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Abstract

Test-Time Scaling (TTS) improves the rea-
soning performance of Large Language Mod-
els (LLMs) by allocating additional compute
during inference. We conduct a structured
survey of TTS methods and categorize them
into sampling-based, search-based, and trajec-
tory optimization strategies. We observe that
reasoning-optimized models often produce less
diverse outputs, which limits TTS effective-
ness. To address this, we propose ADAPT
(A Diversity Aware Prefix fine-Tuning), a
lightweight method that applies prefix tuning
with a diversity focused data strategy. Experi-
ments on mathematical reasoning tasks show
that ADAPT reaches 80% accuracy using eight
times less compute than strong baselines. Our
findings highlight the essential role of genera-
tive diversity in maximizing TTS effectiveness.

1 Introduction

Large Language Models (LLMs) (OpenAl, 2023;
Chowdhery et al., 2022; Touvron et al., 2023) have
become central to modern NLP applications such
as generation, translation, and question answering.
Their success largely stems from transformer-based
architectures (Vaswani et al., 2017) and large-scale
pretraining (Kaplan et al., 2020; Hoffmann et al.,
2022), which endow models with strong fluency
and generalization. However, standard autoregres-
sive decoding imposes a fixed inference routine
that limits their performance on complex reasoning
tasks.

As model sizes grow, the training cost escalates,
yet the marginal gains diminish. To mitigate this,
Test-Time Scaling (TTS) has emerged as a promis-
ing direction: it enhances model performance by al-
locating more compute during inference, allowing
adaptation to input complexity without retraining
(OpenAl, 2024a; Snell et al., 2024; Welleck et al.,
2024).
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Figure 1: Accuracy vs. Inference Cost (log scale).
Each point represents a language model.

While TTS has shown effectiveness, its perfor-
mance is often tied to the model’s intrinsic capac-
ity for generation diversity—a factor not yet well
understood or explicitly optimized. In particular,
models optimized for reasoning, such as distilled
variants, tend to exhibit reduced output variance,
which may dampen the gains from TTS. This raises
an open question: Can diversity-aware fine-tuning
improve TTS effectiveness for reasoning models?

To address this, we first conduct a strategy-
oriented survey of recent TTS methods, catego-
rizing them into three major families: Sampling
(section 3.1), Search (section 3.2), and Trajectory
Optimization (section 3.3) and identify diversity as
a critical enabler of TTS success. Next, we propose
a simple yet effective fine-tuning method, ADAPT
(A Diversity Aware Prefix fine-Tuning), which en-
hances early-stage output diversity via prefix-tuned
sampling.

We evaluate ADAPT on a compact reasoning
model under Best-of-/NV sampling. As shown in
fig. 1, ADAPT achieves 80% accuracy with eight
times fewer samples, outperforming all baseline
models in efficiency while retaining strong peak
performance.



Contributions.
tributions:

This work makes three key con-

* A unified survey of TTS approaches, covering
Sampling, Search, and Trajectory Optimiza-
tion, with a focus on the role of generation
diversity.

e The design and evaluation of ADAPT, a
prefix-tuning method that improves efficiency
by increasing diversity at inference.

* A discussion on future directions, including
robustness to prompts, synergy between train-
ing and inference, hallucination mitigation,
safety, and the use of synthetic data for con-
trolled TTS benchmarking.

2 Related Work

Several surveys cover aspects of reasoning, post-
training, and test-time scaling. Reasoning-focused
overviews include Pan et al. (2025); Xu et al.
(2025a), while efficiency-oriented surveys include
Feng et al. (2025); Wang et al. (2025b); Sui et al.
(2025). Test-time scaling itself is addressed by
Zhang et al. (2025); Li (2025), and post-training
techniques are reviewed in Kumar et al. (2025b);
Tie et al. (2025).

Unlike prior work that focuses primarily on cate-
gorization, we go further by connecting our survey
insights to a practical hypothesis: that generation
diversity moderates TTS effectiveness. We validate
this hypothesis through targeted experiments, show-
ing that increasing diversity via prefix tuning leads
to more efficient and effective test-time scaling.

3 Test-Time Scaling Survey

In this section, we classify TTS methods into three
categories, based on the strategies employed.

3.1 Sampling

Sampling methods draw multiple candidates by
adjusting decoding parameters such as tempera-
ture. For instance, adjusting the temperature redis-
tributes probabilities to favor rare tokens, encour-
aging more creative responses. After generating
the samples, a verifier grades each response and
selects the one with the highest score to be the fi-
nal response. As shown in Figure 2, the schematic
illustrates the basic process of the sampling-based
method.

Given the ability to generate diverse responses,
numerous previous studies have focused on this
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Figure 2: Sampling-based method. The model sam-
ples N candidates, a verifier scores each, and the
highest-scoring answer is returned. Some variants re-
peat this loop for multiple rounds.

and proposed various strategies to improve perfor-
mance. For example, Tian et al. (2025) proposed a
method that generates answers in multiple rounds.
In each round, the model uses the previous answer
and the original input as a new input. This approach
allows the model to improve its performance with-
out additional training.

In addition, Chow et al. (2024) aim to im-
prove LLM performance under Best-of-N sam-
pling through two approaches. BoN-SFT is a super-
vised fine-tuning method that maximizes the likeli-
hood of the highest-scoring output among sampled
candidates, thereby aligning the model with the
Best-of-N policy. In contrast, BoN-RL employs
policy-gradient reinforcement learning to directly
maximize the expected reward of the selected out-
put under Best-of-V inference.

Furthermore, to address efficiency issues faced
by sampling-based strategies, Huang et al. (2025b)
proposed a self-calibrated sampling method. They
used calibrated confidence scores to enhance the
efficiency of answer sampling. The method adjusts
sampling through early stopping in Best-of-N and
applies confidence-calibrated self-consistency to
reduce computation.

The limitations of sampling. Although sam-
pling improves performance, Stroebl et al. (2024)
noted that accuracy gains plateau as verifiers be-
come unreliable with more samples. Huang et al.
(2025a) found that Best-of-N can suffer from re-
ward hacking, especially in low-diversity models



where sampled responses are redundant. They in-
troduced pessimistic rejection sampling to filter
out unreliable outputs, a limitation especially pro-
nounced in distilled models.

3.2 Search

Search-based methods focus on searching for di-
verse paths. These paths help improve answer qual-
ity. Some search in the latent space. This pro-
vides an alternative to token-level reasoning. Oth-
ers adopt the self-improvement method to enhance
their performance.

3.2.1 Variations of CoT

The origins of CoT stem from prompt-based meth-
ods (Lightman et al., 2024; Ranaldi et al., 2025),
such as “Let’s think step by step.” Several improved
CoT variants are shown in fig. 3.

CoT with Self-Consistency (CoT-SC) (Wang
et al., 2023) samples multiple reasoning paths. It
then selects the one that best meets a consistency
criterion. This improves performance but increases
computation. Auto-CoT (Zhang et al., 2022) re-
duces the effect of incorrect demonstrations in the
thought process. Monte Carlo Tree Search (MCTS)
(Xie et al., 2024) updates the model policy through
Direct Preference Optimization (DPO) to manage
the trade-off between training and inference.

Similarly, the Tree-of-Thoughts (ToT) Yao et al.
(2023) enables exploration of multiple reasoning
paths per step and selects the best action. Build-
ing on multi-path exploration, Forest-of-Thought
(FoT) (Bi et al., 2025) runs multiple reasoning trees
in parallel instead of a single one. Each tree inde-
pendently explores a possible solution path, and
dynamically compares, discards, or merges ideas
across trees. This process is parallel and selective.
It improves diversity, adaptability, and resilience.
It also avoids local traps found in single-path meth-
ods like CoT and ToT. Graph of Thoughts (GoT)
(Besta et al., 2024) represents reasoning as a graph.
Nodes are thoughts. Edges are logical links. This
structure supports revisiting, merging, and reusing
ideas. It enables flexible reasoning and improves
coherence and depth in complex tasks.

In addition to structural innovations, Atom of
Thoughts (AoT) (Teng et al., 2025) breaks down
complex tasks into self-contained sub-questions.
This reduces reliance on historical context and
improves generalization. On the efficiency side,
Chain of Draft (Xu et al., 2025b) constrains the
length of the thinking trace, improving both speed

and output quality. Finally, the Mixture-of-Agents
architecture (Wang et al., 2024a) leverages multiple
LLMs with specialized capabilities to collaborate
on complex reasoning tasks, further broadening the
design space of CoT-style reasoning.

Theory of CoT. While still limited, recent work
begins to formalize CoT’s reasoning process be-
yond empirical improvements. One approach ex-
plores the expressive power of CoT, as studied in
Liu et al. (2023); Merrill and Sabharwal (2024);
Li et al. (2024); Feng et al. (2023). Other work
focuses on the connection between CoT and in-
context learning Huang et al. (2025c¢), as both im-
prove performance without parameter updates.

3.2.2 Hidden layer search

Hidden layer search offers new opportunities for
efficiency and abstraction. Sleep-time compute
method (Lin et al., 2025) processes the input con-
text offline. It generates a latent representation dur-
ing this stage. The model reuses this representation
at inference time. This method avoids repeating
full context processing for each query.

The Coconut paradigm (Chain of Continuous
Thought) (Hao et al., 2024) enables models to rea-
son in a continuous latent space by feeding the
last hidden state back into the model instead of
decoding it into tokens. This method allows back-
tracking and enables reducing token usage signifi-
cantly. Latent-Thought Language Models (LTMs)
(Kong et al., 2025) guides decoding through latent
thought vectors inferred using variational Bayesian
techniques.

Another line of work, CODI (Shen et al., 2025),
introduces a framework that compresses CoT rea-
soning into a continuous latent space via self-
distillation. Looped transformer (Saunshi et al.,
2025) presents another hidden-layer based strategy
by repeatedly applying a smaller transformer mod-
ule across iterations. This looping mechanism en-
ables smaller models to match the reasoning capa-
bilities of larger ones on complex reasoning tasks.

3.2.3 Self-improvement

TTS often leverages implicit self-improvement
through refinement and correction. These ap-
proaches draw inspiration from human iterative
thinking, enabling models to refine their answers
dynamically by leveraging internal feedback sig-
nals and reward-guided strategies.

Self-Refine (Madaan et al., 2023) introduces a
simple, training-free framework in which LLMs
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Figure 3: Search-Based The schematic illustrates various search-based methods, including Chain of Thought (CoT),
Self-Consistency with Chain of Thought (CoT-SC), Tree of Thoughts (ToT), Graph of Thoughts (GoT), Forest of

Thoughts (FoT), and Atom of Thoughts (AoT).

generate self-criticism and revise their responses
accordingly. Building on this, STaR (Zelikman
et al., 2022) bootstraps high-quality rationales that
lead to correct answers, using them to fine-tune the
model essentially allowing LLMs to “teach them-
selves” how to reason more effectively.

Expanding further, Training LLMs to Self-
Correct via RL (Kumar et al., 2025a) intro-
duce reward-driven strategies. It proposes a
reinforcement-based feedback loop to train LLMs
to learn how to revise, achieving significant gains
in reasoning tasks. Recursive Introspection (RISE)
(Qu et al., 2024), on the other hand, formalize
multi-turn refinement as a Markov Decision Pro-
cess (MDP) to iteratively optimize outputs through
sequential edits. After RL training, RISE signifi-
cantly outperforms Self-Refine and parallel sam-
pling, highlighting the benefits of trajectory-aware
self-correction. Feedback-based Test-Time Train-

ing (FTTT) (Li et al., 2025) takes self-improvement
a step further by applying gradient-based updates
during inference. Treating reasoning as a local op-
timization problem, FTTT adapts model weights
based on feedback using a learned optimizer (OP-
TUNE). This method achieves robust performance.

3.3 Trajectory Optimization

Optimization of TTS in LLMs focuses on control-
ling and refining the reasoning trajectory. This
refers to the sequence of intermediate steps gener-
ated during inference. This manifests as adjusting
trajectory length or structure based on task diffi-
culty, balancing accuracy with computational cost.
Unlike static decoding, optimized test-time reason-
ing introduces adaptive mechanisms to improve
outcomes under fixed compute budgets.

This optimization addresses two critical chal-
lenges. First, Yang et al. (2025) demonstrated that



longer reasoning trajectories don’t uniformly im-
prove results; excessive steps often degrade accu-
racy through error accumulation. Second, compute
allocation at test time can be more effective than
scaling model parameters (Snell et al., 2024), sug-
gesting trajectory optimization offers a compute-
efficient path to enhanced performance.

3.3.1 RL Paradigms

We categorize current methods into two paradigms:
reinforcement learning (RL) and non-RL ap-
proaches. RL enables optimal test-time compute
scaling by aligning model outputs with rewards.
Setlur et al. (2025); Qu et al. (2025) showed that
RL with step-wise feedback or meta-reinforcement
fine-tuning (MRT) significantly improves sampling
efficiency and test-time performance. MRT frames
inference as a meta-RL problem, rewarding useful
steps toward correct answers to encourage concise
reasoning within token limits.

However, recent critiques question RL’s neces-
sity and sufficiency. Yue et al. (2025) showed
that RL mainly reweights the base model’s out-
puts, boosting performance at low N but lagging at
larger N where exploration matters. Their findings
suggest RL narrows the reasoning scope, poten-
tially suppressing valuable but infrequent trajecto-
ries. In contrast, distillation-based methods inject
new knowledge into student models, expanding rea-
soning capacity across all N values. Cheng et al.
(2025) identified reward hacking in RL with pro-
cess reward models (PRMs) and propose a frame-
work with min-form credit assignment, achieving
high accuracy using only 30% of the reasoning
steps.

3.3.2 Distillation Paradigms

Distillation-based methods offer a data-driven al-
ternative to RL for trajectory optimization. Rather
than relying on reward shaping, distillation directly
transfers structured reasoning from large teacher
models to smaller student models.

Recent work (Shridhar et al., 2023; Hsieh et al.,
2023; Chen et al., 2025b; Ma et al., 2025a) showed
that teacher-guided stepwise supervision enables
concise, effective reasoning without relying on long
inference chains. The teacher explores diverse rea-
soning, such as multiple paths and tree-structured
CoTs. This is distilled into the student to produce
accurate answers with shorter trajectories. Distilla-
tion improves by adjusting the supervision format
(Chen et al., 2025b) or curating datasets that bal-

ance trajectory length and informativeness (Yin
et al., 2025). Moreover, distilled models often
match or surpass larger models within similar com-
pute budgets (Shridhar et al., 2023; Hsieh et al.,
2023) and frequently generalize better than RL-
trained models, which may overfit to narrow reward
signals (Yue et al., 2025; Cheng et al., 2025). Hy-
brid strategies combining distillation and RL show
promise for robust reasoning (Liu et al., 2025),
though this remains an open research area.

Several methods optimize trajectory length
across paradigms. Z1 (Yu et al., 2025) trains on
paired long-short solutions to enable adaptive gen-
eration. MRT (Qu et al., 2025) uses episodic re-
wards to encourage early termination. PURE as-
signs credit to penalize low-quality steps, reducing
verbosity and error-prone reasoning.

3.4 Challenges and Summary

Our preceding survey categorizes TTS approaches
into three primary dimensions: parallel scaling, se-
quential scaling, and computational optimization.
A key insight that emerges is the importance of
a model’s inherent generative diversity in deter-
mining TTS effectiveness. By increasing test-time
sampling, models can explore a broader range of
reasoning trajectories, thereby increasing the likeli-
hood of arriving at a correct solution.

This observation, however, raises a critical ques-
tion for models specifically optimized for reason-
ing. Prior work on model specialization (sec-
tion 3.3) suggests that targeted training for specific
capabilities may narrow a model’s output distri-
bution. Motivated by this, we examine how such
specialization affects TTS performance.

We hypothesize that although reasoning-
optimized models are skilled at producing accurate
responses, this specialization may inadvertently re-
duce the output diversity needed for effective test-
time scaling. This potential trade-off between rea-
soning precision and generative flexibility serves as
the foundation for our experimental investigation.

4 ADAPT: A Diversity Aware Prefix
Fine-Tuning Method

Motivated by the hypothesis that generative diver-
sity influences TTS performance, we propose a
simple yet effective method to encourage diver-
sity and empirically test whether increased diver-
sity leads to improved TTS results. Our method,
ADAPT (A Diversity-Aware Prefix fine-Tuning),



explicitly promotes generation diversity through an
efficient prefix fine-tuning strategy. The key idea is
to fine-tune only the initial segments of reasoning
trajectories using a carefully curated data mixture,
thereby encouraging the model to explore a broader
range of initial reasoning paths. This enhanced di-
versity is expected to enable TTS methods such
as best-of-/V sampling to identify correct solutions
more efficiently, requiring fewer candidates than
less diverse models.

4.1 Dataset Curation

The training dataset consists primarily of diverse
responses, supplemented with a smaller subset of
outputs generated by the target model, which may
exhibit lower generative diversity. This latter sub-
set is included to mitigate potential catastrophic
forgetting and to preserve the model’s original ca-

pabilities.
In our experiments, the dataset in-
cludes 90%  responses  generated by

Qwen2.5-Math-1.5B and 10% inference out-
puts from DeepSeek-R1-Distill-Qwen-1.5B
(our target model). For the Qwen-derived
examples, we employ a custom prompt format
designed to encourage varied initial reasoning
steps (see appendix A.5 for details), whereas
the DeepSeek-generated samples retain their
original chat template. Since all training targets
are produced by existing models, this fine-tuning
process can be viewed as a form of targeted
knowledge transfer or self-supervised learning.

4.2 Fine-Tuning Procedure

To improve efficiency and focus on the early stages
of reasoning, we truncate all training instances to
their first 512 tokens and fine-tune the model using
a supervised learning objective. Gradient updates
are applied only to the prefix segments, while the
remainder of the model remains frozen, preserving
most of the pre-trained parameters.

S Experiments

In this section, we detail the experimental setup de-
signed to evaluate our proposed method, ADAPT,
and to investigate the interplay between solution
diversity, trajectory length, and the performance
of TTS for reasoning tasks. We first describe the
datasets, evaluation protocols, and baseline models.
We then present a comparative analysis, focusing
on accuracy and computational efficiency.

5.1 Experimental Setup

Tasks and Datasets. Our experiments are con-
ducted on challenging mathematical reasoning
benchmarks, akin to MATH-500 (Lightman et al.,
2023). The goal is to assess the models’ ability to
generate correct multi-step reasoning paths.

Evaluation Protocol. Inspired by the test-time
compute setup highlighted by Beeching et al., we
employ a Best-of-/N sampling strategy for all mod-
els. For each problem, we generate /V candidate so-
lutions, where N € {2,4,8, 16, 32,64, 128, 256}.
Unless otherwise specified, solutions are generated
with a temperature of 0.8 and a maximum length
of 2048 tokens per problem. The final answer is
determined by majority voting over the /N candi-
dates, and we report the accuracy based on this
aggregated answer (acc_maj).

Metrics. We evaluate model performance using
four metrics. acc_maj denotes the final accuracy
obtained via majority voting over /N sampled out-
puts. Improvement measures the absolute increase
in acc_maj relative to the baseline performance at
N = 2. Gain per generation quantifies the aver-
age accuracy gain when doubling the sample size
(e.g., from N = 2to N = 4). Finally, Min N to
hit threshold refers to the smallest sample count
N required to reach a target acc_maj, such as 80%.

5.2 Models

Three models are compared in our study:

* Qwen-1.5B: A pre-trained language model
tailored for mathematical reasoning, likely
to exhibit higher generative diversity.
(Qwen2.5-Math-1.5B)

* DeepSeek-Qwen-1.5B: A distilled variant
optimized for reasoning tasks (DeepSeek-
Al, 2025), which may exhibit reduced
generative diversity. This model serves
as the target for our ADAPT method.
(DeepSeek-R1-Distill-Qwen-1.5B)

* ADAPT: A diversity aware prefix fine-tuning
approach applied to DeepSeek-Qwen-1.5B,
aimed at enhancing its generative diversity
while preserving reasoning accuracy.

5.3 Diversity Impact on TTS Performance

We begin by examining how the effectiveness of
best-of- NV sampling in TTS depends on both solu-
tion diversity and trajectory length. We compare
a pre-trained model (Qwen2.5-Math-1.5B) with
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Figure 4: TTS performance comparison of pre-
trained vs. distilled model.

its distilled counterpart optimized for reasoning
(DeepSeek Qwen-1.5B).

As shown in Figure 4, DeepSeek Qwen-1.5B
achieves a higher baseline accuracy of 65.2% at
N = 2, reaching 80.8% at N = 256 (+15.6%).
In contrast, Qwen2.5-Math-1.5B starts lower at
39.2% but exhibits a steeper improvement, reach-
ing 65.8% (+26.6%). These findings suggest that
while distillation enhances baseline reasoning per-
formance, it may also suppress generative diversity,
limiting the benefits of increased sampling. This
observation well motivated our hypothesis: explic-
itly promoting diversity during fine-tuning can en-
hance both the efficiency and effectiveness of TTS
for reasoning-specialized models.

5.4 Results

Table 1 summarizes the results of ADAPT com-
pared to both baselines. Notably, ADAPT reaches
80% accuracy with only 32 samples, an 8x im-
provement over DeepSeek Qwen-1.5B. At N =
16, it already surpasses the distilled baseline at
N = 256.

As shown in Table 1, both ADAPT and
DeepSeek Qwen-1.5B achieve strong initial perfor-
mance (65.2% at N = 2), clearly outperforming
the pre-trained Qwen2.5-1.5B (39.2%). ADAPT
attains the highest peak accuracy (81.0% at N =
256), marginally surpassing DeepSeek Qwen-1.5B
(80.8%). While Qwen2.5-1.5B shows the largest
relative improvement (+26.6 pp), its ceiling re-
mains substantially lower.

Beyond peak accuracy, ADAPT offers signif-
icant advantages in convergence speed and sam-
pling efficiency. It reaches 80% accuracy with just
N = 32 samples—an 8x improvement over the
N = 256 needed by DeepSeek Qwen-1.5B. With
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only N = 16 samples, ADAPT already achieves
78.2%, making it suitable for low-budget inference.
In contrast, Qwen2.5-1.5B fails to reach the 80%
threshold even at N = 256.

Figure 5 illustrates the diminishing returns of
larger N for all models. For ADAPT, most gains
occur early (N = 2 to N = 32), suggesting that it
captures the majority of TTS benefits with a rela-
tively small number of generations.

5.5 Discussion

Our results validate the central hypothesis: enhanc-
ing output diversity improves both the accuracy
and efficiency of reasoning models under Best-of-
N sampling. While DeepSeek Qwen-1.5B offers a
strong baseline, its improvements require large N,
consistent with prior observations that distillation,
though beneficial for core reasoning, may suppress
generative diversity.

ADAPT addresses this limitation via prefix fine-
tuning focused on early-stage reasoning. By updat-
ing only a small number of prefix parameters and
training on a hybrid dataset—composed of model-
generated responses and a subset of base model
outputs—ADAPT promotes diverse initial reason-
ing paths while mitigating catastrophic forgetting.
The prompt template further steers variation in the
early solution space (see appendix A.5).

This strategy yields strong gains even under lim-
ited sampling budgets: ADAPT exceeds 80% ac-
curacy with only N = 32 samples and achieves
78.2% at N = 16. These results demonstrate that
diversity-aware prefix tuning enables more effi-
cient exploitation of TTS compared to standard
fine-tuned models.

In summary, ADAPT delivers faster conver-
gence, stronger low-sample performance, and bet-



Model

Acc. Maj@2 Acc. Maj@256

Acc. Maj@16 Min N for 80% (|)

Qwen2.5-1.5B 39.2% 65.8% 60.0% o0
DeepSeek Qwen-1.5B 65.2% 80.8% 77.6% 256
ADAPT (Ours) 65.2% 81.0% 78.2% 32

Table 1: Best-of-N majority voting results. “Min N indicates the smallest N required to reach 80% accuracy.

ter overall accuracy under Best-of- N majority vot-
ing. Its improvements stem from explicitly opti-
mizing for sample-efficient diversity, making it a
compelling approach for resource-constrained in-
ference.

6 Future Directions

In this section, we outline several future directions
in the TTS regime. As a new research area, TTS
still faces many unexplored challenges and devel-
oped applications. A detailed discussion of TTS
applications is provided in appendix A. Here, we
focus on five key categories: robustness, training,
safety, hallucination, and synthetic datasets.

Robustness. TTS might fail under certain condi-
tions. For instance, prompt format significantly af-
fect LLM performance on the same task. Hochlehn-
ert et al. (2025) showed that reasoning accuracy is
highly sensitive to prompt design. Therefore, inves-
tigating how the content and structure of prompts
affect TTS is a promising direction for future re-
search.

Training. Dang et al. (2025) identified that the
training of the reasoning models leads to subopti-
mal performance of TTS. Furthermore, Chen et al.
(2025a) suggested that modifications to the pre-
training / fine-tuning stages are necessary to opti-
mize TTS performance.

Specifically, they observe that training with
cross-entropy loss leads to a decrease in pass@N
accuracy. It may result from cross-entropy loss
leading to model overconfidence. The finding un-
derscores the need to reconsider the pre-training
and fine-tuning strategies in order to achieve better
performance and efficiency. For instance, it is im-
portant to explore the impact of training strategies,
such as backpropagation, on TTS performance.

Safety. Chen et al. found that the thinking pro-
cess of LLMs may not be entirely transparent. They
prompt the model with a question and the corre-
sponding answer, but observe that LLMs rarely
acknowledge receiving the hint. Additionally, they

note that CoT monitoring may not be sufficiently
reliable to capture the true cognitive process of
LLMs. Future work should further explore how
LLMs perform reasoning to derive answers, in or-
der to establish better control over their behavior.

Hallucination. Despite TTS success on some
math and coding tests, OpenAl (2024b) showed
that GPT 03 and 04-mini suffer from the halluci-
nation problem. Future work should aim to under-
stand the relationship between RL and SFT meth-
ods used to enable LLMs to scale test-time compu-
tation, as well as their impact on hallucination.

Synthetic dataset. Synthetic datasets (Goldie
et al., 2025; Wang et al., 2025a; Lei et al., 2024)
provide precise control over task structure and dif-
ficulty. It enables the isolation of specific factors
relevant to test-time computation. This reduces con-
founding effects present in natural data and helps
reveal how scaling the inference budget impacts
reasoning depth, compositionality, and context in-
tegration.

7 Conclusion

In this paper, we present a comprehensive sur-
vey of test-time scaling (TTS), categorizing recent
approaches into three main strategies: sampling,
search, and trajectory optimization. Through this
analysis, we hypothesize that generative diversity
is a key factor influencing TTS performance. Our
experiments support this hypothesis, showing that
while distillation enhances baseline reasoning ac-
curacy, it can also reduce output diversity, thereby
limiting the effectiveness of sampling-based TTS
methods. To address this limitation, we intro-
duce ADAPT, a diversity aware prefix fine-tuning
method designed to enhance output diversity and
improve both the efficiency and performance of
reasoning-optimized models under TTS.

Limitations

While ADAPT demonstrates strong performance
under Best-of- N sampling, several limitations re-



main. First, all experiments are conducted on
a single reasoning domain—mathematical prob-
lem solving. It remains unclear whether simi-
lar diversity-induced gains would generalize to
broader tasks such as commonsense or multi-hop
QA. Second, our evaluations focus on a relatively
small model (1.5B parameters); scaling effects and
interactions with larger architectures are left for
future work.

Third, although ADAPT improves sample effi-
ciency, it does not directly optimize diversity met-
rics (e.g., self-BLEU, pairwise entropy), and its
diversity-enhancing effect is inferred only through
indirect accuracy gains. Explicit diversity measure-
ments could provide more rigorous support for the
core hypothesis. Finally, we fix the prefix length
and data mixture ratio throughout; exploring how
these hyperparameters impact diversity and perfor-
mance may yield further improvements.
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A Appendix
A.1 Methodology Structure

Sampling ]—

Search

Trajectory Optimization ]—

Think multiple rounds: Tian et al. (2025);
Inference-Aware: Chow et al. (2024)
Self-Calibration: Huang et al. (2025b);

Self-improvement
Self-Refine: Madaan et al. (2023);

Coconut paradigm (Chain of Continuous Thought): Hao et al. (2024);
Latent-Thought Language Models (LTMs): Kong et al. (2025);
CODI: Shen et al. (2025);

Looped transformer: Saunshi et al. (2025);

Hidden layer search
Sleep-time compute method: Lin et al. (2025);

Coconut paradigm (Chain of Continuous Thought): Hao et al. (2024);
Latent-Thought Language Models (LTMs): Kong et al. (2025);
CODI: Shen et al. (2025);

Looped transformer: Saunshi et al. (2025);

Theory of CoT
Expressive power of CoT: Liu et al. (2023); Merrill and Sabharwal (2024); Li et al. (2024);
Connection between CoT and in-context learning: Huang et al. (2025c);

Variations of CoT
CoT: Lightman et al. (2024); Ranaldi et al. (2025);
CoT with Self-Consistency (CoT-SC): Wang et al. (2023);
Auto-CoT: Zhang et al. (2022);

Monte Carlo Tree Search (MCTS): Xie et al. (2024);
Tree-of-Thoughts (ToT): Yao et al. (2023) ; Forest-of-Thought (FoT): Bi et al. (2025);
Atom-of-Thoughts (AoT): Teng et al. (2025);

Chain of Draft: Xu et al. (2025b);

Mixture of Agents: Wang et al. (2024a);

Optimal scaled length of CoT: Yang et al. (2025);
Test time scaling: Snell et al. (2024);
Verifier-based is better: Setlur et al. (2025);
Meta Reinforcement: Qu et al. (2025); RL limit: Yue et al. (2025);
PURE framework: Cheng et al. (2025);
Optimize trajectory length: Yu et al. (2025);
Segment reasoning: Qu et al. (2025);

Figure 6: Methodology classification structure.
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A.2 Related Work

There are numerous surveys focusing on various
aspects of reasoning, post-training, and TTS. Pan
et al. (2025); Xu et al. (2025a) survey reasoning
models. Efficiency-focused surveys include Feng
et al. (2025), Wang et al. (2025b), and Sui et al.
(2025). TTS is covered by Zhang et al. (2025) and
Li (2025). Post-training techniques are reviewed in
Kumar et al. (2025b) and Tie et al. (2025).

Unlike previous work that systematically catego-
rizes TTS methods, our study not only investigates
TTS classification but, more importantly, proposes
an experimental investigation into the trade-offs
between reasoning proficiency and output diversity,
inspired by our survey.

A.3 Applications in Real-World Domains

Robotics and Autonomous Systems In robotics,
TTS facilitates improved decision-making and
adaptability in dynamic environments (Zawalski
et al., 2025). World Foundation Models (WFMs)
(NVIDIA et al., 2025) simulate physical environ-
ments. They support tasks like autonomous driving
and robotics. TTS improves their prediction. It
also increases adaptability during inference.

Software Engineering and Autonomous Agents
In software engineering, TTS enhances reasoning
in autonomous agents handling complex develop-
ment tasks. The SWE-Reasoner framework (Ma
et al., 2025b) introduce a unified approach that
combines internal and external test-time compute
strategies to dynamically allocate computational
resources during inference. Internally, it lever-
ages development-contextualized long Chain-of-
Thought trajectories to to guide smaller models
for multi-step reasoning tasks. Externally, it incor-
porates reward-guided search and execution-based
verification to focus inference-time compute on crit-
ical development phases such as fault localization
and patch generation. Complementing this, multi-
agent collaborative systems such as M1 + CEO
((Jin et al., 2025)) use a central coordination agent
to dynamically manage reasoning depth, agent iter-
ation, and communication strategies at test time.

Video Processing and Streaming Analytics
TTS has shown promise in video processing Dalal
et al. (2025), particularly in scenarios requiring
real-time analysis and adaptation. The Test-Time
Training (TTT) approach extends TTS to stream-
ing video data. It helps models adapt to temporal
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changes. It also improves performance on tasks
like instance segmentation and panoptic segmen-
tation. TTT outperforms traditional fixed-model
baselines by continuously updating the model with
incoming video frames, thus enhancing accuracy
in dynamic visual environments .

Medical Diagnostics and Clinical Decision Sup-
port TTS enhances the diagnostic capabilities
by allowing more extensive reasoning during in-
ference. (Huang et al., 2025d) demonstrate that
increasing the reasoning token budget at test time
significantly improves performance on medical
question-answering tasks. However, the study also
notes an optimal reasoning token budget, beyond
which performance may degrade due to overthink-
ing.

Additionally, TTS contributes to uncertainty es-
timation in medical image segmentation Ma et al.
(2024). By applying test-time augmentation tech-
niques, models can better assess aleatoric uncer-
tainty, leading to more reliable segmentation out-
puts and reducing overconfident incorrect predic-
tions.

Legal Document Analysis and Compliance Le-
gal document analysis involves processing complex
and lengthy texts, where TTS enhances the compre-
hension and reasoning abilities of Al models Kant
et al. (2024). By allocating more computational
resources during inference, models can better un-
derstand intricate legal language, identify relevant
precedents, and ensure compliance with regula-
tions. This capability is particularly valuable in
tasks such as contract analysis, legal research, and
compliance monitoring.

Takeaways. TTS enhances real-world applica-
tions by enabling adaptive, context-aware infer-
ence. In robotics, it improves decision-making
in dynamic environments. In software engineer-
ing, it supports multi-step reasoning and verifica-
tion in development tasks. For video, it adapts to
streaming input for more accurate segmentation.
In medicine, it boosts clinical QA performance
and improves uncertainty estimation. In legal
analysis, it helps models process complex lan-
guage and ensure compliance.

A.4 Dataset

As shown in Table table 2, we have collected and
summarized several common datasets used in previ-
ous work for future experimental implementation.



Dataset Size Domain Description Ref
DeepScaleR-Preview-Dataset 40K+ Math Problem-answer pairs Luo et al. (2025)
MATH 12.5K Math Competition mathematics problems Hendrycks et al. (2021d)
GSMS8K 8.5K Math Grade school math problems Cobbe et al. (2021)
GSM-hard 1.32K Math Question-answer pairs Gao et al. (2023)
GSM-Symbolic 5K Math Question-answer pairs Mirzadeh et al. (2024)
TheoremQA 800 Math Question-answer pairs Bouamor et al. (2023)
SVAMP IK Math Question-answer pairs Patel et al. (2021)
MAWPS 3.3K Math Collection of math word problems Koncel-Kedziorski et al. (2016)
AQUA-RAT 100K Math Grade-school-math problems Ling et al. (2017)
OmniMATH 4428 Math Judged by OmniJudge, GPT-40 Gao et al. (2024)
Olympiad-Bench 8476 Math, Physics ~ Question-answer pairs He et al. (2024)
Humaneval Hundred Code Handwritten code Chen et al. (2021)
APPS 10K Code Question-code solution pairs Hendrycks et al. (2021a)
LiveCodeBench 442 Code Question-code solution pairs Jain et al. (2024)
MBPP 1K Code Basic algorithmic and functional programming tasks Austin et al. (2021)
CommonsenseQA 12K Commonsense  Multiple-choice question-answer pairs Talmor et al. (2019)
StrategyQA 2.8K Commonsense  Question-answer pairs Geva et al. (2021)
ARC 7.8K Commonsense  Multiple-choice question-answering pairs Clark et al. (2018)
5-hop ProntoQA 00 Logic Question-answer pairs Saparov and He (2023)
AR-LSAT 2,046 Law Question-answer pairs Zhong et al. (2021)
GPQA Hundreds Multiple domain ~ Question-answer pairs Rein et al. (2024)
MMLU 231K Multiple domain  Reasoning-focused question-answer pairs Hendrycks et al. (2021¢,b)
MMLU-pro 12K Multiple domain  Reasoning-focused question-answer pairs Wang et al. (2024b)

Table 2: Dataset on the recent reasoning methods

A.5 ADAPT Training Details
A.5.1 Custom Prompt Format

"{question} Please provide the initial
step towards resolving the question.
This step may serve as a foundation
but might not encompass the entire

solution.\n"

A.5.2 Training Parameter Setting

Dataset The combined dataset is shuffled and
split into 90% for training and 10% for testing,
with the test portion further divided evenly into
evaluation and held-out sets.

Tokenization Tokenization includes padding to
a maximum length of 512 tokens and truncation
when necessary.

Training Training is performed for 3 epochs with
a learning rate of 5 x 1075, per-device batch size
of 4, and gradient accumulation steps of 8. We
employ bfloat16 precision, set max_grad_norm
to 1.0.
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