational problem of program 561

termination, examining whether LLMs can reason 562

about termination and achieve performance compa- 563

rable to state-of-the-art symbolic verification tools 564

on the SV-Comp termination benchmark. 565

We empirically show strong performance of 566

LLMs on program termination prediction. GPT-5 567

and Claude S-4.5 (with TTS) performs just below 568

the top-ranked tool (PROTON), while the Code 569

World Model (CWM) performs just below the 570

second-ranked tool (UAutomizer). Across all mod- 571

els, performance degrades as code length increases, 572

and witness generation remains a notable challenge. 573

Future work will focus on constructing challeng- 574

ing, real-world benchmarks to advance research 575

on termination reasoning and, more broadly, the 576

role of LLMs in addressing undecidable problems. 577

Another promising direction is exploring neuro- 578

symbolic approaches that combine LLMs with 579

symbolic verification tools. 580
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Limitations581

• Programming Language. Our experiments582

were conducted on the SV-Comp dataset,583

which consists exclusively of C programs. We584

acknowledge that results may vary for other585

programming languages.586

• Proprietary LLM (OpenAI GPT-5). GPT-5587

achieves the best performance across models.588

While this model delivers strong performance,589

its architecture, training data, and training590

methodology are proprietary.591

• LLMs are sensitive to prompt phrasing.592

LLMs are sometimes sensitive to small593

changes to the prompts. We acknowledge594

that results may vary with different prompts.595

• Lab versus competition conditions. The596

LLM results reported on in this work were not597

from official entry to the SV-Comp competi-598

tion, and exact competition conditions cannot599

be guaranteed, and this could affect compar-600

ison to the scores of SV-Comp entrants. We601

expect that our LLM results are conservative,602

as we use one witness validator rather than603

many. This work was completed after the604

deadline for SV-Comp 2026; perhaps LLM605

entries could participate in SV-Comp 2027.606

Ethical Considerations607

AI Assistants. We used AI assistants for coding608

support, writing, and rephrasing. All AI-generated609

outputs were carefully reviewed and edited to ensure610

alignment with our design goals and to preserve the611

original intent of our work.612
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A Reproducibility791

The SV-Comp dataset we used is available792

at: https://gitlab.com/sosy-lab/sv-comp/793

bench-defs. To obtain the benchmarks, clone the794

repository. Then, checkout the svcomp25 tag and795

initialize submodules (including sv-benchmarks).796

Repository versions used in the competition797

are listed in Table 4 of the report: https://798

doi.org/10.1007/978-3-031-90660-2_9. The799

benchmark-defs directory contains definitions for800

all verifiers. Benchmarks are organized by prop-801

erty (e.g., Termination), with sub-categories. We802

followed the official instructions and excluded 11803

invalid tasks (9 from “MainControlFlow”, 2 from804

“Other”), resulting in 2,328 samples.805

B Dataset Statistics806

The details of these subcategories are summarized807

in Table 7.808

Length distribution. The dataset exhibits signifi-809

cant variability in code length: token counts range810

from 45 to 96,827, with a mean of 𝜇 = 6,080 and811

a standard deviation of 𝜎 = 10,898. See Figure 5812

for the code length histogram.813

C SV-Comp Witness814

According to the SV-Comp specification, when a815

non-termination is predicted, a witness must be816

provided to encode the proof as a graph structure.817

In this graph, nodes represent distinct program818

states, each assigned a unique id. Nodes may also819

include special attributes such as entry (marking820

the entry point) or cyclehead (indicating the head821

of a cycle). Edges denote transitions between states,822

corresponding to lines of code. Each edge includes823

its own id, the relevant source code line, the source824

and target node IDs, the actual sourcecode line,825

and any special properties (e.g., enterLoopHead,826

control, assumption).827

To generate this witness, we prompt the LLM828

to produce a JSON object that encodes the graph.829

This JSON is subsequently converted to a GraphML830

file and validated using a dedicated verifier tool.831

For a visual illustration, refer to Figure 8.832

D SV-Comp Prompt833

See Figure 6 for a detailed description of the prompt834

provided to the LLM, including the termination835

analysis task instructions and the requirements836

for witness proofs in SV-Comp format for non-837

termination predictions. See Figure 7 for few-shot838

Figure 5: Histogram of input code length in SV-Comp
2025. X axis: code length in tokens. Y axis: frequency
in the data. Almost all code samples have at most 20𝐾
tokens (𝜇 = 6, 080, 𝜎 = 10, 898).

examples given to the LLM. These include one ex- 839

ample demonstrating non-termination and another 840

demonstrating termination. 841

E UAutomizer Witness Validator 842

Ultimate Automizer (UAutomizer) is a powerful 843

verification tool capable of both producing and vali- 844

dating witnesses for program verification tasks. As 845

a witness validator, UAutomizer checks whether a 846

given witness automaton (encoded in GraphML) 847

correctly describes a feasible error path (violation 848

witness) or a proof of correctness (correctness wit- 849

ness) for a program and its specification. 850

Validation workflow. UAutomizer requires the pro- 851

gram source file (e.g., test.c), the specification file 852

(in our task, ../properties/termination.prp), 853

the witness automaton in GraphML format (e.g., 854

witness.graphml), and the architecture (32 or 64 855

bit). 856

Command-line invocation. 857

./Ultimate.py \ 858

--architecture 32bit \ 859

--spec PropertyUnreachCall.prp \ 860

--file test.c \ 861

--validate witness.graphml 862

Validation mechanism. UAutomizer parses the 863

witness automaton (GraphML) and interprets its 864

nodes and edges according to the witness speci- 865

fication. It simulates program execution, guided 866

by the automaton. It checks for a feasible path in 867

the program matching the error path(s) described 868

by the automaton, leading to a violation of the 869

specification. 870

Result interpretation. If UAutomizer finds a 871

matching error path, it outputs FALSE, meaning 872
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Method SV-Comp-1 F1 (T) F1 (NT) SV-Comp-TTS@10 F1 (T) F1 (NT)

GPT-5 3,211 (± 185) .98 (± .001) .97 (± .002) 3,520 (± 47) .98 (± .001) .96 (± .002)
Claude Sonnet-4.5 2,737 (± 184) .98 (± .002) .96 (± .003) 3,448 (± 49) .94 (± .003) .89 (± .005)
CWM 1,491 (± 324) .91 (± .004) .80 (± .011) 3,129 (± 80) .84 (± .003) .63 (± .008)
Qwen3-32B 225 (± 214) .90 (± .004) .78 (± .010) 2,895 (± 84) .83 (± .003) .59 (± .005)
GPT-4o -5,145 (± 750) .73 (± .004) .49 (± .006) 546 (± 146) .73 (± .004) .50 (± .006)

PROTON 3,685 – – – – –
UAutomizer 3,334 – – – – –
AProVE 2,219 – – – – –

Max 4,079 1.0 1.0 4,079 1.0 1.0
Min -50,064 0.0 0.0 -50,064 0.0 0.0

Table 6: SV-Comp-1, SV-Comp-TTS@10, and the F1 scores are reported as the mean ± standard deviation across 100
bootstrap runs. In F1 score unknown predictions treated as errors. We evaluate both proprietary and open-weights
state-of-the-art LLMs with reasoning mode, and GPT-4o as a baseline without reasoning. Additionally, the table
lists the top three state-of-the-art verifier participants from the SV-Comp 2025 Termination category, as well as
the maximum and minimum SV-Comp score possible. As we can see, GPT-5 and Claude Sonnet-4.5 would score
second and third (SV-Comp-TTS@10 of 3,520 and 3,448 respectively), behind the gold medal PROTON verification
tool, while the Code World Model (CWM) would place just below UAutomizer, the silver medal winner at SV-Comp.
GPT-4o, a non-reasoning baseline, shows much lower performance.

the witness is validated and the program violates873

the specification as described. If no such path exists,874

or the automaton does not match the program, it875

outputs TRUE, meaning the witness is rejected.876

Interpreting the witness automaton. UAutomizer877

expects the witness automaton to be encoded in878

GraphML, with nodes representing control states879

and edges representing transitions. It reads <data>880

elements attached to nodes and edges, which881

encode information such as entry/sink/violation882

states, invariants, assumptions, source code loca-883

tions, and thread information. The automaton must884

include specification and architecture information,885

allowing UAutomizer to match the witness to886

the correct verification context. See https:887

//github.com/sosy-lab/sv-witnesses/blob/888

main/README-GraphML.md for reference.889

F Code Length Error Analysis890

One of the key questions in our error analysis is891

whether longer code snippets are associated with892

a higher rate of mistakes across models. Table 8893

reports the mean code length for each prediction894

outcome. Our results show that incorrect predic-895

tions (false negatives and false positives) are indeed896

linked to longer inputs, while correct predictions897

(true positives and true negatives) are more common898

for shorter code snippets. Additionally, unknowns899

and unconfirmed witnesses are also associated with900

longer code, suggesting that models are more likely901

to abstain from answering when confronted with902

complex or lengthy programs.903

G Domain Witness Prompt 904

See Figure 9 for a detailed description of the prompt 905

provided to the LLM for the domain prediction 906

witness settings. 907

H Main Results 908

See Table 6 for the main results of LLM evalua- 909

tion in SV-Comp 2025. The table reports mean 910

scores and standard deviations across 100 bootstrap 911

runs. Notably, the standard deviation for F1 scores 912

across models is consistently low, which indicates 913

stable classification performance, particularly for 914

top-performing LLMs. In contrast, SV-Comp score 915

standard deviations span a much wider range, from 916

47 up to 750. While leading models demonstrate 917

robust and consistent SV-Comp results with lower 918

variability, mid-tier and baseline models exhibit 919

greater fluctuations and less reliable verification 920

performance. 921

Notice, in SV-Comp 2025, multiple witness val- 922

idators are used, and a prediction is accepted if any 923

of them validates it. We consider the UAutomizer 924

validator only, uautomizer, making the LLM’s eval- 925

uation stricter and possibly yielding a lower scores 926

compared to the official competition score. 927

I Model Witness Responses Examples 928

In Section 5.3, we sampled 40 short code snippet 929

examples from the svcomp dataset and evaluated 930

several LLMs, generating 10 predictions per sam- 931

ple. Our results indicate that LLMs demonstrate 932
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Subcategory Description Samples

BitVectors Programs involving bit-precise arithmetic operations. 34
MainControlFlow Programs with complex control flow (e.g., loops, conditionals, recursion). 281
MainHeap Programs that utilize dynamic heap memory allocation and manipulation. 202
Other Miscellaneous benchmarks related to termination verification. 1, 822

Total Union over subcategories. We follow SV-Comp 2025 and exclude 11 invalid
tasks (9 from “MainControlFlow” and 2 from “Other”)

2, 328

Table 7: Distribution of termination verification tasks in SV-Comp 2025 across four subcategories.

strong performance in both the graph-based witness933

format and the domain witness format. This is ex-934

pected, as this subset of code examples consists of935

relatively easy cases. Notably, LLMs consistently936

achieve higher accuracy in the domain witness for-937

mat. Interestingly, we observed instances where938

predictions were correct in the domain witness for-939

mat but incorrect in the automaton (graph) witness940

format. These findings suggest that the domain941

witness and automaton (graph) witness formats are942

complementary; a mistake in one format does not943

necessarily imply a mistake in the other. We present944

examples of CWM predictions. Both domain and945

graph-based witness predictions are correct (see946

Figure 10). Domain witness prediction is incor-947

rect, but graph-based prediction is correct (see948

Figure 11). Domain witness prediction is correct,949

but graph-based prediction is incorrect (see Fig-950

ure 12). Lastly, we include another example of951

correct domain witness prediction, with the goal952

of showing how the natural language reasoning is953

align and reflect the final answer (Figure 13).954
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Program Termination Analysis Prompt
You are an expert code analyzer specializing in program termination analysis. You will be given a C program to analyse.
Every line of the program will begin with a line number (e.g., 13: x = x + 1 for line 13), which is for tracking and
does not affect compilation. The program may either terminate for all inputs or diverge for some inputs. A function called
__VERIFIER_nondet_X() can return an arbitrary value of type X.
Determine whether the program terminates on all inputs. Your goal is to earn the maximum number of points by answering
correctly.

• If the program always terminates, respond with:
{
"verdict": true
}

If you are correct, you will earn points.
• If the program can diverge (i.e., may not terminate for some inputs), respond with:

{
"verdict": false,
"witness": { ... }
}

and provide a witness demonstrating the control flow graph of the non-termination loop. If you are correct and the witness
is valid, you will earn points.

• If your answer is incorrect, you will lose points. The most severe error is predicting termination ("verdict": true)
when the correct answer is non-termination ("verdict": false), which will result in the largest point deduction.

• If you cannot confidently determine whether the program always terminates, it is recommended to respond with:
{
"verdict": null
}

This will not earn points but also incurs no penalty.
Witness Generation for Non-Terminating Programs
When the verdict is false (non-terminating program), you MUST include a witness object that represents the control flow graph
focused on the infinite loop structure.
JSON Structure (SV-COMP Witness Format):

• Nodes: id, entry, cyclehead
• Edges: id, source, target, line, sourcecode, control, assumption, enterLoopHead, enterFunction, returnFrom

Critical Constraints:
1. Unique edge IDs and line numbers
2. Loop head entries marked with enterLoopHead: true
3. Node conventions: N1 is entry, N0 is cyclehead
4. Cycle structure: last edge targets N0
5. Focus on loop, no exit paths
6. Graph flow: N1 → setup → N0 → loop body → N0 (cycle)

Graph Flow Structure:
1. Start at N1 (entry node)
2. Progress through necessary setup
3. Enter the loop head N0
4. Execute loop body
5. Final edge targets N0, creating the infinite cycle

Figure 6: Task requirements for program termination analysis in SV-Comp format.

Model FN FP Unknown TP_Unconfirmed_Witness TP TN

GPT-5 13,492 6,607 6,658 10,356 4,874 4,422
Claude Sonnet-4.5 6,802 6,769 16,144 10,561 4,602 4,367
CWM 11,672 11,534 6,504 9,449 4,717 4,184
Qwen3-32B 7,040 6,451 6,543 10,221 4,387 4,529
GPT-4o 3,887 1,595 11,684 13,160 3,924 1,334

Average 8,579 6,591 9,507 10,749 4,501 3,767

Table 8: Mean input code length (tokens) per score type, aggregated across all models. Incorrect predictions (FN,
FP) and unknowns are associated with longer code inputs, while correct predictions (TP, TN) occur on shorter inputs.
Unconfirmed witness cases show the highest average code length, suggesting models often abstain or struggle with
validation on complex code.
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Examples: Example 1: Non-Terminating Program

1: extern int __VERIFIER_nondet_int(void);
2: int main() {
3: int x;
4: x = __VERIFIER_nondet_int();
5:
6: while (x % 2 == 0) {
7: x = x + 2;
8: }
9: return 0;
10: }

Expected answer:

{
"verdict": false,
"witness": {
"nodes": [
{ "id": "N1", "entry": "true" },
{ "id": "N2" },
{ "id": "N0", "cyclehead": "true" },
{ "id": "N3" }
],
"edges": [
{ "id": "E0", "source": "N1", "target": "N2", "line": 3, "sourcecode": "int x;" },
{ "id": "E1", "source": "N2", "target": "N0", "line": 4, "enterLoopHead": true, "sourcecode":
"x = __VERIFIER_nondet_int()" },
{ "id": "E2", "source": "N0", "target": "N3", "line": 6, "control": "condition-true",
"assumption": "x % 2 == 0", "sourcecode": "while (x % 2 == 0) {" },
{ "id": "E3", "source": "N3", "target": "N0", "line": 7, "enterLoopHead": true, "sourcecode":
"x = x + 2" }
]
}
}

Example 2: Terminating Program

1: extern int __VERIFIER_nondet_int(void);
2: int main() {
3: int i, j;
4: j = 0;
5: for (i = 0; i < 10; i++) {
6: j = j + 1;
7: }
8: return 0;
9: }

Expected answer:

{
"verdict": true
}

Figure 7: Few-shot examples for program termination and non-termination for the SV-Comp prompt.
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C code example:

LLM  witness 
prediction

Figure 8: Example of an LLM-generated witness automaton (graph) in json format.
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Domain Witness Prompt
You are given a main function in C programming language that contains a loop or recursion and does not terminate for all inputs.

Note: __VERIFIER_nondet_ defines a non-deterministic value that can be used to generate a random input.

Your task: Predict for which non-deterministic inputs it will not terminate (diverge).

To achieve this: Simulate the execution of the main function step-by-step.

During simulation, detect early signs of divergence based on the logic of the loop.

For example: if a variable used in the loop condition or update becomes positive while another grows unboundedly, or if the
loop body increases
a value that keeps the loop condition true indefinitely, this may indicate divergence.

Important:
Do not add arbitrary iteration limits unless strictly necessary for safety – the detection should be logical and correct.

Assume the function uses only basic arithmetic and comparisons; no external state or side effects.

In your answer: Write an expression involving the non-deterministic variables, which describes the conditions under which the
function main is guaranteed to diverge.

Please write an expression involving the non-deterministic variables and the logic gates ("and", "or", "not", and so on) for the
range of input values causing the program to diverge.

An example would be as follows:

typedef enum {false,true} bool;
extern int __VERIFIER_nondet_int(void);
int main() {
int i;
i = __VERIFIER_nondet_int();
while (i != 0) {
if (i < 0) {
i = i+2;
if (i < 0) {
if (i <= -2147483648) return 0;
i = i*(-1);
}
}
} else {
i = i-2;
if (i > 0) {
i = i*(-1);
}
}
}
return 0;
}

Expected answer:
(i % 2 != 0) and (i >= -2147483649)

Figure 9: A one-shot example prompt given to the model for the domain witness prompt.
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Input 𝐶 code:

1: //
2: //
3: //
4:
5: /*
6: *
7: *
8: */
9:
10: extern int __VERIFIER_nondet_int(void);
11:
12: int main() {
13: int a, x, y;
14: x = __VERIFIER_nondet_int();
15: y = __VERIFIER_nondet_int();
16: a = 0;
17: while (y > 0) {
18: if (x < 0) {
19: y = x̃;
20: } else {
21: y = y - 1;
22: }
23: }
24: return 0;
25: }

A correct domain witness:

x < -1 and y > 0

A correct witness automaton prediction:

{
"verdict": false,
"witness": {
"nodes": [
{ "id": "N1", "entry": "true" },
{ "id": "N2" },
{ "id": "N3" },
{ "id": "N4" },
{ "id": "N5" },
{ "id": "N0", "cyclehead": "true" },
{ "id": "N6" }
],
"edges": [
{ "id": "E0", "source": "N1", "target": "N2", "line": 13, "sourcecode": "int a, x, y;" },
{ "id": "E1", "source": "N2", "target": "N3", "line": 14, "sourcecode": "x =
__VERIFIER_nondet_int()" },
{ "id": "E2", "source": "N3", "target": "N4", "line": 15, "sourcecode": "y =
__VERIFIER_nondet_int()" },
{ "id": "E3", "source": "N4", "target": "N5", "line": 16, "sourcecode": "a = 0" },
{ "id": "E4", "source": "N5", "target": "N0", "line": 17, "enterLoopHead": true,
"sourcecode": "while (y > 0)" },
{ "id": "E5", "source": "N0", "target": "N6", "line": 18, "control": "condition-true",
"assumption": "x < 0", "sourcecode": "if (x < 0 )" },
{ "id": "E6", "source": "N6", "target": "N0", "line": 19, "enterLoopHead": true,
"sourcecode": "y = x̃" }
]
}
}

Figure 10: A sample where CWM produces both a correct domain witness prediction and a correct graph-based
prediction (SV-Comp). The model’s output includes natural language reasoning (omitted for brevity) and a JSON
answer: the verdict is false for NT and true for T, with a witness provided for NT cases.
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Input 𝐶 code:

1: typedef enum {false,true} bool;
2:
3: extern int __VERIFIER_nondet_int(void);
4:
5: int main() {
6: int i;
7: i = __VERIFIER_nondet_int();
8:
9: while (i >= -5 && i <= 5) {
10: if (i > 0) {
11: i = i-1;
12: }
13: if (i < 0) {
14: i = i+1;
15: }
16: }
17:
18: return 0;
19: }

A wrong domain witness:

i = 0

The correct domain witness:

i >= -5 and i <= 5

A correct witness automaton prediction:

{
"verdict": false,
"witness": {
"nodes": [
{ "id": "N1", "entry": "true" },
{ "id": "N2" },
{ "id": "N0", "cyclehead": "true" }
],
"edges": [
{ "id": "E0", "source": "N1", "target": "N2", "line": 6, "sourcecode": "int i;" },
{ "id": "E1", "source": "N2", "target": "N0", "line": 7, "enterLoopHead": true, "sourcecode":
"i = __VERIFIER_nondet_int()" },
{ "id": "E2", "source": "N0", "target": "N0", "line": 9, "control": "condition-true",
"assumption": "i == 0", "enterLoopHead": true, "sourcecode": "while (i >= -5 && i <= 5) " }
]
}
}

Figure 11: A sample where CWM produces a wrong domain witness prediction but a correct graph-based
prediction (SV-Comp). The model’s output includes natural language reasoning (omitted for brevity) and a JSON
answer: the verdict is false for NT and true for T, with a witness provided for NT cases. The witness automaton
graph demonstrates a non-terminating loop: the variable 𝑖 may start at any value from −5 to 5, and after several
iterations, 𝑖 eventually reaches 0 (as indicated by the assumption property in edge E2), causing the loop to continue
indefinitely. So the correct domain is 𝑖 >= −5 and 𝑖 <= 5.
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Input 𝐶 code:

1: typedef enum {false,true} bool;
2:
3: extern int __VERIFIER_nondet_int(void);
4:
5: int main() {
6: int i;
7: i = __VERIFIER_nondet_int();
8:
9: while (i < 0) {
10: if (i != -5) {
11: i = i+1;
12: }
13: }
14:
15: return 0;
16: }

A correct domain witness prediction:

i <= -5

A wrong witness automaton prediction:

{
"verdict": false,
"witness": {
"nodes": [
{"id": "N1", "entry": "true"},
{"id": "N2"},
{"id": "N0", "cyclehead": "true"},
{"id": "N3"}
],
"edges": [
{"id": "E0", "source": "N1", "target": "N2", "line": 6, "sourcecode": "int i;"},
{"id": "E1", "source": "N2", "target": "N0", "line": 7, "enterLoopHead": true, "sourcecode":
"i = __VERIFIER_nondet_int()"},
{"id": "E2", "source": "N0", "target": "N3", "line": 9, "control": "condition-true",
"assumption": "i < 0", "sourcecode": "while (i < 0) "},
{"id": "E3", "source": "N3", "target": "N0", "line": 11, "enterLoopHead": true, "sourcecode":
"i = i+1"}
]
}
}

A correct witness automaton prediction:

{
"verdict": false,
"witness": {
"nodes": [
{"id": "N1", "entry": "true"},
{"id": "N2"},
{"id": "N0", "cyclehead": "true"},
{"id": "N3"}
],
"edges": [
{"id": "E0", "source": "N1", "target": "N2", "line": 6, "sourcecode": "int i;"},
{"id": "E1", "source": "N2", "target": "N0", "line": 7, "enterLoopHead": true, "sourcecode":
"i = __VERIFIER_nondet_int()"},
{"id": "E2", "source": "N0", "target": "N3", "line": 9, "control": "condition-true",
"assumption": "i < 0", "sourcecode": "while (i < 0) "},
{"id": "E3", "source": "N3", "target": "N0", "line": 13, "enterLoopHead": true, "sourcecode":
""}
]
}
}

Figure 12: A sample where CWM produces a correct domain witness prediction but a incorrect graph-based
prediction (SV-Comp). The model’s output includes natural language reasoning (omitted for brevity) and a JSON
verdict (true for T, false for NT), with a witness provided for NT cases. Among 10 predictions, a correct witness
automaton prediction is also found and shown below the incorrect one.20



Input 𝐶 code:

1: typedef enum {false,true} bool;
2:
3: extern int __VERIFIER_nondet_int(void);
4:
5: int main() {
6: int i;
7: i = __VERIFIER_nondet_int();
8:
9: while (i < 0) {
10: if (i != -5) {
11: i = i+1;
12: }
13: }
14:
15: return 0;
16: }

Reasoning and answer: Okay, so I need to figure out for which values of the non-deterministic variable ‘i‘ the given C program
will not terminate. Let me look at the code again.The program starts by assigning ‘i‘ a non-deterministic integer value. Then it
enters a while loop that continues as long as ‘i‘ is less than 0. Inside the loop, there’s an if statement that checks if ‘i‘ is not
equal to -5. If that’s true, it increments ‘i‘ by 1. If ‘i‘ is -5, the loop body does nothing, and the loop condition is checked
again.Hmm, so let’s think about what happens in different scenarios.First, if ‘i‘ starts at a value less than -5, say -10. Then, in
each iteration, since ‘i‘ is not -5, it gets incremented by 1. So it would go from -10 to -9, then -8, and so on, until it reaches -5.
At that point, when ‘i‘ is -5, the if condition ‘i != -5‘ becomes false, so the increment doesn’t happen. The loop condition ‘i <
0‘ is still true because -5 is less than 0, so the loop continues. But now, since ‘i‘ is -5, the if statement doesn’t execute, so ‘i‘
remains -5. This means the loop will keep checking the condition ‘i < 0‘, which is true, and since ‘i‘ doesn’t change, it will loop
indefinitely. So any starting value of ‘i‘ that is less than or equal to -5 will cause the program to diverge.Wait, but what if ‘i‘
starts at a value greater than or equal to 0? Then the loop condition ‘i < 0‘ is false from the start, so the loop doesn’t execute at
all, and the program terminates immediately. That’s not a problem.What about if ‘i‘ starts between -5 and 0, like -3? Then, in
the first iteration, since ‘i‘ is not -5, it gets incremented by 1, becoming -2. Then the loop condition is checked again. Since -2
is still less than 0, the loop continues. Again, ‘i‘ is not -5, so it increments to -1. Then the loop condition is checked again.
-1 is less than 0, so loop again. Increment to 0. Now, the loop condition ‘i < 0‘ is false, so the loop exits, and the program
terminates. So starting values between -4 and -1 (inclusive) will eventually reach 0 and terminate.But wait, what if ‘i‘ starts
at -5? Then, in the first iteration, the if condition ‘i != -5‘ is false, so ‘i‘ doesn’t change. The loop condition ‘i < 0‘ is true,
so the loop continues. But since ‘i‘ remains -5, this will loop forever. So starting at -5 is a problem.Similarly, if ‘i‘ starts at
any value less than -5, like -6, -7, etc., it will increment by 1 each time until it reaches -5. Once it reaches -5, the increment
stops, and the loop continues indefinitely because ‘i‘ is still less than 0. So any starting value less than or equal to -5 will cause
divergence.Wait, but let’s test this with an example. Suppose ‘i‘ starts at -6. First iteration: ‘i‘ is -6 (not -5), so increment to
-5. Now, ‘i‘ is -5. Next iteration: ‘i‘ is -5, so the if condition is false, no increment. Loop condition ‘i < 0‘ is true, so loop
again. ‘i‘ remains -5. This repeats forever. So yes, starting at -6 leads to divergence.Another example: ‘i‘ starts at -5. First
iteration: ‘i‘ is -5, so no increment. Loop condition is true, loop again. ‘i‘ remains -5. Diverges.If ‘i‘ starts at -4: first iteration,
‘i‘ is -4 (not -5), increment to -3. Loop condition true. Next iteration, ‘i‘ is -3, increment to -2. Loop condition true. Next,
‘i‘ is -2, increment to -1. Loop condition true. Next, ‘i‘ is -1, increment to 0. Loop condition false, exit. Terminates.So the
divergence occurs when the initial value of ‘i‘ is less than or equal to -5. Because in those cases, the loop will eventually reach
-5 (if starting below -5) or start at -5, and then get stuck in an infinite loop.Wait, but what if ‘i‘ starts at a value less than -5, but
when it increments, it skips over -5? No, because it increments by 1 each time. So if ‘i‘ starts at -6, it goes to -5, then stops
incrementing. If it starts at -1000, it will increment 995 times to reach -5, then stop. So any starting value less than or equal to
-5 will eventually reach -5 and then loop forever.Therefore, the condition for divergence is ‘i <= -5‘. But wait, let me check the
code again. The loop condition is ‘i < 0‘. So when ‘i‘ is -5, the loop continues. But when ‘i‘ is -5, the if statement ‘i != -5‘ is
false, so ‘i‘ doesn’t change. So the loop will run indefinitely.Therefore, the program diverges if and only if the initial value of ‘i‘
is less than or equal to -5.But wait, what if ‘i‘ is exactly -5? Then the loop runs once, checks ‘i < 0‘ (true), enters the loop body.
Since ‘i‘ is -5, the if condition is false, so ‘i‘ remains -5. Then the loop condition is checked again, still true, and this repeats
forever. So yes, ‘i = -5‘ is a diverging case.Therefore, the divergence condition is ‘i <= -5‘.But let me think again. Suppose
‘i‘ is -5. The loop runs, but ‘i‘ doesn’t change. So it’s an infinite loop. If ‘i‘ is less than -5, like -6, then it increments to -5,
then gets stuck. So any ‘i <= -5‘ will diverge.Therefore, the answer should be ‘i <= -5‘.Wait, but the problem says to write
an expression involving the non-deterministic variables and logic gates. So in this case, the non-deterministic variable is ‘i‘,
and the condition is ‘i <= -5‘.But let me check if there’s any other possibility. For example, what if ‘i‘ is a very large negative
number, like -2147483648 (assuming 32-bit int). Then, incrementing by 1 each time until it reaches -5. But since integers in C
can overflow, but in this case, since we’re dealing with negative numbers and incrementing, it should be okay. Wait, but if
‘i‘ is -2147483648 (the minimum value for a 32-bit signed int), then incrementing it by 1 would result in -2147483647, and
so on, until it reaches -5. So even in that case, it would eventually reach -5 and then loop forever. So the condition ‘i <= -5‘
holds.Therefore, the program diverges if and only if the initial value of ‘i‘ is less than or equal to -5.So the answer should be ‘i
<= -5‘.Wait, but let me make sure there aren’t any other edge cases. For example, what if ‘i‘ is 0? Then the loop doesn’t run,
program terminates. If ‘i‘ is positive, same thing. If ‘i‘ is between -4 and -1, it increments until it reaches 0 and exits. So yes,
only ‘i <= -5‘ causes divergence. Therefore, the condition is ‘i <= -5‘.</think><answer>i <= -5</answer>

Figure 13: A sample with a correct domain witness prediction by CWM. The output includes a reasoning in natural
language, and then the answer, which in this witness format is a logical expression for the domain of non-termination.
As we can see, the model can simulate the program execution and infer it will diverge for any 𝑖 <= −5.
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