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Abstract

One critical challenge for large language mod-
els (LLMs) in complex reasoning is their re-
liance on matching reasoning patterns from
training data, instead of proactively selecting
the most appropriate cognitive strategy to solve
a given task. Existing approaches impose fixed
cognitive structures that enhance performance
in specific tasks but lack adaptability across
diverse scenarios. To address this limitation,
we introduce METASCALE, a test-time scal-
ing framework based on meta-thoughts, i.e.,
adaptive thinking strategies tailored to each
task. METASCALE initializes a pool of candi-
date meta-thoughts, then iteratively selects and
evaluates them using a multi-armed bandit al-
gorithm with upper confidence bound selection,
guided by a reward model. To further enhance
adaptability, a genetic algorithm evolves high-
reward meta-thoughts, refining and extending
the strategy pool over time. By dynamically
proposing and optimizing meta-thoughts at in-
ference time, METASCALE improves both ac-
curacy and generalization across a wide range
of tasks. Experimental results demonstrate that
METASCALE consistently outperforms stan-
dard inference approaches, achieving an 11%
performance gain in win rate on Arena-Hard
for GPT-4o, surpassing ol-mini by 0.9% un-
der style control. Notably, METASCALE scales
more effectively with increasing sampling bud-
gets and produces more structured, expert-level

responses.l

1 Introduction

Large language models (LLMs) (Achiam et al.,
2023; Dubey et al., 2024; Guo et al., 2025) have
demonstrated remarkable capabilities across a wide
range of cognitive tasks. With minimal or no guid-
ance, they can perform human-like multi-step think-
ing processes (Kojima et al., 2022; Wang and Zhou,

'Our code is available at
luka-group/MetaScale.

https://github.com/

2024). However, one critical challenge is that they
may not proactively determine when or how to
apply different thinking processes. Instead, their
thinking process is often shaped by pattern match-
ing from training data and often diverges from hu-
man reasoning patterns (Dziri et al., 2024; Wang
et al., 2025b; Bao et al., 2025; Wang et al., 2025a),
rather than selecting the most appropriate way to
think or respond.

To address these challenges, researchers have
sought to explicitly define the thinking processes
of LLMs by mimicking aspects of human cog-
nition and introducing reasoning strategies such
as self-verification (Weng et al., 2022; Madaan
et al., 2024), chain-of-thought prompting (Wei
et al., 2022), and reverse thinking (Chen et al.,
2024), etc. By constraining LLMs to follow these
structured thinking processes, models have shown
improved performance on specific tasks. However,
these methods are often designed for particular
types of tasks, limiting their adaptability and effec-
tiveness across diverse tasks (Sprague et al., 2024;
Xu et al., 2024; Xu and Ma, 2025). More critically,
these approaches impose fixed thinking structures
rather than enabling LLMs to adaptively determine
the most effective task-specific strategy, potentially
limiting their performance.

To address these limitations, we propose the idea
of meta-thinking, a process where LLMs first re-
flect on their approach before generating a response.
Rather than immediately solving a problem, the
model initiates the process by determining how to
think and select the most suitable cognitive strat-
egy from a range of available options. For example,
when tackling a complex logical puzzle, an LLM
might choose to work forward from given condi-
tions, reason backward from the goal, or verify its
answer through self-reflection. By incorporating
this meta-thinking step, LLMs can dynamically
adapt their reasoning process to different tasks,
rather than relying on rigid, predefined heuristics.
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Figure 1: Overview of METASCALE. METASCALE initializes a pool of meta-thoughts, selects and evaluates them
using the Upper Confidence Bound (UCB) algorithm, and periodically evolves high-performing meta-thoughts. The
best response is returned after exhausting the sampling budgets.

on this idea, we introduce
METASCALE, a test-time scaling framework
that incorporates meta-thinking. The goal is
to enable LLMs to explore different thinking
strategies and generate the most effective response
for a given input. The process begins with the
generation of an initial pool of meta-thoughts,
where the LLM autonomously formulates reason-
ing strategies tailored to the given problem. To
enhance diversity, we retrieve relevant input-output
pairs from instruction-tuning datasets (Zhao et al.,
2024) and prompt the LLM to abstract thinking
patterns specific to the current task. Next, we
iteratively prompt the LLM based on the selected
meta-thoughts. The selection process is guided
by an Upper Confidence Bound (UCB) (Auer,
2002) algorithm, which balances exploration
and exploitation. A reward model (Liu et al.,
2024) then evaluates response quality. To further
promote diversity, we periodically apply a genetic
algorithm, generating new meta-thoughts by
evolving high-reward ones. Finally, the best
response found through this process is returned
after reaching the sampling budget.

Building

Experiments show that METASCALE signif-
icantly enhances the problem-solving capabili-
ties of LLMs across diverse tasks, consistently
outperforming baseline methods on various real-
world reasoning challenges. More importantly,
METASCALE scales effectively with increased
sampling budgets, further improving performance
by evolving meta-thoughts that lead to task solu-

tions of higher quality.

Our contributions are threefold. First, we in-
troduce METASCALE, a novel test-time scaling
strategy that enables LLMs to proactively select
and refine cognitive strategies at test time, moving
beyond static, predefined heuristics. Second, we
adapt the genetic algorithm to evolve high-reward
meta-thoughts over multiple iterations, further
enhancing adaptability and reasoning efficiency.
Third, experiments demonstrate that METASCALE
consistently scales with increased sampling bud-
gets, effectively leveraging additional computa-
tional resources to refine responses.

2 Method

In this section, we introduce METASCALE, a test-
time scaling framework that explores diverse cog-
nitive strategies to optimize the reasoning process
during inference. We first provide a brief overview
and relevant preliminaries in §2.1, followed by a
detailed description of meta-thought initialization
(§2.2), selection (§2.3), and evolution (§2.4).

2.1

METASCALE is a test-time scaling strategy de-
signed to enhance the problem-solving capabili-
ties of LLMs by incorporating meta-thoughts that
guide the reasoning process before generating a
response. Inspired by human cognitive processes,
a meta-thought consists of two key components:

METASCALE Overview

1. Cognitive Mindset, which is an appropriate
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perspective, expertise, or role that the model
adopts to approach the task.

2. Problem-Solving Strategy, which is a struc-
tured pattern used to formulate a sound solution
based on the given mindset.

For instance, when asked to “Use ABC notation
to write a melody in the style of a folk tune”, a
well-formed meta-thought could include a cogni-
tive mindset of “a musician or music educator with
expertise in music theory and composition”, and a
problem-solving strategy indicating “First present
a melody that captures the characteristics of a tra-
ditional folk tune, then ...” The model then utilizes
these strategies to guide its reasoning process and
generate a response.

METASCALE develops effective meta-thoughts
for an input task in three phases: initialization,
selection, and evolution. During initialization,
METASCALE generates a diverse pool of reason-
ing strategies tailored to the input task by leverag-
ing its own prior knowledge and instruction-tuning
datasets. Next, a Multi-Armed Bandit (MAB) al-
gorithm is used to explore and select promising
meta-thoughts. Finally, METASCALE employs a
genetic algorithm to iteratively refine and expand
the meta-thought pool. To maintain computational
feasibility, METASCALE operates within a fixed
sampling budget and returns the response with the
highest score given by a reward model once the
budget is exhausted. We illustrate the overall de-
sign of METASCALE in Fig. 1.

Before delving into the details of METASCALE,
we provide the background knowledge on genetic
algorithms and multi-armed bandit (MAB) algo-
rithms, two key components of our framework.
Genetic algorithms enable iterative refinement of
meta-thoughts, while MAB facilitates selection of
the most effective meta-thought during inference.

Genetic Algorithms. Genetic algorithms (Gol-
berg, 1989; Mitchell, 1998) are optimization tech-
niques inspired by natural selection. They consist
of three key components: initialization, which gen-
erates an initial population of candidate solutions;
fitness evaluation, which assesses solution qual-
ity based on a predefined objective; and evolution,
where high-fitness candidates are selected (selec-
tion), combined (crossover), or modified (mutation)
to create new solutions. Through iterative refine-
ment, the population converges toward solutions
with better fitness. The process terminates once

a predefined fitness threshold is reached or a set
number of generations is completed.

Multi-Armed Bandit. The MAB problem ad-
dresses the trade-off between exploration (test-
ing new options) and exploitation (choosing
known high-reward options) in sequential decision-
making (Vermorel and Mohri, 2005; Audibert et al.,
2009). The goal is to maximize cumulative rewards
by selecting from multiple options (arms). A key
approach, the Upper Confidence Bound (UCB) al-
gorithm (Auer et al., 2002; Auer, 2002), balances
this trade-off by combining an option’s empirical
mean reward with an uncertainty bonus that de-
creases with more sampling. This ensures effi-
cient exploration while favoring consistently high-
performing choices.

2.2 Meta-Thought Initialization

The initialization of meta-thoughts in
METASCALE aims to generate a diverse set
of reasoning strategies tailored to the given
problem. This process follows two complementary
strategies. First, the target LLM is prompted to
self-compose a set of reasoning strategies for
the given problem, reflecting different problem-
solving heuristics and cognitive patterns that
can enhance inference performance. Second, to
further enrich diversity, METASCALE leverages
instruction-tuning datasets such as WildChat (Zhao
et al., 2024), which contain extensive task-solution
pairs generated by advanced models. We retrieve
the top 8 similar tasks (measured by the similarity
between the embeddings of task descriptions) from
these datasets and prompt the LLM to extract
and adapt the underlying thinking patterns to
the current problem.> The assumption is that
reasoning strategies used for similar questions can
offer valuable perspectives for solving new ones.
Together, these self-composed and dataset-derived
strategies form the initial pool of meta-thoughts
used to guide problem-solving.

2.3 Meta-Thought Selection as MAB

Once the meta-thought pool is initialized,
METASCALE selects the most promising meta-
thought for generating a response at each itera-
tion step. We here formalize the selection of meta-
thoughts at inference time as a multi-armed bandit
(MAB) problem, where each meta-thought option

>The prompts used for this process are illustrated in
Appx. §B.
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serves as an “arm” and the goal is to maximize the
reward of the corresponding model response based
on the selected meta-thought.

Specifically, we apply the Upper Confidence
Bound (UCB) algorithm to guide the selection pro-
cess by balancing exploration and exploitation of
the available meta-thoughts, which dynamically
selects a candidate based on both its past perfor-
mance and the uncertainty about its future perfor-
mance. Specifically, given a candidate set of meta-
thoughts M, initialized (at inference time) for an
input query ¢, the selected meta-thought M* is

determined by
logt
Ny )’

where w s represents the empirical mean reward of
meta-thought M, computed based on past attempts,
while INVj; denotes the number of times M has

M* =
arg max (uM + 8

been selected. 54/ lj\’,% introduces an exploration

term that prioritizes meta-thoughts that have been
less frequently tested, where ¢ is the total number
of attempts processed. The parameter 5 controls
the trade-off between exploiting well-performing
options and exploring new ones.

To further improve sampling efficiency, we aug-
ment the UCB strategy with a mini-batch sam-
pling scheme. After computing the empirical
mean rewards {117 } prea,, for all meta-thoughts,

we convert them into a probability distribution
exp(pns)

M/ emq XP(Hrr)
Given a fixed batch size B, each meta-thought
M is allocated ny; = {B pM] sampling budget,
which is subject to ) ,, ny = B. Any remain-
ing slots caused by rounding are assigned to the
meta-thoughts with the largest fractional parts of
Bpys. The resulting batch of B responses is eval-
uated in parallel by the reward model, and the ob-
tained scores update pps and Njy, thereby refining
the UCB statistics for the next iteration.

via soft-max function py; =

To assess response quality during fitness evalu-
ation, we use an outcome-based general-purpose
reward model (Liu et al., 2024). Given input and re-
sponse, the reward model evaluates response qual-
ity and assigns a reward score. This reward score,
in turn, updates the UCB of the meta-thought,
which influences subsequent selection decisions
by refining the exploration-exploitation balance ac-
cording to the accumulated performance history.

2.4 Genetic Meta-Thought Evolution

To further enhance diversity and continuously ex-
pand the pool of cognitive strategies, METASCALE
periodically applies a genetic algorithm to evolve
the meta-thoughts. High-performing meta-
thoughts, identified by their accumulated UCB
as described in §2.3, are selected as parents for
producing the next generation of new child meta-
thoughts. Specifically, given the high-UCB meta-
thoughts, the target LLM is prompted to develop
a set of refined meta-thoughts that integrates and
improves upon the selected parents.

Rather than directly applying explicit crossover
or mutation policies as usually applied in a typical
genetic algorithm, we prompt the target LLM itself
to determine how to combine the reasoning heuris-
tics of the parent meta-thoughts and evolve them
into improved counterparts. We find that directly
performing crossover or mutation at the text level
often produces strategies that make no sense. In-
stead, prompting LLMs allows for a more flexible
and context-sensitive evolution of meta-thoughts,
ensuring that the evolved strategies continue to re-
flect the problem-solving patterns most effective
for the current task over successive iterations.

Based on the test-time scaling nature of
METASCALE, we set the termination criterion ac-
cording to a predetermined budget for the num-
ber of attempts. Once the budget is exhausted,
METASCALE terminates and returns the model re-
sponse (which is prompted with meta-thought) with
the highest reward score among all the attempts as
evaluated by the reward model. The overall algo-
rithm of METASCALE is outlined in Alg. 1.

3 Experiments

In this section, we evaluate METASCALE on three
different problem-solving tasks with two models
of varying scales. We provide an overview of our
experimental settings (§3.1) and present a compari-
son of empirical results (§3.2) followed by further
analysis (§3.3).

3.1 Experimental Setup

Evaluation Dataset To evaluate the effectiveness
of our METASCALE for problem-solving, we con-
sider the following mathematical reasoning bench-
mark and general-purpose tasks.

GSMS8K (Cobbe et al., 2021) consists of high-
quality, linguistically diverse grade school math
word problems. We use accuracy to measure mod-
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Arena-hard MMLU-Pro GSMSK
Method Avg.  95%CI 95%CI Number of Acc Acc
Win Rate  Lower Upper Tokens
GPT-40-0806
Vanilla Model 1-Pass 82.14 77.68 88.10 573 68.75 92.19
Chain-of-Thought 1-Pass 8472 7930 _ 8891 663 7188 9375
Best-of-N 84.17 78.73 89.31 594 71.88 92.19
Best-of-N w/ CoT 87.42 81.66 91.37 681 73.44 95.31
Best-of-N w/ Self-Discover 89.32 83.41 92.16 726 76.56 93.75
" METASCALE w/o Evolution  89.63 8457 9362 689 7656 93.75
METASCALE 93.14 90.44 96.34 699 78.12 95.31
Llama-3.1-8B-Instruct
Vanilla Model 1-Pass 18.94 13.50 23.50 481 31.25 73.44
Chain-of-Thought 1-Pass 12.50 8.74 17.50 625 35.94 78.13
“Best-offN 2588 1676 3237 493 3906 79.69
Best-of-N w/ CoT 28.33 21.63 34.74 571 45.31 82.81
Bestof-Nw/Self-Discover 2862 2287 3349 S8 4688 7969
METASCALE w/o Evolution 28.93 23.02 35.26 575 46.88 84.38
METASCALE 30.86 23.97 35.29 630 50.00 82.81

Table 1: Main results (%) on Arena-Hard, MMLU-Pro, and GSM8K, evaluated using GPT-40 and Llama-3.1-8B-
Instruct as base models. The best scores for each base model are highlighted in bold.

els’ performance. To compute accuracy, we parse
the completion to extract the numeric value and
conduct an exact match with the reference answer.
MMLU-Pro (Wang et al., 2024b) is a 10-way
multiple-choice extended version of the MMLU
dataset (Hendrycks et al., 2020). Spanning 14 di-
verse domains, we use it to evaluate the proficient-
level multi-disciplinary language understanding
and reasoning capabilities of LLMs. To extract the
option letter from responses, we employ the sug-
gested regular expression matching first, followed
by the secondary regex matching. The correctness
averaged over all testing cases is used as the final
accuracy.

Arena-Hard (Li et al., 2024) is composed of chal-
lenging benchmark prompts sourced from Chatbot
Arena (Chiang et al., 2024) and adopts the LLM-as-
a-Judge for automatic model evaluation. We follow
their default evaluation setting by using GPT-4-
Turbo as the judge to estimate human preferences
of evaluated models against the baseline model
GPT-4-0314, and report the average win rate. Addi-
tionally, following the official setting, we report the
95% confidence interval of the win rate, providing
both the lower and upper bounds.

Baseline Methods For each task, we compare
METASCALE to four baseline inference methods
with the same reward model and scaling budget if
applicable. 1-Pass, where the target LLM performs
a single forward pass with greedy decoding with
the temperature fixed to 0. This represents the most
computationally efficient strategy and serves as a
lower bound on performance since it does not ex-
plore alternate outputs. Chain-of-Thought (CoT,
Wei et al., 2022), where the target LLM is prompted
to generate a reasoning process towards the final so-
lution for the given task. This is also performed in a
greedy decoding manner with the temperature set to
0. Best-of-N (Brown et al., 2024), where up to 128
candidate solutions are sampled with temperature
of 0.6 that allows diversity. The solution with the
highest score given by the reward model is returned
as the final response. CoT with Best-of-N, where
the sampling budget is also 128, and the LLM is
prompted to perform CoT for each sampling. A
temperature of 0.6 is applied. Self-Discover with
Best-of-N (Zhou et al., 2024), where the solution
of each task instance is sampled 128 times based
on the reasoning structure tailored for the task via
meta-reasoning. Besides, METASCALE w/o Evo-
lution also serves as a strong baseline that is com-

11832



Model Avg. 95% CI  95% CI Number of
Win Rate Lower  Upper Tokens
claude-3-5-sonnet 82.0 80.4 84.2 567
ol-preview-2024-09-12 81.6 79.2 83.8 1193
METASCALE 23 80.1 78.2 822 744
o1-mini-2024-09-12 79.2 76.6 81.6 1399
METASCALEg4 78.8 76.1 81.5 737
METASCALE3y 76.7 74.4 79.9 739
METASCALE16 74.7 71.8 71.4 735
gpt-4-turbo-2024-04-09 74.4 71.9 76.5 662
gpt-4-0125-preview 73.5 71.1 75.3 619
METASCALEg 71.4 68.7 74.2 734
gpt-40-2024-08-06 71.0 68.5 73.8 594

Table 2: Results on full Arena-Hard dataset under style
control (Chiang et al., 2024) for a fair comparison that
eliminates the effects of style (e.g. answer token length
and number of markdown headers) on response judg-
ment. METASCALE, represents METASCALE based on
gpt-40-2024-08-06 with sampling budget of k. The rest
of the models perform a single forward pass. Evaluation
results without style control are shown in Tab. 3.

parable to in-context learning with retrieval aug-
mentation (ICL with RAG), where retrieved can-
didates are used directly without any evolutionary
update, thus offering a static yet informative con-
text for generation. A detailed comparison against
retrieval-augmented few-shot variants is also pro-
vided in Appx. §E.

Models We use one state-of-the-art LLM, GPT-
40 (gpt-40-0806) (Achiam et al., 2023), and one
open-source LLM Llama-3.1-8B-Instruct (Dubey
et al.,, 2024) for evaluation. Skywork-Reward-
Llama-3.1-8B-v0.2 (Liu et al., 2024) is directly
adopted as the reward model for assigning reward
scores to candidate responses, based on which the
optimal response is chosen as the final answer. To
ensure fair comparisons, we use consistent infer-
ence settings across models and maintain the same
sampling budgets.

Implementation Details Due to limited compu-
tational resources and high API costs, we randomly
sample 64 testing instances from each benchmark
to create new subsampled evaluation sets, which
are used consistently across all methods. For a
comprehensive comparison, we also provide re-
sults on the full Arena-Hard dataset (500 instances).
To precisely evaluate the effectiveness of different
test-time compute scaling strategies without inter-
ference from demonstrations, we prompt LLMs in
the zero-shot setting on all studied tasks. Wild-
Chat (Zhao et al., 2024) is used for meta-thought
initialization (§2.2), with an initialization pool of
size 8 across all benchmarks.
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Figure 2: Results (%) on Arena-Hard and MMLU-Pro
with varying sampling budgets (1 to 128) using GPT-
40 as the base model. METASCALE improves more
rapidly as the sampling budget increases, whereas best-
of-N shows slower gains or even stops to increase at the
maximum budget.

3.2 Main Results

METASCALE Consistently Outperforms Base-
lines. We present the main results in Tab. 1
and find that METASCALE consistently achieves
equal or superior performance compared to both
one-pass methods and Best-of-N methods, regard-
less of whether they are prompted with or with-
out CoT. Notably, METASCALE based on GPT-40
outperforms its one-pass counterpart by 11.00%,
9.37%, and 3.12% on Arena-Hard, MMLU-Pro,
and GSMBSK, respectively. It also surpasses the
standard Best-of-N method by 8.97%, 6.24%, and
3.12%, respectively. Further, GPT-40 outperforms
ol-mini (Jaech et al., 2024) with METASCALE un-
der style control (Tab. 2). Similar improvements
are observed when using Llama-3.1-8B-Instrct as
the base model. These results demonstrate that
integrating meta-thoughts enables LLMs to scale
more effectively during test time as the number of
samples increases.

Evolving Meta-Thoughts Improves Perfor-
mance. We compare the performance of
METASCALE with and without the evolution of
meta-thoughts during testing. Our results show that
METASCALE achieves better performance across
most evaluation datasets and models, with only
a slight underperformance on GSM8K when us-
ing Llama-3.1-8B-Instruct. This demonstrates that
evolving meta-thoughts during test time leads to
more effective reasoning and decision-making.

3.3 Analysis

METASCALE Benefits from Increased Sampling
Budgets. As illustrated in Fig. 2, METASCALE
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Task: If you were a corporate law with 15 years of mergers and acquisitions experience, how would you pivot to
launch an Al enable tech startup step by step and in detail?

Model | Response
Pivoting from a career in corporate law, particularly with a focus on mergers and acquisitions, to launching
an Al-enabled tech startup is a significant transition. However, your experience in M&A can provide valuable

GPT-40-0806 | skills in negotiation, strategic thinking, and understanding complex business structures. Here’s a

1-Pass step-by-step guide to help you make this transition: ### Step 1: Self-Assessment and Skill Development 1.
**|dentify Your Interests and Strengths**: Reflect on what aspects of Al and technology excite you.
Meta-thought: {' Cognitive mindset': ‘A startup accelerator mentor with a background in both corporate law
and technology entrepreneurship, who specializes in guiding professionals through career transitions into
the tech startup world....", ‘Problem-solving strateqy’: ‘Create a strategic plan for transitioning from a
seasoned corporate law professional in mergers and acquisitions to launching an Al-enabled tech startup.

MetaScale Begin by identifying and capitalizing on transferable skills such as strategic analysis, negotiation, and

business acumen. Acquire foundational Al knowledge through formal education or partnerships ...."}

identify potential opportunities. ...

Transitioning from a seasoned corporate law professional in mergers and acquisitions to launching an
Al-enabled tech startup is an ambitious and exciting journey. Here's a step-by-step strategic plan to guide
you through this transition: ### 1. **Identify and Leverage Transferable Skills** - **Strategic Analysis and
Planning**: Utilize your ability to analyze complex business situations to understand Al market dynamics and

Figure 3: Model responses for a task from Arena-hard benchmark. The meta-thought used for the optimal response
which obtains the highest reward among all candidate solutions sampled by METASCALE is marked in blue. Based
on the optimized heuristic provided by the meta-thought, METASCALE tackles the task in a more sophisticated way
that precisely targets the core challenges of the problem, hitting a solution with maximal efficiency and quality. In
contrast, the vanilla GPT-40-0806 could only provide general ideas which may lack professional insights.

demonstrates significantly higher gains as the num-
ber of candidate solutions increases compared
to baseline methods. On both Arena-Hard and
MMLU-Pro, METASCALE consistently outper-
forms baseline methods, i.e., Best-of-N and Best-
of-N w/ CoT, with its performance improving more
steeply as the sampling budget expands. This sug-
gests that METASCALE is a more effective scaling
strategy that efficiently explores better solutions,
whereas Best-of-N slows down at higher budgets.
The evolutionary nature of METASCALE further
amplifies this advantage, enabling the target LLM
to apply refined heuristics through iterative meta-
thought selection and evolution.

Evolutionary Refinement Enhances Selection of
Optimal Meta-thoughts. Fig. 4 demonstrates how
the distribution of selected meta-thoughts shifts
over multiple evolutionary iterations throughout
the METASCALE process. Notably, the frequency
of highly rewarded meta-thoughts increases sig-
nificantly as the iteration of meta-thought evolu-
tion proceeds, particularly from the tenth itera-
tion onward, where a substantial portion of selec-
tions of over 20% occur. This suggests that the
iterative meta-thought refinement process within
METASCALE enables the model to progressively
converge on more optimal solutions. The lower se-
lection counts in earlier stages indicate a wider ex-

ploration phase before METASCALE effectively ap-
proaches the best-performing meta-thoughts. Over-
all, the evolutionary refinement of meta-thoughts
allows for better performance, indicated by higher
chances of hitting the maximum MAB reward.

METASCALE Generates Targeted and Expert-
Level Solutions. We provide a case study of model
responses in Fig. 3, comparing a standard GPT-40
single-pass response with an optimized response
generated by METASCALE. Given the task of
launching a startup based on past experience, the
single-pass response offers broad and generic guid-
ance, failing to identify the core challenge of transi-
tioning from corporate law to an Al startup. With a
lack of specificity, the LLM provides surface-level
advice without deep insights into the strategic and
operational challenges involved.

In contrast, METASCALE refines its response
by incorporating iteratively refined meta-thoughts,
which allow for a more structured, expert-driven
approach. The optimized response precisely iden-
tifies key transferable skills, highlights AI market
dynamics, and presents a clear, step-by-step strat-
egy tailored to the user’s professional background.
By leveraging meta-thought, the response is not
only contextually relevant but also highly aligned
with domain-specific expertise.
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4 Related Work

Test-time Compute Scaling. As a complementary
approach to prohibitively expensive train-time com-
pute scaling (i.e., larger models pre-trained with
growing amounts of tokens), test-time compute
scaling has exhibited preliminary success on both
proprietary (Snell et al., 2024) and open-source
models (HuggingFaceH4, 2025). There are two
major ways to scale test-time compute: 1) self-
refinement where models iteratively generate and
revise responses based on internal or external feed-
back (Xi et al., 2024; Song et al., 2024; Cheng
et al., 2024), and 2) searching against a verifier
where models sample multiple candidate answers
and a verifier is used to select the best one (Huang
et al., 2024; Wang et al., 2024a; Guan et al., 2025).
However, self-refinement relies on built-in correc-
tion capabilities from the generative model, which
is not sufficiently emphasized during model train-
ing (Jietal., 2025). Empirical studies on tasks such
as code generation (Olausson et al., 2023) and com-
monsense QA (Huang et al., 2023) show that self-
refinement is not a guaranteed solution for perfor-
mance improvement. On the other hand, searching-
based strategies lead to performance gain with a
flexible verifier design, ranging from hard-coded
heuristics (Snell et al., 2024) to learned process- or
outcome-based reward models (HuggingFaceH4,
2025). Searching approaches such as Best-of-N
sampling (Cobbe et al., 2021; Lightman et al.,
2023), beam search (Feng et al., 2023; Yao et al.,
2023), and Monte Carlo tree search (MCTS, Tang
et al., 2024; Zhang et al., 2024) mainly demon-
strate benefits for enhancing performance on tasks
requiring extensive reasoning. Orthogonal to prior
test-time compute scaling methods, our proposed
METASCALE searches for the best thinking pro-
cess, which more effectively elicits capabilities
from LLMs to handle both reasoning and general-
purpose tasks.

Persona-assigned LLMs. By instructing LLMs to
mimic a wide range of personas (e.g., demographic,
character, and individualized personas), we have
observed their improved social intelligence and
theory of mind (Sap et al., 2022; Kosinski, 2024).
Besides, recent work (Xu et al., 2023; Wang et al.,
2023) has shown that LLMs or agents assigned
with specific personas are able to unleash the po-
tential of cognitive synergy in LLMs, which im-
proves their problem-solving abilities compared to

using the default “helpful assistant” persona. More-
over, the persona-driven methodology (Ge et al.,
2024) has become an efficient way to construct
synthetic pre-training (e.g., TuluMath for OLMo
2 training (OLMo et al., 2024)) and post-training
(e.g., Tiilu-3-Persona-IF for Tiilu 3 training (Lam-
bert et al., 2024)) data. Going beyond persona-
assigned LLMs, we further unleash their potential
for solving challenging problems by automatically
retrieving relevant meta-thoughts and prompting
LLMs with an evolved theory of mind.

Cognitive Strategies for Problem Solving. To
improve performance on reasoning and planning,
various methods have been proposed to induce spe-
cific reasoning structures mimicking the reasoning
structure of the underlying task associated with the
dataset, e.g., chain-of-thought (Wei et al., 2022),
buffer of thoughts (Yang et al., 2024), question
summarization (Kuznia et al., 2022), and question
decomposition (Patel et al., 2022), etc. To address
real-world queries covering diverse reasoning struc-
tures, recent work proposes to uncover the intrin-
sic reasoning structure for solving the studied task
via meta reasoning, where LLMs are instructed
to select, adapt, and implement actionable reason-
ing (Zhou et al., 2024; Gao et al., 2024; Zhou et al.,
2023). However, existing meta-reasoning meth-
ods rely heavily on pre-defined cognitive heuristics
of problem-solving (e.g., “Use critical thinking”
and “Let’s think step by step” (Fernando et al.,
2023)), which is of limited coverage and hence
provides suboptimal solutions for tasks requiring
rarely-seen or complex skills. To broaden the cov-
erage of useful cognitive structures for problem
solving, METASCALE retrieves from massive high-
quality real-world conversations between users and
assistants and extracts relevant meta thoughts au-
tomatically. Moreover, METASCALE incorporates
an effective genetic algorithm to further promote
diversity.

5 Conclusion

We introduced METASCALE, a test-time scaling
framework that enables LLMs to adaptively select
and refine cognitive strategies, i.e., meta-thoughts,
through iterations. By leveraging a multi-armed
bandit algorithm for strategy selection and a genetic
algorithm for iterative refinement, METASCALE
dynamically optimizes reasoning processes, scal-
ing effectively with increased sampling budgets.
Experiments on GSM8K, MMLU-Pro, and Arena-
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Hard show that METASCALE consistently outper-
forms baselines, achieving an absolute 11% win-
rate improvement on Arena-Hard with GPT-4o.
These results highlight meta-thinking as a promis-
ing approach for enhancing LLLM reasoning.
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Limitations

In this work, we propose the cognitive strategy,
METASCALE, to more effectively solve challeng-
ing problems requiring diverse capabilities. The
limitations of this work are as follows: 1) Lan-
guage coverage: we mainly focus on tasks rep-
resented in English, hence meta thoughts are ex-
tracted from English-based conversations so that
final responses are expressed in English. Motivated
by the observed performance improvement on En-
glish benchmarks, we expect similar performance
gain from METASCALE on other language-based
tasks. 2) Collaborative LLMs: we show effective-
ness of METASCALE on single LLMs. Consider-
ing the diversity of inherent cognition and reaction
towards meta-thought prompting among LLMs, we
believe further performance improvement can be
achieved by applying METASCALE to LLMs from
different families and of distinct sizes and incor-
porating their responses. 3) LLM coverage: our
open-source evaluation primarily targets LLaMA-
3.1-8B-Instruct due to computational constraints.
While this limits direct evidence of METASCALE’s
effect on larger open-source models (e.g., 13B,
72B), we highlight that METASCALE is training-
free and modular at inference time, hence readily
scalable. Moreover, consistent improvements on
both GPT-40 and LLaMA-3.1-8B across diverse
benchmarks (Arena-Hard, MMLU-Pro, GSM8K)
suggest strong potential for broader applicability
as resources permit.

Ethics Statement

This paper presents a comprehensive study of meta-
thoughts in challenging problem-solving scenar-
ios. Both the utilized proprietary and open-source
LLMs have gone through thorough safety align-
ment and evaluation by model developers. Mean-
while, data sources for meta-thought extraction and
evaluation benchmarks are publicly available with
required ethical reviews conducted in prior work.

Therefore, we believe our work does not pose addi-
tional ethical issues.
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Appendices

A Distribution of Selected meta-thoughts
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Figure 4: Distribution of selected meta-thoughts af-
ter the full METASCALE process on Arena-Hard using
GPT-4o.

B Prompts for Meta-Thought
Initialization and Evolution

Prompt for Self-Compose

Given the following question, 1) who is likely to
give appropriate answer? please provide a concise
description of the persona, 2) provide a high-level
abstract of how the person will answer the question
reasonably, do not discuss any details in the question.

Question: Old age PT hx of DM, HTN, dyslipidemia
His ECG LII, aVF (MI) what is the highest risk factor
for this condition?

Persona: a cardiologist—a medical doctor special-
izing in diagnosing and treating diseases of the
cardiovascular system

High-level abstract: first assess the patient’s various
risk factors, considering their relative contributions to
the development of the condition; then identify which
risk factor poses the highest risk for the patient’s
condition by evaluating the impact of each factor
based on medical knowledge and epidemiological
data, the cardiologist

Question: Which singer is better technically: Floor
Jansen or Taylor Swift? Rate from 1 to 10 your confi-
dence that your answer is correct.

Persona: a professional vocal coach with extensive
experience in assessing singers’ technical abilities
across various music genres

High-level abstract: assess and compare the technical
abilities of both singers and then determine who is
technically better, ending with a confidence rating
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Prompt for Meta-Thought Adaptation

Given the question and the high-level abstract of
how an ideal response answers the question, how to
adapt similar high-level abstract to the new question.
Be concise. DO NOT discuss any details in the
question. DO NOT repeat the question or answer.
Directly generate the answer starting with "Adapted
High-level abstract:" without any explanation.

Original Question: Write very sad music with
beautiful accompaniment in ABC notation.

Original High-level abstract: Begin by explaining
the basics of ABC notation and its use in music
composition, then provide a simple example of a sad
melody with accompaniment, ensuring to highlight
key elements like key signature, tempo, and structure.
Conclude by offering guidance on how to interpret
and play the notation using appropriate software or
tools.

Current Question: Use ABC notation to write a
melody in the style of a folk tune.

Adapted High-level abstract:

Begin by introducing ABC notation and its role in
transcribing folk melodies, emphasizing its simplicity
and accessibility. Then, present a melody that
captures the characteristics of a traditional folk
tune, including elements like mode, rhythm, and
ornamentation. Ensure the notation includes key
signature, tempo, and structural markers. Conclude
by providing guidance on how to interpret, modify,
and play the tune using appropriate tools or software.

Original Question: can you please write me an invite
to an alignment meeting covering finding a suitable
timeslot for the training, align on the individual topics
to be covered, answer open questions and scope the
training.

Original High-level abstract: craft a clear and struc-
tured invitation that outlines the meeting’s purpose
and agenda, provides logistical details, and encour-
ages participation and preparation from attendees to
ensure a productive session.

Current Question: Explain the book the Alignment
problem by Brian Christian. Provide a synopsis of
themes and analysis. Recommend a bibliography of
related reading.

Adapted High-level abstract:

Provide a clear and structured synopsis of The Align-
ment Problem by Brian Christian, outlining its main
themes and arguments. Analyze its discussion of Al
alignment, ethical concerns, and societal impact. Con-
clude by recommending related readings that further
explore these topics.

Prompt for Problem-Solving Strategy Evo-
lution

Given the following question and several high-
level abstracts of how to answer the question
reasonably, provide a new high-level abstract that
is suitable to answer the given question based
on the given examples. DO NOT discuss any
details in the question. DIRECTLY GENERATE
A NEW HIGH-LEVEL ABSTRACT. DO NOT re-
peat the given examples in the new high-level abstract.

Question: Use ABC notation to write a melody in the
style of a folk tune.

High-Level Abstract 1: draw upon their knowledge
of folk music styles and ABC notation to compose
a melody that captures the essence of a folk
tune, ensuring it adheres to the conventions and
characteristics typical of folk music, and then
transcribe it accurately using ABC notation.
High-Level Abstract 2: Begin by explaining the
basics of ABC notation and its use in music
composition, then provide a simple example of a sad
melody with accompaniment, ensuring to highlight
key elements like key signature, tempo, and structure.
Conclude by offering guidance on how to interpret
and play the notation using appropriate software or
tools.

High-level Abstract 3: generate an original musical
composition by structuring it into distinct parts,
utilize ABC notation to represent the melody,
and provide a brief explanation of the notation el-
ements and how they contribute to the tune’s structure.

New High-Level Abstract:

Leverage a deep understanding of folk music tradi-
tions across various cultures to craft a melody that
authentically reflects folk styles. Utilize ABC nota-
tion to transcribe the melody, ensuring accuracy in
rhythm, phrasing, and ornamentation. Include a brief
explanation of how specific elements of the folk style
(e.g., modal scales or rthythmic patterns) are reflected
in the melody.
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Prompt for Cognitive Mindset Evolution

Given the following question and several personas of
who is likely to give appropriate answer, please give
a new persona which is appropriate to answer the
given question based on the given personas, please
provide a concise description of the new persona. DO
NOT discuss any details in the question. DIRECTLY
GENERATE A NEW PERSONA. DO NOT repeat
the given examples in the new persona.

Question: Use ABC notation to write a melody in the
style of a folk tune.

Persona 1: a folk musician or composer with
experience in creating and transcribing music using
ABC notation, which is a text-based music notation
system commonly used for folk and traditional music.
Persona 2: A musician or music educator with ex-
pertise in music theory and composition, particularly
familiar with ABC notation and its applications in
creating and interpreting music.

Persona 3: a creative Al assistant with knowledge of
music theory and ABC notation

New persona:

An ethnomusicologist with a specialization in folk
traditions and digital notation systems, who combines
cultural insights into folk music with practical knowl-
edge of text-based notation systems like ABC.

Model Avg. 95% CI 95% CI Number of
Win Rate Lower  Upper Tokens
01-mini-2024-09-12 92.0 90.8 93.0 1399
ol-preview-2024-09-12 90.4 89.3 91.7 1193
METASCALE| 28 89.0 87.5 90.4 744
METASCALEg, 88.2 86.7 89.5 737
METASCALE3s 86.9 85.5 88.5 739
METASCALE g 85.3 83.3 87.0 735
llama-3.1-70b 84.9 83.2 86.7 869
METASCALEg 82.8 80.7 84.3 734
METASCALEy 82.8 80.9 85.0 728
gpt-4-turbo-2024-04-09 82.6 80.8 84.1 662
METASCALEy 80.6 78.8 82.7 707
claude-3-5-sonnet 79.3 77.2 81.3 567
gpt-40-2024-05-13 79.2 71.3 80.9 696
gpt-4-0125-preview 78.0 75.9 80.4 619
qwen2.5-72b-instruct 78.0 76.2 79.8 821
gpt-40-2024-08-06 719 759 80.0 594

Table 3: Results on full Arena-Hard dataset without
style control. METASCALEy, represents METASCALE
based on gpt-40-2024-08-06 with sampling budget of

k. The rest of the models perform a single forward pass.

With only a budget of 4, METASCALE, outperforms the
base gpt-40-2024-08-06 by almost 5% in the average
win rate against the baseline model GPT-4-0314.

C Algorithm of METASCALE

We present the algorithm of METASCALE in
Alg. 1.

D Results on Arena-Hard w/o Style
Control

Results of METASCALE based on gpt-40-2024-08-
06 are shown in Tab. 3. The responses from gpt-
40-2024-08-06 are compared with those from the
baseline model GPT-4-0314, which is judged by
GPT-4-Turbo. We sample the judgment results 100
times and report the average win rate as well as the
confidence interval.

E Retrieval-Augmented Few-Shot
Baseline

To assess the potential impact of retrieval-induced
information leakage and to isolate the contribu-
tion of meta-thought reasoning in METASCALE,
we conduct an ablation study using a retrieval-
augmented one-shot setting. This setting mirrors
the retrieval process in METASCALE but replaces
meta-thought generation with a static one-shot
demonstration, thereby serving as a competitive
baseline.

Experimental Setup For each test query in the
Arena-Hard benchmark, we retrieve the most rele-
vant query-response pair from the same WildChat
pool used by METASCALE. This retrieved pair is
directly appended to the prompt as a one-shot exam-
ple, without generating meta thoughts or invoking
dynamic deliberation. We evaluate three baseline
decoding strategies under this one-shot setting, in-
cluding Vanilla Model 1-Pass, Chain-of-Thought
(CoT), and Best-of-N. All results are obtained us-
ing GPT-4o.

Results As shown in Tab. 4, all three decod-
ing strategies benefit modestly from retrieval-
augmented one-shot demonstrations, suggesting
that retrieval can provide useful signal even in
the absence of explicit meta-cognition. However,
METASCALE consistently outperforms these alter-
natives by a notable margin. This gap persists
despite comparable token budgets, highlighting
the importance of dynamic meta-thought gener-
ation and strategy evolution in solving complex
tasks. This confirms that while static few-shot ex-
amples derived from retrieval offer limited gains,
they do not explain away the performance improve-
ments of METASCALE. Rather, the meta-thought
initialization and iterative strategy evolution in
METASCALE remain key drivers of its superior
performance.
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Method Win Rate 95% CI (Low) 95% CI (High) #Tokens

Vanilla Model 1-Pass 82.14 77.68 88.10 573
+ 1-shot 83.50 78.50 89.00 582
Chain-of-Thought 1-Pass 84.72 79.30 88.91 663
+ 1-shot 85.80 80.93 89.87 679
Best-of-N 84.17 78.73 89.31 594
+ 1-shot 84.69 80.58 90.62 600
METASCALE w/o Evolution 89.63 84.57 93.62 689
METASCALE (full) 93.14 90.44 96.34 699

Table 4: Arena-Hard win rates of retrieval-augmented one-shot baselines compared to METASCALE on GPT-4o.

Algorithm 1 METASCALE

Require: Query ¢, target LLM, reward model RM, instruction-tuning dataset D, total budget T', batch
size B, evolution interval k
Ensure: Optimized response ¢
1: Initialize meta-thought pool M (§2.2)
221+ |T/k], R«<T-1-k
3 P« [k/B], P,<+ [R/B]

4: fori =1to I do > for each full interval of k samples
5: forp=1to P do > each batch of size B
6: for all M € M do
7: sm < pum + B log (i 1])\/;:+pB+1)
M
exp(par)
X P S expluar)
9: nyr < LB pM—|
10: end for
11: Build batch B of size B according to {ns}
12: Generate {y(*) },cp5 in one LLM call
13: Compute rewards {r(")},c5 via RM
14: forallb = (M,i) € Bdo
15: Update ppr, Nps with r(®)
16: end for
17: end for
18: /* evolution after k samples */

19: Select top Mop C M; Generate Mgy, via LLM (§2.4); M < M U M,y

20: end for

21: if R > 0 then > remaining R < k samples
22: forp=1to P, do

23: /* same allocation/update with batch size min(B, R) */ ...

24: end for

25: end if

26: return {j = arg max RM (y®)
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