© ©® N O O A~ W N =

33
34
35

ROBON: Routed Online Best-of-n for Test-Time
Scaling with Multiple LLMs

Jonathan Geuter Gregor Kornhardt
School of Engineering and Applied Sciences Department of Mathematics
Harvard University Technische Universidt Berlin
jonathan.geuter@gmx.de g.kornhardt@gmail.com
Abstract

Best-of-n is a widely used test-time scaling approach for LLM inference. Yet
despite evidence that LLMs exhibit complementary strengths across tasks, tra-
ditionally best-of-n relies on a single model to generate responses. We propose
ROBON (Routed Online Best-of-n), a sequential multi-LLM alternative to the
prevailing single-model best-of-n. Given a suite of models {m;}},, ROBON
sequentially routes generations one-by-one across models, based on scores com-
puted using a reward model and an agreement signal on the predicted responses.
This online routing requires no additional training, keeps compute parity, and
works with any plug-in reward model. Across three math benchmarks (MATH500,
OlympiadBench, MinervaMath), ROBON consistently outperforms standard best-
of-n applied to each individual model, with gains up to 5% absolute accuracy, and
also improves over a uniform multi-model portfolio baseline. Our results indicate
that diversity across models can be exploited sequentially at inference to realize
better best-of-n performance than any constituent model alone, providing a simple,
training-free path to test-time scaling with multiple LLMs.

1 Introduction

Large language models (LLMs) have demonstrated remarkable performance across diverse language
tasks, and scaling model and data size has long been a reliable way to enhance capabilities [Kaplan
et al., 2020, [Reid et al.| 2024, OpenAl et al., 2024]]. However, in recent years there is growing
evidence that performance improvements from scaling training compute decelerate [Hernandez et al.
2022, Muennighoff et al., 2023|]; furthermore, ever-larger models incur substantial computational
and economic costs. This motivated a shift towards test-time scaling strategies that spend more
inference compute instead of training compute [Snell et al., |2024| [Zhang et al., 2025, |Brown et al.,
2025]]. Different techniques to scale inference compute exist, such as making models “think"
longer [Muennighoff et al.| [2025]], best-of-n (BoN) [[Gao et al., 2023} [Mroueh and Nitsure, 2025,
Beirami et al., 2025]], or soft BoN [Verdun et al., [2025} |Geuter et al., 2025].

It is well-known that different LLMs can exhibit complementary strengths [Chen et al., [2025], which
motives ensembling models in some way. Prior work on ensembling multiple LLMs—e.g., ranking-
and-fusion approaches—shows that combining models can outperform any individual model [Jiang
et al., 2023]], and recent surveys emphasize the opportunity to exploit model diversity at infer-
ence [Zhang et al., [2025]]. Yet best-of-n is typically employed with a single model, leaving cross-
model diversity untapped.

Contributions. We propose ROBON (Routed Online Best-of-n), a sequential, multi-LLM alternative
to single-model BoN. Given a suite {m;}}, of models, and a per-prompt budget 7, ROBON routes
one generation at a time across models. At each step it evaluates each model’s current head candidate
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with a scorer that combines a plug-in reward model and an agreement signal over predicted answers,
commits the best candidate, and recycles the unchosen heads to the next step. This online policy
requires no additional training, preserves compute parity (exactly n samples generated in total),
and can be layered on top of existing acceleration stacks (e.g., vVLLM [Kwon et al., [2023]]). On
math reasoning benchmarks (MATHS00 [Lightman et al., [2024]], OlympiadBench [He et al.| 2024],
MinervaMath [Lewkowycz et al.l [2022]]), ROBON consistently improves over BoN with each
individual model and over a uniform multi-model portfolio, with gains up to 5% absolute accuracy.

2 Background

Notation. Let ) denote a (finite) vocabulary. Let X = J,,oy [/, V be the (countable) space
of input prompts, and Y = (J,,cy [[;—; V the (countable) space of responses; while X’ and Y are
identical as sets, we distinguish them for clarity. We are given a set of models {m, ..., ms}. For a
response generated by model m;, we will typically write a superscript /° to denote the model that
generated the response. If model m; generates multiple responses, we will distinguish them with
subscripts, e.g. y; j=1,...,n. Let A(}) denote the set of probability measures over ). For z € X
and model m, let m,, (v | ) € A()) be the model’s conditional distribution. We assume access to a
reward model » : X x )) — R that assigns a (scalar) outcome score 7(z, y) to a response y for prompt
z. In math tasks we additionally extract a normalized answer a(y) (typically, this will appear inside a
boxed environment in the answer string ) used for agreement statistics; see section [3|for details. We
write [M] = {1, ..., M} for model indices and use n for the per-prompt test-time sample budget.

Test-time scaling and BoN. Test-time scaling increases inference-time compute per prompt to
improve quality. Broadly, test-time scaling methods can be divided into parallel and sequential
approaches, where the former scales test-time computation in parallel with independently generated
outputs, while the latter scales inference via computations that sequentially depend on previous
computations. Various test-time scaling methods have been explored. A widely used sequential
approach consists of making models "think’ longer by appending think tokens [Muennighoff et al.,
2025]]. Common parallel approaches include majority voting [Wang et al., [2023]], where n responses
are generated in parallel, and the most frequent response is picked; or best-of-n [Beirami et al.| 2025],
which instead picks one of the n responses using an auxiliary reward model. Concretely, given a

single model m and reward model 7, best-of-n. (BoN) draws y1., i Tm (- | ) and outputs

y* = argmax r(z,y,),
J€ln]

which can be seen as a hard-max selection rule. Soft BoN instead defines weights

wj o exp{Br(z,y;)}, B >0,

and samples y; ~ w;. As 3 — o0, soft BoN recovers hard BoN; smaller 3 interpolates toward
averaging and can reduce pathologies of extreme selection [Verdun et al.l 2025]. Recent work studies
statistical and computational aspects of BoN-style policies, including conditions under which they
are (nearly) optimal at fixed inference budgets [Beirami et al., [2025] [Huang et al., 2025al, |Geuter|
et al.,[2025].

Model ensembling and routing. Multiple LLMs often exhibit complementary strengths, motivating
ensembling and routing across models. Output-level ensembling with learned rankers and fusion can
outperform any constituent model [Jiang et al.,[2023|], and mixture-of-agents (MoA) style approaches
aggregate diverse model outputs for additional gains (and debates about when/how to mix) [Jiang
et al.,[2023| Wang et al., |2025].

Routing has been explored at training time via Mixture-of-Experts (MoE), where a learned router
activates a small subset of experts per token/layer (where experts replace the usual feed-forward
heads in attention blocks, and typically specialize in certain parts of the domain) to scale performance
while controlling compute and active parameter count [Shazeer et al., 2017, |Zhou et al., [2022] |Cai1
et al.,[2025].

At inference time, model-level routing selects among whole LLMs per input, as it is often the case
that different LLMs excel at different tasks [[Chen et al., [2024, Shnitzer et al., 2024} |Huang et al.,
2025b]. This usually involves training a parametric router which learns to select the best model for a
given prompt.



85
86
87
88
89
90
91

92

93
94
95
96
97
98
99
100
101
102
103
104

105
106

107

108

110
111

112
113
114
115
116
117
118
119
120
121

122
123
124
125

Unlike parametric routers that must be trained (either within MoE or as separate model selectors),
our approach is training-free and operates online: we sequentially route a fixed budget of generations
across a portfolio of off-the-shelf LLMs using only (i) a plug-in reward model and (ii) an agreement
signal over predicted answers. This preserves compute parity with single-model BoN (exactly n
samples per prompt) while exploiting cross-model diversity without learning a router. However, one
key difference to vanilla best-of-n is that our approach falls under the sequential test-time scaling
umbrella, whereas regular best-of-n is parallel in nature.

3 Routed Online Best-of-n

Overview. Given a portfolio of models {m;},, a prompt z, a per-prompt budget n, and a reward
model r(z, y), ROBON allocates the n generations sequentially. At each step, it evaluates the current
head candidate from every model with the reward model (the next unseen sample if that model was
chosen last round; otherwise the previously drawn sample is reused), computes a marginal score for
appending each candidate-response pair to the selected set of response-reward pairs S, and greedily
commits the best one. This “recycle-unchosen-heads” scheduling ensures exact compute parity: the
procedure draws exactly n responses in total. However, we only iterate n — M + 1 times, such
that the final set of candidate responses only contains n — M + 1 responses. This corresponds to n
generated responses, as in the last iteration, M — 1 responses are discarded. This is just a technicality
to make for a fair comparison to regular best of n (one could use n + M — 1 in place of n to recover
n responses in the final set S). Once the final set of response-reward pairs .S is generated, the output
is chosen by best of n on the set S. For details, see Algorithm [T}

Scoring rule. Let S = {(y¢,7¢)};_,; denote the multiset of currently selected candidates with
rewards r¢ = 7(x, y;). We define reward weights via the temperature-scaled softmax:

exp{Bre}

wy = —=—————— ford=1,...,s.

Zj:l exp{fr;}

We also extract a canonicalized answer string a; = a(yy) (e.g., boxed final value for math). Let

S

1
agree,(S) = EZI{a]— =ap} e

Jj=1

denote the (empirical) agreement of y, with the current set S. The agreement-weighted soft score
used to rank candidates is
S
Score(S;a, f) = Z wy - (a re+ (1—a) agreeﬂS)), a € [0,1].

(=1

At each iteration of Algorithm [1] for each model i we form the tentative set S U {(y?,7%)} by adding
its current head and compute the scores

A; = Score(SU{(yi,ri)};a,ﬁ).

Intuitively, these scores are a measure of how much value a response (3°, %) adds to the existing
set S. They can be thought of as an interpolation between best-of-n and majority voting, where the
reward term drives selection towards high-reward responses, whereas the agreement term acts as
a majority vote incentive, prioritizing responses that occur often in .S, which can mitigate reward
hacking [Skalse et al.| 2025]), as we show in Section[d] A seemingly simpler approach would be to
compute Score(S; a, ) = ary + (1—a) agree,(S) instead. However, surprisingly we found this to
not work well, and the above score to work much better. This might be since it computes a “marginal”
score over the existing set of responses, instead of a score that does not use information from S.
We note that our algorithm seems to be quite robust to different values of «, as long as o < 1; see
Appendix for an ablation.

Agreement implementation details. Equation (I)) uses a normalized histogram over canonical
answers in S. In practice, we compute the agreement term by extracting the answer from the response,
applying canonical normalizations (such as removing whitespaces and turning everything into lower
case), and then comparing the resulting strings.
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Algorithm 1 ROUTED ONLINE BEST-OF-n (ROBON)
Require: Models my, ..., mys; prompt ; reward model r; budget n; temperature 5 > 0, o > 0.
1S+ 0 > multiset of selected pairs (r, a)
2: ¢; « 1foralli € [M] > head pointer per model
if n = 1 then

i* < randomChoice({1, ..., M})

yi e mie (| @)

return y|
fort =1ton — M + 1do

for i =1to M do

Ye, < mi(- | x) > generate new response only if ¢; increased in previous iteration

10: Tiz — r(z,yii)
11: A; < SCORE(S U (¢!, 7% ), a, B)
12: " < argmax; A_i*
13 S SU(ye,.,7e.)
14: Cix ¢ + 1 > increase response counter only for this model
15: y < BEST-OF-N(S5)
16: return y

R A A

Algorithm 2 SCORE(S, a, B): agreement-weighted softmax over rewards

Require: Multiset S = {(yg, ) };_; weight @ > 0; temperature 3 > 0.
I: w « softmax(Br), r=(ry,...,7s)
2: for { =1to sdo
3: agree, — {y € S :ye =y}|/s > Compute agreement scores

4: return >_,_, wy - (arg + (1 — a)agree,)

Special cases and limits. When M =1 and a=1, ROBON recovers standard soft best-of-n for a
single model. For a=0 the policy becomes agreement-driven (majority-style) selection. For large [
and moderate o — the setting we use in our experiments — the policy approximates hard best-of-n with
an agreement modified reward over a suite of models, which is particularly effective when models
exhibit complementary strengths.

4 Experiments

Datasets. We evaluate on three math datsets: MATHS00 [Lightman et al., 2024]], OlympiadBench,
specifically the OE_TO_maths_en_COMP split [He et al., [2024]], and Minerva-Math [Lewkowycz
et al| 2022]). For each dataset, we report the accuracy averaged over the entire dataset (Figure|I|and
Tables [[H3)), as well as the 1-sigma confidence intervals in Tables [TH3]

Models (M =4). We use the following four models: Qwen2.5-Math-7B-Instruct, DeepSeek-Coder-
6.7B-Instruct, Llama-3.1-8B-Instruct, Qwen2.5-Coder-7B-Instruct. We did not perform any search
over models, and stuck with our initial suite of models throughout. This suggests ROBON can work
out-of-the-box on suites of models of comparable size, and with potentially even larger benefits for
different suites. We use Skywork/Skywork-Reward-V2-Llama-3.1-8B as the reward model.

Implementation. We implement all models with vLLM [Kwon et al.| [2023]]. All experiments ran on
a single H100 GPU. The implementation is available at https://github. com/j-geuter/RoBoN,
where we also provide the full dataset of all generated responses by all four models on all three
datasets, with corresponding rewards and normalized rewards.

Hyperparameters. We set o = 0.4 (see Appendix [A.T|for an ablation). We found that larger values
of 5 work better, so we use § = 1e5 in our experiments, which essentially recovers picking an
arg max. We generate responses with temperature = 1.0 and top_p = 0.95.

Baselines. We compare against the following baselines:
(a) single-model BoN: We run regular best-of-n on each separate model from the model pool.
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Figure 1: Average accuracies across datasets and methods. For larger n, ROBON significantly
outperforms all baselines. The degrading performance of all methods on MATH500 and MinervaMath
as n increases is likely due to reward hacking [Skalse et al., [2025]].

Table 1: MATHS500. We report average accuracy with 1-sigma confidence intervals.

Method n =16 n = 64 n = 256

BoN (Qwen-Math-7B) 0.821 £0.024 0.815+0.024  0.790 + 0.022
BoN (DeepSeek-Coder-6.7B)  0.817 £0.024  0.815+0.023  0.794 + 0.019
BoN (Llama-3.1-8B) 0.821 +0.024 0.813+0.024  0.785 + 0.022
BoN (Qwen-Coder-7B) 0.817£0.027  0.806 £0.023  0.796 £ 0.021
Average (across models) 0.818 +0.025 0.812+0.023  0.791 + 0.021
Equal portfolio 0.788£0.022 0.817£0.025  0.815+£0.019
ROBON (ours) 0.810 £0.020 0.831+0.019 0.827 +0.018

(b) average: We average the accuracies of the individual best-of-n strategies from (a).
(c) equal: We run best-of-n, where we assign each model an equal share of n/M = n/4 samples
(for n = 1, we pick a model at random).

Reward Normalization. For each model, we normalize rewards by their empirical CDF. Concretely,
starting from a large pre-computed corpus of responses and rewards across datasets, we rank the
rewards and map them uniformly onto values in [0, 1]. This is necessary as otherwise, rewards
would not be comparable across models. Indeed, without reward normalization, the performance
of ROBON degrades to that of the average of the individual best-of-n strategies. Note that while
this normalization requires a pre-computed dataset of responses and rewards, once this dataset has
been created and the empirical CDFs have been estimated, a parametric map from raw to normalized
rewards that can be applied to new samples can easily be constructed.

Compute, Memory, and Runtime. In terms of FLOPs, ROBON is asymptotically exactly en par
with standard best-of-n with a single model. The memory requirements grow linearly with the
number of models M. In terms of runtime, in the worst-case, ROBON suffers an additional factor of
n compared to standard best-of-n with a single model, since ROBON generates sequentially instead
of in parallel. However, this assumes sufficient memory, and if memory is limited, the runtime of
best-of-n can be the same as that of ROBON. Furthermore, as can been seen from Figure [T, ROBON
achieves accuracies that best-of-n on any single model cannot achieve, no matter how large n is — in
fact, the accuracy of best-of-n often starts deteriorating as n increases beyond a certain point. Hence,
even under identical runtime budgets, best-of-n will not achieve the same accuracy as ROBON. This
is the reason we decided not to include an explicit runtime comparison to regular best-of-n: In the
regime where ROBON outperforms best-of-n, a runtime comparison is not possible, as best-of-n is
not able to achieve comparable performance according to our experiments.

4.1 Performance of ROBON on Reasoning Tasks

In Figure [T} we report the average accuracies of all baselines and compare them to ROBON. We
see that for n > 16, ROBON outperforms all baselines on all datasets by up to 5% absolute
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Table 2: OlympiadBench. We report average accuracy with 1-sigma confidence intervals.

Method n =16 n = 64 n = 256

BoN (Qwen-Math-7B) 0.377 £0.037  0.381 +£0.039  0.381 +0.038
BoN (DeepSeek-Coder-6.7B)  0.367 £0.036  0.386 = 0.039  0.402 4+ 0.038
BoN (Llama-3.1-8B) 0.377 £0.038  0.384 £0.038  0.381 +0.037
BoN (Qwen-Coder-7B) 0.373+0.035 0.381 £0.038  0.389 £ 0.039
Average (across models) 0.373£0.037 0.383£0.039 0.388+£0.038
Equal portfolio 0.373+0.038 0.378 £0.036  0.378 £ 0.036
ROBON (ours) 0.384 +0.037 0.414+0.039 0.428 +0.038

Table 3: MinervaMath. We report average accuracy with 1-sigma confidence intervals.

Method n =16 n =64 n = 256

BoN (Qwen-Math-7B) 0.279 £0.0563  0.271 £0.058  0.279 + 0.046
BoN (DeepSeek-Coder-6.7B)  0.267 + 0.042  0.250 +0.044  0.288 + 0.041
BoN (Llama-3.1-8B) 0.283 £0.039  0.267 £0.052  0.288 + 0.044
BoN (Qwen-Coder-7B) 0.267 £0.043  0.271 £0.047 0.292 +0.046
Average (across models) 0.274 +£0.044  0.265+0.050  0.286 + 0.044
Equal portfolio 0.292£0.057 0.279£0.049  0.258 £ 0.045
ROBON (ours) 0.308 +0.063 0.288 £0.051 0.292 £+ 0.051

accuracy (except on MATHS00 for n = 16). Furthermore, the performance of all baselines degrades
significantly on MATH500 and MinervaMath due to reward hacking. While ROBON also suffers
from reward hacking, the effect is significantly diminished. The results also show that ROBON
achieves accuracies that best-of-n with any single model fails to achieve for any n. Furthermore, it is
interesting to note that ROBON does not perform well for n = 4, in which case a single response
from one of the four models is selected based on the scores. We do not report confidence intervals in
Figure [I| for visualization purposes, but we report them in Tables [[H3] Appendix [A.T|contains an
ablation study over «, as well as details on how often each of the four models is selected by ROBON
in practice.

5 Discussion and Limitations

We presented ROBON, a sequential multi-LLM version of best-of-n sampling for test-time scaling,
which adaptively routes generations to models based on scores computed from rewards and agreement
signals of responses. In experiments on reasoning datasets, we show that ROBON significantly
outperforms best-of-n baselines of all individual models, as well as a simple portfolio baseline which
assigns n samples equally across models. ROBON is training-free and can be used with any plug-in
reward model and across any suite of (comparable) LLMs. However, while sequential test-time
scaling methods are often considered advantageous over parallel ones [Muennighoff et al.l 2025], an
obvious drawback of ROBON over regular best-of-n is runtime cost, if best-of-n is implemented in
parallel. Yet, ROBON achieves accuracies standard best-of-n fails to achieve independent of runtime
budget. Furthermore, the nature of the agreement term is such that ROBON in its current form is
only applicable to tasks where it can be immediately verified whether two answers are identical, as is
often the case on reasoning datasets. For more open-ended tasks, one could potentially replace this
string-based comparison with embedding similarities.

In future work, we plan to extend ROBON to other domains, such as coding, verify its benefits
on different suites of models, and develop theoretical guarantees. We note that guarantees for the
expected accuracy require further assumptions on the reward model, and even then the nature of the
ROBON scoring algorithm makes it difficult to derive reliable guarantees in practice. Furthermore,
semi-parallel versions of ROBON, that could significantly improve runtime complexity, are an
interesting direction for future research. Such variants could e.g. compute part of the responses in
parallel, then route the remaining responses to the suite of models based on the already computed
responses, and compute them in parallel again.
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A Appendix

A.1 Ablation over «

We run an ablation over different values of . In Figure 2} we show the average accuracy (over all
three datasets) for a = 0.0,0.2,0.4,0.6,0.8,1.0. We can see that most values of « yield similar
results, with & = 0.4 having a slight edge. Only a@ = 1, i.e. putting all the weight on the rewards,
sees significantly worse performance. This could be attributed to reward hacking [Skalse et al.| [2025].
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Figure 2: Average accuracy (averaged over all datasets) for ROBON with different values of «.

A.2 Model Share across n

In Figure[3]we show the average share of models selected by ROBON across different values of n,
averaged over datasets. deepseek-coder-6.7b ranks consistently high with shares between 50-75%.
However, the other three models’ share seems to help significantly in boosting performance, as
ROBON performs much better than best-of-n on deepseek-coder-6.7b alone, compare Figure[T]
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Figure 3: Average share of models selected across different values of » in ROBON, averaged
over datasets. ROBON selects deepseek-coder-6.7b in the majority of cases; however, ROBON
significantly outperforms this model in terms of accuracy, cmp. Figure[T]
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NeurlIPS Paper Checklist

1. Claims

Question: Do the main claims made in the abstract and introduction accurately reflect the
paper’s contributions and scope?

Answer: [Yes]
Justification: A sequential best-of-n method is introduced, as claimed in the abstract.
Guidelines:
* The answer NA means that the abstract and introduction do not include the claims
made in the paper.
* The abstract and/or introduction should clearly state the claims made, including the
contributions made in the paper and important assumptions and limitations. A No or
NA answer to this question will not be perceived well by the reviewers.
* The claims made should match theoretical and experimental results, and reflect how
much the results can be expected to generalize to other settings.
* It is fine to include aspirational goals as motivation as long as it is clear that these goals
are not attained by the paper.

. Limitations

Question: Does the paper discuss the limitations of the work performed by the authors?
Answer: [Yes]

Justification: We clearly state limitations and future research, such as developing theory,
extending the framework to other types of datasets, and mentioning that runtime is affected
by the sequential nature of the method (although sequential test-time methods are also
considered to have advantages over parallel methods).

Guidelines:

* The answer NA means that the paper has no limitation while the answer No means that
the paper has limitations, but those are not discussed in the paper.

* The authors are encouraged to create a separate "Limitations" section in their paper.

* The paper should point out any strong assumptions and how robust the results are to
violations of these assumptions (e.g., independence assumptions, noiseless settings,
model well-specification, asymptotic approximations only holding locally). The authors
should reflect on how these assumptions might be violated in practice and what the
implications would be.

¢ The authors should reflect on the scope of the claims made, e.g., if the approach was
only tested on a few datasets or with a few runs. In general, empirical results often
depend on implicit assumptions, which should be articulated.

* The authors should reflect on the factors that influence the performance of the approach.
For example, a facial recognition algorithm may perform poorly when image resolution
is low or images are taken in low lighting. Or a speech-to-text system might not be
used reliably to provide closed captions for online lectures because it fails to handle
technical jargon.

* The authors should discuss the computational efficiency of the proposed algorithms
and how they scale with dataset size.

* If applicable, the authors should discuss possible limitations of their approach to
address problems of privacy and fairness.

* While the authors might fear that complete honesty about limitations might be used by
reviewers as grounds for rejection, a worse outcome might be that reviewers discover
limitations that aren’t acknowledged in the paper. The authors should use their best
judgment and recognize that individual actions in favor of transparency play an impor-
tant role in developing norms that preserve the integrity of the community. Reviewers
will be specifically instructed to not penalize honesty concerning limitations.

3. Theory assumptions and proofs

Question: For each theoretical result, does the paper provide the full set of assumptions and
a complete (and correct) proof?
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Answer: [NA]
Justification: The paper does not include theoretical results.
Guidelines:

» The answer NA means that the paper does not include theoretical results.

 All the theorems, formulas, and proofs in the paper should be numbered and cross-
referenced.

* All assumptions should be clearly stated or referenced in the statement of any theorems.

* The proofs can either appear in the main paper or the supplemental material, but if
they appear in the supplemental material, the authors are encouraged to provide a short
proof sketch to provide intuition.

* Inversely, any informal proof provided in the core of the paper should be complemented
by formal proofs provided in appendix or supplemental material.

* Theorems and Lemmas that the proof relies upon should be properly referenced.
4. Experimental result reproducibility

Question: Does the paper fully disclose all the information needed to reproduce the main ex-
perimental results of the paper to the extent that it affects the main claims and/or conclusions
of the paper (regardless of whether the code and data are provided or not)?

Answer: [Yes]
Justification: All relevant parameters are included, and all source code is provided.
Guidelines:

* The answer NA means that the paper does not include experiments.

* If the paper includes experiments, a No answer to this question will not be perceived
well by the reviewers: Making the paper reproducible is important, regardless of
whether the code and data are provided or not.

If the contribution is a dataset and/or model, the authors should describe the steps taken
to make their results reproducible or verifiable.

Depending on the contribution, reproducibility can be accomplished in various ways.
For example, if the contribution is a novel architecture, describing the architecture fully
might suffice, or if the contribution is a specific model and empirical evaluation, it may
be necessary to either make it possible for others to replicate the model with the same
dataset, or provide access to the model. In general. releasing code and data is often
one good way to accomplish this, but reproducibility can also be provided via detailed
instructions for how to replicate the results, access to a hosted model (e.g., in the case
of a large language model), releasing of a model checkpoint, or other means that are
appropriate to the research performed.

While NeurIPS does not require releasing code, the conference does require all submis-

sions to provide some reasonable avenue for reproducibility, which may depend on the
nature of the contribution. For example

(a) If the contribution is primarily a new algorithm, the paper should make it clear how
to reproduce that algorithm.

(b) If the contribution is primarily a new model architecture, the paper should describe
the architecture clearly and fully.

(c) If the contribution is a new model (e.g., a large language model), then there should
either be a way to access this model for reproducing the results or a way to reproduce
the model (e.g., with an open-source dataset or instructions for how to construct
the dataset).

(d) We recognize that reproducibility may be tricky in some cases, in which case
authors are welcome to describe the particular way they provide for reproducibility.
In the case of closed-source models, it may be that access to the model is limited in
some way (e.g., to registered users), but it should be possible for other researchers
to have some path to reproducing or verifying the results.

5. Open access to data and code
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Question: Does the paper provide open access to the data and code, with sufficient instruc-
tions to faithfully reproduce the main experimental results, as described in supplemental
material?

Answer: [Yes]
Justification: The full source code including a README with instructions is provided.
Guidelines:

* The answer NA means that paper does not include experiments requiring code.

* Please see the NeurIPS code and data submission guidelines (https://nips.cc/
public/guides/CodeSubmissionPolicy) for more details.

* While we encourage the release of code and data, we understand that this might not be
possible, so “No” is an acceptable answer. Papers cannot be rejected simply for not
including code, unless this is central to the contribution (e.g., for a new open-source
benchmark).

* The instructions should contain the exact command and environment needed to run to
reproduce the results. See the NeurIPS code and data submission guidelines (https:
//nips.cc/public/guides/CodeSubmissionPolicy) for more details.

* The authors should provide instructions on data access and preparation, including how
to access the raw data, preprocessed data, intermediate data, and generated data, etc.

* The authors should provide scripts to reproduce all experimental results for the new
proposed method and baselines. If only a subset of experiments are reproducible, they
should state which ones are omitted from the script and why.

* At submission time, to preserve anonymity, the authors should release anonymized
versions (if applicable).

* Providing as much information as possible in supplemental material (appended to the
paper) is recommended, but including URLSs to data and code is permitted.

6. Experimental setting/details

Question: Does the paper specify all the training and test details (e.g., data splits, hyper-
parameters, how they were chosen, type of optimizer, etc.) necessary to understand the
results?

Answer: [Yes]
Justification: All details are included.
Guidelines:

* The answer NA means that the paper does not include experiments.
* The experimental setting should be presented in the core of the paper to a level of detail
that is necessary to appreciate the results and make sense of them.

* The full details can be provided either with the code, in appendix, or as supplemental
material.

. Experiment statistical significance

Question: Does the paper report error bars suitably and correctly defined or other appropriate
information about the statistical significance of the experiments?

Answer: [Yes]

Justification: We report 1-sigma confidence intervals in Tables We do not report them
in the plots for visualization purposes.

Guidelines:

* The answer NA means that the paper does not include experiments.

* The authors should answer "Yes" if the results are accompanied by error bars, confi-
dence intervals, or statistical significance tests, at least for the experiments that support
the main claims of the paper.

* The factors of variability that the error bars are capturing should be clearly stated (for
example, train/test split, initialization, random drawing of some parameter, or overall
run with given experimental conditions).
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8.

10.

* The method for calculating the error bars should be explained (closed form formula,
call to a library function, bootstrap, etc.)

* The assumptions made should be given (e.g., Normally distributed errors).

e It should be clear whether the error bar is the standard deviation or the standard error
of the mean.

e It is OK to report 1-sigma error bars, but one should state it. The authors should
preferably report a 2-sigma error bar than state that they have a 96% CI, if the hypothesis
of Normality of errors is not verified.

» For asymmetric distributions, the authors should be careful not to show in tables or
figures symmetric error bars that would yield results that are out of range (e.g. negative
error rates).

* If error bars are reported in tables or plots, The authors should explain in the text how
they were calculated and reference the corresponding figures or tables in the text.
Experiments compute resources

Question: For each experiment, does the paper provide sufficient information on the com-
puter resources (type of compute workers, memory, time of execution) needed to reproduce
the experiments?

Answer: [Yes]
Justification: All compute details are provided.
Guidelines:

* The answer NA means that the paper does not include experiments.

* The paper should indicate the type of compute workers CPU or GPU, internal cluster,
or cloud provider, including relevant memory and storage.

* The paper should provide the amount of compute required for each of the individual
experimental runs as well as estimate the total compute.

* The paper should disclose whether the full research project required more compute
than the experiments reported in the paper (e.g., preliminary or failed experiments that
didn’t make it into the paper).

. Code of ethics

Question: Does the research conducted in the paper conform, in every respect, with the
NeurIPS Code of Ethics https://neurips.cc/public/EthicsGuidelines?

Answer: [Yes]
Justification: This paper presents general work in machine learning.
Guidelines:

¢ The answer NA means that the authors have not reviewed the NeurIPS Code of Ethics.

* If the authors answer No, they should explain the special circumstances that require a
deviation from the Code of Ethics.

* The authors should make sure to preserve anonymity (e.g., if there is a special consid-
eration due to laws or regulations in their jurisdiction).

Broader impacts

Question: Does the paper discuss both potential positive societal impacts and negative
societal impacts of the work performed?

Answer: [NA]

Justification: The paper presents a general test-time scaling algorithm for language models.
Language models can be misused; however, we don’t feel it is necessary to discuss negative
impacts of language models in general in this work.

Guidelines:

* The answer NA means that there is no societal impact of the work performed.

* If the authors answer NA or No, they should explain why their work has no societal
impact or why the paper does not address societal impact.
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11.

12.

» Examples of negative societal impacts include potential malicious or unintended uses
(e.g., disinformation, generating fake profiles, surveillance), fairness considerations
(e.g., deployment of technologies that could make decisions that unfairly impact specific
groups), privacy considerations, and security considerations.

* The conference expects that many papers will be foundational research and not tied
to particular applications, let alone deployments. However, if there is a direct path to
any negative applications, the authors should point it out. For example, it is legitimate
to point out that an improvement in the quality of generative models could be used to
generate deepfakes for disinformation. On the other hand, it is not needed to point out
that a generic algorithm for optimizing neural networks could enable people to train
models that generate Deepfakes faster.

* The authors should consider possible harms that could arise when the technology is
being used as intended and functioning correctly, harms that could arise when the
technology is being used as intended but gives incorrect results, and harms following
from (intentional or unintentional) misuse of the technology.

« If there are negative societal impacts, the authors could also discuss possible mitigation
strategies (e.g., gated release of models, providing defenses in addition to attacks,
mechanisms for monitoring misuse, mechanisms to monitor how a system learns from
feedback over time, improving the efficiency and accessibility of ML).

Safeguards

Question: Does the paper describe safeguards that have been put in place for responsible
release of data or models that have a high risk for misuse (e.g., pretrained language models,
image generators, or scraped datasets)?

Answer: [NA]
Justification: There is no high risk of misuse for any of the data we use.
Guidelines:

* The answer NA means that the paper poses no such risks.

* Released models that have a high risk for misuse or dual-use should be released with
necessary safeguards to allow for controlled use of the model, for example by requiring
that users adhere to usage guidelines or restrictions to access the model or implementing
safety filters.

 Datasets that have been scraped from the Internet could pose safety risks. The authors
should describe how they avoided releasing unsafe images.

* We recognize that providing effective safeguards is challenging, and many papers do
not require this, but we encourage authors to take this into account and make a best
faith effort.

Licenses for existing assets

Question: Are the creators or original owners of assets (e.g., code, data, models), used in
the paper, properly credited and are the license and terms of use explicitly mentioned and
properly respected?

Answer: [Yes]
Justification: All datasets we used have been cited. All code is our own.
Guidelines:

* The answer NA means that the paper does not use existing assets.

* The authors should cite the original paper that produced the code package or dataset.

 The authors should state which version of the asset is used and, if possible, include a
URL.

* The name of the license (e.g., CC-BY 4.0) should be included for each asset.

* For scraped data from a particular source (e.g., website), the copyright and terms of
service of that source should be provided.

* If assets are released, the license, copyright information, and terms of use in the
package should be provided. For popular datasets, paperswithcode.com/datasets
has curated licenses for some datasets. Their licensing guide can help determine the
license of a dataset.
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13.

14.

15.

* For existing datasets that are re-packaged, both the original license and the license of
the derived asset (if it has changed) should be provided.

« If this information is not available online, the authors are encouraged to reach out to
the asset’s creators.
New assets

Question: Are new assets introduced in the paper well documented and is the documentation
provided alongside the assets?

Answer: [Yes]
Justification: All documentation for our code is included in the code.
Guidelines:

* The answer NA means that the paper does not release new assets.

* Researchers should communicate the details of the dataset/code/model as part of their
submissions via structured templates. This includes details about training, license,
limitations, etc.

* The paper should discuss whether and how consent was obtained from people whose
asset is used.

* At submission time, remember to anonymize your assets (if applicable). You can either
create an anonymized URL or include an anonymized zip file.

Crowdsourcing and research with human subjects

Question: For crowdsourcing experiments and research with human subjects, does the paper
include the full text of instructions given to participants and screenshots, if applicable, as
well as details about compensation (if any)?

Answer: [NA]
Justification: Not applicable.
Guidelines:
* The answer NA means that the paper does not involve crowdsourcing nor research with
human subjects.

* Including this information in the supplemental material is fine, but if the main contribu-
tion of the paper involves human subjects, then as much detail as possible should be
included in the main paper.

* According to the NeurIPS Code of Ethics, workers involved in data collection, curation,
or other labor should be paid at least the minimum wage in the country of the data
collector.

Institutional review board (IRB) approvals or equivalent for research with human
subjects

Question: Does the paper describe potential risks incurred by study participants, whether
such risks were disclosed to the subjects, and whether Institutional Review Board (IRB)
approvals (or an equivalent approval/review based on the requirements of your country or
institution) were obtained?

Answer: [NA]
Justification: Not applicable.
Guidelines:

* The answer NA means that the paper does not involve crowdsourcing nor research with
human subjects.

* Depending on the country in which research is conducted, IRB approval (or equivalent)
may be required for any human subjects research. If you obtained IRB approval, you
should clearly state this in the paper.

* We recognize that the procedures for this may vary significantly between institutions
and locations, and we expect authors to adhere to the NeurIPS Code of Ethics and the
guidelines for their institution.

* For initial submissions, do not include any information that would break anonymity (if
applicable), such as the institution conducting the review.
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700 16. Declaration of LLLM usage

701 Question: Does the paper describe the usage of LLMs if it is an important, original, or
702 non-standard component of the core methods in this research? Note that if the LLM is used
703 only for writing, editing, or formatting purposes and does not impact the core methodology,
704 scientific rigorousness, or originality of the research, declaration is not required.

705 Answer: [NA]

706 Justification: LLMs have not been used in such ways for this paper.

707 Guidelines:

708 * The answer NA means that the core method development in this research does not
709 involve LLMs as any important, original, or non-standard components.

710 * Please refer to our LLM policy (https://neurips.cc/Conferences/2025/LLM)
711 for what should or should not be described.
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