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Abstract

This report synthesises �ndings from 16 peer-reviewed papers ad-
dressing the following research question: How does test-time compute
scaling improve language model performance on reasoning benchmarks
v9. 11 claims were extracted from source literature; 0 were inde-
pendently veri�ed against retrieved documents. An automated multi-
reviewer quality assessment produced a score of 3.3/10. This report is a
machine-generated literature synthesis and does not constitute original
research.

1 Introduction

This paper examines: The Cost of Dynamic Reasoning: Demystifying AI
Agents and Test-Time Scaling from an AI Infrastructure Perspective. Re-
search question: How does test-time compute scaling improve language model
performance on reasoning benchmarks v9.

2 Methodology

Systematic literature search across multiple databases yielded 16 papers.
Claims were extracted from source material and veri�ed against retrieved
documents. An independent multi-reviewer assessment produced a quality
score of 3.3/10.

3 Results

16 papers retrieved. 11 claims extracted; 0 independently veri�ed. Quality
review score: 3.3/10.

1



4 Limitations

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

5 Extracted Claims

Claim Veri�ed Con�dence

HotpotQA is a question-answering benchmark
that assesses the agent's ability to accurately re-
trieve relevant evidence to

× 0.05

WebShop is a web-shopping benchmark where
agents �nd the best-�t item.

× 0.03

MATH is a benchmark for math problem solv-
ing.

× 0.03

HumanEval is a benchmark for programming
tasks.

× 0.04

Re�ection allows agents to evaluate past deci-
sions and revise strategies accordingly.

× 0.05

LATS leverages Monte Carlo Tree Search to sim-
ulate multiple branches of reasoning and action.

× 0.02

LLMCompiler incorporates structured multi-
step planning and streaming for asynchronous
task execution to minimize latenc

× 0.04

The original version of LATS executes LLM in-
ference and tool invocation sequentially, aggra-
vating end-to-end latency.

× 0.02

The 95%-ile latency for ShareGPT (Chatbot) is
9.7s.

× 0.01

The 95%-ile latency for HotpotQA (ReAct) is
20.7s.

× 0.01

The 95%-ile latency for WebShop (ReAct) is
50.8s.

× 0.02
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