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Abstract001

Training large language models to “think”002
longer by generating chains of thought has led003
to breakthroughs in their reasoning capabilities.004
However, their limited context length is a bar-005
rier to scaling their thinking time even further.006
We investigate iterated summarization as a prac-007
tical approach to extend thinking time: mod-008
els alternate between summarizing lengthy rea-009
soning traces and reasoning about the problem010
given summaries of previous attempts. There011
are many possible summarization strategies, so012
a key scientific question emerges: what types013
of summaries effectively compress lengthy rea-014
soning traces? To study this, we investigate the015
design space of summarization strategies and016
evaluate their performance in the context of it-017
erated summarization. On AIME 2024 & 2025,018
our best iterated summarization method, which019
preserves backtracking behavior, boosts accu-020
racy by 11% over initial reasoning attempts021
and significantly surpasses baseline methods of022
extending test-time compute.023

1 Introduction024

Optimizing language models for reasoning via re-025

inforcement learning has led to breakthrough ad-026

vances (OpenAI, 2024; DeepSeek-AI et al., 2025).027

These reasoning models show dramatic improve-028

ments over their non-reasoning counterparts on029

tasks such as math and coding. Much of this im-030

provement comes from “thinking” longer, which031

has motivated test-time techniques to extend how032

long they think (Muennighoff et al., 2025).033

Although these techniques reliably improve per-034

formance, they all increase the length of reason-035

ing traces, leading to a substantial compute and036

memory overhead. Various approaches have been037

explored for reducing the computational cost of rea-038

soning. For example, some approaches use super-039

vised finetuning (Yan et al., 2025) or reinforcement040

learning to teach the model to generate shorter rea-041

soning traces (Aggarwal and Welleck, 2025). Other042

approaches compress reasoning into special tokens 043

(Xia et al., 2025; Cheng and Durme, 2024). While 044

these approaches can be effective, they require spe- 045

cialized training techniques. The complexity of 046

these methods motivates a natural question: are 047

there simple yet effective test-time interventions 048

that can be applied without additional training? 049

Given that the growing context window is the 050

key bottleneck to extending reasoning, a natural ap- 051

proach is to periodically summarize the reasoning 052

trace. In this work, we investigate iterated sum- 053

marization (IS) as a practical framework for scal- 054

ably extending thinking, where models alternate 055

between generating reasoning traces and summa- 056

rizing these traces to inform their future reasoning 057

(Figure 1). IS is a training-free, test-time inter- 058

vention that leverages the strong summarization 059

capabilities of pretrained LLMs. 060

Although summarization is an intuitive approach, 061

the specific method of summarization is clearly a 062

critical design choice. While properties of effec- 063

tive summaries are well-established in standard 064

domains like question answering, the properties 065

of effective summaries of reasoning are less clear. 066

How do we compress reasoning traces through 067

summaries in a way that facilitates improved rea- 068

soning? What elements are crucial to preserve— 069

intermediate calculations, or only the path to the 070

final answer? To address these questions, we sys- 071

tematically explore a range of summarization strate- 072

gies, from simple heuristics that extract the most 073

recent tokens or final answer to more sophisticated 074

approaches using LLMs. Our investigation reveals 075

that the most effective method uses an LLM to sum- 076

marize reasoning traces with emphasis on moments 077

of backtracking during the reasoning trace. This ap- 078

proach delivers an 11% average improvement over 079

initial reasoning attempts and outperforms baseline 080

methods of extending test-time compute. 081

1



Last-k tokens

Summarization Methods

Use last k tokens from 
think section as summary

Post-think

Use the text after 
</think> as summary

k tokensreasoning post-think content

Backtracking Summary

reasoning

“focus on backtracking”

summary

problem reasoning 1

Iteration t
problem reasoning tsummary 1

Iterated Summarization

… summary t - 1

reasoner summarizer…

reasoner summarizer

summary 1

summary t

Reasoning Model Output Structure

post-think content<think> reasoning </think>

Iteration 1

Figure 1: Iterated Summarization Overview. Top: Iterated summarization alternates between summarizing lengthy
reasoning traces and using those summaries as context for a reasoning model’s next attempt at solving a problem.
Left: structure of reasoning model outputs, divided into reasoning and post-think content. Right: Illustration of
three summarization methods: Last-k, Post-Think, and Backtracking summary.

2 Method082

Our goal is to understand the characteristics of083

effective summarization strategies that enable an084

LLM to reason longer while keeping the context085

length manageable. This way, we can benefit from086

longer reasoning without paying a prohibitive com-087

putational and memory cost. This section intro-088

duces the iterated summarization (IS) framework.089

2.1 Iterated Summarization090

At a high level, IS alternates between reasoning091

and summarization, as illustrated in the top portion092

of Figure 1. In iteration t, a reasoning model R093

attempts to solve a problem by producing a reason-094

ing trace rt. We then pass rt to a summarizer S095

that takes rt as input and produces a shorter sum-096

mary st (see 2.2 for summarization methods). We097

regenerate a solution to the problem by prompting098

the reasoning model R with all prior summaries099

s1...st−1 included after the question, in chronologi-100

cal order. We repeat this procedure for T iterations.101

We fix T=5 in our experiments, for a total of five102

reasoning iterations and four summarization steps.103

2.2 Summarization Methods104

In this section, we motivate and introduce the dif-105

ferent summarizers that we compare.106

Base Summary Our base summarization method107

simply prompts an LLM to summarize the reason-108

ing trace. This method allows us to understand109

what the summarizer preserves without more spe- 110

cific instructions. 111

Backtracking Summary Recent work on charac- 112

terizing the reasoning strategies of LLMs (Gandhi 113

et al., 2025; Venhoff et al., 2025) has highlighted 114

backtracking–where the reasoner changes or re- 115

vises the approach–as a key “cognitive behavior” 116

in successful reasoning. Motivated by this, we 117

designed a backtracking summarization prompt 118

that instructs the summarizer to highlight moments 119

where the reasoning model changed its approach 120

or revised its thinking. This was inspired by the 121

insight that highlighting these instances of back- 122

tracking in summaries may encourage subsequent 123

reasoning iterations to adopt more effective prob- 124

lem solving approaches. 125

Our next few approaches do not use an LLM 126

based summarizer and instead use simple functions 127

of the reasoning model’s output. To understand 128

them, it is helpful to understand how open-weights 129

reasoning models structure their responses (shown 130

in the bottom left of Figure 1): they typically pro- 131

duce a <think> tag to indicate the start of their 132

reasoning process, terminate their reasoning pro- 133

cess with a closing </think> tag, and then provide 134

the “post-think” answer: a clean response that de- 135

scribes their final answer in some detail. 136

Post-Think We extract this “post-think” answer 137

by parsing the tokens after the </think> and use 138

it as the summary. This text is often a brief solu- 139

tion justifying the final answer, which is a natural 140
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Figure 2: Accuracy on AIME 2024 and 2025 problems by iteration for different methods of extending test-time
compute. Shaded regions represent ± 1 SEM.

summary of the final approach.141

Last-k truncation Within a reasoning trace, later142

reasoning steps may supersede or invalidate initial143

steps. We operationalize this insight by choosing144

the last k tokens before the </think> tag, captur-145

ing the most recent steps. To control for token146

length, we set k = 404 for Last-k (and First-k,147

mentioned later), matching the average length of148

Base summaries on the combined AIME dataset.149

2.3 Baselines150

Self-consistency We use self-consistency as a151

baseline (Wang et al., 2023) which samples multi-152

ple solutions from the model and takes a majority153

vote over the answers. For fair comparison with154

IS, we sample the same number of solutions as155

iterations in our IS methods (T = 5).156

Budget forcing (“Wait”) Following Muen-157

nighoff et al. (2025), we extend test-time thinking158

by forcing R to extend its reasoning by replacing159

the closing </think> tag with “Wait”, forcing the160

model to continue reasoning. Unlike IS, budget161

forcing is limited by the context length since the162

full reasoning trace is kept in context.163

First-k truncation As a negative control, we also164

consider first-k truncation and choose the first k165

tokens after the opening <think> tag. These early166

tokens primarily contain only problem setup rather167

than reasoning or critical insights.168

Answer Only As an ablation, we explore the ef-169

fectiveness of only providing the final answer from170

previous attempts, without any justification. We171

use the statement “The answer is {final answer}”172

as the summary.173

3 Results & Analysis 174

3.1 Experimental Setup 175

Models that achieve near ceiling performance 176

have less room to benefit from increasing think- 177

ing time. Therefore, in all experiments, we 178

use the DeepSeek-R1-Distill-Qwen-14B 179

model as our reasoner R and the 180

Qwen2.5-14B-Instruct model as our sum- 181

marizer S; the DeepSeek-R1-Distill-Qwen-14B 182

model was trained by finetuning the 183

Qwen2.5-14B-Instruct model on Deepseek-R1 184

reasoning traces. We also experimented with using 185

DeepSeek-R1-Distill-Qwen-14B itself as the 186

summarizer but found that it would often attempt 187

to solve the problem instead of summarizing. 188

We evaluate on AIME 2024 and AIME 2025, 189

consisting of 60 high-school mathematics compe- 190

tition problems in English (Mathematical Asso- 191

ciation of America, 2024, 2025). Each solution 192

was generated with temperature 0.6 and top-p 0.95, 193

matching the sampling parameters used in the origi- 194

nal DeepSeek R1 paper (DeepSeek-AI et al., 2025), 195

with a maximum generation length of 32,768 to- 196

kens. Experiments were run on an A100-80GB 197

node hosted by Fireworks AI. Full prompts, hyper- 198

parameters, and experiment details are provided in 199

the Appendix. To account for decoding stochas- 200

ticity, we run every experimental condition four 201

independent times. We report the mean accuracy 202

and the standard error of the mean (± SEM) across 203

the runs. 204

3.2 Iterated Summarization Boosts Reasoning 205

Table 1 shows that all of our IS methods (excluding 206

our negative control, First-k) outperform Pass@1 207

on both AIME 2024 & 2025. We bold the best 208
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Method AIME 2024 AIME 2025 Combined

Pass@1 0.733 ± 0.019 0.525 ± 0.050 0.629 ± 0.026
Self-Consistency 0.753 ± 0.056 0.630 ± 0.059 0.692 ± 0.055
“Wait” 0.733 ± 0.024 0.533 ± 0.043 0.633 ± 0.018
Answer Only 0.808 ± 0.021 0.558 ± 0.042 0.683 ± 0.029
Post-Think 0.792 ± 0.028 0.658 ± 0.042 0.725 ± 0.020
First-k 0.658 ± 0.021 0.450 ± 0.029 0.554 ± 0.022
Last-k 0.783 ± 0.017 0.608 ± 0.021 0.696 ± 0.014
Base Summary 0.775 ± 0.016 0.642 ± 0.037 0.708 ± 0.020
Backtracking Summary 0.817 ± 0.017 0.667 ± 0.043 0.742 ± 0.025

Table 1: Accuracy (± 1 SEM) across methods for AIME
2024, AIME 2025, and combined datasets. The best
method is bold and the second-best is underlined.

method and underline the second-best. Our best209

method, Backtracking Summary, delivers signif-210

icant accuracy gains of +8.4% on AIME 2024,211

+14.2% on AIME 2025, and +11.3% overall com-212

pared to Pass@1. Comparing to Self-Consistency,213

our Backtracking Summary method maintains an214

advantage with improvements of +6.4% on AIME215

2024, +3.7% on AIME 2025, and +5.0% on the216

combined dataset. Figure 2 plots accuracy per iter-217

ation, with Backtracking Summary and Post-Think218

increasing nearly monotonically on average.219

The “Wait” baseline improves over Pass@1 by a220

small +0.4% margin on the combined dataset; our221

Backtracking method has a +10.9% improvement222

over “Wait”. Each reasoning continuation after the223

“Wait” token averages only 1,345 tokens, whereas224

each new reasoning attempt for Backtracking sum-225

marization generates 9,018 tokens on average (see226

Appendix Figure 5 for full token count distribu-227

tions). This highlights a fundamental difference228

between how these approaches extend test-time229

thinking: budget forcing only extends previous230

reasoning where it left off, while IS allows the231

model to re-attempt full solutions. Interestingly,232

even the Answer Only method (67.1% accuracy)233

outperforms the “Wait” baseline, demonstrating234

that even minimal information from prior attempts235

can be valuable for subsequent reasoning attempts.236

We examined reasoning traces and their sum-237

maries to gain insights into the properties of It-238

erated Summarization. Unlike methods like self-239

consistency that generate independent solutions,240

IS enables the model to retain relevant portions of241

the previous attempts and focus effort on trying242

something new. This progressive improvement is243

evident when early iterations establish correct foun-244

dations (such as setting up equations or coordinate245

systems) but make errors in later steps. Subsequent246

iterations often preserve these foundations, spend-247

ing compute on exploring new approaches. In con-248

trast to other summarization methods, backtracking249

Method Improved (%) Regressed (%)
wrongt=1 → correctt=5 correctt=1 → wrongt=5

“Wait” 2.00 ± 2.00 0.60 ± 0.60
Answer-Only 30.26 ± 6.76 8.86 ± 3.55
Post-Think 30.11 ± 4.00 2.57 ± 1.86
First-k 21.85 ± 3.64 24.99 ± 3.70
Last-k 23.19 ± 2.71 3.23 ± 2.50
Base Summary 27.88 ± 2.90 4.03 ± 0.85
Backtracking Summary 31.81 ± 3.49 0.66 ± 0.66

Table 2: Stability of methods for extending test-time
compute (± 1 SEM) The best method is bold and the
second-best is underlined.

summaries often describe abandoned approaches, 250

allowing the model to learn from these attempts. 251

3.3 Stability of Iterated Summarization 252

We also evaluate two additional key properties: 253

whether summarization enables us to solve prob- 254

lems in later iterations that were unsolved in the 255

initial reasoning attempt (improvement), while 256

minimizing cases where solved problems become 257

incorrect later (regression). 258

We consider two sets of problems: ones that 259

the model gets correct at iteration 1 and ones 260

that the model gets incorrect at iteration 1. We 261

then revisit these same problems after apply- 262

ing our IS method, and characterize how many 263

problems improve (wrongt=1 → correctt=5) vs. 264

regress (correctt=1 → wrongt=5). Empirically, our 265

best IS method (backtracking) yields the highest 266

Improvement-to-Regression ratio. On problems 267

that an initial reasoning attempt does not solve, 268

IS with backtracking summaries solves 31.81% of 269

these problems after iteration 5. On problems that 270

an initial reasoning attempt gets right, only 0.66% 271

of these problems deteriorate to an incorrect answer 272

after iteration 5. This suggests that IS is a stable 273

method of increasing inference-time compute. 274

4 Conclusions 275

Iterated Summarization is a framework that alter- 276

nates between reasoning and summarization of rea- 277

soning traces to extend a model’s thinking time. 278

On the AIME 2024 & 2025 benchmarks, our best 279

variant, Backtracking Summary, boosts accuracy 280

by over 11% compared to Pass@1, while also out- 281

performing self-consistency and “Wait” baselines. 282

Crucially, these gains are stable: later iterations 283

correct 31.81% of previously unsolved problems 284

while regressing on only 0.66% of solved ones. 285
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4.1 Limitations286

While IS is a lightweight method for extending a287

model’s “thinking time,” its usefulness is bounded288

by several factors. First, our experiments are lim-289

ited to olympiad–style math problems from AIME290

2024 & 2025. We chose this benchmark because291

the problems are self-contained and benefit from292

long reasoning. Other tasks that are dominated by293

factual retrieval or comparatively simpler reason-294

ing may benefit less from IS because additional295

iterations cannot surface new latent insights. Sec-296

ond, IS primarily helps in this set of problems that297

sit on the cusp of the reasoner R’s ability—it ne-298

cessitates that the model is able to understand and299

reason through the problems, but not reliably solve300

them in a single reasoning trace.301

4.2 Potential Risks302

While it is possible that powerful reasoning models303

could present certain risks when applied to sensi-304

tive domains, our proposed Iterated Summariza-305

tion framework is unlikely to introduce or magnify306

these risks. IS enhances model reasoning through307

efficient context management and iterative thinking,308

allowing models to operate within existing safety309

frameworks and constraints.310
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A Appendix373

A.1 Artifact License Details374

• Model weights. We rely on two open-weight375

LLMs: DeepSeek-R1-Distill-Qwen-14B1376

and Qwen2.5-14B-Instruct2, both released377

under the MIT license.378

• Benchmark data. The AIME 2024 & 2025379

problem sets are in the public domain (prob-380

lems reproduced from the Art of Problem Solv-381

ing archive).382

• Code and prompts. Our implementation,383

prompts, and evaluation scripts will be released384

on GitHub under the permissive MIT license.385

A.2 Hyperparameter & Experiment Details386

Both DeepSeek-R1-Distill-Qwen-14B and Qwen-387

2.5-14B-Instruct have 14.7 billion parameters each.388

Running the main experiments (4 seeds × 60 prob-389

lems × 5 iterations) consumed approximately 45390

GPU-hours on a single NVIDIA A100-80GB.391

We use Hugging Face models and tokenizers392

for running models and tokenization (Wolf et al.,393

2020).394

We use these sampling parameters for experi-395

ments:396

Parameter Reasoning Model Summarizer

max_tokens 32768 32768
temperature 0.6 0.6
top_p 0.95 0.95
top_k 40 40
presence_penalty 0 0
frequency_penalty 0 0

Table 3: Sampling parameters for reasoning and sum-
marization models.

These parameters were chosen to maintain con-397

sistency with the original DeepSeek-R1 paper398

(DeepSeek-AI et al., 2025). The max_tokens value399

was set high enough to accommodate the longest400

reasoning traces while avoiding truncation.401

1https://huggingface.co/deepseek-ai/
DeepSeek-R1-Distill-Qwen-14B

2https://huggingface.co/Qwen/Qwen2.
5-14B-Instruct

Algorithm 1 Iterated Summarization (IS)
Require: question q, reasoning model R, summarizer S, iter-

ations T
1: Σ← [ ] ▷ list of summaries
2: for t = 1 to T do
3: rt ← R

(
q, summaries = Σ

)
4: if t < T then
5: st ← S(rt) ▷ compress trace
6: Σ.append(st)
7: end if
8: end for
9: return final answer extracted from rT

A.3 Additional Figures 402

Approach Iter 1 Iter 2 Iter 3 Iter 4 Average

Backtracking 2.14 2.09 2.00 1.94 2.04
Base Summarization 0.45 0.44 0.39 0.50 0.45

Table 4: Average Backtracking Behavior Counts For
Summaries Across Iterations

Method Iter 1 Iter 2 Iter 3 Iter 4 Iter 5 Overall

Backtracking 1.28 1.79 2.00 1.88 1.98 1.78
Base Sum 1.46 2.00 2.14 1.87 2.16 1.93

Table 5: Average Backtracking Behavior Counts For
Reasoning Across Iterations

AIME Problems Prompt

Solve the following AIME problem. All
answers are integers ranging from 0 to 999,
inclusive. Report your answer in \boxed{}
format.

PROBLEM:
{question}

Figure 3: AIME Problem Prompt Template

Base Summarization Prompt

Summarize the following attempted solution to
the problem:

PROBLEM:
{question}
ATTEMPTED SOLUTION:
{reasoning}
SUMMARY:

Figure 4: Base Summarization Prompt Template
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Figure 5: Token Count Distribution

Method Iteration 1 Iteration 2 Iteration 3 Iteration 4 Iteration 5

Answer Only 12438.47 ± 521.66 11839.93 ± 488.61 11821.38 ± 517.14 11672.89 ± 503.48 11939.12 ± 535.31
Backtracking 12438.47 ± 521.66 10609.80 ± 509.23 9036.55 ± 424.25 8444.58 ± 425.09 7979.73 ± 438.79
Base Summary 12438.47 ± 521.66 9596.15 ± 401.03 8427.26 ± 393.72 9116.83 ± 484.48 8246.03 ± 421.15
First-$k$ 12438.47 ± 521.66 11517.05 ± 514.59 11451.91 ± 543.41 10740.58 ± 496.92 10849.08 ± 522.41
Last-$k$ 12438.47 ± 521.66 9225.58 ± 439.45 7627.92 ± 372.73 7438.36 ± 417.94 5919.89 ± 320.07
Post-Think 12438.47 ± 521.66 9759.13 ± 476.39 9240.95 ± 419.28 8854.25 ± 465.18 8341.21 ± 419.39
“Wait” 12438.47 ± 521.66 1635.50 ± 104.94 1390.48 ± 92.66 1243.05 ± 97.79 1109.97 ± 83.68

Table 6: Average token count (± SEM) for each method across iterations.

Backtracking Summarization Prompt

Summarize the following attempted solution
to the problem, emphasizing the instances
where the model changed its strategy, revised
a previous decision, or explicitly backtracked
from a prior line of reasoning.

PROBLEM:
{question}
ATTEMPTED SOLUTION:
{reasoning}
SUMMARY:

Figure 6: Backtracking Summarization Prompt Tem-
plate

Improve Using Summaries Prompt

Solve the following AIME problem. All
answers are integers ranging from 0 to 999,
inclusive. Report your answer in \boxed{}
format.

PROBLEM:
{question}
Here are summaries of your previous solution
attempts:
{summaries}

Based on your previous solution attempts,
evaluate whether the most recent approach and
answer are correct. If not, consider a different
approach.

Figure 7: Prompt Template for later iterations to use
and build from previous summaries
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