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Abstract

Test-time compute (TTC) scaling has emerged
as a powerful paradigm for improving large
language model (LLM) reasoning by allocat-
ing additional compute during inference, e.g.,
via multi-sample generation and verifier-based
reranking. Existing TTC scaling strategies and
reasoning scorers remain fragmented, evaluated
under inconsistent protocols, and are rarely an-
alyzed through the lens of quality-cost trade-
offs. We introduce THINKBOOSTER, a unified
framework for seamless test-time scaling of
LLM reasoning, which consists of (i) a modu-
lar Python library implementing state-of-the-art
TTC scaling strategy and scorer families, (ii) a
benchmark that jointly evaluates performance
and compute efficiency, and (iii) a deployable
OpenAl-compatible proxy service that enables
drop-in integration of adaptive reasoning into
real-world applications. We further provide a
demo visual debugger for inspecting the rea-
soning trajectories and escalation decisions.'-2
Empirical results on mathematical and coding
tasks reveal the performance-compute trade-
offs of TTC scaling strategies and scoring meth-
ods, and demonstrate that THINKBOOSTER
provides practical gains in real-world tasks.
The code is available online under an MIT li-
cense.?

1 Introduction

Chain-of-thought (CoT) prompting (Wei et al.,
2022; Kojima et al., 2022) and, more recently, fine-
tuning LLMs to natively produce intermediate rea-
soning before a final answer (Lightman et al., 2023;
DeepSeek-Al, 2025) have unlocked powerful capa-
bilities in LLMs to solve complex tasks in mathe-
matics, programming, and even scientific research
(Weiet al., 2022; Chen et al., 2021; Lu et al., 2024).
It has also been shown that increasing compute
at test time, such as by generating longer reasoning
1http: //demo-thinkbooster.nlpresearch.group

2http: //video-thinkbooster.nlpresearch.group
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Figure 1: Illustration of the common reasoning test-time
compute scaling strategy — beam search (tree of thought
with breadth first search).

chains or sampling multiple solutions and select-
ing the best ones, can significantly improve perfor-
mance on challenging problems. This approach is
known as test-time compute (TTC) scaling (Snell
et al., 2025; Muennighoff et al., 2025). It is espe-
cially effective when a state-of-the-art LLM fails
to solve a challenging problem in a single pass
and cannot be further fine-tuned. Moreover, recent
work shows that TTC scaling can provide a bet-
ter performance to efficiency trade-off than simply
increasing model size (Snell et al., 2025).

Common TTC scaling strategies include best-
of-N (BoN: Cobbe et al. (2021); Snell et al.
(2025)), tree-of-thought (ToT: Yao et al. (2023),
see Figure 1), and self-consistency (also known
as majority voting: Wang et al. (2023)). Recently,
there have been a number of proposed dynamic
TTC scaling strategies that adapt the amount of
compute spent based on confidence or uncertainty
estimated at the level of individual reasoning steps
(Zhang et al., 2025a; Fu et al., 2025; Yan et al.,
2025).

Another line of research develops step- and
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Figure 2: An illustration of the ThinkBooster endpoint gateway for test-time compute scaling.

trajectory-level scorers to select the most prominent
reasoning path from multiple candidates. Common
approaches include verification via process reward
models (PRMs) (Uesato et al., 2022; Lightman
et al., 2023; Li et al., 2023; Luo et al., 2024; Zhang
et al., 2025b) and self-verification via the same
LLM (Xie et al., 2023; Weng et al., 2023). Recent
work has also proposed unsupervised and super-
vised uncertainty or confidence scores to assess the
reliability of the reasoning steps (Kadavath et al.,
2022; Zhu et al., 2025; Ni et al., 2025).

While TTC scaling has seen rapid advancements,
the literature on this topic remains highly frag-
mented. Methods are typically evaluated under
different experimental protocols, model configura-
tions (e.g., structured CoT vs. native unstructured
thinking), and compute budgets, which makes di-
rect comparison difficult. Moreover, many studies
focus primarily on accuracy gains while overlook-
ing the associated computational costs, latency,
and efficiency trade-offs. As a result, it is diffi-
cult to identify which methods truly offer the best
performance—compute trade-off. Moreover, most
published research typically presents implementa-
tions of only a single proposed method, along with
a limited set of baselines. Finally, the released code
often serves merely as a proof of concept, exhibit-
ing efficiency limitations and lacking support for
practical deployment. The lack of standardized, re-
liable, and efficient implementations creates an ad-
ditional challenge for practitioners deploying TTC
scaling in real-world applications.

In this work, we bridge these gaps by presenting

THINKBOOSTER, a unified framework for seam-
less test-time scaling of LLM reasoning. THINK-
BOOSTER targets NLP researchers studying reason-
ing and test-time compute scaling as well as prac-
titioners deploying LLM-based applications. Our
goals are two-fold: (i) to provide a unified frame-
work for principled benchmarking and research
on TTC scaling and reasoning in general, and (ii)
to provide a practical developer-oriented integra-
tion layer that supports easy deployment of TTC
scaling in real-world applications through a unified
API and clear abstractions. The framework com-
bines a modular Python library, a benchmark, and
a deployable TTC scaling endpoint gateway (see
Figure 2) that provides test-time compute scaling
as a service and can be used as a drop-in replace-
ment for an OpenAl-compatible LLM. Acting as
a transparent proxy to the underlying LLM, the
THINKBOOSTER endpoint gateway seamlessly ap-
plies test-time compute scaling on top of the under-
lying LLM generations, thus enhancing the quality
of the reasoning trajectories and the final answers
without the need for any modifications to the ex-
isting application logic. It effectively equips the
underlying LLM with a “Pro” reasoning mode. By
improving the quality of the final LLM answers,
THINKBOOSTER directly enhances the reliability
and the effectiveness of downstream applications
built on top of LLMs, including Al agents. Finally,
we provide a demo visual debugger for reasoning
trajectories that can be used for inspecting the in-
termediate steps and selection decisions.

THINKBOOSTER lowers the barrier for adopting



TTC scaling for both researchers and practitioners.
The contributions of this work are as follows:

* A Python library that implements state-of-the-
art TTC scaling strategies and scorers behind
a unified, consistent programming API.

» A practical TTC scaling endpoint gateway
with an OpenAl-compatible remote API that
can be used as a drop-in replacement for the
original LLM endpoint in various applications,
including Al agents. We show that THINK-
BOOSTER can improve the downstream per-
formance in real-world tasks, using the CUDA
kernel optimization as an example.

* A benchmark for conducting research in rea-
soning and test-time compute scaling with
both performance and compute metrics. We
also conduct a pilot study of implemented
strategies and scorers, and provide insights
into their performance—efficiency tradeoffs.

* Finally, we create a demo visual debugger
for LLM reasoning trajectories during TTC
scaling, which enables interactive inspection
of the intermediate reasoning steps and facili-
tates the systematic analysis of LLM’s errors.

2 Core Library

THINKBOOSTER, at its core, is a lightweight, mod-
ular, and extendable Python library that implements
the key components for TTC scaling. These include
scaling strategies, scorers, reasoning generators,
and reasoning step boundary detectors.

Scaling strategies include implementations of
nine state-of-the-art algorithms (see Table 1),
which cover more than twenty recent publications
on test-time compute scaling and reasoning. Typ-
ically, the strategies in the library define the high-
level scaling algorithm and do not prescribe low-
level implementation details, such as how the rea-
soning steps or the trajectories are scored. Some
strategies operate offline, meaning that they en-
able scoring trajectories after the final solution is
obtained, while others perform scoring online as
part of the reasoning process. They also differ by
the level of access to LLM outputs and internal
states. White-box strategies require access to logits
or internal states, which limits their applicability
in certain LLM deployment settings. Black-box
strategies do not need anything except the gener-
ated tokens. Finally, some strategies require the

Prefill option to be enabled in the provider’s API
— it allows populating the textual prefix with previ-
ously generated reasoning steps, so that the LLM
does not start reasoning from scratch.

Scorers specify the way in which individual rea-
soning steps or entire trajectories are assessed. We
implement four major approaches (see Table 2):
(1) PRMs (Lightman et al., 2023), (2) uncertainty
scores and confidence scores based on the LM-
Polygraph library (Fadeeva et al., 2023; Vashurin
et al., 2025), (3) LLM-as-a-judge assessment (in-
cluding self-assessment: Yao et al. (2023)), and (4)
ReProbes (Ni et al., 2025). The scorers also can be
white-box or black-box.

Reasoning generators are wrappers around LLM
deployments. The library supports LLMs deployed
locally via the Hugging Face Transformer library
and vLLM (Kwon et al., 2023). An LLM could also
be deployed as a service via vLLM, OpenRouter,
ChatGPT, or by any other provider with an OpenAl
compatible API. Usually, the most flexible white-
box access can be obtained through the Transform-
ers and vLLLM API. The majority of providers ex-
pose only generated tokens, but some give access
to the logits (e.g., gpt-4o0 in OpenAl, some LLMs
in OpenRouter, and the DeepSeek API). The prefill
option is also available for vLLM deployments and
some providers, such as DeepSeek and Anthropic.

Reasoning step extractors enable the decompo-
sition of the reasoning trajectory into atomic seg-
ments and allow controlled pauses in generation
for processing individual steps. For non-thinking
LLMs, it is possible to specify a system prompt
that will facilitate CoT in a certain format available
for parsing. For large reasoning language mod-
els (LRLMs) with a native thinking mode, such
as DeepSeek R1 or Qwen 3, it is not possible to
control the format of the thoughts generated inside
<think>...</think> tags, which makes reliable
step extraction more challenging. We support the
extraction of reasoning steps from both structured
generation facilitated by the system prompt and
unstructured thinking in LRLMs.

The library enables flexible combinations of scal-
ing strategies, scoring mechanisms, LLM backends,
and reasoning step extractors, allowing developers
and researchers to tailor configurations to their spe-
cific needs. Previous related work has focused on
non-thinking LLMs, did not allow combinations
of different strategies and scorers, and primarily
focused on evaluating reasoning chains (Hao et al.,
2024). A key requirement for the practical adoption



Method Key idea

offine/ Lol Noeds
Online  2€¢¢SS10 Lol
LLM P

Best of N (Cobbe et al., 2021) Sample N solutions and select the best one Offline Black-box No
Majority voting (Wang et al., 2023) Sample N solutions and select answer by majority vote Offline Black-box No
Beam search (ToT) (Yao et al., 2023; Xie et al., 2023) Explore tree of reasoning paths and select best Online Black-box Yes
Extended thinking (Muennighoff et al., 2025) Control reasoning budget to force longer CoT Online Black-box Yes
Dynamic exploration, MUR (Zhang et al., 2025a; Yan et al., 2025) ~ Only allocate more compute on uncertain steps Online White-box Yes
DeepConf online (Fu et al., 2025) Steer generation toward high-confidence tokens Online ‘White-box Yes

DeepConf offline (Fu et al., 2025)
Phi-decoding (Xu et al., 2025)
Uncertainty CoT (Zhu et al., 2025)

Rerank candidate solutions by model confidence scores
Foresight sampling and adaptive pruning based on an uncertainty signal ~ Online
Generate multiple trajectories when uncertain

White-box No
‘White-box Yes
Online ‘White-box Yes

Offline

Table 1: Test-time scaling strategies implemented in THINKBOOSTER.

Level of
Method Key idea access to
LLM
Process reward models (Lightman et al., 2023) Train a separate critic LLM to score reasoning steps and trajectories ~ Black-box
Self-verification (Yao et al., 2023; Weng et al., 2023) Ask the same LLM to evaluate the reasoning step / trajectory Black-box
Uncertainty and confidence (Zhang et al., 2025a; Fu et al., 2025)  Confident step options are higher priority White-box
ReProbes (Ni et al., 2025) A supervised regressor on top of the LLM internal states ‘White-box

Table 2: Reasoning step and trajectory scorers implemented in THINKBOOSTER.

from openai import OpenAl

client = OpenAI(
base_url="<THINKBOOSTER_ENDPOINT>/v1/beam_search/prm",
api_key="<YOUR_API_KEY>",
)
response = client.chat.completions.create(
model="Qwen/Qwen3-30B-A3B",
messages=[{"role"”: "user”, "content":
"Find the number of ordered pairs (x, y) of "
"positive integers satisfying x + 2y = 2xy."}],
extra_body={ # Optional parameters
"model_base_url”: "https://openrouter.ai/api/v1”,
"max_tokens": 8192, "tts_beam_size": 4,

}
)
print(response.choices[0].message.content)
# reasoning path with answer

Figure 3: Accessing the THINKBOOSTER endpoint
gateway through the OpenAl Python SDK. Parameter
base_url specifies the THINKBOOSTER endpoint URL,
which encodes scaling strategy and scorer.

of TTC scaling is the efficiency and reliability of
its implementation. We address this by engineering
optimized components that fully exploit provider
APIs. For example, we implement custom wrap-
pers around vLLM that expose the hidden states
during inference, thus enabling efficient integration
of internal-state-based scoring without requiring
modifications to the underlying model.

3 Endpoint Gateway for Scaling

For developers and end-users, we built a dedicated
endpoint gateway that provides test-time compute
scaling as a service. It enhances model outputs
without requiring any modifications to existing ap-
plication logic (see Figure 2). The service operates
as a proxy in front of the underlying LLM, ap-
plying scaling strategies before returning the final
response. To enable TTC scaling, the user simply

needs to replace the original LLM endpoint URL
with the URL of the THINKBOOSTER endpoint
(see Figure 3).

The THINKBOOSTER endpoint supports the con-
figuration of test-time compute scaling parameters
directly through a URL or an API, allowing users
to control compute budgets, reasoning strategies,
and selection policies. As the endpoint preserves
the standard LLLM interface, it can be integrated
into downstream systems such as Al agents, code
assistants, or enterprise copilots without any refac-
toring. Endpoint URLs are easily configured in
the code or even by specifying the environment
variables. This allows developers to enable a “Pro
reasoning mode” for any OpenAl-compatible LLM
deployment, improving reliability and quality of fi-
nal answers while maintaining explicit control over
computational costs.

4 Demo Visual Debugger for Reasoning

To support the analysis of TTC scaling algorithms
and scorers, we provide an interactive Visual De-
bugger for Reasoning. The tool allows users to in-
spect intermediate trajectories and reasoning steps.
At each reasoning step, it exposes scores (e.g. un-
certainty / confidence / PRM scores), making it
possible to trace escalation decisions and under-
stand why a particular trajectory is selected.
Compared to prior work that visualizes reason-
ing traces (Li et al., 2025), our debugger is natively
integrated with a modular TTC scaling framework
that supports diverse strategies and scorers, en-
abling side-by-side comparison of reasoning trajec-
tories under identical conditions (see Appendix A).



5 Experiments

5.1 Experimental Setup

We developed a benchmarking script for the sys-
tematic evaluation of scaling strategies and scoring
mechanisms implemented in THINKBOOSTER, as
well as custom user-defined methods across diverse
datasets and LLMs. Using the developed bench-
mark, we conducted a pilot study on the perfor-
mance efficiency trade-off of popular methods.
LLMs for reasoning. = We experimented with
three state-of-the-art LLMs: Qwen2.5-Math-7B-
Instruct (Yang et al., 2024) without thinking mode,
Qwen3-8B in native thinking mode (Yang et al.,
2025), and a large GPT-OSS-120B (OpenAl et al.,
2025). The selected models span distinct cate-
gories: non-thinking, small-thinking, and large-
thinking LLMs, and achieve state-of-the-art perfor-
mance within their respective groups.
Datasets. We select challenging datasets
from three categories: mathematics: MATH-
500 (Hendrycks et al., 2021), OlympiadBench (He
et al., 2024), GaoKao23EN (Zhang et al., 2023),
AIME-2024, and AIME-2025 (Mathematical As-
sociation of America, 2024); scientific QA: GPQA-
Diamond (Rein et al., 2023); and coding: Hu-
manEval+, MBPP+ (Liu et al., 2023), and Ker-
nelBench (Ouyang et al., 2025). The datasets pre-
processed in the required format are available in
our repository.* Some benchmarks appear to be sat-
urated for particular LLMs. Therefore, we report
results for a given model-dataset pair only when
the dataset remains sufficiently challenging for that
model. The model-dataset mapping, dataset statis-
tics, and further details are in Section B.
Performance metrics and result parsing proce-
dures are dataset-specific. Their implementations
are taken from the corresponding papers for consis-
tency. For mathematical and scientific datasets, usu-
ally, we can determine whether the LLM response
matches the gold answer exactly (exact match =
EM). Since parsing can be imperfect, the bench-
mark can provide LL.M-as-a-judge scores, which
compare model responses against the gold answers.

For HumanEval+ and MBPP+, we report the
pass@1. Evaluation is performed using the
EvalPlus package, which runs each generated solu-
tion against a set of tests. A solution is considered
correct only if it passes all tests in EvalPlus.

For KernelBench, we adopt three measures:

4h’ctps ://huggingface.co/test-time-compute

(1) Syntax Check, which verifies that the gener-
ated code is syntactically valid, (ii) Compilation
Check, which ensures that the code compiles, and
(iii) Correctness Check, which evaluates whether
the custom operand produces outputs consistent
with the corresponding PyTorch implementation
within a specified floating-point tolerance. Each
measure is a fraction of successful cases.
Efficiency metrics in the THINKBOOSTER
benchmark include: (1) inference cost in TFLOPs
(Kaplan et al., 2020) and (2) the number of gener-
ated tokens. The amount of TFLOPs is estimated
according to Hoffmann et al. (2022). We account
for the fact that processing prompt tokens can lever-
age the KV cache, in contrast to generating new to-
kens in multiple different samples. We also include
the TFLOPs associated with running PRMs. The
computational overhead of information-theoretic
uncertainty scorers (e.g., perplexity, sequence prob-
ability, and entropy) is considered negligible. A
detailed description of the efficiency metric com-
putation is provided in Appendix B.

Note that FLOP estimates reflect theoretical
throughput and do not account for runtime opti-
mizations such as vLLM prefix caching, which
can substantially reduce wall-clock time by reusing
KV-cache across prompts that share a common pre-
fix. We report theoretical FLOPs to ensure repro-
ducibility and hardware-independent comparisons.
Details on scorer and strategy configurations
(aggregation functions and scoring windows) are
provided in Appendix B and C.

5.2 Results

Trade-off between performance and compute.
The results for non-thinking Qwen2.5-Math-7B
are presented in Figure 4a, for Qwen3-8B on
HumanEval-Plus in Figure 4b, and additional re-
sults on AIME are in Figure 7 in Appendix C.

On mathematical benchmarks, the strongest re-
sults are obtained with PRM-based scorers. In
contrast, on coding tasks (Figure 4b), PRMs do not
consistently outperform lightweight uncertainty-
based scorers. In particular, the combination of the
uncertainty-based scorer with the MUR strategy
substantially surpasses all baselines on HumanEval-
Plus. A plausible explanation is that the PRM used
in our experiments is predominantly trained on
mathematical data and thus overfits to that domain.
In contrast, uncertainty-based scorers are domain-
agnostic and generalize better to code generation,
which constitutes an out-of-distribution setting for
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Figure 4: Accuracy improvement vs. compute ratio for different TTC scaling methods. Each point represents a
strategy—scorer combination; the x-axis shows the compute ratio relative to the baseline (log scale).

Stratesies | GPQA-Diamond | HumanEval+ | MBPP+ | KernelBench

g EM |  pass@1 | pass@1 | Syntax Compilation Correctness
Raw CoT 70.3 83.5 76.0 82.0 65.0 26.0
Offline BoN 72.2 85.4 78.8 87.0 64.0 30.0
Beam Search 73.2 87.8 78.4 - - -

Table 3: Evaluation results for gpt-oss-120b using a PRM-based scorer across QA (GPQA-Diamond), coding
(HumanEval+, MBPP+), and CUDA kernel generation (KernelBench). The best results are highlighted in bold.

the PRM. Overall, uncertainty emerges as a robust
and competitive scoring signal across tasks. Given
their simplicity, near-zero computational overhead,
and domain independence, uncertainty-based scor-
ers offer a practical alternative in real-world deploy-
ments. At the same time, our findings highlight
the need for coding-specific PRMs, which remain
largely underexplored.

Across strategies, beam search often under-
performs compared to BoN and even the self-
consistency baseline, despite requiring substan-
tially more compute. Nevertheless, when paired
with PRM-based scoring, it can achieve the high-
est absolute performance on mathematical bench-
marks. Dynamic compute scaling (MUR) offers
a more efficient alternative, with the potential to
reduce computational costs relative to beam search.
It delivers the strongest results on HumanEval+,
but on mathematical datasets, even when combined
with PRMs, it still lags behind BoN.

Real world application: optimization of CUDA
kernels and programming.  Table 3 presents
the results for coding tasks with GPT-OSS-120B.
CUDA kernels generated with Offline BoN guided
by a PRM have 5% fewer syntax errors. The compi-
lation rate is slightly lower as PRM tends to select
more sophisticated code produced by the LLM,
which can be more effective but also more prone

to compilation failures. Importantly, the overall
correctness is 4% higher, i.e., THINKBOOSTER
improves end-to-end CUDA kernel quality.

For the coding tasks, we observe that the Offline
BoN strategy improves the baseline LLM perfor-
mance by 1.9% on HumanEval+ and by 2.8% on
MBPP+ across seeds. Moreover, Beam Search
further improves performance by 4.3% on Hu-
manEval+. Overall, these results show that THINK-
BOOSTER can help in real-world tasks.

6 Conclusion

We introduce THINKBOOSTER, a unified frame-
work for test-time scaling of LLM reasoning that
bridges research and deployment. By combining a
modular library of TTC scaling strategies and scor-
ers, a joint performance—compute benchmark, and
an OpenAl-compatible endpoint that provides com-
pute scaling as a service, THINKBOOSTER enables
principled comparison and seamless integration of
adaptive reasoning into real-world systems. Our
results show that uncertainty can be used for both
scoring and dynamic scaling of compute, achieving
in some cases better results than PRMs and static
methods. We hope THINKBOOSTER will facili-
tate more systematic, compute-aware research and
practical adoption of test-time compute scaling.



Limitations

THINKBOOSTER provides a unified implementa-
tion and benchmark for test-time compute scaling,
but several components depend on deployment-
specific capabilities. In particular, some strate-
gies and scorers require white-box signals (e.g.,
logits/hidden states) or API features such as prefill-
style continuation, which are not available for many
black-box hosted models. Moreover, reliable step
boundary extraction remains challenging for mod-
els with native, unstructured “thinking” traces, po-
tentially affecting online scoring and escalation.
Our empirical study currently covers a limited set
of models and datasets (primarily math and cod-
ing), so the observed quality—cost trade-offs may
not generalize to other domains (e.g., long-context
QA or tool-using agents). Finally, proxy-based
TTC scaling can introduce variable latency and
provider-dependent cost behavior, and judge-based
evaluation may add noise in correctness estimates.
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Visual Debugger for Reasoning

Figure 5: Visual Debugger Demo. In this example, the
user runs an Offline Best-of-N strategy with a Sequence
Probability scorer on a mathematical question.

Appendix
A Visual Debugger UI

We present a web-based Visual Debugger for in-
specting test-time compute scaling strategies, sam-
pled trajectories, and scoring signals. It reveals
the search process, including candidate generation,
pruning, reranking, and final selection.

Figure 5 shows the configuration interface for se-
lecting models and strategies. After execution, the
interface summarizes performance and token us-
age, and displays step-level candidates and scores
for inspection (Figure 6a). Figure 6b visualizes the
full trajectory tree, highlighting the selected path.
Debugger enables compact, systematic analysis of
TTC scaling beyond single-pass outputs.

B Details on the Experimental Setup

Model-dataset mapping. Qwen2.5-Math-7B is
evaluated on three mathematical datasets (MATH-
500, OlympiadBench, Gaokao 2023 EN). Qwen3-
8B is evaluated on mathematical (AIME 2024,
AIME 2025) and coding (HumanEval+) tasks.
GPT-OSS-120B is evaluated on scientific QA
(GPQA-Diamond) and coding tasks (HumanEval+,
MBPP+, KernelBench). All experiments use
vLLM (Kwon et al., 2023) as the inference back-
end. Results are averaged over 3 seeds with the
standard deviation reported where applicable.

Hyperparameters. Generation settings vary by
model. Qwen2.5-Math-7B: temperature 0.7, top-p
0.8, top-k 20, max tokens 4096. Qwen3-8B: tem-
perature 0.6, top-p 0.95, top-k 20, max tokens
32768, with native thinking mode enabled. GPT-
0SS-120B: temperature 0.6, top-p 0.95, top-k 20,
max tokens 65536.

For beam search, we use beam size 5 with 8 can-
didates per beam, and 30 max steps for Qwen2.5;

..................

......................

(a) Reasoning Trace Inspector

-------------

(b) Tree View.

Figure 6: Visual Debugger Demo — Run Results.

and beam size 3 with 5 candidates per beam, and
250 max steps for Qwen3. Offline BoN and self-
consistency use /N =8 samples. MUR uses 8 candi-
dates per step, momentum 0.9, and up to 50 steps
for Qwen2.5 or 250 for Qwen3. Extended thinking
for Qwen3 allows up to 3 continuations.

Datasets. Table 4 reports the number of test
samples for each dataset used in our experiments.
MATH-500 is a representative subset of the MATH
benchmark (Hendrycks et al., 2021) used for sym-
bolic or numeric answer checking. Olympiad-
Bench (He et al., 2024) is an olympiad-level math
and physics benchmark. GaoKao23EN is an En-
glish math QA compilation centered on 2023 exam-
style items (Zhang et al., 2023). AIME-2024 and
AIME-2025 (Mathematical Association of Amer-
ica, 2024) are problems from the American Invita-
tional Mathematics Examination.

For scientific QA, we use GPQA-Diamond (Rein
et al., 2023), a subset of GPQA with graduate-level
MCQs in biology, chemistry, and physics that re-
quire expert-level reasoning.

For coding datasets, we use HumanEval+ and
MBPP+ (Liu et al.,, 2023), which are exten-
sions of the original HumanEval (Chen et al.,
2021) and MBPP (Austin et al., 2021) bench-



Task | Dataset | # test samples
MATH-500 500
OlympiadBench 675

Math GaoKao23EN 385
AIME-2024 30
AIME-2025 30

Scientific QA | GPQA-Diamond | 198
HumanEval+ 164

Coding MBPP+ 378
KernelBench 100

Table 4: Dataset statistics for the benchmarks used in
our experiments.

marks. MBPP+ consists of entry-level Python
tasks, while HumanEval+ contains moderately
challenging function-level Python problems. Ker-
nelBench (Ouyang et al., 2025) poses the real-
world problem of writing GPU kernels: producing
CUDA kernel code that outperforms PyTorch’s na-
tive implementations. We focus on foundational
Level-1 operators.

TFLOPs metric. For each forward pass, we com-
pute FLOPs = 2 x N x T, where NV is the number
of model parameters and 7T is the total number
of tokens (input context plus generated output).
This approximation counts one multiply-add per
weight per token, and is the standard metric used
in scaling-law analysis (Hoffmann et al., 2022).
We track token counts separately for the reasoning
generator and, when applicable, for PRMs. The
generator tracker records the context tokens once
per prompt, even when the LLM generates multi-
ple candidates from a shared prefix, and output
tokens summed over all candidates. The PRM
tracker records the number of input tokens for
each scoring call; because PRM is a reward model
that only performs a forward pass without gen-
eration, its cost is 2 X Nprm X Tippy. Finally,
TFLOPSota1 = TFLOPSgen + TFLOPsprMm. Over-
head for computing uncertainty-based scorers is
considered negligible.

Reasoning step extraction. All models are
prompted with a simple instruction, for example,
“Please reason step by step and put your final an-
swer within \boxed{ }”, without additional format-
ting constraints. Step boundaries are detected post
hoc using a ThinkingMarkerDetector that iden-
tifies linguistic cues across several categories, such
as sequence indicators, conclusion signals, verifi-
cation phrases, self-corrections, and structural pat-
terns. Splits occur only at sentence boundaries to
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Figure 7: Accuracy improvement vs. compute ratio for
Qwen3-8B on AIME (aggregate of AIME 2024 and
AIME 2025). Each point represents a strategy—scorer
combination; the z-axis shows the compute ratio relative
to the baseline (log scale).

avoid mid-sentence breaks. The resulting segments
are then normalized by merging short fragments
and splitting overly long ones. For thinking-mode
models (Qwen3-8B), the same detector operates on
the content inside <think></think> tags.

C Additional Experimental Results

Scorer details. As the PRM scorer, we use
Qwen2.5-Math-PRM-7B (Yang et al., 2024), a
process reward model trained on mathematical
reasoning data and deployed on a separate GPU.
Since no coding PRM is released, we use the
same math-trained PRM as a proxy for coding
tasks. For uncertainty-based scorers, we use en-
tropy, perplexity, sequence probability, and prob-
ability differential, all computed from token-level
log-probabilities produced during generation with
negligible overhead. We also evaluate ReProbe (Ni
et al., 2025), a lightweight linear probe (<10M pa-
rameters) trained on internal model representations.

Scorer configurations. For each in Figures 4
and 7, we select the best step-level aggregation
and scoring window via grid search.

For offline BoN, PRM uses product aggregation
over all steps (w=all), while other scorers use a
w=>5 window with their best aggregation.

For beam search, we report mean and min ag-
gregation with w=>5, and include ReProbe (Ni
et al., 2025) with mean aggregation over all steps.
ReProbe is a lightweight linear probe head with
negligible overhead.

MUR uses default scorer settings. Compute,
measured in TFLOPs, includes both generation
and scoring costs.
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