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Abstract

Scaling test-time reasoning has substantially improved the problem-solving abil-1

ity of large language models (LLMs), but standard autoregressive decoding still2

executes long reasoning traces sequentially, creating severe latency for difficult3

tasks (up to days and weeks). Parallel reasoning offers a natural remedy. However,4

prior systems primarily focus on Subtask Parallelism, where the model learns to5

decompose a high-level task into smaller chunks that can be solved independently.6

This approach overlooks another pervasive form of parallelism: Trial Parallelism,7

where multiple speculative attempts explore, verify, and aggregate competing8

hypotheses in parallel. In this paper, we introduce Parason, which reveals and9

learns both forms of parallelism in LLM reasoning. Our analysis identifies Trial10

Parallelism as the majority of parallelizable reasoning computation (65.5% in11

DeepSeek-V4’s reasoning steps in HLE), and it becomes increasingly dominant on12

hard problems. Guided by this taxonomy, Parason converts sequential reasoning13

traces into structured parallel trajectories with a context-free grammar, then trains14

models with Parallelism-Aware Group Relative Policy Optimization (PA-GRPO),15

whose reward jointly balances accuracy, latency, and the two parallelism ratios. At16

inference time, Parason executes the learned parallel structure through tool calls,17

translating theoretical savings to real-world wall-clock acceleration. Experiments18

on mathematical reasoning benchmarks including AIME24 and AIME25 show19

that Parason achieves an average acceleration about 1.7× while maintaining20

competitive accuracy.21

1 Introduction22

Recent advances in large language model (LLM) reasoning have made a simple recipe increasingly ef-23

fective: spend more test-time compute, and obtain better answers. Chain-of-Thought prompting [Wei24

et al., 2022] and reasoning-oriented systems such as OpenAI o1 [OpenAI et al., 2024] and DeepSeek-25

R1 [DeepSeek-AI et al., 2025] show that long, deliberate reasoning traces can substantially improve26

performance on mathematical and logical tasks. Yet this recipe has an immediate systems bottleneck.27

Standard autoregressive decoding serializes every token and every intermediate thought, so stronger28

reasoning often translates directly into longer waiting time. On difficult problems, reasoning traces29

can grow to hundreds of thousands or even millions of tokens [Hubert et al., 2025, Luong et al., 2025],30

making the usual “think longer” strategy impractical for interactive agents, coding assistants, and31

other latency-sensitive applications. For example, Google’s AlphaProof [DeepMind, 2024] requires32

up to three days to solve challenging problems from the International Mathematical Olympiad (IMO)33

2024, highlighting the extreme latency inherent in current sequential reasoning systems.34

A natural response is to make reasoning parallel: let multiple reasoning branches proceed con-35

currently instead of decoding every thought in sequence. Existing methods explore this direction36
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Figure 1: Overview of two types of parallelism. The figure contrasts Subtask Parallelism, where
all decomposed branches are needed for the final answer, with Trial Parallelism, where multiple
uncertain paths are explored as alternative (OR) branches. Despite this OR relation, the outputs of all
Trial branches are concatenated into the subsequent context, making every branch’s content available
for final synthesis. While previous work mainly focuses on Subtask Parallelism, our analysis shows
that Trial Parallelism accounts for the majority of parallelizable reasoning on HLE for every model
we study, and exceeds 58% for DeepSeek-R1 and DeepSeek-V4 across both datasets.

through independent sampling, such as self-consistency and Best-of-N [Wang et al., 2022, Hu et al.,37

2026], or adaptive branching frameworks [Yang et al., 2025b, Jin et al., 2025, Zheng et al., 2025,38

Lian et al., 2025, Wang et al., 2025]. However, methods such as Multiverse [Yang et al., 2025b],39

ThreadWeaver [Lian et al., 2025], and APR [Pan et al., 2025] mainly exploit subtask-style parallelism:40

splitting a high-level task into smaller chunks and merging their results. Trial-style exploration, which41

tries uncertain paths and incorporates diverse trajectories, is less discussed.42

In this work, we argue that the key missing piece is a semantic taxonomy of parallel reasoning. As43

illustrated in Figure 1, we identify two complementary forms of parallelism. Subtask Parallelism44

applies when a problem can be decomposed into independent steps: each branch solves a distinct45

sub-goal, and the final answer combines all branch results. This is the form emphasized by most46

prior adaptive parallel systems. Trial Parallelism applies when the model is uncertain about which47

path will work: multiple branches test competing hypotheses, and the final trajectory keeps the useful48

results. These modes have different execution semantics. Subtask branches are usually all necessary,49

while trial branches are speculative and most useful when the reasoning path is uncertain. Our50

empirical analysis shows that this distinction is practical, not merely conceptual. Trial Parallelism51

accounts for the majority of analyzed parallelizable steps on Humanity’s Last Exam for every52

model we study, including 73.8% and 65.5% for DeepSeek-R1 and DeepSeek-V4, respectively. On53

OpenMath, it remains the majority for most models and reaches 68.5% and 58.1% for the same two54

open-source models. This suggests that hard reasoning is not only decomposition, but also trying and55

refining uncertain solution paths. Systems that focus solely on subtask decomposition therefore miss56

much of the computation in hard cases.57

Guided by this observation, we introduce Parason, a training-and-inference codesign framework for58

revealing and exploiting both Subtask Parallelism and Trial Parallelism. Parason converts sequential59

reasoning traces into structured parallel trajectories without changing their final semantics, and60

uses a context-free grammar to mark parallel regions, individual branches, and summaries in an61

engine-parseable format. We then train the model with Parallelism-Aware Group Relative Policy62

Optimization (PA-GRPO), which augments outcome-based reinforcement learning with rewards for63

lower latency along the longest token path and balanced use of the two parallelism types. At inference64

time, the generated structure is executed through tool calls, allowing Parason to dispatch independent65

workers with subtasks and competing trial branches. Across mathematical reasoning benchmarks66

including AIME24 and AIME25, Parason preserves competitive accuracy while reducing effective67

reasoning latency. Our contributions are summarized as follows:68

• A taxonomy of parallel reasoning. We distinguish Subtask Parallelism and Trial Par-69

allelism, identifying Trial Parallelism as the missing component. Based on this taxonomy,70
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Sequential Reasoning is Naturally Parallelizable – A Case of 24 Puzzle Solving

Prompt: Calculate 24 using 6 9 9 10

<think> We are given the numbers 6, 9, 9, 10 and we need to make 24 using basic arithmetic operations (+, -, *, /)
and possibly parentheses. We need to find an expression that equals 24. Let's try different combinations: We have two
9's, one 6, and one 10. Goal: 24. Some common approaches: 24 = 4*6, 24=30-6, 24=2.4*10, etc.

Since we have a 6, maybe we can get 4 from 9,9,10 to multiply by 6? 4*6=24. How to get 4 from 9,9,10? 10 - 9 = 1,
then 9 - 1 = 8, not 4. Or (9+9)/10? =18/10=1.8, not 4. Maybe 24 = 30 - 6. So if we can make 30 from 9,9,10 and then
subtract 6? But we have to use all numbers. So maybe (9+9+10) = 28, then 28 - 4? But we have 6. Alternatively,
(9*10)/? Not sure. Or 24 = (10-6)*6, but we only have one 6. Maybe using fractions: 24 = 9/(something) etc. Let's try
other combinations systematically: We can think of possible expressions: One idea: 10 * (9 - 6) = 10*3=30, then 30 -
9 = 21, not 24. 10 * (9 - 6) - 9 = 30-9=21. 9 * (10 - 6) = 9*4=36, then 36 - 9 = 27, not 24. (9+9)* (10-6)? =18*4=72
too big. (9+9-10)*6 = (8)*6=48, too big.

Maybe divide: (9*10)/ (something) = 90/ something. 90/4 = 22.5, not 24. Or (9*10*9)/ something. 810/33.75 = 24? Not
likely. Maybe using subtraction and division: 24 = (10*9)/(something) - something. Let's try: 9*10 = 90, 90/6=15,
then 15+9=24! That works: 9*10/6+9 = 90/6+9=15+9=24. But we have to use two 9's and one 10 and one 6. In that
expression we used one 9, one 10, one 6, and then added the other 9. So it's 9*10/6+9. But check order of operations:
multiplication and division first: 9*10=90, 90/6=15, 15+9=24. Yes.

So the expression is: 9 × 10 ÷ 6 + 9 = 24. we found a solution. But let's check if there are other ways: maybe (9 -
6) × (10 - √9) but we cannot use square root unless specified. So basic operations only. Another: (10 - 9/9)*?
(10-1)=9, 9*? Not 24. (9+9+10-6)? =22, not 24.(9*9-10)/6? (81-10)/6=71/6≈11.83, no.

So the one we found seems simplest. Thus, the answer is: 9 × 10 ÷ 6 + 9 = 24. </think>

One solution is: 9 × 10 ÷ 6 + 9 = 24

Figure 2: Visualization of Trial and Subtask Parallelism. The 24 Puzzle trace generated by
DeepSeek-R1 [DeepSeek-AI et al., 2025] highlights Subtask Parallelism in blue and Trial Parallelism
in green. Subtask branches implement divide-and-conquer execution, while Trial branches explore
and verify competing hypotheses; Trial steps occupy the majority of reasoning tokens.

we introduce Parason, which converts sequential reasoning data into grammar-constrained71

parallel trajectories that can be parsed and executed by inference engines.72

• Parallelism-aware reinforcement learning. We propose PA-GRPO, a multi-objective RL73

objective that jointly optimizes answer accuracy, latency along the longest token path, and74

the model’s use of the two parallelism modes.75

• Empirical speedups with competitive accuracy. Experiments across challenging math76

benchmarks demonstrate that Parason improves the latency–accuracy Pareto frontier, achiev-77

ing an average acceleration about 1.7× while maintaining competitive accuracy. Under78

latency-constrained settings, Parason matches the performance of an 8k-token latency budget79

using only 25% of the budget.80

• Seamless inference engine support. We define a CFG that marks parallel regions as tool81

calls and integrate Parason into SGLang [Zheng et al., 2023]. This makes parallel reasoning82

directly executable in a real inference engine, while prior work either reports only theoretical83

speedups that are hard to translate into actual latency reduction, or introduces complicated84

designs that require deep modifications to modern inference engines.85

2 Related Work86

Test-time scaling for LLM reasoning. Scaling inference-time computation has become a cen-87

tral recipe for improving LLM reasoning. CoT prompting [Wei et al., 2022] elicits intermediate88

derivations, while recent reasoning models such as OpenAI o1 [OpenAI et al., 2024] and DeepSeek-89

R1 [DeepSeek-AI et al., 2025] further improve performance by producing longer and more deliberate90

reasoning traces. This sequential scaling is powerful but expensive: autoregressive decoding generates91

every token one after another, so longer reasoning directly increases latency. Parallel reasoning is an92

attractive direction for preserving test-time compute while shortening the longest token path.93

Independent parallel sampling and majority voting. A simple form of parallel reasoning is94

to sample multiple complete solutions and aggregate their answers. Self-consistency [Wang et al.,95

2022], verifier-guided Best-of-N sampling [Cobbe et al., 2021], and confidence-based variants such96

as DeepConf [Fu et al., 2025] improve robustness by exploring several candidate trajectories. These97
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Model Dataset: OpenMath Dataset: HLE

Subtask (%) Trial (%) Subtask (%) Trial (%)

Open Source Models
DeepSeek-R1 [DeepSeek-AI et al., 2025] 31.5 68.5+37.00 26.2 73.8+47.60

Qwen3-30B-A3B [Yang et al., 2025a] 43.6 56.3+12.70 38.8 61.2+22.40

MiniMax 2.7 [MiniMax AI, 2025] 47.7 52.3+4.60 38.2 61.8+23.60

Kimi-2.6 [Moonshot AI, 2025] 43.0 57.0+14.00 42.1 57.9+15.80

DeepSeek-V4 [DeepSeek-AI, 2026] 41.9 58.1+16.20 34.5 65.5+31.00

Commercial Models
Gemini-2.5-Pro [Google, 2025] 62.9 37.1−25.80 49.4 50.6+1.20

Claude-Opus-4.5 [Anthropic, 2025b] 44.9 55.1+10.20 29.9 70.1+40.20

Gemini-3-Pro [Google DeepMind, 2025] 57.4 42.6−14.80 46.9 53.1+6.20

GPT-5.5 [OpenAI, 2026] 34.4 65.6+31.20 23.9 76.1+52.20

Table 1: Trial Parallelism dominates on harder reasoning datasets. We report Subtask and Trial
ratios in reasoning traces from OpenMathReasoning [Moshkov et al., 2025] and Humanity’s Last
Exam (HLE) [Phan et al., 2025]. Ratios are computed on the first 100 problems of each dataset, and
annotation details are provided in Appendix A. For closed-source models, the original thinking trace
is hidden, thus we counted summary statistics instead.

methods implicitly use trial-style computation, since different samples may try different solution98

paths. However, these samples are independent full traces. They do not share intermediate work,99

expose branch structure inside a trace, or tell an inference engine where parallel execution should100

begin and end. As a result, they improve accuracy at the cost of redundant computation with little101

control over latency.102

Structured and adaptive parallel reasoning. Another line of work introduces explicit structures103

for parallel reasoning. Tree-of-Thoughts [Yao et al., 2023], Graph-of-Thoughts [Besta et al., 2023],104

Skeleton-of-Thought [Ning et al., 2023], and agentic decomposition methods split reasoning into105

trees, graphs, outlines, or sub-agents. More recent adaptive systems, including PASTA [Jin et al.,106

2025], Multiverse [Yang et al., 2025b], Parallel-R1 [Zheng et al., 2025], APR [Pan et al., 2025],107

ThreadWeaver [Lian et al., 2025], and PaCoRe [Hu et al., 2026], train or prompt models to create108

parallel branches and merge their outputs. PaCoRe further scales test-time compute with multiple109

rounds of coordinated parallel exploration and message passing. Figure 2 visualizes the same broader110

opportunity: LLM reasoning can be parallelized.111

Yet their main mechanism is still subtask-centric: the model decomposes a high-level task into smaller112

chunks, runs the chunks in parallel, and merges the results. This is effective when the problem admits113

a clean divide-and-conquer structure, but it misses a common behavior in difficult reasoning: trying114

uncertain paths, rejecting failed attempts, and keeping the path that works. Our analysis shows that115

this missing Trial Parallelism is not rare; it accounts for most parallelizable reasoning steps in hard116

cases. Parason therefore separates Subtask Parallelism from Trial Parallelism and trains the model117

to exploit both forms explicitly.118

3 Methodology119

Parason turns long sequential reasoning traces into executable parallel programs, which is critical120

for long-horizon tasks such as Google’s AlphaProof [DeepMind, 2024], OpenAI’s IMO reasoning121

efforts [Luong et al., 2025], and recent agentic coding workflows such as Claude Code [Anthropic,122

2025a] and OpenAI Codex [OpenAI, 2025]. The framework has three parts. First, we define two123

semantic forms of parallel reasoning: Subtask Parallelism decomposes a problem into independent124

required parts, while Trial Parallelism explores competing uncertain attempts and incorporates the125

diverse exploration into the final reasoning path. Second, we define a context-free grammar (CFG)126

that gives Parason a formal syntax, helps data generation, processing, and rollouts avoid syntax errors,127

and makes later system integration simple. Third, we propose Parallelism-Aware GRPO (PA-GRPO),128

a training algorithm that teaches the model to use parallelism effectively while preserving final-answer129

correctness.130
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Parallel Reasoning in Parason – A Case of 24 Puzzle Solving

Prompt: Calculate 24 using 6, 9, 9, 10.

<think> We are given the numbers 6, 9, 9, 10 and need to make 24 using basic arithmetic operations (+, -, *, /).
Goal: 24.

<Parallel>
<Outlines>
<Subtask> 1. Try to use 6 as a multiplier and derive 4 from 9, 9, 10. </Subtask>
<Subtask> 2. Try division with 9*10 and use the remaining 6 and 9. </Subtask>
<Subtask> 3. Verify whether there are simpler alternatives. </Subtask>

<Thread> 1.
<Parallel>
<Outlines>
<Trial> 1. Try use 9, 9, 10 to
make 4. 10-9=1, then 9-1=8, not 4.
This route does not find 4.
</Trial>
<Trial> 2. Try 10*(9-6)-9. This
gives 21, not 24. This route does
not find 24. </Trial>
<Trial> 3. Try 9*(10-6)-9. This
gives 27, not 24. </Trial>
<Trial> 4. Try (9+9)*(10-6). This
gives 72, not 24. </Trial>

</Outlines>
</Parallel>

</Thread>

<Thread> 2.
<Parallel>
<Outlines>
<Trial> 1. Try 9*10/6+9. 90/6=15,
15+9=24. This works. </Trial>
</Outlines>

</Parallel>
</Thread>

<Thread> 3.
<Parallel>
<Outlines>
<Trial> 1. Try (9-6)*(10-sqrt(9)).
Square root is not allowed.
</Trial>
<Trial> 2. Try 9+9+10-6. Result
is 22, not 24. </Trial>
<Trial> 3. Try (9*9-10)/6. Result
is 11.83, not 24. </Trial>
</Outlines>

</Parallel>
</Thread>

</Outlines>

</Outlines>
</Parallel>
Thus, the answer is 9 × 10 ÷ 6 + 9 = 24. </think>

Figure 3: Solving the 24 Puzzle in Parason format. This example is adapted from a real 24 Puzzle
reasoning trace. The blue region gives the Subtask plan, splitting the problem into three independent
subtasks. The green regions show Trial Parallelism, where each subtask explores candidate routes in
parallel. The correct solution appears in the first Trial branch of the second subtask.

3.1 Parallelism in Reasoning131

A reasoning trace is not uniformly sequential, as shown by the visualization of Trial and Subtask132

Parallelism in Figure 2. Some steps derive independent facts that will all be used later; other steps try133

uncertain ideas, explore multiple paths, and aggregate their findings. Following the overview and134

examples in Figures 1, 2, and 3, Parason treats these behaviors as two semantic forms of parallelism135

with different merge rules.136

Subtask Parallelism is an AND-branch form of parallelism. A problem is split into independent137

sub-goals g1, . . . , gk, each branch computes a necessary result ri, and the main trajectory aggregates138

all results {ri}ki=1 to continue the derivation. These branches are parallel because they do not depend139

on one another, but all of them are mandatory: dropping one branch would remove the information140

required for generating the final answer. For example, a geometry solution may compute two distances141

independently before combining them in a final formula. This is the dominant form assumed by prior142

adaptive parallel systems [Yang et al., 2025b, Lian et al., 2025, Pan et al., 2025, Hu et al., 2026].143

Trial Parallelism is an OR-branch form of parallelism. Given an uncertain state, the model launches144

competing attempts a1, . . . , ak that test different hypotheses, heuristics, or solution routes. The145

merge step concatenates the branches to incorporate the exploratory trajectories into the reasoning146

history, rather than selecting a single branch. Thus, Trial Parallelism is parallel search inside a single147

reasoning trace, rather than decomposition into mandatory parts. This mirrors how strong reasoning148

models often behave on hard problems: they try a path, detect a dead end, and revise. Our empirical149

analysis in Table 1 shows that Trial Parallelism accounts for more than 50% of parallelizable steps150

for every model on HLE [Phan et al., 2025] and for most models on OpenMath, with higher Trial151

shares on HLE across all listed models.152

3.2 Parallel Tracjectory Format153

To make these two modes executable, Parason represents reasoning traces with a grammar-constrained154

format. We extend ordinary <think> traces with parallel tags: <Parallel> marks a parallel region,155
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Context-Free Grammar (CFG) for Parason

Let G = (V,Σ, R, S) be the context-free grammar for structured parallel reasoning.
Terminology

• Terminals (Σ): {<think>,
<Parallel>, <Outlines>,
<Subtask>, <Trial>, <Thread>,
their matching closing tags, Text}

• Non-terminals (V ):

– S: start of reasoning
– B: reasoning body
– P : parallel region
– O: outlines block
– G: list of outline entries
– E: one Subtask or Trial entry
– H: list of thread bodies
– W : one Thread body
– T : free-form reasoning text

• Start symbol: S
• Rules: R defines valid tag nesting and

branch structure.

Production Rules R

S → <think> B </think>

B → T B | P B | ϵ
P → <Parallel> O H </Parallel>

O → <Outlines> G </Outlines>

G → E G | E
E → <Subtask> T </Subtask>

| <Trial> T </Trial>
H → W H | W
W → <Thread> B </Thread>

T → nonempty free-form text excluding reserved tags

Figure 4: Context-Free Grammar for Parason. Each parallel region contains an Outlines block
with one or more correctly matched Subtask or Trial entries, followed by one or more Thread bodies.
As in Figure 3, each Thread may contain free-form reasoning or a nested parallel region.

<Outlines> describes the purpose of the region, <Subtask> and <Trial> mark branch type,156

<Thread> stores branch outcome. The full CFG is shown in Figure 4. While real-world reasoning157

often exhibits mixed dependencies (e.g., a subtask internally spawning trial branches), our training158

data keeps a strict separation for simplicity. However, we observe that the model can generalize to159

these complex compositions during evaluation.160

The format is designed around two requirements. First, it is semantic: the tags indicate whether a161

branch is a necessary subtask or a speculative trial branch, not merely that it can run in parallel. This162

matters because prior parallel-reasoning methods often mix the two forms under a single branching163

interface, making it hard to decide whether branches should be all merged or aggregated as exploration164

history. Second, it is engine-parseable: each branch has explicit start and stop tags, so an inference165

runtime can dispatch workers without modifying the model architecture. Compared with free-form166

summaries or prompt-only, the CFG gives the training and inference infra a shared contract.167

3.3 Parallelism-Aware Reinforcement Learning168

Supervised conversion teaches the model to imitate parallel traces, but it does not directly opti-169

mize latency or decide when and what parallelism is worth using. We therefore RL fine-tune with170

Parallelism-Aware Group Relative Policy Optimization (PA-GRPO). The reward keeps correct-171

ness as the primary objective, while shaping the model toward useful parallel branches. For a sampled172

trajectory i, let Ti denote its token-level latency, and let Ri
subtask and Ri

trial be the ratios of tokens173

placed in Subtask and Trial branches. We define:174

Definition 3.1. Parallel RL Reward175

Ri = −1 + 2× 1(correcti)

×

(
1− αf

(
Ti − µT

σT

)
+ βsubtaskf

(
Ri

subtask − µs

σs

)

+ βtrialf

(
Ri

trial − µr

σr

)
+min(ρ · η(s), ρclip)

)
.

176
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The symbols in Eq. 3.1 are defined as follows:177

• Ri: final reward for sampled trajectory i.

• 1(correcti): correctness indicator; incorrect an-
swers receive the base negative reward.

• Ti: token-level latency of trajectory i, measured
by its critical-path token count.

• α: coefficient controlling the normalized latency
penalty.

• Ri
subtask: Number of tokens placed in Subtask

Parallelism branches/Total generated tokens

• η(s): η(s) = 1 − Llatency
Ltotal

, where Llatency and
Ltotal denote the number of latency tokens and
the total number of tokens, respectively.

• ρ, ρclip: Parameters for controlling acceleration
reward.

• Ri
trial: Number of tokens placed in Trial Paral-

lelism branches/Total generated tokens

• βsubtask and βtrial: incentives for Subtask and
Trial Parallelism.

• f : shaping function applied to normalized reward
signals; here we use the linear function y = x.

• µT , µs, µr and σT , σs, σr : means and standard
deviations used to normalize latency, Subtask ra-
tio, and Trial ratio, respectively.

178

The first term makes correctness the primary signal by assigning a negative base reward to incorrect179

answers and a positive base reward to correct answers. The latency term, weighted by α, penalizes180

trajectories with high normalized critical-path latency. The Subtask and Trial incentives, weighted by181

βsubtask and βtrial, encourage useful parallel structure, while the clipped acceleration reward directly182

favors reductions in the critical path relative to total generation length. It is important to note183

that βsubtask and βtrial target fundamentally different optimization goals: Trial Parallelism improves184

accuracy by trading total tokens for search width, while Subtask Parallelism reduces latency by185

compressing the longest token path. In practice, this reward lets us separately tune these two186

dimensions, as detailed in Section 4.2.187

3.4 Integration into Modern Inference Engine188

Parason integrates with modern inference engines by treating parallel branches as tool calls rather than189

requiring deep runtime changes. Following the CFG in Figure 4, the runtime decodes normally until190

a <Parallel> region appears, parses the <Outlines>, dispatches each <Subtask> or <Trial> as191

an independent worker, and returns the resulting <Thread> outputs to the main trajectory; Figure 3192

shows this format on the 24 Puzzle. XGrammar [Dong et al., 2024] enforces valid tags, and we193

implement this tool-call execution in SGLang [Zheng et al., 2023].194

4 Experiments195

We provide details on training data curation, training framework, and evaluation below, and will196

open-source our implementation to facilitate reproducibility.197

Training Data Curation. We build parallel training data from the 964 annotated Qwen3-8B traces198

released by ThreadWeaver [Lian et al., 2025]. Gemini-3-Flash labels each parallel stage as Subtask199

or Trial; for Trial stages, Qwen3-8B samples extra branches and Gemini-3-Flash generates their200

<Trial> goals. For reinforcement learning (RL), we use Polaris-53k [An et al., 2025], a collection201

of about 53,000 complex reasoning problems.202

Training Framework. We use a two-stage post-training pipeline. First, we fine-tune the model with203

TRL [von Werra et al., 2020] on the curated parallel trajectories. Second, we train with VeRL [Sheng204

et al., 2024] using Parallelism-Aware GRPO (PA-GRPO). Unless otherwise noted, RL uses learning205

rate 1e−6, batch size 128, 8 rollouts, lower clip ratio 0.2, and upper clip ratio 0.28; SFT uses learning206

rate 1e−5, batch size 16, 8 epochs, and a cosine learning-rate scheduler.207

Evaluation. We evaluate on AIME 2024 [Mathematical Association of America, 2024], AIME208

2025 [Mathematical Association of America, 2025], AMC [Mathematical Association of America,209

2023], Math500 [Hendrycks et al., 2021], and Minerva Math [Lewkowycz et al., 2022], and compare210

against sequential baselines trained from the same base model and data source as well as external211

parallel and efficient-reasoning systems. We report final-answer accuracy and executable latency.212

For Parason, model latency is the token length of the longest generation path: sequential tokens are213
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Method AIME24 AIME25 Math500 AMC Avg Avg. Latency
#Tokens

Parallel-R1 (4B) 19.4 19.2 - - - -
ShorterBetter (7B) 53.3 - - - - -
ThinkPrune (32B) 72.5 - 93.8 95.9 - -
DYNASOR-COT (32B) 78.0 - 93.0 94.0 - -
Dynamic Early Exit (32B) 70.0 - 94.8 95.0 - -
AdaptThink (7B) 55.6 - 92.0 - - -
Multiverse (32B) 53.8 45.8 91.8 - - -
ThreadWeaver (8B) 79.9 60.5 92.3 91.4 81.0 14.8k

Parason-8B (w/vanilla SFT) 73.5 67.9 93.4 93.9 82.2 13.2k
+ PA-GRPO (βsubtask = 0.025) 75.1 69.7 93.8 96.6 83.8 13.8k
+ PA-GRPO (βsubtask = 0.050) 76.3 70.0 94.6 95.0 84.0 15.6k
+ PA-GRPO (βsubtask = 0.100) 77.3 68.5 94.6 96.3 84.2 14.1k
+ PA-GRPO (βtrial = 0.025) 75.5 69.9 94.4 96.3 84.0 14.1k
+ PA-GRPO (βtrial = 0.050) 76.5 70.6 94.0 96.9 84.5 14.3k
+ PA-GRPO (βtrial = 0.100) 78.2 68.9 94.2 97.5 84.7 14.4k

Additional runs with α = 0.1

+ PA-GRPO (βsubtask = 0.025) 75.7 67.6 93.6 95.9 83.2 12.2k
+ PA-GRPO (βsubtask = 0.050) 74.2 66.1 93.8 95.9 82.5 12.2k
+ PA-GRPO (βsubtask = 0.100) 75.5 65.9 92.6 97.5 82.9 13.2k
+ PA-GRPO (βtrial = 0.025) 76.9 66.6 94.6 97.2 83.8 12.1k
+ PA-GRPO (βtrial = 0.050) 77.3 67.3 93.4 96.6 83.7 12.5k
+ PA-GRPO (βtrial = 0.100) 78.2 69.2 93.4 95.6 84.1 13.4k

Table 2: Trial rewards improve accuracy, while Subtask rewards reduce latency. We compare
Parason with prior systems and ablate βsubtask and βtrial. Avg and Token Latency average AIME24,
AIME25, Math500, and AMC for each PA-GRPO row. Bold and underlined values mark the highest
and second-highest PA-GRPO results, except Token Latency, where lower is better.

AIME24 Accuracy (%)

Model B = 2,048 B = 8,192 B = 16,384 B = 24,576

SFT only 16.8 41.8 66.8 70.2
PA-GRPO (βsubtask = 0.025) 16.7−0.10 45.2+3.40 68.0+1.20 73.2+3.00

PA-GRPO (βsubtask = 0.050) 26.8+10.00 60.0+18.20 72.2+5.40 74.8+4.60

PA-GRPO (βsubtask = 0.100) 34.7+17.90 60.3+18.50 74.4+7.60 75.7+5.50

Table 3: Accuracy under token-latency budgets. Each column reports AIME24 accuracy for a fixed
thinking budget B on the longest token path. Subscripts show absolute accuracy-point gains relative
to SFT only under the same budget; red indicates a decrease. Subtask-aware PA-GRPO provides
the largest gains in low-budget regimes: at B = 2,048, βsubtask = 0.100 reaches 34.7% accuracy,
compared with 16.8% for SFT only.

counted normally, while each <Parallel> block contributes the maximum branch length rather than214

the sum of all branches. This metric captures the wall-clock benefit available to an inference engine215

that runs branches concurrently.216

4.1 Main Results217

Parason improves accuracy over prior parallel reasoning systems. Table 2 compares Parason218

with existing parallel and efficient-reasoning methods. Parason gives the best reported AIME25 and219

AMC results among the listed systems, reaches the best Parason four-benchmark average accuracy of220

84.7%, and stays close to ThreadWeaver on AIME24. Across the original settings and the additional221

α = 0.1 runs, PA-GRPO reaches 70.6% on AIME25, 97.5% on AMC, and 94.6% on Math500. These222

gains show that Parason improves both accuracy and average benchmark coverage over prior parallel223

work, even though it uses an 8B model rather than several 32B baselines.224
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Method Trigger Ratio Token Latency Acceleration Ratio Avg. Math Acc.

ThreadWeaver (8B) 83.7 13.3k 1.18x 77.6
Multiverse (32B) 65.6 10.3k 1.16x 63.8

Parason-8B (w/ SFT only) 69.3 14.1k 1.27x 78.3

Original runs with α = 0.000

+ PA-GRPO (βtrial = 0.025, α = 0.000) 77.3 15.1k 1.46x 79.9
+ PA-GRPO (βtrial = 0.050, α = 0.000) 84.0 15.5k 1.61x 80.4
+ PA-GRPO (βtrial = 0.100, α = 0.000) 98.8 15.6k 1.71x 80.4
+ PA-GRPO (βsubtask = 0.025, α = 0.000) 70.1 14.9k 1.48x 79.5
+ PA-GRPO (βsubtask = 0.050, α = 0.000) 79.3 16.6k 1.75x 80.3
+ PA-GRPO (βsubtask = 0.100, α = 0.000) 89.6 15.4k 1.73x 80.1

Additional runs with α = 0.100

+ PA-GRPO (βtrial = 0.025, α = 0.100) 62.3 13.2k 1.46x 79.4
+ PA-GRPO (βtrial = 0.050, α = 0.100) 79.7 13.6k 1.50x 79.3
+ PA-GRPO (βtrial = 0.100, α = 0.100) 95.3 14.5k 1.72x 80.3
+ PA-GRPO (βsubtask = 0.025, α = 0.100) 53.7 13.4k 1.34x 79.0
+ PA-GRPO (βsubtask = 0.050, α = 0.100) 81.3 13.2k 1.60x 78.0
+ PA-GRPO (βsubtask = 0.100, α = 0.100) 96.5 14.3k 1.74x 78.0

Table 4: PA-GRPO produces usable parallelism across latency-penalty settings. For PA-GRPO,
Trigger Ratio and Avg. Math Acc. are averaged over AIME24, AIME25, and Math500. Acceleration
ratio is total tokens / longest-path tokens, and trigger ratio is the fraction of samples containing at
least one <Parallel> block. Bold and underlined values mark the best and second-best PA-GRPO
results among available measurements.

Parason gives a better token-latency–accuracy trade-off under constraints. Table 3 shows that225

Parason is most useful when the model has a small thinking budget on the longest token path. At226

2048 tokens, the best Subtask-aware PA-GRPO model reaches 34.7% AIME24 accuracy, compared227

with 16.8% for SFT only. At 8192 tokens, it reaches 60.3%, compared with 41.8% for SFT only228

at the same budget. Thus, Parason does not simply spend more tokens; it moves useful work into229

parallel branches and keeps the longest path short.230

4.2 Insights and Findings231

Trial rewards give the clearest accuracy gains, while the latency penalty shortens the critical232

path. Table 2 compares PA-GRPO with ThreadWeaver, which obtains 81.0% average accuracy with233

a four-benchmark token latency of 14.8k. The original βtrial = 0.100 setting gives the best average234

accuracy (84.7%), while βtrial = 0.050 gives the best AIME25 result (70.6%). The best AIME24235

result (78.2%) is shared by the original and additional βtrial = 0.100 settings, and the best AMC result236

(97.5%) is shared by the original βtrial = 0.100 model and the additional α = 0.1, βsubtask = 0.100237

model. Among the additional runs, βtrial = 0.025 gives the lowest four-benchmark token latency at238

12.1k. The additional sweep spans 12.1–13.4k, below ThreadWeaver’s 14.8k average latency.239

PA-GRPO turns more parallel structure into executable acceleration. Table 4 shows that the240

learned parallel regions are usable by the runtime. SFT alone already triggers parallel execution241

on 69.3% of samples and yields 1.27× token-level acceleration. Under the original α = 0.000242

setting, the Trial sweep raises the trigger ratio from 77.3% to 98.8% and the acceleration ratio243

from 1.46× to 1.71×, while maintaining 79.9–80.4% average math accuracy. Subtask incentives244

provide another route to high acceleration, with βsubtask = 0.050 reaching the best acceleration ratio245

of 1.75× and 80.3% average accuracy. In the additional α = 0.100 runs, acceleration rises with246

the parallelism coefficient: βsubtask = 0.100 reaches 1.74× and βtrial = 0.100 reaches 1.72×. The247

lowest three-benchmark token latency is 13.2k, reached by βtrial = 0.025 and βsubtask = 0.050 after248

rounding.249

Harder questions create more parallelizable work, not less acceleration. Table 5 breaks down250

the step-200 AIME24 run by difficulty. Generated tokens grow sharply with difficulty, from 21.3k251

on easy problems to 36.8k on medium problems and 50.3k on hard problems. The longest token252

path also grows, but much more slowly: 12.5k, 21.2k, and 29.0k tokens, respectively. As a result,253

Parason keeps a stable 1.70–1.74× token-level acceleration ratio across all three difficulty groups.254
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Token-Level Metrics Wall-Clock Metrics

Difficulty #Problems Generated
#Tokens

Latency
#Tokens

Acceleration
Ratio

Saved
#Tokens

Parallel
(s)

Sequential
(s)

Easy 13 21.3k 12.5k 1.70× 8.8k 188.3 304.2
Medium 11 36.8k 21.2k 1.74× 15.6k 336.2 464.7
Hard 6 50.3k 29.0k 1.73× 21.3k 487.3 716.3

Table 5: Harder questions save more tokens, while parallel execution reduces wall-clock latency
across all difficulty levels. We break down AIME24 thinking tokens and measured wall-clock time
by difficulty. Latency #Tokens denotes the length of the longest token path, Acceleration Ratio is
generated tokens divided by latency tokens, and Saved #Tokens is generated tokens minus latency
tokens. The experiment is executed on A800 GPUs.

This translates into measured wall-clock speedups of 1.62× on easy, 1.38× on medium, and 1.47×255

on hard problems. The absolute number of saved tokens increases from 8.8k on easy problems to256

21.3k on hard problems, showing that harder questions expose more branch-level work that can be257

moved off the critical path. This supports the central motivation of Parason: difficult reasoning still258

requires long and diverse computation, but much of that computation does not need to remain serial.259

5 Conclusion260

In this work, we introduced Parason, an algorithm-system co-design framework that brings parallel261

processing to sequential LLM reasoning. Parason distinguishes deterministic Subtask Parallelism262

from speculative Trial Parallelism, and provides a stable pipeline for data curation, CFG-based263

structure, PA-GRPO training, and inference-engine execution. This design enables efficient parallel264

reasoning and improves the responsiveness of interactive agents, coding assistants, and scientific265

problem-solving tools. Our findings show that Trial Parallelism is a key mechanism for complex266

mathematical reasoning, although prior work has mainly focused on subtask decomposition. Across267

benchmarks, Parason reduces token latency by about 1.7× while maintaining comparable accu-268

racy. We hope Parason raises the community’s awareness of parallel reasoning and its two parallelism269

schemes, and inspires future work on more efficient and scalable reasoning systems. We include270

limitations and the impact statement in Appendix A, and will open-source our implementation to271

support reproducibility.272
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A Limitations and Future Work610

Parason’s training and evaluation mainly focus on mathematical reasoning. It remains unclear how611

well the same taxonomy, data curation pipeline, and PA-GRPO objective transfer to other domains,612

such as real-world agents. Second, our current experiments focus on 8B-scale models. This setting613

provides a controlled testbed for studying parallel reasoning, but it does not fully show how Parason614

behaves across model families and sizes. In future work, we will scale Parason to more backbones615

and larger models to study whether the same parallelism patterns and latency gains hold at broader616

scales.617

B Prompts Used for Data Curation618

We use the following prompts to identify Trial and Subtask steps in LLM reasoning trajectories.619

For open-source models, we first split each reasoning trajectory by \n\n. The first prompt reconstructs620

logical steps by deciding whether each segment starts a new subproblem or continues a previous one.621

The second prompt then classifies each logical step as either a Trial step or a Subtask step.622

For commercial models, the released reasoning summaries already mark steps with “***Step i***”.623

We therefore apply the second prompt directly to classify each marked step as Trial or Subtask.624

Reconstruction by Logical Steps

SYSTEM:
You are a helpful assistant that analyzes chain-of-thought traces from

reasoning models.↪→

The chain of thought has been split into multiple steps. For each step, decide
whether it starts a new subproblem or continues the previous one.↪→

Use the content of each step to make the decision. If a step introduces a new
concept, question, or task that is distinct from previous steps, it likely
starts a new subproblem. If it builds on previous steps by adding details,
explanations, reflections, or calculations about the same concept, it
likely continues the previous subproblem.

↪→
↪→
↪→
↪→

More specifically, steps that start with "Alternatively", "Wait", or "But" are
likely to start a new subproblem, while steps that start with "Therefore",
"Thus", or "Consequently" are likely to continue the previous subproblem.

↪→
↪→
Your output should be in the following format:

Step i: [New Subproblem|Continue Previous Subproblem]

If a step continues a previous subproblem, report where that subproblem
starts. For example, if Step 5 continues the subproblem that started at
Step 3, output:

↪→
↪→
Step 5: Continue Previous Subproblem (started at Step 3)

IMPORTANT: Output the analysis in the specified format. Use one line per step.
Do not include additional explanations or text.↪→

Example:
Step 1: New Subproblem
Step 2: Continue Previous Subproblem (started at Step 1)
Step 3: New Subproblem
Step 4: Continue Previous Subproblem (started at Step 3)
Step 5: Continue Previous Subproblem (started at Step 3)

625
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Parallel Stage Identification

SYSTEM:
You are given a series of mathematical reasoning steps. Classify each step

into one of the following categories:↪→
1. Trial Step: A step that introduces a new idea, approach, or line of thought

whose success is uncertain but worth exploring.↪→
2. Subtask Step: A step that belongs to a known solution path and directly

contributes to the final solution.↪→

Your output should be in the following format:
Step i: [Trial Step|Subtask Step] [Reason]

The number of output steps should match the number of input steps. Each step
has its own number and is separated by "================================= ⌋
===============================================". Ignore the content under
"Content after </think> tag:

↪→
↪→
↪→
"

Give the reason for each classification after the step type.

626

C AIME 2024 Problem Indices627

Table 6 lists the AIME 2024 validation problems used for the difficulty-based analysis in Table 5. We628

group problems into Easy, Mid, and Hard subsets according to their difficulty labels, and report the629

corresponding zero-based problem indices for reproducibility.630

Difficulty Problem Indices
Hard 2, 3, 13, 21, 28, 29
Mid 1, 4, 5, 10, 16, 17, 18, 20, 25, 26, 27
Easy 0, 6, 7, 8, 9, 11, 12, 14, 15, 19, 22, 23, 24

Table 6: AIME 2024 Problem Classification by Difficulty.
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NeurIPS Paper Checklist631

1. Claims632

Question: Do the main claims made in the abstract and introduction accurately reflect the633

paper’s contributions and scope?634

Answer: [Yes]635

Justification: The abstract and introduction clearly state the taxonomy of Subtask and Trial636

parallelism, the Parason framework, PA-GRPO, and the empirical speedups achieved on637

math benchmarks (Sections 1 and 3.1).638

Guidelines:639

• The answer [N/A] means that the abstract and introduction do not include the claims640

made in the paper.641

• The abstract and/or introduction should clearly state the claims made, including the642

contributions made in the paper and important assumptions and limitations. A [No] or643

[N/A] answer to this question will not be perceived well by the reviewers.644

• The claims made should match theoretical and experimental results, and reflect how645

much the results can be expected to generalize to other settings.646

• It is fine to include aspirational goals as motivation as long as it is clear that these goals647

are not attained by the paper.648

2. Limitations649

Question: Does the paper discuss the limitations of the work performed by the authors?650

Answer: [Yes]651

Justification: We discuss limitations regarding computational overhead (more total tokens)652

and the limitations for focusing mainly on math reasoning.653

Guidelines:654

• The answer [N/A] means that the paper has no limitation while the answer [No] means655

that the paper has limitations, but those are not discussed in the paper.656

• The authors are encouraged to create a separate “Limitations” section in their paper.657

• The paper should point out any strong assumptions and how robust the results are to658

violations of these assumptions (e.g., independence assumptions, noiseless settings,659

model well-specification, asymptotic approximations only holding locally). The authors660

should reflect on how these assumptions might be violated in practice and what the661

implications would be.662

• The authors should reflect on the scope of the claims made, e.g., if the approach was663

only tested on a few datasets or with a few runs. In general, empirical results often664

depend on implicit assumptions, which should be articulated.665

• The authors should reflect on the factors that influence the performance of the approach.666

For example, a facial recognition algorithm may perform poorly when image resolution667

is low or images are taken in low lighting. Or a speech-to-text system might not be668

used reliably to provide closed captions for online lectures because it fails to handle669

technical jargon.670

• The authors should discuss the computational efficiency of the proposed algorithms671

and how they scale with dataset size.672

• If applicable, the authors should discuss possible limitations of their approach to673

address problems of privacy and fairness.674

• While the authors might fear that complete honesty about limitations might be used by675

reviewers as grounds for rejection, a worse outcome might be that reviewers discover676

limitations that aren’t acknowledged in the paper. The authors should use their best677

judgment and recognize that individual actions in favor of transparency play an impor-678

tant role in developing norms that preserve the integrity of the community. Reviewers679

will be specifically instructed to not penalize honesty concerning limitations.680

3. Theory assumptions and proofs681

Question: For each theoretical result, does the paper provide the full set of assumptions and682

a complete (and correct) proof?683
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Answer: [N/A]684

Justification: This paper does not include theoretical results or proofs.685

Guidelines:686

• The answer [N/A] means that the paper does not include theoretical results.687

• All the theorems, formulas, and proofs in the paper should be numbered and cross-688

referenced.689

• All assumptions should be clearly stated or referenced in the statement of any theorems.690

• The proofs can either appear in the main paper or the supplemental material, but if691

they appear in the supplemental material, the authors are encouraged to provide a short692

proof sketch to provide intuition.693

• Inversely, any informal proof provided in the core of the paper should be complemented694

by formal proofs provided in appendix or supplemental material.695

• Theorems and Lemmas that the proof relies upon should be properly referenced.696

4. Experimental result reproducibility697

Question: Does the paper fully disclose all the information needed to reproduce the main ex-698

perimental results of the paper to the extent that it affects the main claims and/or conclusions699

of the paper (regardless of whether the code and data are provided or not)?700

Answer: [Yes]701

Justification: We provide details on training data curation, RL hyperparameters, and evalua-702

tion metrics in Section 4. We also define the grammar and training objective (PA-GRPO) in703

Section 3.704

Guidelines:705

• The answer [N/A] means that the paper does not include experiments.706

• If the paper includes experiments, a [No] answer to this question will not be perceived707

well by the reviewers: Making the paper reproducible is important, regardless of708

whether the code and data are provided or not.709

• If the contribution is a dataset and/or model, the authors should describe the steps taken710

to make their results reproducible or verifiable.711

• Depending on the contribution, reproducibility can be accomplished in various ways.712

For example, if the contribution is a novel architecture, describing the architecture fully713

might suffice, or if the contribution is a specific model and empirical evaluation, it may714

be necessary to either make it possible for others to replicate the model with the same715

dataset, or provide access to the model. In general. releasing code and data is often716

one good way to accomplish this, but reproducibility can also be provided via detailed717

instructions for how to replicate the results, access to a hosted model (e.g., in the case718

of a large language model), releasing of a model checkpoint, or other means that are719

appropriate to the research performed.720

• While NeurIPS does not require releasing code, the conference does require all submis-721

sions to provide some reasonable avenue for reproducibility, which may depend on the722

nature of the contribution. For example723

(a) If the contribution is primarily a new algorithm, the paper should make it clear how724

to reproduce that algorithm.725

(b) If the contribution is primarily a new model architecture, the paper should describe726

the architecture clearly and fully.727

(c) If the contribution is a new model (e.g., a large language model), then there should728

either be a way to access this model for reproducing the results or a way to reproduce729

the model (e.g., with an open-source dataset or instructions for how to construct730

the dataset).731

(d) We recognize that reproducibility may be tricky in some cases, in which case732

authors are welcome to describe the particular way they provide for reproducibility.733

In the case of closed-source models, it may be that access to the model is limited in734

some way (e.g., to registered users), but it should be possible for other researchers735

to have some path to reproducing or verifying the results.736

5. Open access to data and code737
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Question: Does the paper provide open access to the data and code, with sufficient instruc-738

tions to faithfully reproduce the main experimental results, as described in supplemental739

material?740

Answer: [Yes]741

Justification: We provided data and instructions to reproduce, and will open code when less742

anonymous743

Guidelines:744

• The answer [N/A] means that paper does not include experiments requiring code.745

• Please see the NeurIPS code and data submission guidelines (https://neurips.cc/746

public/guides/CodeSubmissionPolicy) for more details.747

• While we encourage the release of code and data, we understand that this might not748

be possible, so [No] is an acceptable answer. Papers cannot be rejected simply for not749

including code, unless this is central to the contribution (e.g., for a new open-source750

benchmark).751

• The instructions should contain the exact command and environment needed to run to752

reproduce the results. See the NeurIPS code and data submission guidelines (https:753

//neurips.cc/public/guides/CodeSubmissionPolicy) for more details.754

• The authors should provide instructions on data access and preparation, including how755

to access the raw data, preprocessed data, intermediate data, and generated data, etc.756

• The authors should provide scripts to reproduce all experimental results for the new757

proposed method and baselines. If only a subset of experiments are reproducible, they758

should state which ones are omitted from the script and why.759

• At submission time, to preserve anonymity, the authors should release anonymized760

versions (if applicable).761

• Providing as much information as possible in supplemental material (appended to the762

paper) is recommended, but including URLs to data and code is permitted.763

6. Experimental setting/details764

Question: Does the paper specify all the training and test details (e.g., data splits, hyperpa-765

rameters, how they were chosen, type of optimizer) necessary to understand the results?766

Answer: [Yes]767

Justification: Training details including learning rates, batch sizes, and optimizer settings768

are provided in Section 4.1.769

Guidelines:770

• The answer [N/A] means that the paper does not include experiments.771

• The experimental setting should be presented in the core of the paper to a level of detail772

that is necessary to appreciate the results and make sense of them.773

• The full details can be provided either with the code, in appendix, or as supplemental774

material.775

7. Experiment statistical significance776

Question: Does the paper report error bars suitably and correctly defined or other appropriate777

information about the statistical significance of the experiments?778

Answer: [No]779

Justification: Due to the high cost of RL training and sampling on AIME benchmarks, we780

report average@32 results which provide an estimate of stability but do not include formal781

error bars.782

Guidelines:783

• The answer [N/A] means that the paper does not include experiments.784

• The authors should answer [Yes] if the results are accompanied by error bars, confidence785

intervals, or statistical significance tests, at least for the experiments that support the786

main claims of the paper.787
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• The factors of variability that the error bars are capturing should be clearly stated (for788

example, train/test split, initialization, random drawing of some parameter, or overall789

run with given experimental conditions).790

• The method for calculating the error bars should be explained (closed form formula,791

call to a library function, bootstrap, etc.)792

• The assumptions made should be given (e.g., Normally distributed errors).793

• It should be clear whether the error bar is the standard deviation or the standard error794

of the mean.795

• It is OK to report 1-sigma error bars, but one should state it. The authors should796

preferably report a 2-sigma error bar than state that they have a 96% CI, if the hypothesis797

of Normality of errors is not verified.798

• For asymmetric distributions, the authors should be careful not to show in tables or799

figures symmetric error bars that would yield results that are out of range (e.g., negative800

error rates).801

• If error bars are reported in tables or plots, the authors should explain in the text how802

they were calculated and reference the corresponding figures or tables in the text.803

8. Experiments compute resources804

Question: For each experiment, does the paper provide sufficient information on the com-805

puter resources (type of compute workers, memory, time of execution) needed to reproduce806

the experiments?807

Answer: [N/A]808

Justification:809

Guidelines:810

• The answer [N/A] means that the paper does not include experiments.811

• The paper should indicate the type of compute workers CPU or GPU, internal cluster,812

or cloud provider, including relevant memory and storage.813

• The paper should provide the amount of compute required for each of the individual814

experimental runs as well as estimate the total compute.815

• The paper should disclose whether the full research project required more compute816

than the experiments reported in the paper (e.g., preliminary or failed experiments that817

didn’t make it into the paper).818

9. Code of ethics819

Question: Does the research conducted in the paper conform, in every respect, with the820

NeurIPS Code of Ethics https://neurips.cc/public/EthicsGuidelines?821

Answer: [Yes]822

Justification: The research conforms to the NeurIPS Code of Ethics.823

Guidelines:824

• The answer [N/A] means that the authors have not reviewed the NeurIPS Code of825

Ethics.826

• If the authors answer [No], they should explain the special circumstances that require a827

deviation from the Code of Ethics.828

• The authors should make sure to preserve anonymity (e.g., if there is a special consid-829

eration due to laws or regulations in their jurisdiction).830

10. Broader impacts831

Question: Does the paper discuss both potential positive societal impacts and negative832

societal impacts of the work performed?833

Answer: [N/A]834

Justification: The Impact Statement discusses positive impacts on efficiency and responsive-835

ness for next-generation agents.836

Guidelines:837

• The answer [N/A] means that there is no societal impact of the work performed.838
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• If the authors answer [N/A] or [No], they should explain why their work has no societal839

impact or why the paper does not address societal impact.840

• Examples of negative societal impacts include potential malicious or unintended uses841

(e.g., disinformation, generating fake profiles, surveillance), fairness considerations842

(e.g., deployment of technologies that could make decisions that unfairly impact specific843

groups), privacy considerations, and security considerations.844

• The conference expects that many papers will be foundational research and not tied845

to particular applications, let alone deployments. However, if there is a direct path to846

any negative applications, the authors should point it out. For example, it is legitimate847

to point out that an improvement in the quality of generative models could be used to848

generate Deepfakes for disinformation. On the other hand, it is not needed to point out849

that a generic algorithm for optimizing neural networks could enable people to train850

models that generate Deepfakes faster.851

• The authors should consider possible harms that could arise when the technology is852

being used as intended and functioning correctly, harms that could arise when the853

technology is being used as intended but gives incorrect results, and harms following854

from (intentional or unintentional) misuse of the technology.855

• If there are negative societal impacts, the authors could also discuss possible mitigation856

strategies (e.g., gated release of models, providing defenses in addition to attacks,857

mechanisms for monitoring misuse, mechanisms to monitor how a system learns from858

feedback over time, improving the efficiency and accessibility of ML).859

11. Safeguards860

Question: Does the paper describe safeguards that have been put in place for responsible861

release of data or models that have a high risk for misuse (e.g., pre-trained language models,862

image generators, or scraped datasets)?863

Answer: [N/A]864

Justification: This paper focuses on improving reasoning efficiency and does not release865

models with high risk for misuse.866

Guidelines:867

• The answer [N/A] means that the paper poses no such risks.868

• Released models that have a high risk for misuse or dual-use should be released with869

necessary safeguards to allow for controlled use of the model, for example by requiring870

that users adhere to usage guidelines or restrictions to access the model or implementing871

safety filters.872

• Datasets that have been scraped from the Internet could pose safety risks. The authors873

should describe how they avoided releasing unsafe images.874

• We recognize that providing effective safeguards is challenging, and many papers do875

not require this, but we encourage authors to take this into account and make a best876

faith effort.877

12. Licenses for existing assets878

Question: Are the creators or original owners of assets (e.g., code, data, models), used in879

the paper, properly credited and are the license and terms of use explicitly mentioned and880

properly respected?881

Answer: [Yes]882

Justification: We cite the creators of ThreadWeaver, Polaris, and benchmarks (AIME, AMC,883

etc.) in Section 4.1.884

Guidelines:885

• The answer [N/A] means that the paper does not use existing assets.886

• The authors should cite the original paper that produced the code package or dataset.887

• The authors should state which version of the asset is used and, if possible, include a888

URL.889

• The name of the license (e.g., CC-BY 4.0) should be included for each asset.890
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• For scraped data from a particular source (e.g., website), the copyright and terms of891

service of that source should be provided.892

• If assets are released, the license, copyright information, and terms of use in the893

package should be provided. For popular datasets, paperswithcode.com/datasets894

has curated licenses for some datasets. Their licensing guide can help determine the895

license of a dataset.896

• For existing datasets that are re-packaged, both the original license and the license of897

the derived asset (if it has changed) should be provided.898

• If this information is not available online, the authors are encouraged to reach out to899

the asset’s creators.900

13. New assets901

Question: Are new assets introduced in the paper well documented and is the documentation902

provided alongside the assets?903

Answer: [N/A]904

Justification: No new dataset assets are released with this submission.905

Guidelines:906

• The answer [N/A] means that the paper does not release new assets.907

• Researchers should communicate the details of the dataset/code/model as part of their908

submissions via structured templates. This includes details about training, license,909

limitations, etc.910

• The paper should discuss whether and how consent was obtained from people whose911

asset is used.912

• At submission time, remember to anonymize your assets (if applicable). You can either913

create an anonymized URL or include an anonymized zip file.914

14. Crowdsourcing and research with human subjects915

Question: For crowdsourcing experiments and research with human subjects, does the paper916

include the full text of instructions given to participants and screenshots, if applicable, as917

well as details about compensation (if any)?918

Answer: [N/A]919

Justification: This paper does not involve crowdsourcing or human subjects.920

Guidelines:921

• The answer [N/A] means that the paper does not involve crowdsourcing nor research922

with human subjects.923

• Including this information in the supplemental material is fine, but if the main contribu-924

tion of the paper involves human subjects, then as much detail as possible should be925

included in the main paper.926

• According to the NeurIPS Code of Ethics, workers involved in data collection, curation,927

or other labor should be paid at least the minimum wage in the country of the data928

collector.929

15. Institutional review board (IRB) approvals or equivalent for research with human930

subjects931

Question: Does the paper describe potential risks incurred by study participants, whether932

such risks were disclosed to the subjects, and whether Institutional Review Board (IRB)933

approvals (or an equivalent approval/review based on the requirements of your country or934

institution) were obtained?935

Answer: [N/A]936

Justification: This paper does not involve crowdsourcing or human subjects.937

Guidelines:938

• The answer [N/A] means that the paper does not involve crowdsourcing nor research939

with human subjects.940
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• Depending on the country in which research is conducted, IRB approval (or equivalent)941

may be required for any human subjects research. If you obtained IRB approval, you942

should clearly state this in the paper.943

• We recognize that the procedures for this may vary significantly between institutions944

and locations, and we expect authors to adhere to the NeurIPS Code of Ethics and the945

guidelines for their institution.946

• For initial submissions, do not include any information that would break anonymity (if947

applicable), such as the institution conducting the review.948

16. Declaration of LLM usage949

Question: Does the paper describe the usage of LLMs if it is an important, original, or950

non-standard component of the core methods in this research? Note that if the LLM is used951

only for writing, editing, or formatting purposes and does not impact the core methodology,952

scientific rigor, or originality of the research, declaration is not required.953

Answer: [N/A]954

Justification: The use of LLMs in this work was limited to routine coding assistance and955

linguistic editing of the manuscript. It did not constitute an original, important, or non-956

standard component of the research methodology.957

Guidelines:958

• The answer [N/A] means that the core method development in this research does not959

involve LLMs as any important, original, or non-standard components.960

• Please refer to our LLM policy in the NeurIPS handbook for what should or should not961

be described.962
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