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Abstract

This report synthesises �ndings from 15 peer-reviewed papers ad-
dressing the following research question: What are the scaling laws for
chain-of-thought reasoning in large language models v13. 20 claims
were extracted from source literature; 0 were independently veri�ed
against retrieved documents. An automated multi-reviewer quality
assessment produced a score of 3.8/10. This report is a machine-
generated literature synthesis and does not constitute original research.

1 Introduction

This paper examines: Reasoning E�ort and Problem Complexity: A Scaling
Analysis in LLMs. Research question: What are the scaling laws for chain-
of-thought reasoning in large language models v13.

2 Methodology

Systematic literature search across multiple databases yielded 15 papers.
Claims were extracted from source material and veri�ed against retrieved
documents. An independent multi-reviewer assessment produced a quality
score of 3.8/10.

3 Results

15 papers retrieved. 20 claims extracted; 0 independently veri�ed. Quality
review score: 3.8/10.

4 Limitations

This report is a machine-generated literature synthesis and does not consti-
tute original research. Automated retrieval and veri�cation may introduce
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errors or omissions. Review scores re�ect automated assessment, not hu-
man peer review. Readers should consult primary sources for authoritative
information.
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5 Extracted Claims

Claim Veri�ed Con�dence

The success rate is assessed as a binary measure:
whether the LLM successfully outputs a valid
solution to the Tents puz

× 0.05

Problem complexity is quanti�ed by the problem
size, de�ned as the product of the grid dimen-
sions (rows $\times$ columns).

× 0.11

Reasoning e�ort is measured by the total num-
ber of tokens generated by the LLMs to produce
the �nal answer, including

× 0.05

The hypothesis is a linear scaling relationship
between problem size and reasoning e�ort.

× 0.14

The goodness of �t is quanti�ed using the R2
metric, where scores closer to 1 indicate that a
larger proportion of the

× 0.06

No model solved problems larger than size 100. × 0.03
o3-mini achieves the highest success rate, fol-
lowed by DeepSeek R1 and Gemini 2.0 Flash
Thinking.

× 0.03

Qwen/QwQ-32B-Preview struggles with prob-
lem instances larger than size 20.

× 0.03

For DeepSeek R1 and o3-mini, there is a roughly
linear increase in reasoning e�ort with problem
size.

× 0.14

The slopes of the linear �ts for DeepSeek R1 and
o3-mini are very similar, suggesting comparable
scaling behavior in re

× 0.11

DeepSeek R1 consistently uses more tokens than
o3-mini.

× 0.03

Gemini 2.0 Flash Thinking is excluded due to
unknown number of thinking tokens.

× 0.03

The R2 value for DeepSeek R1 is 0.667. × 0.04
The R2 value for o3-mini is 0.833. × 0.01
The R2 value for Qwen/QwQ-32B-Preview is
0.087.

× 0.01

The R2 value for low reasoning e�ort is 0.489. × 0.06
The R2 value for medium reasoning e�ort is
0.833.

× 0.06

The R2 value for high reasoning e�ort is 0.813. × 0.07
The R2 value for easy di�culty is 0.468. × 0.02
The R2 value for tricky di�culty is 0.502. × 0.02
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