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Abstract001

We introduce Parallel Coordinated Reasoning002
(PaCoRe), a training-and-inference framework003
designed to overcome a central limitation of004
contemporary language models: their inabil-005
ity to scale test-time compute (TTC) far be-006
yond sequential reasoning under a fixed con-007
text window. PaCoRe departs from the tra-008
ditional sequential paradigm by driving TTC009
through massive parallel exploration coordi-010
nated via a message-passing architecture in011
multiple rounds. Each round launches many012
parallel reasoning trajectories, compacts their013
findings into context-bounded messages, and014
synthesizes these messages to guide the next015
round and ultimately produce the final answer.016
Trained end-to-end with large-scale, outcome-017
based reinforcement learning, the model mas-018
ters the synthesis abilities required by PaCoRe019
and scales to multi-million-token effective TTC020
without exceeding context limits. The ap-021
proach yields strong improvements across di-022
verse domains and notably pushes reasoning023
beyond frontier systems in mathematics: an 8B024
model reaches 94.5% on HMMT 2025, sur-025
passing GPT-5’s 93.2% by scaling effective026
TTC to roughly two million tokens. We open-027
source model checkpoints, training data, and028
the full inference pipeline to accelerate follow-029
up work.030

1 Introduction031

Long-horizon reasoning, requiring sustained explo-032

ration, cross-checking, and iterative self-correction,033

underpins the most demanding intellectual pursuits.034

Approaching such capabilities in AI demands sub-035

stantial test-time compute (TTC)—the computation036

devoted to solving a single challenging instance.037

A recurring lesson in the history of deep learn-038

ing is that progress on hard problems often comes039

from scaling test-time compute through search (Sil-040

ver et al., 2016; Li et al., 2022; Trinh et al., 2024)041

—expanding both in depth (sequentially) and width042

(in parallel)—rather than relying on a single for- 043

ward pass. Yet for contemporary language mod- 044

els (Brown et al., 2020), a fixed context window 045

places a hard ceiling on how much such search- 046

driven TTC can be expressed: standard sequential 047

reasoning (Wei et al., 2023) packs every intermedi- 048

ate state into a single expanding chain, strictly cou- 049

pling reasoning volume to context capacity; once 050

the window fills, the reasoning must stop. 051

To address this, we introduce Parallel Coor- 052

dinated Reasoning (PaCoRe), a framework that 053

decouples test-time compute scaling from context 054

limits by shifting the primary driver of inference 055

from solely sequential depth to elevated coordi- 056

nated breadth. PaCoRe iteratively coordinates par- 057

allel reasoning trajectories and compresses their in- 058

sights into compact messages. The messages from 059

the previous round are then synthesized within the 060

model’s context window to guide subsequent ex- 061

ploration, and ultimately, produce the final answer. 062

Crucially, PaCoRe’s success hinges on shift- 063

ing the model from naive aggregation and solitary 064

problem-solving to active coordination. Vanilla 065

reasoning models tend to rely on simple heuris- 066

tics such as majority voting (Zhao et al., 2025) 067

when problems admit a simple, easily comparable 068

answer. However, on problems with more com- 069

plex solution structures (e.g., code generation and 070

theorem proving), they often exhibit Reasoning 071

Solipsism: despite receiving rich insights from par- 072

allel branches, they ignore this context and attempt 073

to solve the problem from scratch, wasting the ac- 074

cumulated test-time compute (shown in Figure 1, 075

right). To overcome this, we employ large-scale, 076

outcome-based reinforcement learning, compelling 077

the model to master Reasoning Synthesis: the 078

capacity to scrutinize parallel branches, reconcile 079

conflicting evidence, and synthesize a unified solu- 080

tion that exceeds any individual trajectory. 081

We evaluate PaCoRe across challenging bench- 082

marks in diverse domains and observe substantial 083
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Figure 1: Parallel Coordinated Reasoning (PaCoRe) performance. Left: On HMMT 2025, PaCoRe-8B demonstrates
remarkable test-time scaling by increasing both parallel trajectories and coordinated rounds, yielding steady gains
and ultimately surpassing GPT-5. Right: On LiveCodeBench, the RLVR-8B model fails to leverage increased
test-time compute, while PaCoRe-8B model effectively unlocks this synthesis capability, yielding substantial gains
as the test-time compute increases.

gains from massively scaling TTC far beyond the084

limits of standard decoding. The results are espe-085

cially pronounced in mathematics: on the HMMT086

2025 benchmark, our PaCoRe-8B model achieves a087

score of 94.5%, surpassing the leading proprietary088

reasoning model, GPT-5, at 93.2%. This perfor-089

mance is achieved by scaling effective TTC up to090

nearly two million tokens per problem, orchestrated091

entirely within the model’s context window. Our092

primary contributions are as follows:093

1. We introduce PaCoRe, a general framework094

that decouples reasoning volume from model095

context by coordinating parallel reasoning, en-096

abling multi-million token effective TTC.097

2. We demonstrate that large-scale, outcome-098

based RL is essential for inducing the syn-099

thesis capabilities required by this framework100

in diverse and challenging reasoning settings.101

3. We release comprehensive resources includ-102

ing model checkpoints, training data, and the103

inference code, to enable rigorous evaluation104

and foster further research.105

2 Methods106

The framework comprises training and inference107

pipelines. The inference pipeline coordinates par-108

allel exploration to massively scale test-time com-109

pute, growing far beyond the limits of sequential110

reasoning while remaining independent of context111

constraints. The training procedure employs large- 112

scale, outcome-based reinforcement learning to 113

teach the model the synthesis skills required to 114

consolidate diverse trajectories and generate high- 115

quality final answers. 116

2.1 Inference Pipeline 117

Given a problem instance x, the PaCoRe inference 118

pipeline executes R rounds of coordinated rea- 119

soning. At each round r ∈ {1, . . . , R}, the sys- 120

tem inherits a set of compact messages Mr−1 = 121

{m(i)
r−1}

Kr−1

i=1 from the previous round, and gen- 122

erates a new set of reasoning trajectories Ωr = 123

{ω(i)
r }Kr

i=1 that explore the solution space in paral- 124

lel. The final answer is simply the degenerate case 125

where Kr = 1 at the last round. For convenience, 126

we refer to the preceding coordinated-reasoning 127

process as consisting of R̂ = R− 1 rounds, and re- 128

fer K⃗ = [K1, . . . ,KR̂] as inference configuration. 129

For each problem x , the model begins each 130

round by taking the combined context (x,Mr−1) 131

and generating a set of parallel trajectories Ωr = 132

{ω(i)
r }. The message set Mr−1 provides a com- 133

pacted summary of reasoning trajectories from the 134

previous round, and each trajectory ω
(i)
r contains 135

a full chain of reasoning followed by a final con- 136

clusion. Each round then comprises two stages: 137

(i) Synthesis and Parallel Exploration, where 138

the model takes the combined context (x,Mr−1) 139

and produces the trajectories Ωr; and (ii) Message 140

Compaction, where the trajectories Ωr are com- 141

pressed into the next-round message set Mr, allow- 142
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Figure 2: Inference pipeline of PaCoRe. Each round launches broad parallel exploration, compacts the resulting
trajectories into compacted messages, and feeds these messages together with the question forward to coordinate
the next round. Repeating this process R̂ times yields multi-million-token effective TTC while respecting fixed
context limits, with the final compacted message serving as the system’s answer.

ing PaCoRe to massively scale effective test-time143

compute under a fixed context window. We next144

detail these two stages of coordinated reasoning,145

outlining how PaCoRe constructs inputs, generates146

trajectories, and compacts them across rounds.147

Synthesis and Parallel Exploration. At the start148

of round r, the system uses the prompting func-149

tion P (x,Mr−1) to serialize the problem and the150

compact messages into a structured input sequence.151

Once the input is constructed, the core reasoning152

model πr is then invoked in parallel to produce Kr153

independent trajectories:154

ω(i)
r ∼ πr( · | P (x,Mr−1) ). (1)155

In our implementation, we employ the same model156

weights across all rounds for operational conve-157

nience. This parallel generation constitutes the158

main drive of TTC: even though the system can ac-159

cumulate millions of tokens through parallel expan-160

sion, each round’s input consumes only (x,Mr−1),161

maintaining an almost constant context cost.162

Message Compaction. To enable multi-round163

coordination while respecting the limited context,164

the full trajectories in Ωr must be compressed into165

short messages Mr. We apply a compaction func-166

tion to achieve this:167

Mr = C(Ωr). (2)168

In our implementation, we leverage the struc-169

tured nature of the generated trajectories. Reason-170

ing models typically produce detailed intermedi- 171

ate derivations (e.g., chain-of-thought or "reason- 172

ing content") followed by a final conclusion. We 173

therefore implement C(·) as a trajectory-wise ex- 174

traction function C(·): it parses each ω
(i)
r ∈ Ωr, 175

discards the intermediate steps and retains only the 176

final conclusion segment, forming m
(i)
r = C(ω

(i)
r ). 177

This ensures that the input length for synthesis re- 178

mains bounded (i.e., |x|+∑
i |m

(i)
r | fits within the 179

context), even as the TTC—aggregate token count 180

across all trajectories,
∑

r

∑
i |ω

(i)
r |—scales vastly. 181

Iterative Coordination. The process repeats for 182

R rounds. To ensure convergence, the final round 183

uses a single trajectory (KR = 1), producing a final 184

compact message y = m
(1)
R , which constitutes the 185

output of the PaCoRe inference pipeline. 186

2.2 Training Procedure 187

The efficacy of the PaCoRe framework fundamen- 188

tally depends on the core model’s capacity for syn- 189

thesis: the ability to critically evaluate diverse per- 190

spectives within the input messages M , reconcile 191

conflicting information, and generate novel strate- 192

gies that surpass the quality of any individual input. 193

To train this capability, we instantiate the synthe- 194

sis stage of a single PaCoRe round as an episodic 195

RL environment, with the core model serving as 196

the policy to be optimized. In each training episode, 197

we sample a problem x and a corresponding set of 198

input messages M from a training distribution D, 199
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Figure 3: PaCoRe Training dynamics. Left panels: The Training Reward and Response Length steadily increase,
demonstrating the training stability and effectiveness. Right panels: Evaluation on HMMT 2025 and LiveCodeBench
(2408-2505). Performance is reported using single round coordinated reasoning in PaCoRe inference setting with
K⃗ = [16].

where M can be either generated online or drawn200

from a cached pool. Given the sampled pair (x,M),201

the policy πθ generates a reasoning trajectory ω202

from the formatted input P (x,M), and receives a203

sparse terminal reward R(ω) ∈ [0, 1] at the end.204

We then apply large-scale, outcome-based rein-205

forcement learning to elicit these advanced synthe-206

sis behaviors. Training is performed on challenging207

domains, where each trajectory is evaluated by the208

correctness of its extracted message. In order to209

ensure that naive strategies like majority voting or210

random selection are insufficient and compel the211

policy to develop synthesis to succeed, we discard212

training instances where the average accuracy of213

the message set M exceeds a predefined threshold.214

Compared to standard RL on static tasks with215

verifiable rewards (Lambert et al., 2025), PaCoRe216

represents a significant departure. Because the in-217

put context M is composed of model-generated218

messages, the policy must function within an219

implicitly multi-agent environment rather than a220

fixed single-agent setting. Although the outcome-221

based reward aligns with conventional RL formu-222

lations for chain-of-thought optimization, PaCoRe223

demands higher-level synthesis and coordination224

across agents’ outputs, introducing opportunities225

to examine emergent collective behaviors.226

3 Experiments227

In this section, we present comprehensive experi-228

mental results and analysis of PaCoRe framework.229

We begin by detailing the training protocol to de-230

velop our PaCoRe-8B model, followed by in-depth231

analysis of training results. We then present the232

main evaluation results, comparing PaCoRe against233

frontier reasoning models on challenging bench-234

marks. Finally, we conduct analysis and ablations 235

to validate key design choices and investigate the 236

properties of the learned synthesis capabilities. 237

3.1 Training 238

Training Recipe. We initialize PaCoRe-8B from 239

an internal, reasoning-oriented post-trained ver- 240

sion of Qwen3-8B-Base (Yang et al., 2025) (de- 241

noted as RLVR-8B). We use RLVR-8B to generate 242

a message cache pool of size 24 for each prob- 243

lem in the training dataset. During training, we 244

randomly sample the message set M from this 245

pool with |M | ∼ U(16, 24). We employ strict 246

on-policy PPO (Schulman et al., 2017) with GAE 247

(λ = 1, γ = 1) following the ORZ setup (Hu et al., 248

2025), utilizing a batch size of 16 instances (64 249

responses each), a maximum sequence length of 250

131,072, and generation temperature/top-p of 1.0. 251

We leverage competition-level mathematics and 252

coding tasks as the primary substrate to cultivate 253

model capabilities. To incentivize the model to 254

learn synthesis, the training data distribution is 255

refined over two stages. In Stage 1 (250 itera- 256

tions), we target scenarios where naive aggrega- 257

tion fails by filtering for low message set accu- 258

racy (0 < mean(message_acc) < 9/24 for math; 259

< 15/24 for code), alongside quality filtering. In 260

Stage 2 (450 additional iterations), we further re- 261

fine the distribution. We use an intermediate Stage 262

1 checkpoint to evaluate synthesis accuracy on 263

the Stage 1 data, retaining only instances where 264

0 < synthesis_acc < 1. The final PaCoRe-8B 265

model is obtained after 700 total iterations. 266

Training Results. We present the training dy- 267

namics by tracking training rewards, response 268

lengths, and performance on key benchmarks. As 269
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Benchmark AIME HMMT IMO Apex LiveCodeBench HLEtext
Multi

2025 2025 AnswerBench Challenge

GPT-5 93.5 (13k) 93.2 (16k) 72.9 (26k) 1.0 (33k) 83.5 (13k) 26.0 (14k) 71.1 (5.0k)
Qwen3-235B-Thinking 91.6 (26k) 82.3 (32k) 71.7 (34k) 3.3 (46k) 74.5 (21k) 18.2 (23k) 60.3 (1.6k)
GLM-4.6 92.3 (20k) 88.7 (25k) 73.5 (37k) 0.7 (53k) 79.5 (19k) 17.2 (21k) 54.9 (2.2k)
DeepSeek-v3.1∗ 90.2 (16k) 86.1 (20k) 63.0 (27k) 1.4 (36k) 74.9 (11k) 19.3 (18k) 54.4 (1.1k)
Kimi-K2-Thinking 95.3 (25k) 86.5 (33k) 76.5 (44k) 0.8 (60k) 79.2 (25k) 23.9 (29k) 66.4 (1.6k)

RLVR-8B 84.1 (50k) 75.4 (48k) 64.6 (56k) 0.0 (65k) 70.6 (34k) 9.3 (35k) 33.3 (1.7k)
PaCoRe-8B (low) 89.7 (255k) 88.1 (243k) 76.1 (306k) 0.7 (362k) 75.8 (188k) 13.0 (196k) 41.8 (13k)
PaCoRe-8B (medium) 92.5 (908k) 92.9 (869k) 77.3 (1080k) 1.4 (1280k) 76.7 (659k) 14.6 (694k) 45.7 (45k)
PaCoRe-8B (high) 93.7 (1873k) 94.5 (1796k) 78.4 (2258k) 2.3 (2679k) 78.2 (1391k) 16.0 (1451k) 48.0 (95.3k)

Table 1: Benchmark performance and TTC spent per problem instance. For each benchmark, we report
accuracy together with total TTC (in thousands). ∗DeepSeek-V3.1 refers to the Terminus version. For Low, Medium,
and High, we apply the inference configuration as K⃗ = [4], [16], and [32, 4] separately.

illustrated in Figure 3, both the training reward and270

response length steadily increase throughout the271

process. Correspondingly, the performance on both272

HMMT 2025 and LiveCodeBench (2408-2505) im-273

proves significantly. In these evaluations, the Pa-274

CoRe inference setting is K⃗ = [16, ]. In order to275

improve experimental efficiency, we utilize cached276

responses from the RLVR-8B model for each prob-277

lem instance to directly seed the current checkpoint278

for the next round generation. All these results279

indicate stable and effective learning.280

3.2 Evaluation281

Evaluation Setup. We evaluate PaCoRe on repre-282

sentative benchmarks across mathematics, coding,283

science, and open-ended generation: AIME 2025,284

HMMT 2025 (Feb.), Apex, IMOAnswerBench,285

LiveCodeBench (2408-2505), Humanity’s Last286

Exam (text subset), and MultiChallenge (Balunović287

et al., 2025; Luong et al., 2025; Jain et al., 2024;288

Team, 2025a; Sirdeshmukh et al., 2025). We com-289

pare against frontier reasoning models including290

GPT-5 ("high reasoning effort) (OpenAI, 2025),291

Kimi-K2-Thinking (AI, 2025), DeepSeek-V3.1-292

Terminus (DeepSeek, 2025), GLM-4.6 (Z.ai, 2025),293

and Qwen3-235B-A22B-Thinking-2507 (Team,294

2025b). We report pass@1 accuracy for all ap-295

proaches based on average performance of multiple296

independent generations per problem: 64 for AIME297

2025, HMMT 2025, and APEX; 8 for IMOAn-298

swerBench, LiveCodeBench, and MultiChallenge;299

and 1 for HLE. For both PaCoRe and RLVR eval-300

uations, We maintain a maximum generation se-301

quence length of 131,072 tokens with a tempera-302

ture and top-p of 1.0, and we apply YaRN (Peng303

et al., 2023) (scale 2.0) without modifying attention304

temperature. We evaluate our PaCoRe inference305

pipeline under three coordinated reasoning levels:306

Low (K⃗ = [4]), Medium (K⃗ = [16]), and High307

(K⃗ = [32, 4]). To optimize experimental efficiency 308

without compromising validity, we utilize a caching 309

strategy for the first round for PaCoRe evaluation: 310

we pre-generate a pool of 512 trajectories for each 311

problem, from which the model randomly samples 312

K1 items to seed the next round. We empirically 313

validated that this method yields results equivalent 314

to generating all trajectories from scratch. 315

Evaluation Results. The main results are sum- 316

marized in Table 1. Across all test-time effort 317

settings, PaCoRe-8B consistently outperforms the 318

starting checkpoint, RLVR-8B, on every bench- 319

mark. Even in the Low setting, PaCoRe-8B demon- 320

strates robust capabilities, achieving 88.1% on 321

HMMT2025 and 75.8% on LiveCodeBench, signif- 322

icantly outperforming the RLVR-8B baseline and 323

surpassing considerably larger models like Qwen3- 324

235B-A22B-Thinking-2507 and DeepSeek-V3.1- 325

Terminus. With further test-time scaling in the 326

High setting, PaCoRe-8B reaches a remarkable 327

94.5% on HMMT 2025 and 78.4% on IMOAnswer- 328

Bench, surpassing the leading proprietary model, 329

GPT-5, by scaling effective TTC to approximately 330

2 million tokens. A standout result is observed on 331

the extremely challenging Apex benchmark: while 332

the RLVR-8B fails to answer any questions cor- 333

rectly (0.0%), PaCoRe-8B achieves 2.3% in the 334

High setting. On LiveCodeBench, PaCoRe-8B 335

achieves a strong 78.2%, remaining competitive 336

with frontier models like GLM-4.6 and Kimi-K2- 337

Thinking. These findings demonstrate that paral- 338

lel coordinated reasoning allows an 8B model to 339

bridge the gap with, and often surpass, state-of-the- 340

art systems on complex reasoning tasks. 341

3.3 Analysis and Ablations 342

Ablation of Core Design Principles. We study 343

the importance of the two central components of 344
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Figure 4: Ablation of parallel reasoning and message passing. Left: Parallel scaling (K⃗ = [N, ]) utilizes
test-time compute more effectively than Sequential scaling (K⃗ = [1, . . . , 1]). Right: Message Passing is essential
for test-time scaling. Without compaction ("W/O Message Passing"), performance degrades as test time scales
and fundamentally limited by model context length, whereas standard PaCoRe ("W Message Passing") scales
unboundedly and robustly. Pass@1 accuracy is evaluated on HMMT 2025.

PaCoRe: parallel exploration and message passing.345

First, we compare parallel scaling (PaCoRe with346

K⃗ = [N, ]) against sequential scaling (equivalent347

to K⃗ = [1, . . . , 1]) under the same total number of348

generated trajectories. As shown in Figure 4 (Left),349

parallel coordinated reasoning utilizes TTC much350

more effectively than purely sequential approach.351

Second, we examine the role of message passing.352

We compare PaCoRe (W Message Passing) with a353

variant where compaction is disabled (W/O Mes-354

sage Passing), feeding the full trajectories into the355

next round context. Figure 4 (Right) shows that356

without compaction, performance degrades as TTC357

scales and is fundamentally limited by the context358

length. In contrast, PaCoRe, with message passing,359

scales robustly and without bound.360

Evolution of Synthesis Capabilities. We probe361

the mechanism underlying PaCoRe by tracking the362

evolution of synthesis behaviors during training.363

First, the frequency of "cross-checking" linguistic364

markers rises steadily across both domains (Fig-365

ure 5, Left). Notably, the near-zero initial fre-366

quency in the Code domain aligns with the poor367

test-time scaling of untrained models (Figure 1),368

confirming that training fundamentally transforms369

the model into a coordinated reasoner. To distin-370

guish genuine synthesis from simple aggregation371

or refinement, we track the Emergent Correctness372

Rate (Figure 5, Right), defined as the probability of373

generating a correct solution given input messages374

that are all incorrect. The upward trend in both do-375

mains demonstrates that the model transcends naive376

strategies like majority voting or random selection 377

(which fail given all wrong inputs), learning in- 378

stead to reconstruct valid solutions from erroneous 379

partial evidence. This capability is empirically con- 380

firmed in Table 5, where PaCoRe demonstrates 381

robust test-time scaling while the voting-based Self- 382

Consistency baseline saturates rapidly. 383

Model SWE-Verified

RLVR-8B 29.8%
PaCoRe-8B (low) 34.0%

Table 2: Performance on SWE-Verified. PaCoRe-8B
(low) markedly surpasses the RLVR-8B baseline, indi-
cating generalization to software engineering scenarios
without task-specific tuning.

Generalization Across Domains. To assess 384

cross-domain generalization beyond mathematical 385

and logical reasoning benchmarks, we evaluate 386

PaCoRe on software engineering and multi-turn 387

conversation tasks using the SWE-Verified (Ope- 388

nAI, 2024a) and MultiChallenge (Sirdeshmukh 389

et al., 2025), respectively. We note that the start- 390

ing checkpoint (RLVR-8B) underwent no special- 391

ized post-training for these tasks; thus, this study 392

assesses the intrinsic transfer of reasoning capa- 393

bilities rather than fully optimized performance. 394

For SWE-Verified, we compare a compute-efficient 395

variant, PaCoRe-8B (low), against the RLVR-8B 396

baseline, both under Agentless (Xia et al., 2024) 397

framework. As shown in Table 2, PaCoRe-8B (low) 398

achieves a resolve rate of 34.0%, substantially out- 399
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Figure 5: Evolution of synthesis-related linguistic features and emergent correctness across training steps.
Left: Frequency of cross-checking words (including ’reference’, ’参考’, ’Ref <number>’, ’ref <number>’) in
generated solutions. Training elicits and magnifies this capability across domains; notably, the near-zero initial
frequency in Code corroborates the poor test-time scaling of untrained models (Figure 1). Right: The Emergent
Correctness Rate tracks the probability of generating a correct solution given input messages that are all incorrect,
averaged over 100-step intervals. The upward trend in both domains demonstrates that through large scale RL
training, the model transcends naive strategies like majority voting or random selection to achieve genuine synthesis,
recovering valid solutions even from entirely erroneous contexts.

performing the baseline (29.8%). Furthermore, Pa-400

CoRe again exhibits strong generalization on Mul-401

tiChallenge, with PaCoRe-8B (high) improving the402

RLVR-8B baseline from 33.3% to 48.0% under403

higher TTC budgets as shown in Table 1404

Model AIME 2025 LiveCodeBench

Ours-SFT-Qwen3-30B-A3B 81.4% 66.0%
+ RLVR with PaCoRe Data 83.2% 74.0%

Table 3: General Effectiveness of PaCoRe Data.
RLVR trained on PaCoRe data, with only 200 update
iterations, achieves significant gains on benchmarks

General Effectiveness of PaCoRe Data. Be-405

yond the framework itself, we discovered that the406

training corpus curated for PaCoRe constitutes a407

general applicable learning resource of exceptional408

density. As shown in Table 3, we observe that409

employing our released dataset as the primary sub-410

strate for standard RLVR yields a robust perfor-411

mance boost. The RLVR stage uses high-quality,412

carefully curated training data and applies an off-413

policy PPO algorithm with GAE (γ = 1, λ = 1) for414

only 50 iterations and 4 mini-batches per iteration415

on ours-SFT-Qwen3-30B-A3B. Despite this min-416

imal compute budget, RLVR delivers substantial417

gains over the SFT model on both AIME 2025 and418

LiveCodeBench. This indicates that our problem419

set—carefully filtered to demand genuine synthe-420

sis—serves as a highly effective catalyst for train-421

ing strong reasoning models in general.422

Setting HMMT 2025 LiveCodeBench

|M | = 4 83.6 63.3
|M | = 8 83.7 64.4
|M | = 16 84.2 64.1
|M | ∼ U(1, 16) 84.3 64.3
|M | ∼ U(8, 16) 85.2 65.1

Table 4: Ablation of how the message-set size |M | is
determined during training.

Ablation on Message Sampling Strategy in 423

Training. We investigate the impact of message 424

set size |M | during training by comparing fixed ver- 425

sus uniformly sampled sizes. As shown in Table 4, 426

training with diverse and relatively large message 427

sets (|M | ∼ U(8, 16)) yields the best performance 428

when evaluated under a fixed inference configu- 429

ration (K⃗ = [16, ]). This randomized sampling 430

strategy improves robustness by familiarizing the 431

model with varying parallel coordination settings, 432

thereby facilitating superior test-time scaling. 433

4 Related Work 434

Classical approaches to sequentially scaling TTC, 435

such as CoT (Wei et al., 2023), pack intermedi- 436

ate steps into a single expanding chain. Even 437

when boosted by large-scale RL (OpenAI, 2024b; 438

DeepSeek-AI, 2025), these methods inevitably sat- 439

urate the context, strictly ceiled on achievable TTC. 440

A shift towards parallel scaling has shown im- 441

mense potential. Early methods (Wang et al., 2023; 442
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Method Setting Benchmark
AIME
2025

HMMT
2025

IMO
AnswerBench Apex

Self
Consistency

@4 87.0 (194k) 82.3 (193k) 69.7 (226k) 0.3 (249k)
@16 88.5 (776k) 85.9 (773k) 72.1 (904k) 0.0 (995k)
@64 89.5 (3106k) 85.1 (3094k) 72.8 (3615k) 0.0 (3981k)
@256 90.0 (12422k) 84.7 (12376k) 73.0 (14458k) 0.0 (15924k)

PaCoRe
low 89.7 (255k) 88.1 (243k) 76.1 (306k) 0.7 (362k)
medium 92.5 (908k) 92.9 (869k) 77.3 (1080k) 1.4 (1280k)
high 93.7 (1873k) 94.5 (1796k) 78.4 (2258k) 2.3 (2679k)

Table 5: Test-time scaling comparison with Self-Consistency sampling (Majority voting). We compare PaCoRe
against standard Self-Consistency (SC) on representative short-answer benchmarks. Token counts (TTC) are
reported in parentheses in thousands (k). Self-Consistency sampling are conducted using RLVR-8B and repeated
sampling from a 512 size of pool of responses for each problem for 64 times to estimate the accuracy.

Trinh et al., 2024; El-Kishky et al., 2025) use sim-443

ple rules to integrate language models with exten-444

sive parallel search, achieving strong performance445

in specific domains. However, the coordination446

in these systems often hinges on task-specific scaf-447

folds or priors, hindering their general applicability.448

This highlights the need for a general framework449

to coordinate massive parallel exploration within450

model context limits. Attempts at such coordina-451

tion (Chen et al., 2023; Wang et al., 2024; Wen452

et al., 2025; Zheng et al., 2025; Venkatraman et al.,453

2025; Wu et al., 2025) synthesize parallel outputs454

but lack mechanisms for message passing or con-455

text management, thus facing the same context lim-456

itations. Alternative approaches focused on context457

management (Yan et al., 2025; Aghajohari et al.,458

2025) use compression rules but remain rooted in459

the sequential paradigm, limiting TTC scaling ef-460

ficiency. AggLM (Zhao et al., 2025) focuses on461

learning aggregation strategies that surpass major-462

ity voting and reward-model ranking, while we463

introduce parallel coordinated reasoning with con-464

text compaction to scale test-time compute beyond465

context limits. Thus, scaling trajectory configura-466

tions and rounds of coordinated reasoning yields467

substantial gains, outperforming AggLM and even468

GPT-5 in the mathematics domain.469

Concurrent work PDR primarily focuses on re-470

finement behavior to optimize the latency–accuracy471

trade-off, whereas PaCoRe is motivated by scaling472

test-time compute far beyond context limitations473

for general-purpose reasoning. Despite architec-474

tural similarities, PaCoRe adopts a specialized data475

curation that explicitly targets instances requiring476

complex synthesis, rather than iterative correction477

or refinement. This design encourages reasoning478

behaviors beyond naive aggregation. As a result,479

PaCoRe exhibits a broader range of emergent be- 480

haviors, including systematic cross-checking and 481

the synthesis of correct solutions even when all 482

individual input messages are incorrect. 483

Recently, frontier proprietary systems (xAI, 484

2025; DeepMind, 2025; OpenAI, 2025) have 485

demonstrated exceptional reasoning performance, 486

reportedly via utilizing massive parallel TTC. 487

While these systems showcase the power of this 488

paradigm, their undisclosed technical details hinder 489

broader scientific progress. PaCoRe bridges this 490

gap by providing an effective, and open-sourced 491

framework for parallel coordinated reasoning, ac- 492

celerating future research in this direction. 493

5 Conclusion 494

In this work, we introduce Parallel Coordinated 495

Reasoning (PaCoRe), a test-time scaling frame- 496

work that enables massive test-time compute (TTC) 497

without exceeding the context window constraints 498

of contemporary language models. PaCoRe ad- 499

dresses the limitations of sequential reasoning by 500

shifting the primary driver of inference to coordi- 501

nated parallel breadth. It operates via a message- 502

passing architecture that iteratively launches many 503

parallel reasoning trajectories, compacts their find- 504

ings into context-bounded messages, and syn- 505

thesizes these messages to guide subsequent ex- 506

ploration. Trained end-to-end with large-scale, 507

outcome-based reinforcement learning, the model 508

develops the synthesis capabilities required for ef- 509

fective coordination. Our empirical results demon- 510

strate significant improvements across diverse do- 511

mains. Notably, our PaCoRe-8B model achieves 512

94.5% on HMMT 2025, surpassing GPT-5 by scal- 513

ing effective TTC to roughly two million tokens, 514

all orchestrated within a standard context window. 515

8



Limitations516

While PaCoRe successfully decouples reasoning517

performance from the constraints of sequential de-518

coding, our current study operates within specific519

boundaries that invite further exploration. First, we520

rely on scaling the volume of test-time compute via521

massive parallelism rather than strictly optimizing522

intelligence density—the utility derived per unit523

of compute. Our current implementation employs524

homogeneous search without explicit division of525

labor. Future work could design strategies that sig-526

nificantly reduce redundancy by orchestrating spe-527

cialized endeavors and cooperative planning among528

trajectories. Second, we validate our framework529

exclusively on pure-text domains to focus on intrin-530

sic reasoning. We have not yet integrated external531

tool usage or multi-modal perception. Extending532

PaCoRe to agentic settings where synthesis must533

coordinate active tool interactions and multimodal534

inputs remains a critical step to establish the frame-535

work’s broader generality. Finally, while PaCoRe536

constitutes a distinct training stage within our over-537

all model pipeline, we have not yet investigated538

how to co-optimize it with the foundational pre-539

training and post-training processes. Leveraging540

the framework to drive an advanced synthetic data541

generation pipeline offers a promising path toward542

such integration.543
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In this Appendix, we provide more elaboration 839

on the implementation details, experiment results, 840

and qualitative results. 841

A Initial Checkpoint Derivation 842

To facilitate effective test-time scaling, we first im- 843

plement a reasoning-oriented post-training pipeline 844

for Qwen3-8B-Base, comprising Supervised Fine- 845

Tuning (SFT) and Reinforcement Learning with 846

Verifiable Rewards (RLVR). 847

Reasoning-Oriented SFT. We collect millions 848

of prompts from the open-source community, span- 849

ning diverse domains including mathematics, cod- 850

ing, science, software engineering, tool use, logical 851

reasoning, and creative writing. Leveraging these 852

prompts, we distill data from multiple frontier mod- 853

els. Following a rigorous correctness verification 854

process, we curate a dataset comprising 10.4M sam- 855

ples, totaling 61.1B tokens. 856

To ensure data quality and integrity, we apply 857

two pipes to further filter the dataset. First, we 858

use predefined rules to eliminate low-quality data 859

with degenerate patterns, such as infinite repetition, 860

harmful content, and personally identifiable infor- 861

mation. Second, we conduct comprehensive bench- 862

mark decontamination to prevent leakage. This 863

involves both exact matching (with digit masking 864

to catch questions featuring only numerical mod- 865

ifications) and N -gram matching (N = 64). This 866

two-pipe filtration process yields a refined dataset 867

of 10.2M samples, totaling 59.5B tokens. 868

We perform SFT on Qwen3-8B-Base using the 869

refined dataset. The training is configured with 870

a maximum sequence length of 64k and a global 871

batch size of 64. We employ a cosine learning rate 872

scheduler with a 200-step warmup phase, where 873

the learning rate peaks at 1× 10−4 and anneals to 874

a final value of 1× 10−5. We implement domain- 875

specific sampling weights for the dataloader, which 876

translate to varying epochs for different domains. 877

In total, the model is trained over ∼165B tokens. 878

Reasoning-Oriented RLVR. Similarly, we 879

source ∼500k prompts paired with ground 880

truth from the open-source community, which 881

encompass domains including mathematics, 882

coding, science, logical reasoning, and instruction 883

following. We implement a robust internal RL 884

framework utilizing vLLM for inference and 885

Megatron for training. During each step, we 886

sample 256 prompts and generate 16 responses 887
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per prompt (max length 64k). To address long-tail888

inference latency, we enable the partial rollout889

strategy (Team et al., 2025).890

For non-coding domains, we employ LLM-as-891

judge (gpt-oss-120b 1) to verify response consis-892

tency against the ground truth. For coding tasks,893

we utilize sandboxes to validate code execution894

against test cases with soft reward. We omit KL895

divergence constraints (both as reward penalties896

and loss terms) and entropy loss during training.897

We use an off-policy PPO algorithm with GAE898

(γ = 1, λ = 1), while omitting importance sam-899

pling. Samples are split into 4 mini-batches per it-900

eration. We set the actor and critic learning rates to901

2× 10−6 and 5× 10−6, respectively. Furthermore,902

we apply the Truncated Importance Sampling ratio903

(threshold C = 8) proposed by Yao et al. (Yao904

et al., 2025) to mitigate training-inference inconsis-905

tency issues. The entire RL phase consists of 200906

training iterations.907

B PaCoRe Synthesis Prompt Template908

In the Synthesis and Parallel Exploration stage of909

the PaCoRe inference pipeline, we map the prob-910

lem instance x and the set of compact messages911

M into a structured natural language input using a912

prompting function P (x,M). The exact serializa-913

tion template is provided in Table 6. By framing914

the compact messages as "Reference Responses,"915

we explicitly encourage the model to critically eval-916

uate and synthesize the diverse perspectives accu-917

mulated from the previous round.918

While the method is described in Section 3.1 in919

the context of a single-turn problem, this frame-920

work is naturally extensible to multi-turn, interac-921

tive environments (e.g., dialogues or agentic tool-922

use loops). In such settings, the pipeline is in-923

voked at any decision point where the model must924

generate an action. The "Original Problem" slot925

in the template is populated by the most recent926

observation or user message, while the preceding927

interaction history (previous turns, tool outputs) re-928

mains intact in the context. This allows PaCoRe to929

maintain exactly same interface as standard chat or930

reasoning models, ensuring seamless compatibility931

with existing ecosystem.932

1https://huggingface.co/openai/gpt-oss-120b

C PaCoRe Training Data Preparation 933

C.1 Math Data 934

Math Competition and Open Source Data. We 935

aggregate math problems from a mix of open- 936

source datasets and competition archives. On 937

the dataset side, we include open source datasets 938

from (Yu et al., 2025; Hu et al., 2025; Guha et al., 939

2025; Li et al., 2024; Albalak et al., 2025; Mitra 940

et al., 2024; aslawliet, 2024b,a; Open-R1 Team, 941

2025; LIMO Authors, 2025; Muennighoff et al., 942

2025; He et al., 2025). On the competition side, 943

we collect all available historical problems (includ- 944

ing official solutions where available) from AIME, 945

HMMT, SMT, CMIMC, BRUMO, BMT, CHMMC, 946

DMM, MNYMO, PUMAC, and Math Prize for 947

Girls, using their official online archives (aim; 948

hmm; smt; cmi; bru; bmt; chm; dmm; mny; pum; 949

mat). We exclude AIME 2024/2025, HMMT Feb 950

2025, BRUMO 2025, SMT 2025, CMIMC 2025, 951

and HMMT Nov 2025 from the training pool be- 952

cause these contests are used as part of the Math- 953

Arena benchmark (Balunović et al., 2025). 954

Synthetic Data. Beyond mined data, we add a 955

synthetic component to strengthen large-integer 956

arithmetic, a basic skill that underlies many 957

competition-style solutions and naturally produces 958

diverse numeric answers. We generate 13k syn- 959

thetic large-integer arithmetic problems using a 960

small set of simple hand-written text templates. For 961

each problem, we independently sample integers A 962

and B uniformly between 1011 and 1013, randomly 963

choose one of four operation types—addition, sub- 964

traction, multiplication, or modular exponentiation 965

modulo a fixed large prime—and substitute A, B, 966

and the chosen operation into a template to form 967

the natural-language question. We compute the 968

corresponding exact integer answer with standard 969

arithmetic and record it as the ground-truth label. 970

By restricting to integer-valued outputs, each syn- 971

thetic problem has a single unambiguous label and 972

can be checked easily. 973

Data Quality Control. We apply several stages 974

of quality control to ensure that the math data are 975

well-posed and rule-checkable. First, we run de- 976

terministic rule-based filters that remove problems 977

with embedded images or external links; multi-part 978

questions or prompts that request multiple final an- 979

swers; and items whose solutions depend on vague 980

prose or open-ended discussion rather than a single 981

numerical or algebraic target. Next, in-house math 982
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You are given a problem and a list of reference responses. Your job is to analyze these references and provide your own response.
Original Problem:
{{ original_prompt }}

Reference Responses:
{% for response in ref_responses %}
Reference {{ loop.index }}:
{{ response }}
{% endfor %}

Now, based on the original problem and reference responses above, please provide your own comprehensive solution.

Table 6: Input serialization template for PaCoRe synthesis. We use this template to embed the current problem
x (denoted as original_prompt) and the compact message set M (denoted as ref_responses) into the
model’s context. In the degenerate case where the message set is empty (M = ∅), this template is bypassed, and the
original problem input is passed to the model unmodified.

experts spot-check samples and mark common fail-983

ure types (incorrect official solutions, internally984

inconsistent statements, or ambiguous wording).985

Based on these annotations, we construct a 100-986

sample evaluation set with a 1:1 mix of valid and987

invalid QA pairs and iteratively refine a prompt for988

an LLM-based judge. To accommodate the strict989

formatting requirements of our verifiable reward en-990

vironment (e.g., single-part questions with a unique991

final answer, as in math-verify-style checkers), we992

use gpt-oss-120b with this prompt in a 4-pass una-993

nimity scheme, keeping only items that receive 4/4994

positive votes on the QA-validity classification. We995

tune the prompt until the F1 score on the evalua-996

tion set saturates, and in practice this configuration997

reliably filters out most ill-posed or non-checkable998

problems. The filtered open-source datasets and999

competition problems are then combined with the1000

synthetic arithmetic problems described above. We1001

summarize the problem counts from each source af-1002

ter rule-based and model-based filtering in Table 7.1003

As discussed in Section 3.1, we additionally apply1004

an accuracy-based filter using a strong proposer1005

model to select problems that are neither trivial1006

nor degenerate; we treat this as part of curriculum1007

design rather than basic data cleaning.1008

Table 7: Problem counts by source after rule-based and
model-based filtering.

Source Before Filtering Stage 1 Stage 2

Open-source datasets 695k 0.7k 0.5k
Competition archives 8.4k 0.2k 0.3k
Synthetic arithmetic 13.4k 0.8k 1.6k

Total 717k 1.7k 2.4k

C.2 Competitive Code Data 1009

Competitive Programming Contest and Open 1010

Source Data. About 29k problems are gathered 1011

from competitive programming problem sources 1012

(for example, subsets of TACO (Li et al., 2023), 1013

USACO 2, etc) and undergo a rigorous cleaning 1014

process. The main metrics in validation are format 1015

checks in problem statements, number of test cases, 1016

and full judging of provided code submissions. We 1017

use testlib 3 library to help judge a submission 1018

code. We apply an auto-matching method on test 1019

case outputs of problems to decide a pre-defined 1020

testlib checker to judge. We make some modifi- 1021

cation to the checker to handling broader cases, 1022

including change ‘icmp‘ function to support 64- 1023

bit integer comparision. For problems requiring a 1024

special-judge checker, we use LLMs to generate 1025

it, or simply skip this problem. There are about 1026

14k additional problems sampled from recent open- 1027

source competitive programming datasets, includ- 1028

ing am-thinking-v1 (Ji et al., 2025) and deepcoder 1029

(Luo et al., 2025). These problems are filtered with 1030

deduplication and validation processes. 1031

Synthetic Data. To address the shortage of 1032

test cases in open-source datasets, we employ a 1033

generator-validator pipeline inspired by CodeCon- 1034

tests+ (Wang et al., 2025). This process utilizes 1035

LLMs to produce new test cases, which are sub- 1036

sequently verified against ground-truth solutions 1037

and incorrect submissions. In RL experiments, we 1038

found that a fine-grained reward function based 1039

on test case pass rates significantly outperforms a 1040

simple binary reward. Our final code data source 1041

comprises approximately 5k problems curated from 1042

2https://usaco.org/index.php?page=training
3https://github.com/MikeMirzayanov/testlib
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Table 8: Ablation over the intermediate round width K2

during inference, using a fixed multi-round configura-
tion of K⃗ = [32,K2].

K2 HMMT 2025 LiveCodeBench(2408-2505)

2 94.0 77.4
4 94.6 78.4
8 94.0 77.5

CodeForces 4.1043

D More Ablation Studies1044

Multi-round Inference Recipe. We study the1045

impact of the inference trajectory configuration K⃗1046

in a multi-round setting. Fixing the first round1047

width K1 = 32, we ablate the second round width1048

K2 (using a configuration K⃗ = [32,K2]). Table 81049

indicates that K2 = 4 yields the best performance1050

on both benchmarks.1051

E Potential Risks1052

Although we deliberately filtered harmful con-1053

tent from our training data, our reasoning-oriented1054

model may still generate harmful or biased outputs.1055

Furthermore, since we apply no direct supervision1056

to the intermediate reasoning steps, the model’s in-1057

ternal chain of thought remains unconstrained and1058

could potentially contain harmful or biased content,1059

even if the final answer is correct.1060

4https://codeforces.com
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