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Abstract001

Competitive programming has become a rigor-002
ous benchmark for evaluating the reasoning and003
problem-solving capabilities of large language004
models (LLMs). The International Olympiad in005
Informatics (IOI) stands out as one of the most006
prestigious annual competitions in competitive007
programming and has become a key benchmark008
for comparing human and AI-level program-009
ming ability. While several proprietary models010
have been claimed to achieve gold medal-level011
performance at the IOI, often with undisclosed012
methods, achieving comparable results with013
open-weight models remains a significant chal-014
lenge. In this paper, we present GENCLUSTER,015
a scalable and reproducible test-time compute016
framework that attains IOI gold-level perfor-017
mance using open-weight models. It combines018
large-scale generation, behavioral clustering,019
ranking, and a round-robin submission strategy020
to efficiently explore diverse solution spaces021
under limited validation budgets. Our experi-022
ments show that the performance of our pro-023
posed approach scales consistently with avail-024
able compute, narrowing the gap between open025
and closed systems. Notably, we will show026
that GENCLUSTER can achieve a gold medal027
at IOI 2025 for the first time with an open-028
weight model gpt-oss-120b, setting a new029
benchmark for transparent and reproducible030
evaluation of reasoning in LLMs.031

1 Introduction032

As large language models (LLMs) have advanced033

in solving coding problems, traditional bench-034

marks such as HumanEval (Chen et al., 2021a)035

and MBPP (Austin et al., 2021) have reached sat-036

uration. This has motivated a shift toward more037

challenging benchmarks like LiveCodeBench (Jain038

et al., 2025) and Codeforces (Penedo et al., 2025),039

which feature significantly more complex competi-040

tive programming problems. Furthermore, consid-041

ering the challenging aspects of understanding and042

solving the competitive programming questions, 043

they have been shown to be effective for both train- 044

ing and evaluating the reasoning capabilities of 045

LLMs (DeepSeek-AI et al., 2025). Recent progress 046

on these benchmarks has been driven by both im- 047

proved training strategies and test-time compute 048

methods. For example, AlphaCode2 (Leblond 049

et al., 2023) achieved performance exceeding that 050

of 85% of Codeforces participants by generating 051

over one million candidate programs per problem 052

and then applying a pipeline of filtering, cluster- 053

ing, and ranking to select 10 solutions for final 054

submissions. 055

Analogous to the International Mathematical 056

Olympiad (IMO)1, the International Olympiad in 057

Informatics (IOI)2 and International Collegiate Pro- 058

gramming Contest (ICPC)3 are widely regarded as 059

the pinnacle of algorithmic programming compe- 060

titions. These competitions serve as an important 061

milestone in assessing AI competency on competi- 062

tive programming and general reasoning capabili- 063

ties as a whole. OpenAI reported achieving a gold 064

medal at IOI 2024 with their o1-ioi and o3 mod- 065

els (OpenAI et al., 2025), using specialized test- 066

time compute approaches. o1-ioi is a dedicated 067

version of their o1 model fine-tuned for compet- 068

itive programming and leveraging external tools. 069

Additionally, OpenAI claimed a gold medal and a 070

6th-place human-equivalent ranking at IOI 2025 071

with their latest models (Decoder, 2025), though 072

the details of these systems have not yet been fully 073

disclosed. Recently, both OpenAI and Google 074

DeepMind (Lin and Cheng, 2025) have reported 075

achieving gold-level performance at ICPC 2025 076

using proprietary methods. 077

Despite their impressive results, the tech- 078

niques and models used to achieve gold-level 079

performance at such competitions are rarely 080

1https://www.imo-official.org/
2https://ioinformatics.org/
3https://icpc.global/
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Figure 1: The overall pipeline of GENCLUSTER for a single subtask, a process to be repeated for every subtask in
the IOI benchmark.

disclosed. In contrast, open-weight models081

such as DeepSeek-R1-0528 (DeepSeek-AI et al.,082

2025) and Qwen3-235B-A22B (Team, 2025) have083

achieved increasingly competitive results on Live-084

CodeBench and Codeforces, but still lag behind085

proprietary models. In this paper, we propose086

GENCLUSTER, a scalable test-time compute ap-087

proach that substantially improves the performance088

of open-weight LLMs on IOI problems. Our ap-089

proach first generates a large pool of candidate090

solutions for each problem, which are then refined091

through a pipeline of filtering, behavioral clus-092

tering, and ranking with tournament. Finally, a093

round-robin submission strategy selects the best094

candidates while adhering to the same submission095

constraints imposed on human contestants at IOI096

(Figure 1). In our experiments, we demonstrate097

that GENCLUSTER enables open-weight model098

gpt-oss-120b (OpenAI, 2025) to achieve gold-099

level performance at IOI 2025.100

In our experiments, we evaluated and an-101

alyzed some of the best open-weight models102

publicly available including DeepSeek-R1-0528103

and Qwen3-235B-A22B, and we show that104

gpt-oss-120b is significantly superior on IOI105

problems, providing better scalability in terms106

of the number of generations. Furthermore, we107

demonstrate that GENCLUSTER improves scores108

with increased compute and larger generation bud-109

gets which is an indicator of scalability of our pro-110

posed test-time compute approach.111

In summary, our contributions are as follows:112

1. We propose GENCLUSTER, a scalable test-113

time compute approach to improve the com-114

petitive programming performance of LLMs115

by generating many solutions in parallel and116

then using behavioral clustering and tourna-117

ments to select the best candidates.118

2. We demonstrate, for the first time, that119

gold-level performance at IOI 2025 can be 120

achieved using only open-weight models 121

combined with a transparent and reproducible 122

test-time compute strategy. 123

3. We show that scaling GENCLUSTER consis- 124

tently improves scores, providing a promising 125

path to surpass gold-level performance. 126

2 Background 127

2.1 Related Work 128

This paper investigates scalable test-time compute 129

(TTC) for large language models (LLMs) applied to 130

coding problems, particularly those with a limited 131

verification budget. Test-time compute refers to al- 132

locating additional computational resources during 133

inference to improve output quality. This can be 134

achieved through extended chain-of-thought rea- 135

soning (DeepSeek-AI et al., 2025; Li et al., 2025; 136

Wei et al., 2022; Zhang et al., 2025b), generative 137

verifiers for scoring and selection (Fu et al., 2025; 138

Mahan et al., 2024; Zhang et al., 2025a), or best- 139

of-N strategies (Chen et al., 2025; Toshniwal et al., 140

2025; Brown et al., 2024; Li et al., 2022; Leblond 141

et al., 2023; OpenAI et al., 2025). While there exist 142

some limited works that have leveraged large scale 143

test-time compute pipelines to achieve state-of-the- 144

art results on coding problems (Li et al., 2022; 145

Leblond et al., 2023; OpenAI et al., 2025), most 146

works have explored smaller compute scales (Chen 147

et al., 2023; Le et al., 2022; Zhang et al., 2023) or 148

less challenging benchmarks (Chen et al., 2021b; 149

Inala et al., 2022; Zhao et al., 2025; To et al., 2024). 150

These studies have not yet explored their methods 151

at the scale required for competitive programming, 152

where problems are highly complex and only a 153

small fraction of the generated candidates are cor- 154

rect. In the following, we highlight works that 155

specifically explore scalable approaches to compet- 156

itive programming and coding competitions. 157
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AlphaCode (Li et al., 2022) followed by its suc-158

cessor AlphaCode 2 (Leblond et al., 2023) were159

the first to demonstrate that large-scale test-time160

compute can achieve competitive performance on161

Codeforces contests. AlphaCode achieved results162

comparable to the top 54% of participants by gen-163

erating around 100K solutions per problem and164

selecting the top 10 via clustering and ranking. Al-165

phaCode 2 improved this further, surpassing 85%166

of the participants by scaling up to 1M solutions167

and refining the selection mechanism. Both used168

proprietary models and their evaluations were per-169

formed on the Codeforces benchmark.170

OpenAI then showed gold-medal performance171

at the International Olympiad in Informatics (IOI)172

by scaling test-time compute (OpenAI et al., 2025).173

They fine-tuned a variant of o1 (o1-ioi) for IOI174

and achieved gold by generating up to 10K solu-175

tions per problem and filtering with clustering and176

heuristic-based selection. They also demonstrated177

that their o3 model can achieve similar with only178

1K solutions per problem and a simpler selection179

procedure. While they reported achieving gold180

again at IOI 2025 and a 6th overall ranking, details181

about the models and selection procedures were182

not released publicly. Recently, both OpenAI (De-183

coder, 2025) and Google DeepMind (Lin and184

Cheng, 2025) claimed gold-medal at ICPC 2025185

with limited disclosed details. All these works186

rely on closed models while they provide little to187

no detail of the test-time compute approach used.188

Our work is the first to show that achieving the189

gold medal at competitions like IOI is feasible with190

open-weight models and we provide the approach191

to achieve this.192

2.2 IOI Competition and Benchmark193

At the IOI 2025 competition, contestants are pre-194

sented with six problems, each divided into 2-12195

subtasks. Each subtask evaluates specific aspects196

of the solution under strict time and memory con-197

straints. Among the six problems, five require exe-198

cutable code submissions, while one accepts either199

executable code or precomputed output. Scoring200

is determined at the subtask level, with the contes-201

tant’s final score for a subtask being the maximum202

achieved across all submissions. Subtask scores203

are then aggregated to yield a problem score, with204

each problem worth up to 100 points. Contestants205

may refine and resubmit their solutions, but each206

problem allows a maximum of 50 submissions,207

making submission strategy an essential factor in208

performance. 209

Our evaluation dataset is organized at the sub- 210

task level rather than the problem level. Each of 211

the six problems is decomposed into its constituent 212

subtasks following the official scoring guidelines. 213

For every subtask, we created a standalone instance 214

by removing all information related to other sub- 215

tasks, isolating it as an independent evaluation unit. 216

The resulting benchmark, IOI-2025, follows the 217

structure of the publicly available IOI-2024 bench- 218

mark (Hugging Face, 2025). For scoring, we exe- 219

cute the solutions using the grader programs pro- 220

vided by the IOI organization with the same mem- 221

ory and time limits. 222

3 Proposed Approach 223

In this section, we propose GENCLUSTER, a scal- 224

able test-time compute approach that improves 225

the performance of LLMs on the IOI competition. 226

GENCLUSTER consists of four stages: (1) parallel 227

generation, (2) behavioral clustering, (3) ranking 228

with tournament, and (4) submission. For each 229

subtask, we first generate a large set of candidate 230

programs in parallel. Given the constraint of 50 231

submissions per problem, we must efficiently select 232

the most promising candidates from the large pool 233

of solutions. We cluster solutions based on behav- 234

ioral similarity under several inputs, rank clusters 235

using an LLM-based tournament, and finally em- 236

ploy a round-robin submission policy to maximize 237

scores under submission constraints. The overall 238

pipeline can be seen in Figure 1. 239

3.1 Parallel Candidates Generation 240

We first generate K candidate solutions for each 241

subtask using the prompt in Figure 8. Since gen- 242

erations are independent, they can be executed in 243

parallel, making our approach scalable. Genera- 244

tions that result in no parsed code or code that does 245

not compile are filtered. 246

3.2 Behavioral Clustering 247

In this stage, we group candidate solutions based 248

on similar behavior to reduce the number of can- 249

didates and make ranking more effective. Inspired 250

by OpenAI et al. (2025), for each subtask, we first 251

instructed the LLM to produce multiple distinct 252

programs that generate randomized test inputs con- 253

sistent with the subtask’s specifications (prompt 254

shown in Figure 9). To ensure the correctness of 255

test inputs, we also asked the model to produce 256
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multiple independent validators (prompt shown in257

Figure 10). Each validator program checks whether258

a given input meets the specific constraints of a sub-259

task. Once we have created all test generators and260

validators, we iterate through the generators. For261

each one, we produce a test input and evaluate it262

using all validators. If at least 75% of the validators263

approve the input, we keep it as a valid test case.264

This process is repeated over all the generators un-265

til we collect the required number of accepted test266

cases.267

All candidate solutions for a subtask are exe-268

cuted on all the test cases, and then clustered based269

on their outputs. Solutions that produce exactly270

the same outputs are grouped into the same clus-271

ter. For efficiency, we compute hash values of the272

outputs to accelerate clustering. If solutions in a273

cluster produce an empty output for any of the test274

inputs due to any reason such as runtime errors,275

that cluster is removed completely.276

3.3 Ranking with Tournament277

Clustering the candidates results in a large num-278

ber of groups of similarly behaving solutions. We279

therefore require a ranking mechanism to priori-280

tize the most promising clusters for submission.281

There has been prior work on selecting the best so-282

lution among multiple generated candidates; how-283

ever, most existing approaches are not well suited284

to our setting or have not been evaluated under285

comparable conditions (Liu et al., 2025; Toshniwal286

et al., 2025; Brown et al., 2024). Specifically, (1)287

they do not scale to the large number of solutions288

required in our experiments, (2) they are primarily289

designed and evaluated on tasks such as mathemat-290

ics, where majority voting can trivially identify the291

correct answer, or (3) they focus on selection rather292

than ranking of candidate solutions. In the follow-293

ing section, we present our proposed approach, and294

report the results of some of the alternative selec-295

tion strategies in Section 4.3.296

We propose to hold a tournament between clus-297

ters inspired by a partial round-robin tournament.298

Each cluster plays Gn times with randomly se-299

lected clusters. We select the solution with the300

longest thinking length as the representative so-301

lution from each cluster. The representatives of302

two clusters are then given to the LLM which is303

prompted to select the better solution in a pairwise304

comparison (prompt shown in Figure 11). Each305

play produces a single winner. After the tourna-306

ment, clusters are then ranked based on the number307

of wins of their representative candidate. To miti- 308

gate recency bias (Shi et al., 2024) in the model’s 309

judgments, we randomize the presentation order 310

of the two solutions; each solution appears first in 311

approximately half of its matches. 312

3.4 Submission Strategy 313

We submit up to 50 solutions per problem (the max- 314

imum permitted by IOI) using a round-robin strat- 315

egy. We begin with the final subtask of each prob- 316

lem, which is typically the most difficult. For each 317

subtask, we iterate through its clusters in ranked 318

order, selecting one solution from each cluster and 319

submitting it for scoring. Within each cluster, in- 320

dividual solutions are ranked by their reasoning 321

length, which we use as a proxy for correctness 322

likelihood. We continue submitting one solution 323

at a time from the top-ranked clusters, cycling 324

across clusters in a round-robin fashion and rotating 325

through solutions within each cluster. Once a sub- 326

task is solved (i.e., its maximum score is achieved), 327

we skip its remaining clusters and proceed to the 328

next subtask following (OpenAI et al., 2025). 329

4 Experiments 330

In our experiments, all solutions, test generators, 331

and validators are generated in C++ since it is the 332

most common language for IOI competition. For 333

each subtask, we produced 100 test generator func- 334

tions and 100 validators to obtain 100 validated test 335

cases per subtask. We study the impact of vary- 336

ing the number of test cases per subtask in Section 337

4.4. In all experiments, we used 10 competitions 338

per cluster, Gn = 10, and studied the impact of 339

this parameter in Section 4.5. We used maximum 340

generation lengths of 120K, 120K, 64K, and 120K 341

tokens for models gpt-oss-120b, gpt-oss-20b, 342

DeepSeek-R1-0528, and Qwen3-235B-A22B, re- 343

spectively. These values correspond to each 344

model’s architectural limit. The effect of the gener- 345

ation length is studied in Section 4.7. To calculate 346

the scores for each solution, we used the graders 347

officially provided by IOI with the exact same time 348

and memory constraints (International Olympiad 349

in Informatics, 2025a). 350

4.1 Performance Comparison between Models 351

To identify the most competitive open- 352

weight models for the IOI benchmark, 353

we evaluated four top-performing avail- 354

able candidate models: gpt-oss-120b, 355

gpt-oss-20b, DeepSeek-R1-0528, and 356
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Figure 2: Final scores of different models on IOI 2025 when generating K solutions per subtask, assuming unlimited
submissions. Medal thresholds are indicated on the chart, and the maximum achievable score is 600.

Qwen3-235B-A22B-Thinking. For each sub-357

task, we generated up to 5000 candidate solutions358

to estimate the maximum potential performance359

of each model without submission constraints.360

The resulting scores on the IOI 2025 benchmark,361

reported using the Score@K metric, are shown in362

Figure 2 for K ∈ {50, 1000, 5000}. The results363

are averaged over 20 runs by randomly sampling364

from the pool of 5000 generated solutions, except365

for K = 5000, which corresponds to a single run.366

As illustrated, gpt-oss-120b achieves the high-367

est score among all models by a significant mar-368

gin and is the only one with the potential to369

reach gold medal performance with up to 5000370

generations. Moreover, the gpt-oss models ex-371

hibit stronger gains as the number of genera-372

tions increases, suggesting that they scale more373

effectively with test-time compute. In contrast,374

while Qwen3-235B-A22B-Thinking outperforms375

gpt-oss-20b and DeepSeek-R1-0528 at smaller376

generation budgets, its performance scales less fa-377

vorably.378

4.2 Evaluating GENCLUSTER under379

Submission Constraints380

We next study the scalability and effectiveness381

of GENCLUSTER with gpt-oss-120b, the best382

open-weight model for IOI in our experiments.383

As shown in Section 4.1, it is the only model384

that can potentially win a gold medal with up to385

5000 generations. In this section, we use GEN-386

CLUSTER to follow the submission restrictions of 387

IOI akin to human contestants. Figure 3 shows 388

the scores when using different generation sizes, 389

K ∈ {50, 100, 500, 1000, 5000}. We report two 390

outcomes: (1) the Submitted Score, which re- 391

spects the 50-submission limit by using GENCLUS- 392

TER, and (2) the Unconstrained Score@K, which 393

assumes no submission cap and reports the best 394

score among the K solutions. This comparison 395

quantifies the gap between the practical effective- 396

ness of GENCLUSTER and its theoretical upper 397

bound. 398

As demonstrated, we achieve a gold medal with 399

the GENCLUSTER approach and 5000 generations 400

per subtask while following the constraints of IOI 401

competition. This is the first work to achieve a 402

gold medal with open-weight models at an IOI 403

competition. Although this score remains below 404

the level claimed by OpenAI for IOI 2025, our 405

transparent methodology provides a reproducible 406

baseline for narrowing the gap between the open 407

and closed models on competitive programming 408

tasks. It is also worth noting that OpenAI has not 409

disclosed the compute budget or methodology used 410

to obtain their reported results. 411

Our results reveal a clear scaling trend: larger 412

candidate pools improve both constrained and un- 413

constrained scores. Even under the 50-submission 414

limit, the submitted score steadily improves from 415

332.27 for K = 50 to 446.75 for K = 5000. 416

These results demonstrate the benefits of scaling 417
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Figure 3: Performance of gpt-oss-120b on IOI 2025 with and without the 50-submission limit, varying generation
counts. Results are averaged over five runs (except K=5000, single run). Medal thresholds are indicated on the
chart, and the score reported by OpenAI is shown for comparison.

test-time compute in conjunction with GENCLUS-418

TER. At smaller K values, the gap between the two419

is modest, but as K increases, the gap gets larger420

which shows the challenge of selecting the best421

solutions when we have a large number of candi-422

dates. The remaining gap between constrained and423

unconstrained performance highlights the need for424

more effective ranking and selection strategies to425

fully realize the available potential.426

4.3 Comparison with other Test-time427

Compute Strategies428

We compare GENCLUSTER with several alter-429

native test-time compute selection strategies us-430

ing 5000 generated solutions per subtask from431

gpt-oss-120b, evaluated under standard IOI sub-432

mission constraints. We also include several GEN-433

CLUSTER variants as ablations. Results are re-434

ported as final scores and summarized in Table 1.435

The following approaches are considered for com-436

parison:437

• Random: Selects solutions randomly from all438

available generated candidates.439

• Longest: Selects solutions by longest reason-440

ing trace determined by number of tokens.441

• Cluster-Size: Ranks clusters by size, assum-442

ing larger clusters imply higher correctness443

likelihood.444

• Cluster-Majority: Ranks clusters based on445

aggregated majority vote over outputs from446

generated solutions. Each unique output 447

across the generated test inputs is treated as 448

a vote. For a given test case, we count how 449

many generated solutions produced each par- 450

ticular output. Within each cluster, we then 451

sum the counts of all outputs produced by the 452

generated solutions in that cluster. This pri- 453

oritizes clusters which collectively produce 454

outputs that are found from the majority of all 455

solutions. 456

• GENCLUSTER (Random-Rep): A variant of 457

GENCLUSTER where each cluster’s represen- 458

tative solution is chosen randomly. 459

• GENCLUSTER (ScoreBased): A variant 460

of GENCLUSTER where clusters are ranked 461

based on their average score during competi- 462

tions instead of the number of wins. During 463

comparison, we prompt the model to provide 464

scores for each solution as a number between 465

0 to 10 (Figure 11). 466

• GENCLUSTER: Our proposed approach 467

which uses the solution with the longest think- 468

ing trace as the representative of each cluster 469

and clusters are ranked based on the number 470

of their wins in the tournament. 471

The results clearly show that GENCLUSTER is 472

the most effective method among those evaluated, 473

outperforming all alternatives by a substantial mar- 474

gin. Simple approaches such as selecting solutions 475

with the longest reasoning trace or random selec- 476
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Table 1: Performance comparison of different test-time compute strategies with GENCLUSTER. The results show
the final scores achieved by each method after submitting up to 50 solutions per problem. Random and Longest are
non-clustering baselines, while all other methods use clustering. “Longest” refers to the solution with the longest
reasoning trace.

Method
Cluster
Representative

Cluster
Ranking

Solution
Selection Score

Random – – Random 300.10
Longest – – Longest 277.36
Cluster-Size – Size Longest 299.87
Cluster-Majority – Majority Voting Longest 314.22
GENCLUSTER (Random-Rep) Random Number of Wins Longest 406.49
GENCLUSTER (Score-Based) Longest Average Score Longest 441.11
GENCLUSTER Longest Number of Wins Longest 446.75

tion perform considerably worse. Heuristic-based477

methods, such as ranking clusters by size (referred478

to as Cluster-size), are suboptimal and yield scores479

comparable to random selection, a phenomenon480

magnified by the difficulty of problems in IOI com-481

pared to other benchmarks with easier questions.482

On such challenging problems where models rarely483

generate correct solutions, approaches based on ma-484

jority vote may not be very effective (Cobbe et al.,485

2021; Yang et al., 2024; Wu et al., 2025).486

To validate the selection strategy used in GEN-487

CLUSTER for choosing cluster representatives, we488

compare it against a simple baseline that selects489

a random solution from each cluster (referred to490

as GENCLUSTER (Random-Rep)). The results491

show that choosing the solution with the longest492

reasoning trace performs better than random se-493

lection, indicating a positive correlation between494

reasoning length and correctness within a cluster.495

Furthermore, ranking clusters by the number of496

wins provides a slight improvement over using av-497

erage scores (referred to as GENCLUSTER (Score-498

Based)).499

4.4 Impact of the Test Set Size on Clustering500

To understand how the number of test cases affects501

our clustering mechanism, we analyzed the impact502

of test set size on three key metrics: cluster purity,503

average cluster size, and the average number of504

clusters. The results are shown in Figure 4.505

We evaluate cluster purity using the F1-score,506

which measures how effectively our clustering sep-507

arates high-quality solutions from others. A “good”508

solution is defined as one that achieves the maxi-509

mum achieved grade for its subtask, while other510

solutions are considered as “bad”. The ideal cluster-511

ing should result in clusters where all the solutions512

are either all good or all bad. Each solution is as-513
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Figure 4: Shown are the cluster purity (F1-score), av-
erage cluster size, and average number of clusters for
different numbers of test cases. Results are reported for
K = 5000 using gpt-oss-120b.

signed a binary label indicating whether it achieves 514

the maximum score. For each cluster, the majority 515

of solutions would determine the prediction of the 516

cluster. The F1-score is then computed by compar- 517

ing the cluster-level predictions to the ground-truth 518

labels of all solutions, representing the harmonic 519

mean of precision and recall. A higher F1-score 520

indicates purer clusters. 521

As the number of test cases increases, cluster pu- 522

rity improves, reaching a high F1-score that demon- 523

strates the effectiveness of our clustering approach. 524

However, as more tests enhance cluster purity, they 525

also increase the average number of clusters while 526

reducing the average cluster size. This introduces 527

a key challenge: although additional test cases im- 528

prove our ability to distinguish correct from in- 529

correct solutions, they also produce a larger num- 530

ber of distinct clusters, making it more difficult to 531

identify the most promising ones under submission 532

constraints. 533
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4.5 Impact of the Number of Games in534

Tournament535

In this experiment, we examine the effect of the536

parameter Gn (the number of tournament rounds537

per cluster representative) on the final score under538

submission constraints. Results for gpt-oss-120b539

with 5000 generations are shown in Figure 5. As540

shown, increasing the number of games improves541

the final score but largely saturates after 10 rounds.542

The gap between one and ten or more games indi-543

cates that a single competition is insufficient, and544

multiple rounds are necessary to obtain reliable545

judgments and rankings for clusters. Moreover, the546

observed saturation may reflect inherent limitations547

of the LLM-as-a-judge paradigm for identifying the548

best solutions.549

4.6 Evaluating the Quality of the Ranking550

To assess the effectiveness of our cluster ranking551

method, we evaluated how often the best solution,552

defined as the one achieving the highest score for a553

given problem, appeared within the top-K ranked554

clusters. This metric provides a clear measure of555

ranking quality. As shown in Figure 6, in 35 out of556

39 subtasks, the best solution is included among the557

top 50 clusters, demonstrating strong performance558

while still leaving room for further improvement.559
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Figure 7: Score@K for different maximum number of
tokens in generation with different models.

4.7 Impact of the Maximum Number of 560

Tokens 561

Previous work has shown a correlation between 562

reasoning length and accuracy on challenging prob- 563

lems when reasoning models are used (OpenAI, 564

2024). In this section, we analyze the relation- 565

ship between performance and generation length 566

by comparing the Score@5000 of different mod- 567

els under varying maximum token limits. Results 568

are presented in Figure 7, and the rationale behind 569

the chosen generation limits for each model is dis- 570

cussed in Section 4. The scores of gpt-oss-120b, 571

gpt-oss-20b, and DeepSeek-R1-0528 continue 572

to improve up to their respective token limits, 573

whereas Qwen3-235B-A22B saturates after approx- 574

imately 48K tokens. Notably, the family of gpt- 575

oss models generate longer reasoning traces for 576

difficult problems and achieve stronger perfor- 577

mance as a result. While DeepSeek-R1-0528 and 578

Qwen3-235B-A22B perform better at shorter rea- 579

soning lengths, the gpt-oss models surpass them 580

when provided with greater compute budgets. 581

5 Conclusion 582

In this work, we present a test-time compute ap- 583

proach that achieves gold-medal performance at 584

the IOI using open-weight models for the first time. 585

Our method generates a large pool of candidate 586

solutions in parallel, followed by a pipeline of be- 587

havioral clustering, ranking, and round-robin sub- 588

mission to identify the most promising solutions 589

within the IOI submission constraints. Our exper- 590

iments show that gpt-oss-120b, when equipped 591

with our test-time compute approach, consistently 592

improves its score on IOI as the number of gener- 593

ated candidates increases. 594
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6 Limitations595

Our results demonstrate that large-scale test-time596

compute combined with GENCLUSTER can sub-597

stantially improve open-weight model performance598

on IOI-style competitive programming. However,599

several limitations remain.600

High Compute and Infrastructure Require-601

ments GENCLUSTER relies on generating thou-602

sands of candidate solutions per subtask, executing603

them on many synthesized test cases, and running604

an LLM-as-a-judge tournament for ranking. This605

pipeline requires substantial compute resource and606

orchestration infrastructure. As a result, the ap-607

proach may be impractical for some applications608

and limits accessibility and reproducibility in low-609

resource environments.610

Dependence on Synthetic Test Generation and611

Incomplete Behavioral Coverage Behavioral612

clustering is driven by model-generated test cases613

validated by model-generated validators. While614

validator agreement reduces obvious invalid tests,615

the resulting test sets may still have blind spots and616

can fail to distinguish solutions that differ only on617

rare corner cases. Consequently, some incorrect618

solutions may cluster with correct ones (or vice619

versa), and the number and diversity of tests re-620

quired to separate behaviors can grow quickly with621

problem complexity.622

Imperfect Ranking and LLM-as-a-judge Our623

tournament ranking uses an LLM to compare so-624

lution pairs based on their code and reasoning625

traces. Such judgments can be noisy and may626

be influenced by superficial features (e.g., code627

style, length, or explanation quality) rather than628

actual correctness. Although we randomize presen-629

tation order to reduce position bias, misrankings630

remain possible and contribute to the observed gap631

between unconstrained Score@K and submitted632

scores under the 50-submission limit.633

Imperfect Correlation between Reasoning634

Length and Correctness We use reasoning635

length as a proxy for selecting cluster represen-636

tatives and ordering candidates within clusters.637

While this heuristic improves over random selec-638

tion in our experiments, longer traces can also re-639

flect confusion, verbosity, or unproductive explo-640

ration. This makes the heuristic unreliable in some641

cases and may over-prioritize verbose but incorrect642

solutions.643

In overall, GENCLUSTER provides a scalable 644

path to improve competitive programming perfor- 645

mance with open-weight models, but its resource 646

demands, reliance on synthetic tests, and ranking 647

noise indicate clear opportunities for improving 648

efficiency, robustness, and accessibility. 649
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A Prompts844

Solution Generation Prompt

You are an expert competitive programmer. You will be given a problem statement, test case constraints
and example test inputs and outputs. Please reason step by step about the solution, then provide
a complete implementation in C++17. You should correctly implement the routine(s) described in
Implementation Details, without reading or writing anything directly from stdin or to stdout, as input
and output are passed through the implemented routines. Assume your code will be run on the
OFFICIAL grader, and do not add a main function, a sample grader, or any other functionality unless it
has been explicitly requested.

Put your final solution within a single code block:
```cpp
// your code here
```

{question}

Figure 8: The prompt used for generating the solutions

Test Data Generator Prompt

You are an expert competitive programmer. You will be given a problem statement, its constraints, and
example test cases. Your task is to write a **test case generator** in C++17 that produces valid inputs
for the problem, following the constraints and reflecting the variety suggested by the examples.

First, **reason step by step** about how to design the generator.

Then, provide the **final complete implementation** inside a single code block:
```cpp
// your code here
```

### Question:

{problem}

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

Figure 9: The prompt used for generating the test data generators
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Test Data Validator Prompt

You are an expert competitive programmer. You will be given a problem statement, its input format,
constraints, and examples. Your task is to write an **input validator** in C++17 that reads from stdin
and checks that the input fully matches the spec and all constraints.

First, reason step by step about what must be validated.

Then, provide the **final complete implementation** inside a single code block:
```cpp
// your code here
```

The program should print “passed” if the input is valid, otherwise “failed” and a short error to stderr. It
must also ensure no extra tokens remain.

### Question:

{problem}

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

Figure 10: The prompt used for generating the test data validators

Solution Selection Prompt

You are an expert competitive programmer. You will be given a problem statement, its constraints, and
two solutions. Your task is to evaluate each solution’s correctness based on the problem statement and
its constraints and select the best solution.
First, **reason step by step** about each solution.

### Question:
{problem}

### Solution A
{code_A}

### Solution B
{code_B}

Finish your reasoning with exactly three lines, nothing else:
Score A: <0-10>
Score B: <0-10>
Judgment: [A] or Judgment: [B]

Figure 11: The prompt used for comparing the solutions in the tournament
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B Best Scores on IOI-2025845

Table 2: Scores of the top gold and silver medalists at IOI 2025, compared with the results achieved by GENCLUSTER
and OpenAI (International Olympiad in Informatics, 2025b). Per-problem scores and overall rankings are shown.

Rank Name S T W F M O Total Medal

1 Hengxi Liu 100.00 100.00 100.00 100.00 91.23 100.00 591.23 Gold
6 OpenAI 100.00 75.29 93.00 100.00 65.00 100.00 533.29 Gold

26 GENCLUSTER 100.00 87.66 72.00 82.00 22.09 83.00 446.75 Gold
29 Maxim Tsoy 100.00 44.83 100.00 82.00 72.89 37.00 436.72 Silver
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