TrajSelector: Harnessing Latent Representations
for Effective and Robust Best-of- NV Selection in Large Reasoning Models
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N selection samples multiple reasoning trajec-
tories and chooses one final answer, making
the selector a key bottleneck. Existing pro-
cess reward models (PRMs) are often adapted
from step-quality evaluation and rely on human-
designed criteria such as readability or coher-
ence, which may not always align with answer
correctness and can lead to unstable scaling as
N grows. We introduce TrajSelector, a Best-
of-N framework that uses the sampler LLM’s
hidden states as self-reflective signals for pro-
cess scoring. A lightweight verifier (0.6B—4B
parameters) scores reasoning steps from these
hidden states and is trained only with outcome
supervision. Across six mathematical reason-
ing benchmarks, our 0.6B verifier outperforms
majority voting by 4.61 percentage points and
7B PRMs by 4.31-12.11 percentage points
in Best-of-32, while the 4B verifier reaches
64.05% accuracy and scales robustly as IV in-
creases from 1 to 64. Additional results on
code generation and tabular reasoning further
support the generality of latent-state process
scoring.

1 Introduction

Large language models (LLMs) have made rapid
progress in mathematical reasoning (Comanici
et al., 2025; Shao et al., 2024; Wang et al., 2025a),
partly driven by test-time scaling (TTS), which al-
locates additional compute during inference (Guo
et al., 2025a; Muennighoff et al., 2025; Xia et al.,
2025). TTS can deepen a single reasoning path
through longer chain-of-thoughts (Wei et al., 2023;
Yu et al., 2025a) or broaden inference by sampling
multiple candidate solutions in parallel (Zheng
et al., 2025; Wang et al., 2025b; Fu et al., 2025;
Chollet, 2024).

*Corresponding author

Figure 1: Best-of-N selection method illustration.

This work focuses on external TTS, where the
model generates N independent solutions and a
selector chooses one final answer (Figure 1). Exter-
nal TTS is attractive because it preserves the base
sampler and parallelizes naturally, but its gains are
limited by the quality of the selector: once the can-
didate set contains both correct and incorrect so-
lutions, the final performance depends on whether
the selector can identify the reliable trajectory. Ex-
isting selectors often use PRMs to score candidate
trajectories (Xia et al., 2024; Zou et al., 2025; Cui
et al., 2025). However, many PRMs are adapted
from step-quality evaluation and rely on human-
designed criteria or step-level labels, making their
scores sensitive to stylistic priors such as readabil-
ity, formatting, or step length. This creates a subtle
mismatch: a fluent reasoning step may still lead to a
wrong answer, while a terse or unconventional step
may be essential for the correct solution. These
priors need not align with final answer correctness,
which may contribute to unstable Best-of-/V behav-
ior as NV changes (Figure 2).

We propose TrajSelector, a Best-of-IN frame-
work that scores trajectories with the sampler
LLM’s own hidden states. Instead of imposing
external step-quality criteria, TrajSelector trains a
lightweight verifier to interpret step-final hidden
states as self-reflective signals under outcome su-
pervision. The verifier is therefore not asked to
judge whether a step looks polished; it learns which
latent patterns in the sampler correlate with cor-
rect final answers. This design avoids step-level
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Figure 2: Best-of-N Scaling Curve. Existing PRMs
can exhibit oscillatory behavior as IV increases (e.g.,
performance drops from N=5 to N=10, then rises again),
consistent with a mismatch between step-quality scor-
ing criteria and final answer correctness. In contrast,
TrajSelector achieves robust monotonic improvement
by leveraging the sampler’s intrinsic self-reflective sig-
nals.

human annotations, keeps the sampler frozen, and
improves selection robustness as the candidate pool
grows. Conceptually, TrajSelector treats the sam-
pler’s latent representations as a compact trace of
the generation process, allowing the selector to
reuse information that is available during decoding
but discarded by text-only PRMs.

We train TrajSelector from OpenR1-Math-220K
(Hugging Face, 2025) and DeepMath-103K (He
et al.,, 2025), freezing the sampler and updat-
ing only the verifier. As shown in Figure 2,
TrajSelector improves robustly across N € [1, 64].
In Best-of-32, the 0.6B verifier surpasses majority
voting by 4.61 percentage points and 7B PRMs
by 4.31-12.11 percentage points; scaling the ver-
ifier to 1.7B and 4B further improves accuracy to
61.33% and 64.05%. We further evaluate whether
this latent-state selection mechanism transfers be-
yond the primary mathematical setting and whether
the learned verifier can support downstream uses
beyond Best-of-V inference.

Our main contributions are as follows:

* We show that mainstream PRMs can scale
unstably in Best-of-/V selection, a behavior
consistent with possible mismatch between
human-designed step-quality criteria and an-
swer correctness.

* We present TrajSelector, which uses sam-
pler hidden states as self-reflective signals for
lightweight process scoring and robust Best-
of-NN selection.

* We conduct a comprehensive evaluation on
mathematical reasoning, further verify the
adaptability of TrajSelector to code genera-
tion and tabular reasoning, and demonstrate
its utility in two downstream tasks: offline
data selection and RL reward modeling.

2 Related Work

2.1 Test-Time Scaling (TTS)

Test-Time Scaling improves reasoning by allocat-
ing additional compute at inference (OpenAl et al.,
2026; Shi et al., 2026; Kang et al., 2026). Internal
TTS scales reasoning depth via extended chain-of-
thought, as in OpenAl ol (OpenAl et al., 2026)
and DeepSeek-R1 (Guo et al., 2025a). External
TTS scales breadth by generating multiple trajecto-
ries for Best-of- NV aggregation (Wang et al., 2023;
Ma et al., 2025; Wang et al., 2025b; Zheng et al.,
2025). While Wang et al. (2023) uses majority
voting, Wang et al. (2025b) employs process scor-
ing but requires RL-based sampler tuning, risking
catastrophic forgetting. In contrast, our method
keeps the sampler LLM entirely frozen.

2.2 Process Reward Model (PRM)

PRMs score reasoning trajectories for Best-of-
N selection. Representative methods include
Qwen2.5-Math-PRM-7B (Zhang et al., 2025b),
PRMB800K-tuned models (Zheng et al., 2024), and
automated approaches like Math-Shepherd (Wang
et al., 2024b) and ReasonEval-7B (Xia et al., 2024).
ReasonFlux-PRM-7B (Zou et al., 2025) introduces
trajectory-aware supervision, while EurusPRM
(Cui et al., 2025) advances implicit process rewards.
However, these PRMs were primarily designed to
assess qualitative aspects such as readability, co-
herence, or formatting rather than Best-of-N se-
lection. When such criteria diverge from final an-
swer correctness, the resulting scores may become
less reliable as the candidate pool changes. Our
approach instead leverages the sampler’s intrinsic
self-reflective signals and trains the verifier directly
from outcome supervision.

3 Problem Statement

Given a query z, an LLM M generates a final
answer 7 with intermediate reasoning steps 7 =

(81,82,...,87):

T~ M(z), P~ M7, 3) (D
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We define correctness as y = I[r = g(7)], where
g(+) extracts the answer from 7 and r is the ground
truth. In Best-of-IV, the model generates IV inde-
pendent responses {7, }_; with labels {y,}"_;,
succeeding if any y, = 1.

4 Method

Key motivations. TrajSelector targets three limita-
tions of existing external TTS selectors: misaligned
human-designed scoring criteria, underused sam-
pler hidden states, and noisy step-level supervi-
sion. First, text-based PRMs often inherit human
preferences about what reasoning should look like,
which can diverge from what actually leads to a
correct answer. Second, the sampler’s hidden states
contain generation-time information about confi-
dence, uncertainty, and local reasoning dynamics,
but this information is largely lost once the trajec-
tory is decoded into text. Third, collecting reliable
step-level labels is expensive, and automated step
annotation can introduce additional noise. These
observations lead to three design choices: keep the
sampler frozen, reuse its step-final hidden states for
scoring, and train the verifier from outcome labels
rather than step annotations. A buffer-aware clas-
sification loss further improves robustness under
noisy pseudo-labels.

4.1 Overview

Figure 3(a) summarizes TrajSelector. Given a
query, a frozen sampler M, generates N candi-
date responses and exposes their hidden states.
TrajSelector then follows a three-stage pipeline.
First, candidate trajectories are sampled in paral-
lel while their generation-time representations are
retained. Second, each reasoning trajectory is seg-
mented into steps, and the step-final hidden states
are fed to a lightweight process score model fy.
Third, the resulting step scores are averaged into a
trajectory score, and the highest-scoring response is
selected as the Best-of-N output. Because the veri-
fier learns from the sampler’s own hidden states un-
der outcome supervision, scoring remains aligned
with generation rather than external stylistic priors.

4.2 Process Score Model

The process score model (Figure 3(b)) consists
of a tiny LLM initialized from Qwen3-0.6B-Base
and a two-layer score head. Motivated by evi-
dence that hidden states encode self-rewarding and
self-reflective signals (Guo et al., 2025b; Fu et al.,
2025), it scores sampler hidden states rather than

generated text. This design differs from conven-
tional PRMs in that the verifier does not need to
re-parse the full textual trajectory from scratch;
instead, it directly consumes the sampler’s latent
representation of each reasoning step. A linear pro-
jection maps the sampler hidden dimension to the
verifier input space when needed, allowing the ver-
ifier to consume representations from larger sam-
plers. The score head predicts three classes, wrong,
neutral, and right; the step score is the probability
of right, while neutral absorbs noisy supervision.

Step segmentation and aggregation. We ex-
tract the reasoning span between <think> and
</think>, split it by double newlines, and use the
final token hidden state of each step for scoring.
This simple delimiter avoids requiring special step
tokens or sampler fine-tuning, making the proce-
dure compatible with standard reasoning traces.
The resulting step scores are averaged to obtain a
trajectory score, and the response with the highest
score is selected as the Best-of- N output.

4.3 Training

High-quality step labels are scarce and can encode
human priors about what “good” reasoning should
look like. We therefore avoid manually designed
step-level supervision and train with only the final
outcome label, following the spirit of FreePRM
(Sun et al., 2025). This choice makes the training
signal directly tied to answer correctness, which is
the quantity needed by Best-of-IV selection. For a
trajectory 7 = (s1,...,s7) and correctness label
y € {0, 1}, each step receives the pseudo-label in
Equation 2.

gt:y7 t:]-aQa"'aT (2)

Because outcome-derived pseudo-labels are
noisy, we introduce a buffer class (Sun et al., 2025).
For each step s;, the verifier predicts right (p;),
wrong (p;”), and buffer (pf{ ):

(07,11, 0Y) = folst)

: : 3)
st.p;+pl+pl=1
Given pseudo-label g, training encourages:
pipl =1, ifg =1,
w b e~ (4)
pi +p/=1, ifg =0.

The buffer class lets the model express uncer-
tainty on ambiguous steps instead of overfitting
noisy pseudo-labels. This is important because
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(a) Overview of method TrajSelector

(b) Process Score Model Architecture

Figure 3: TrajSelector Framework Overview. (a) The three-stage pipeline: parallel response generation with
hidden state extraction, step-wise scoring via a lightweight process score model, and Best-of- N selection based on
aggregated scores. (b) The process score model architecture, comprising a tiny LLM that processes hidden states
and a score head that produces step-level quality estimates.

a correct final answer may contain redundant or
imperfect intermediate steps, while an incorrect
trajectory may still include locally valid reasoning.
Forcing every step to inherit the final outcome as
a hard binary label can therefore make the verifier
sensitive to spurious correlations. The final loss is:

T
1 ~ r ~ w
L(0]7) = 5 D[ log(i +p7) + (1= §) log(pi’ +1})
t=1

(&)
The sampler M, remains frozen throughout
training.

5 Experiment

5.1 Experiment Settings

Training Dataset. We construct the training cor-
pus from two public datasets: OpenR1-Math-220k
(Hugging Face, 2025) and DeepMath-103K (He
et al., 2025). Each example in the public datasets
contains a question and a ground-truth answer. We
employ Qwen3-8B (Team, 2025) to perform rea-
soning and generate the corresponding thinking
trajectory and response for each question. Each re-
sponse is automatically labeled by comparing its fi-
nal answer with the ground truth via Math-Verify.
Given the substantial imbalance where correct sam-
ples outnumber incorrect ones, we retain all incor-
rect samples as negatives and downsample correct
samples to a 1:1 ratio for positives. The resulting

dataset is then shuffled to form the final training
set which contains 133K examples. Statistical in-
formation can be found in Appendix B.

Network Architecture. We employ Qwen3-
8B as the frozen sampler model and initialize
the process score model using Qwen3-Base mod-
els of varying scales (0.6B, 1.7B, or 4B param-
eters). Hidden states mapping between the sam-
pler and verifier is implemented through a linear
layer, and the score head consists of two linear
layers with a ReLLU activation function (Agarap,
2019). Appendix E illustrates the network architec-
ture pseudo-code.

Training Strategy. We employ DeepSpeed (Ra-
jbhandari et al., 2020) and HuggingFace transform-
ers (Wolf et al., 2020) to train the TrajSelector.
The hyper-parameters are shown in Appendix D.

Benchmarks. We conduct Best-of-N exper-
iments on the following benchmarks: AMC23,
AIME24, AIME25, HMMT25, BRUMO25
(Balunovié et al., 2025) and BeyondAIME (Seed
et al., 2025). We prompt the sampler model to
generate [N candidate responses in parallel for a
given question, then employ different methods to
select one response from the candidates as the final
answer, and subsequently evaluate the correctness
of this final answer to compute the accuracy metric.
The user instruction used for generating candidate
responses is shown in Appendix A.

Baselines. We compare our method with the
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Method AMC-23 AIME-24 AIME-25 BeyondAIME HMMT-25 BRUMO-25 Avg
(/40) (/30) (/30) (/100) (/30) (/30) (%)
Best-of-32
Pass@32 (Oracle) 38 24 22 46 15 23 71.83
Random Selection 34 17 12 17 8 16 46.44
Majority Voting 36 20 17 25 8 18 54.17
ReasonFlux-PRM-7B 35 19 16 21 8 16 50.86
Qwen2.5-Math-PRM-7B 35 21 16 23 8 16 52.31
Qwen2.5-Math-7B-PRM800K 36 19 15 20 7 15 49.44
ReasonEval-7B 35 20 15 20 7 18 51.25
Math-Shepherd 34 11 16 23 7 14 46.67
AceMath-7B-RM 35 19 13 21 6 16 48.08
EurusPRM 36 19 17 28 10 17 54.47
TrajSelector + 0.6B PRM (ours) 38 21 18 31 11 18 58.78
TrajSelector + 1.7B PRM (ours) 38 22 19 33 12 19 61.33
TrajSelector + 4B PRM (ours) 38 23 20 36 13 20 64.05
Best-of-16
Pass@16 (Oracle) 38 24 22 41 15 21 62.67
Random Selection 33 19 13 20 6 13 45.42
Majority Voting 36 20 16 25 9 16 53.06
ReasonFlux-PRM-7B 35 17 13 22 9 19 50.47
Qwen2.5-Math-PRM-7B 36 17 13 23 6 18 48.83
Qwen2.5-Math-7B-PRM800K 35 17 14 19 9 18 49.97
ReasonEval-7B 36 20 13 22 7 16 49.97
Math-Shepherd 34 18 12 22 5 16 46.17
AceMath-7B-RM 35 18 13 20 7 16 4791
EurusPRM 36 19 13 26 10 18 52.67
TrajSelector + 0.6B PRM (ours) 37 20 16 29 10 18 55.81
TrajSelector + 1.7B PRM (ours) 37 21 18 31 11 19 58.91
TrajSelector + 4B PRM (ours) 38 22 20 34 12 19 62.06

Table 1: Experimental Results of Best-of-32 & Best-of-16

following baseline methods: (1) Random Selec-
tion: Select a response randomly from the N
candidates. (2) Majority Voting (Wang et al.,
2023): Select the answer that appears most fre-
quently as the final answer. (3) Process Reward
Model: Select the response with the highest score
computed by process reward model from the N
candidates. We selected the following strong pro-
cess reward models as baselines: Qwen2.5-Math-
PRM-7B (Zhang et al., 2025b), Qwen2.5-Math-
7B-PRMS800K (Zheng et al., 2024), ReasonFlux-
PRM-7B (Zou et al., 2025), ReasonEval-7B (Xia
et al., 2024), Math-Shepherd (Wang et al., 2024b),
AceMath-7B-RM (Liu et al., 2024) and EurusPRM
(Cui et al., 2025; Sun et al., 2025). (4) Pass@N:
A test is considered passed if at least one of the NV
candidate responses is correct. The results of this
method represent the theoretical upper bound for
Best-of-N selection.

5.2 Experiment Results

The main experimental results are presented in Ta-
ble 1 and Table 2.

Effectiveness. TrajSelector consistently outper-
forms baselines across the six mathematical reason-
ing benchmarks and across Best-of-IV settings. In

Best-0f-32, even the smallest 0.6B verifier achieves
58.78% average accuracy, outperforming Majority
Voting by 4.61 percentage points and 7B PRM-
based methods by 4.31 to 12.11 percentage points.
These gains are especially meaningful because the
verifier is substantially smaller than the 7B PRM
baselines while using the same sampled candidate
set. Scaling the verifier to 1.7B and 4B further im-
proves performance to 61.33% and 64.05%, show-
ing that TrajSelector benefits from additional veri-
fier capacity while preserving a favorable accuracy-
compute trade-off.

Robustness Analysis. Existing PRMs often ex-
hibit oscillatory performance as N changes; for
example, EurusPRM drops from 48.50% at N = 5
to 47.06% at N = 10, then rises to 52.67% at
N = 16. Such behavior is undesirable for ex-
ternal TTS because larger candidate pools should
make selection easier rather than less predictable.
In contrast, TrajSelector improves monotonically
with increasing IV across all three verifier scales.
This stability suggests that sampler hidden states
provide a selection signal that is less sensitive to
external stylistic preferences and more directly tied
to answer correctness.

Computational Overhead. While our primary
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Method AMC-23 AIME-24 AIME-25 BeyondAIME HMMT-25 BRUMO-25 Avg
(/40) (/30) (/30) (/100) (/30) (/30) (%)
Best-of-1
Pass@1 34 16 11 21 8 17 46.56
Best-of-5
Pass@5 (Oracle) 37 21 14 31 11 17 55.58
Random Selection 33 17 9 19 8 14 43.58
Majority Voting 36 15 13 23 7 17 47.72
ReasonFlux-PRM-7B 36 17 12 20 5 16 46.11
Qwen2.5-Math-PRM-7B 36 17 12 20 5 16 46.11
Qwen2.5-Math-7B-PRM800K 36 17 13 20 5 16 46.67
ReasonEval-7B 34 18 12 24 9 16 48.72
Math-Shepherd 36 16 11 20 5 15 44.44
AceMath-7B-RM 36 17 13 19 4 15 45.38
EurusPRM 36 18 13 21 7 16 48.50
TrajSelector + 0.6B PRM (ours) 37 19 13 26 9 17 51.97
TrajSelector + 1.7B PRM (ours) 37 19 14 27 9 17 52.69
TrajSelector + 4B PRM (ours) 37 20 14 29 9 17 53.58
Best-of-10
Pass@10 (Oracle) 37 21 19 38 12 21 62.31
Random Selection 35 16 13 21 4 18 46.42
Majority Voting 36 18 12 23 4 15 46.06
ReasonFlux-PRM-7B 35 18 12 23 5 19 48.42
Qwen2.5-Math-PRM-7B 35 18 13 23 5 18 48.42
Qwen2.5-Math-7B-PRM800K 37 17 13 22 6 18 49.08
ReasonEval-7B 36 16 15 19 6 15 47.06
Math-Shepherd 35 17 11 21 5 17 45.86
AceMath-7B-RM 34 15 12 16 4 13 41.28
EurusPRM 36 17 13 19 4 18 47.06
TrajSelector + 0.6B PRM (ours) 37 18 15 27 9 18 53.25
TrajSelector + 1.7B PRM (ours) 37 19 16 29 11 19 56.36
TrajSelector + 4B PRM (ours) 37 20 18 31 11 20 58.92

Table 2: Experimental Results of Best-of-1, Best-of-5 and Best-of-10

contribution lies in achieving robust and effec-
tive Best-of-N selection, we note that reusing hid-
den states also yields computational benefits as
a side effect. Taking our 0.6B verifier as an ex-
ample: (i) Reduced GPU memory. Compared
with 7B PRMs, our method reduces PRM mem-
ory from 4,330M to 565.5M. (ii) Faster inference.
The PRM inference time is reduced from 54.99s
to 7.02s on a 30-question evaluation set. Even
our largest 4B verifier remains more efficient than
7B PRMs while achieving superior performance
(64.05% vs. 54.47% for the best 7B baseline Eu-
rusPRM in Best-of-32).

5.3 Comparison with Additional Selection
Baselines

To further broaden the baseline coverage, we com-
pare TrajSelector with two additional families of
Best-of- NV selection methods. The first family con-
sists of likelihood-based methods, represented by
DeepConf (Fu et al., 2025) and SWIFT (Guo et al.,
2025c¢), which use token likelihood or confidence
signals from the generation process to select can-
didate responses. The second family treats a rea-
soning model as a process verifier, represented

by GenPRM (Zhao et al., 2025a) and R-PRM (She
et al., 2025). These methods ask a reasoning model
to evaluate intermediate reasoning steps and as-
sign scores, providing strong but computationally
expensive selection baselines. We obtain their re-
sults by reproducing the official implementations
released by the original authors, using the default
configurations provided in the official codebases
under our evaluation setting.

As shown in Table 3, TrajSelector remains com-
petitive against these additional selection baselines.
The 0.6B verifier is comparable to the reasoning-
model-as-PRM baselines while requiring a much
smaller verifier, and the 4B verifier achieves the
best average accuracy of 62.06%, outperforming
the strongest additional baseline GenPRM by 5.37
percentage points. These results indicate that latent-
state process scoring is competitive not only with
conventional PRMs, but also with likelihood-based
selectors and reasoning-model-based process veri-
fiers.
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Method AMC-23 AIME-24 AIME-25 BeyondAIME HMMT-25 BRUMO-25 Avg
(/40) /30) (/30) (/100) /30) /30) (%)
DeepConf 35 19 16 27 9 16 52.42
SWIFT 35 19 14 22 8 15 49.37
GenPRM 37 21 16 31 10 18 56.69
R-PRM 36 20 15 27 9 16 53.39
TrajSelector + 0.6B PRM (ours) 37 20 16 29 10 18 55.81
TrajSelector + 4B PRM (ours) 38 22 20 34 12 19 62.06

Table 3: Comparison with additional Best-of-16 selection baselines using Qwen3-8B as the sampler model. Results

are reported as accuracy percentages.

5.4 Generalization Beyond Mathematical
Reasoning

Although the main experiments focus on mathemat-
ical reasoning, we further evaluate TrajSelector on
two additional strong reasoning domains: code gen-
eration and tabular reasoning. These tasks test
different reasoning abilities from olympiad-style
mathematics, including executable program synthe-
sis and structured evidence aggregation over tabular
inputs. They also stress different selection mecha-
nisms: code generation cannot rely on simple ma-
jority voting because correct programs may be se-
mantically equivalent but textually different, while
tabular reasoning often requires selecting responses
with faithful evidence aggregation rather than only
matching a short final answer. The results show that
TrajSelector remains effective beyond mathemat-
ics, suggesting that latent-state process scoring pro-
vides a general Best-of-N selection signal across
reasoning-intensive domains. Detailed experimen-
tal settings and results are provided in Appendix J.
We further evaluate TrajSelector on open-ended
preference-learning tasks in Appendix L.

5.5 Ablations & Analysis

Ablation Study on Loss Function. To absorb
noise in outcome-derived pseudo-labels, we replace
standard binary classification with a three-class
score head that includes a buffer class. We compare
this design with a binary score head trained using
standard BCELoss (Mao et al., 2023). Figure 4
shows that the buffer probability mitigates training
noise and improves performance.

Ablation Study on Verifier Scale. We evalu-
ate TrajSelector with three different verifier scales:
0.6B, 1.7B, and 4B parameters. As shown in Ta-
bles 1 and 2, performance consistently improves
with larger verifiers across all Best-of-/V settings.
In Best-of-32, scaling from 0.6B to 4B improves ac-
curacy from 58.78% to 64.05% (+5.27%), demon-
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Figure 4: Ablation Study on Loss Function

strating that TrajSelector benefits from increased

capacity while remaining significantly more effi-
cient than 7B PRMs. Importantly, all three scales

maintain robust monotonic scaling behavior as NV

increases, validating that our core design principle—
leveraging intrinsic self-reflective signals—is effec-
tive across different model capacities.

Ablation Study on Sampler Model. Be-
yond Qwen3-8B, we also evaluate Qwen3-4B and
Qwen3-14B as frozen samplers. Appendix H
presents the detailed results, which remain con-
sistent with our main conclusions.

Larger NN in Best-of-/N. The main experiments
cover common parallel sampling budgets; we fur-
ther evaluate larger N values in Appendix I. The
results show that TrajSelector remains effective as
the candidate pool grows.

More Model Families. To test generaliza-
tion across LLM families, we replace the Qwen3
sampler with DeepSeek-R1-Distill-Qwen-7B and
DeepSeek-R1-Distill-Llama-8B (Guo et al., 2025a).
Appendix K shows that TrajSelector remains effec-
tive across these model families.

Ablation Study on Step Segmentation. Our
main experiments split reasoning traces by double
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newlines, a widely adopted heuristic in process re-
ward models. To validate whether this choice is
robust, we compare it against a semantic segmen-
tation method that first applies the SaT model for
sentence segmentation and then uses a long-context
LLM (Gemini 3.5 Flash) to merge sentences be-
longing to the same logical step. As shown in
Table 4, semantic segmentation yields marginal
improvements over double-newline segmentation
(e.g., +0.49% for 0.6B and +0.89% for 4B in Best-
of-32), but at substantially higher annotation cost.
These results confirm that double-newline segmen-
tation provides a favorable accuracy—cost trade-off
and that our method is not overly sensitive to the
segmentation heuristic.

5.6 Downstream Application

Offline Data Selection. To demonstrate that
the trained process score model can distinguish
high-quality and low-quality reasoning trajecto-
ries, we apply TrajSelector to offline data selec-
tion. Specifically, TrajSelector scores candidate
reasoning traces and selects high-quality samples
for supervised fine-tuning. The selected data yields
the best downstream SFT performance among all
compared selection strategies, achieving 86.4 on
MATHS500, 43.3 on AIME24, 43.3 on AIME?2S5,
and 53.5 on GPQA. These results indicate that
TrajSelector can effectively re-rank reasoning tra-
jectories for training data selection, showing that
its process scores are useful not only for inference-
time selection but also for constructing stronger
training data. More details can be found in Ap-
pendix F.

RL reward modeling. We explore the applica-
tion of TrajSelector as a lightweight verifier to pro-
vide reward signals for LLM reinforcement learn-
ing. Outcome-only rewards are sparse because they
provide feedback only after a full solution is gen-
erated, making it difficult to identify which inter-
mediate steps should be reinforced. We therefore
treat the process scores generated by TrajSelector
as step-level reward signals and integrate them into
GRPO (Guo et al., 2025a) and DAPO (Yu et al.,
2025b). The resulting hybrid reward improves both
algorithms across all evaluated benchmarks; for ex-
ample, DAPO+TrajSelector improves over DAPO
from 79.0 to 82.3 on AIME24 and from 58.4 to
60.8 on BRUMO25. These results suggest that
latent-state process scoring can serve as a practical
reward-shaping signal in addition to its role as a
Best-of-N selector. Detailed experimental setup

and analysis are provided in Appendix G.

6 Discussion

Advantages over Other PRMs. Conventional
PRMs usually receive only generated text, so the
information flow from the sampler to the verifier
is mediated by tokens and by the verifier’s own
learned priors. TrajSelector instead passes hidden
states from the sampler to the verifier, preserving
internal generation-time signals that are otherwise
discarded after decoding. This design gives the
verifier a more direct view of the sampler’s rea-
soning process and reduces reliance on external
human-designed step-quality criteria.

Why Does the Method Work? We attribute
TrajSelector’s effectiveness to three factors. First,
checking whether a trajectory is likely to be correct
is easier than solving the problem from scratch, so a
smaller verifier can be sufficient. Second, the sam-
pler’s hidden states encode useful self-reflective
and uncertainty-related signals (Wang et al., 2025b;
Park et al., 2025; Guo et al., 2025c¢; Fu et al., 2025;
Zhao et al., 2025b), allowing the verifier to reuse
information already produced during generation.
Third, outcome supervision avoids imposing stylis-
tic step-level preferences; the buffer class then ab-
sorbs ambiguous pseudo-labels instead of forcing
every step into a hard right/wrong decision.

Broader Implication. The results suggest that
Best-of-V selection should not be viewed only as a
post-hoc text ranking problem. During generation,
the sampler already computes rich latent represen-
tations that reflect both the produced content and
the model’s internal state at each reasoning step.
Text-only selectors discard this information and
then attempt to reconstruct the quality of a trajec-
tory from the decoded string. TrajSelector instead
exposes this latent information to a lightweight
verifier, turning the selector into a model-aware
component of the inference pipeline. This perspec-
tive also explains why the same verifier can support
downstream data selection and reward modeling:
both applications require identifying trajectories
whose reasoning process is likely to be useful, not
merely trajectories whose final text looks polished.

Why not use BERT? Encoder-only models such
as BERT (Devlin et al., 2019) are natural candidates
for regression-style scoring, but LL.M-generated
reasoning trajectories often exceed BERT’s 512-
token context limit in our setting. We therefore
adopt a tiny LLM as the verifier backbone, fol-
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Segmentation AMC-23 AIME-24

AIME-25 BeyondAIME HMMT-25 BRUMO-25 Avg

0.6B PRM (Best-of-32)

Semantic 38 22 18 34 10 18 59.27
Double-newline 38 21 18 31 11 18 58.78
4B PRM (Best-of-32)

Semantic 38 23 21 38 13 20 64.94
Double-newline 38 23 20 36 13 20 64.05

Table 4: Comparison of semantic segmentation versus double-newline segmentation across six math benchmarks.

lowing recent progress in LLM-based scoring and
embedding models (Zhang et al., 2025b,a; Wang
et al., 2024a).

7 Conclusion

We introduced TrajSelector, a framework for ro-
bust Best-of-/V selection. Unlike PRMs that rely on
human-designed step-quality criteria, TrajSelector
uses the sampler’s hidden states as self-reflective
signals and trains a lightweight verifier with out-
come supervision. Experiments show stable scaling
behavior and strong accuracy: in Best-of-32, the
0.6B verifier outperforms majority voting by 4.61
percentage points and 7B PRMs by 4.31-12.11 per-
centage points, while 1.7B and 4B verifiers further
improve performance to 61.33% and 64.05%. Ad-
ditional results on code generation, tabular reason-
ing, offline data selection, and RL reward modeling
suggest that latent-state process scoring is a broadly
useful mechanism for reasoning-oriented selection
and supervision.

Limitations

Our work primarily focuses on Best-of-/NV selection
within external test-time scaling. Integrating latent-
state process scoring with search-based inference
methods such as Monte Carlo tree search remains
underexplored. Because TrajSelector relies on sam-
pler hidden states, it requires white-box or at least
representation-level access to the sampler model
and is not directly applicable to purely black-box
API models that expose only generated text. Al-
though we add supplementary evaluations on code
generation and tabular reasoning, the main training
and evaluation protocol is still centered on domains
with relatively clear automatic correctness signals;
extending TrajSelector to open-ended question an-
swering and subjective generation tasks requires
further study. Finally, our use of TrajSelector for
data selection and reinforcement learning is pre-
liminary, and more refined training recipes remain
future work.

Ethics Statement

The datasets and models used in this study are open-
source, including OpenR1-Math-220K (Hugging
Face, 2025), DeepMath-103K (He et al., 2025), and
the Qwen series (Team, 2025). Our experiments
focus on reasoning tasks with automatic evaluation
signals, such as mathematical reasoning, code gen-
eration, and tabular reasoning, and do not involve
human-subject data. As with other selection and
reward modeling techniques, TrajSelector could
amplify biases present in the sampler or training
data if applied to open-ended user-facing domains;
such applications should include domain-specific
safety evaluation.
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Evaluation Prompt Template

Solve the following math problem efficiently and clearly.
Please reason step by step, and put your final answer within
\boxed{ }.

B Training Dataset Statistics

The size of the training dataset is shown in the
Table 5. As can be seen, the ratio of positive to
negative samples we selected is maintained at 1:1.

Data Source Positive | Negative Total

DeepMath-103K 11,592 11,592 23,184
OpenR1-Math-220k | 55,258 55,258 110,516
Overall 66,850 66,850 133,700

Table 5: Training Dataset Size

C Sampling Parameters

Table 6 presents the sampling parameters used dur-
ing the policy model’s inference time in the dataset
construction process and benchmark evaluation.
These parameter values are all derived from the
official Best Practices recommended by Qwen3-8B
(Team, 2025). The inference service for the LLM
is deployed using vLLM (Kwon et al., 2023) as the
foundation infrastructure.

Parameter Value
Enable Thinking True
Temperature 0.6
Top-p 0.95
Max tokens 10,000
Top-k 20
Min-p 0

Table 6: Sampling Parameters

D Training Parameters

Table 7 presents the training hyper-parameters used
in the training process.

E Pseudo Code of Network Architecture

Figure 5 shows the PyTorch implementation
pseudo code for the TrajSelector network archi-
tecture.

F Offline Data Selection

We used OpenThoughts-114K (Guha et al., 2025)
as the source dataset, from which 1K samples were
selected as the supervised fine-tuning (SFT) dataset
via different data selection strategies. Subsequently,
we performed SFT on the Qwen2.5-14B-Instruct

Parameter Value
Samples 133K
Trainable Part Full model
Learning Rate 1x107*
Epoch 3
Optimizer AdamW
DeepSpeed Zero2
Weight Decay 0.1

Max Seq.Length 10,000 tokens
Per-device Batch Size 2
Gradient Accumulation 4

Max tokens 10,000
Mixed Precision bfloat16
GPU Nums 8x NVIDIA H100

Table 7: Training Parameters

class TrajSelector(PreTrainedModel) :
def __init__(self, config):

self.policy_model = load(model_name="Qwen3-8B")

self.prm = load(model_name="(Qwen3—0.6B-Base")

self.projection = nn.Linear(
policy_hidden_states_dim,
prm_hidden_states_dim

self.score_head = nn.Sequential(
nn.Linear(prm_hidden_states_dim, d),
nn.RelLUQ),
nn.Linear(d, num_labels),

)

Figure 5: PyTorch style code of TrajSelector.

(Team, 2024) model; the performance of the fine-
tuned model was evaluated to assess the effective-
ness of the various data selection strategies. Ad-
ditionally, we employed two datasets for compar-
ison: s1K (Muennighoff et al., 2025) (a carefully
human-curated dataset) and a randomly selected
dataset. All training strategies and parameter se-
lections follow the settings in the s1 (Muennighoff
et al., 2025), and the evaluation methods strictly
adhere to the default strategy of the open-r1 (Hug-
ging Face, 2025) evaluation suite. The rationale for
this approach is that these experimental protocols
have been explored in recent related studies (Zou
et al., 2025; Yu et al., 2025a). The experimental
results are presented in Table 8.

Dataset MATHS500 AIME24 AIME25 GPQA
random 71.6 16.7 20.0 348
s1K 78.8 40.0 333 414
Math-Shepherd-PRM-7B  67.8 13.3 6.7 33.3

Qwen2.5-Math-PRM-7B  73.2 26.7 20.0 39.4
ReasonFlux-PRM-7B 84.8 40.0 33.3 47.5
TrajSelector (our) 86.4 43.3 43.3 53.5

Table 8: Offline Data Selection Evaluation

As observed from the experimental results, the
training samples selected by TrajSelector are more
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effective in improving model performance, which
reflects TrajSelector’s capability to assess the qual-
ity of thinking trajectories.

G Application in Reinforcement Learning

We apply TrajSelector as a lightweight process
reward model in LLM reinforcement learning.
Specifically, we employ Qwen3-8B as the policy
model and modify the GRPO algorithm (Guo et al.,
2025a) to integrate the original outcome-based re-
ward (roy) With the process-level rewards (7*) gen-
erated by our method, yielding a more fine-grained
token-level reward signal:

Tt:ﬁ'f‘i‘(l_/@)'Touty (6)

where 7 denotes the process reward at token po-
sition ¢ produced by TrajSelector, rqy; represents
the outcome reward from GRPO, and 8 = 0.5 is
a weighting hyperparameter that balances the two
reward components.

G.1 Experimental Setup

We initialize the policy model from Qwen3-8B and
employ GSMS8K (Cobbe et al., 2021) and MATH
(Hendrycks et al., 2021b) as training data. The
model is trained using the modified GRPO (Shao
etal., 2024) and DAPO (Yu et al., 2025b) algorithm
with our hybrid reward function. Other experimen-
tal settings follow those in SimpleRL-Zoo (Zeng
et al., 2025).

G.2 Results

Table 9 presents the performance comparison be-
tween the baselines and our modified version
integrated with TrajSelector. We evaluate the
models on four mathematical reasoning bench-
marks: AIME24, AIME25, BeyondAIME, and
BRUMOZ25. The evaluation metric is the average
accuracy over 32 runs, denoted as avg@32.

Table 9: Performance comparison on reinforcement
learning benchmarks.

Method AIME24 AIME25 Beyond AIME BRUMO25
Qwen3-8B 64.4 58.4 38.0 49.4
GRPO 77.6 64.2 39.0 56.9
DAPO 79.0 66.5 40.6 58.4
GRPO + ours  80.2 67.8 41.5 59.4
DAPO + ours 82.3 68.7 42.8 60.8

The results demonstrate that incorporating fine-
grained process rewards from TrajSelector into the
reinforcement learning algorithm leads to improved

performance, addressing the reward sparsity issue
inherent in outcome-only reinforcement learning
approaches.

H Ablation Study on Sampler Model

To explore the feasibility of using models with
more diverse scales as frozen sampler models, we
conducted experimental evaluations using Qwen3-
4B and Qwen3-14B respectively as the models for
response generation. The experimental results are
presented in the Table 10. From the experimen-
tal results, the adoption of TrajSelector still yields
benefits compared to Majority Voting method.

I Larger N in Best-of-N

The experimental results for Best-of-48 and Best-
of-64 are presented in the Table 11. The evaluation
setup is consistent with Section 5.1 in the main
experiment.

From the experimental results, TrajSelector
maintains stable performance and continues to
yield benefits when IV takes larger values, demon-
strating a scaling trend where its effectiveness im-
proves as N increases.

J Generalization to Code Generation and
Tabular Reasoning

To examine whether TrajSelector is limited to math-
ematical reasoning, we additionally evaluate it on
two strong reasoning domains: code generation and
tabular reasoning. These domains require different
forms of reasoning from olympiad-style mathemat-
ics: code generation emphasizes executable pro-
gram synthesis and functional correctness, while
tabular reasoning requires structured evidence ag-
gregation over tabular inputs. The goal of this ap-
pendix is to report the detailed experimental set-
tings and results for these cross-domain evalua-
tions.

J.1 Code Generation

Experimental setting. We evaluate whether
TrajSelector generalizes to code generation, where
a correct solution is often not unique and must
be judged by functional behavior rather than ex-
act answer matching. We use APPS (Hendrycks
et al., 2021a) and TACO (Li et al., 2023a) as the
training datasets, and evaluate on three standard
code generation benchmarks: HumanEval (Chen
et al., 2021a), MBPP (Austin et al., 2021), and
LiveCodeBench v5 (Jain et al., 2024). Qwen3-8B
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Method AMC-23 AIME-24 AIME-25 BeyondAIME HMMT-25 BRUMO-25 Avg
(/40) (/30) (/30) (/100) (/30) (/30) (%)
Best-of-32 + Qwen3-4B as Sampler
Pass@32 (Oracle) 39 24 21 50 17 22 71.25
Majority Voting 38 21 16 26 12 17 56.83
TrajSelector + 0.6B PRM (ours) 38 22 17 30 12 18 59.17
TrajSelector + 1.7B PRM (ours) 38 24 20 32 13 20 63.94
TrajSelector + 4B PRM (ours) 39 24 20 35 15 20 65.97
Best-of-32 + Qwen3-14B as Sampler
Pass@32 (Oracle) 39 24 22 53 17 24 73.42
Majority Voting 39 21 14 34 13 21 60.25
TrajSelector + 0.6B PRM (ours) 39 23 18 33 13 19 62.31
TrajSelector + 1.7B PRM (ours) 39 23 19 35 15 20 64.86
TrajSelector + 4B PRM (ours) 39 24 21 39 16 22 68.86
Table 10: Experimental Results of Best-of-32 on Qwen3-4B and Qwen3-14B
Method AMC-23 AIME-24 AIME-25 BeyondAIME HMMT-25 BRUMO-25 Avg
(/40) (/30) (/30) (/100) (/30) (/30) (%)
Best-of-48
Pass@48 (Oracle) 38 24 24 46 16 23 71.83
Random Selection 32 17 13 19 7 14 44.83
Majority Voting 36 22 17 25 11 19 57.50
ReasonFlux-PRM-7B 36 18 15 21 8 16 50.17
Qwen2.5-Math-PRM-7B 35 19 15 23 7 16 50.08
Qwen2.5-Math-7B-PRM800K 36 18 15 20 9 16 50.56
ReasonEval-7B 35 21 14 20 8 16 50.69
Math-Shepherd 34 11 14 23 7 13 43.00
AceMath-7B-RM 35 20 11 21 5 16 46.97
EurusPRM 36 20 17 27 12 18 56.72
TrajSelector + 0.6B PRM (our) 38 22 19 33 12 19 61.33
TrajSelector + 1.7B PRM (our) 38 23 20 36 13 20 64.06
TrajSelector + 4B PRM (our) 38 24 21 39 14 21 66.78
Best-of-64
Pass@64 (Oracle) 39 25 24 55 17 23 74.86
Random Selection 36 15 13 25 4 14 44.72
Majority Voting 37 23 17 35 13 19 61.25
ReasonFlux-PRM-7B 34 20 17 29 9 17 54.00
Qwen2.5-Math-PRM-7B 34 20 16 27 9 16 52.56
Qwen2.5-Math-7B-PRM800K 35 19 16 28 9 16 52.58
ReasonEval-7B 35 18 15 22 7 16 49.36
Math-Shepherd 33 17 17 22 7 15 48.53
AceMath-7B-RM 33 16 14 20 5 18 46.52
EurusPRM 37 21 18 30 11 19 58.75
TrajSelector + 0.6B PRM (our) 39 23 19 37 12 20 63.52
TrajSelector + 1.7B PRM (our) 39 24 21 40 14 21 67.36
TrajSelector + 4B PRM (our) 39 25 22 43 15 22 70.08

Table 11: Experimental Results of Best-of-48 & Best-of-64
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is used as the backbone sampler model, and the
sampling parameters follow the mathematical rea-
soning experiments unless otherwise specified. For
each APPS/TACO training problem, Qwen3-8B
generates one candidate program. We execute the
generated program against the available unit tests
and assign a binary outcome label according to
functional correctness. Programs that fail any unit
test, exceed the timeout or memory limit, or trig-
ger runtime/compilation exceptions are treated as
incorrect. We then balance positive and negative
samples to construct the training set. Since our step
segmentation procedure is task-agnostic, we use
the same segmentation strategy as in mathemati-
cal reasoning: reasoning traces are split by double
newlines, and step-final hidden states are used for
process scoring. During evaluation, the sampler
generates N = 16 candidate programs for each
problem, and each selection method chooses one
program as the final submission.

Baselines. Since semantically equivalent pro-
grams can differ substantially in surface form, ma-
jority voting over generated answers is not di-
rectly applicable to code generation. We therefore
compare TrajSelector with two selection baselines.
Random Selection uniformly samples one pro-
gram from the 16 candidates. LLM-as-a-Judge
Ranking uses Qwen3-32B as a judge model to
score and rank each generated program, then se-
lects the highest-ranked candidate. We report two
variants of our method, TrajSelector with a 0.6B
process verifier and TrajSelector with a 4B process
verifier.

LLM-as-a-Judge protocol. For the LL.M-as-a-
Judge baseline, we prompt Qwen3-32B to evaluate
each generated program independently rather than
ranking all 16 candidates in a single prompt. This
design reduces position bias and encourages the
judge to assess functional correctness instead of
relative surface quality. The prompt provides the
problem statement, input-output specification, ex-
amples, and one candidate program, and instructs
the judge to focus on whether the program is likely
to pass hidden tests. The judge is asked to con-
sider algorithmic correctness, edge cases, time and
memory constraints, and implementation reliability,
while ignoring readability, style, comments, and
naming unless they affect correctness. It then re-
turns a scalar score from 0 to 100 together with a
short verdict. We rank the 16 candidate programs
by this score and select the highest-scoring pro-
gram as the final output.

Results. Table 12 shows that TrajSelector con-
sistently improves Best-of-16 selection for code
generation. With the lightweight 0.6B verifier,
TrajSelector achieves an average score of 78.34,
outperforming both Random Selection and the
Qwen3-32B LLM-as-a-Judge baseline. Scaling the
verifier to 4B further improves the average score to
80.10 and yields the best result on all three bench-
marks. These results suggest that latent-state pro-
cess scoring remains effective when correctness is
defined by executable program behavior rather than
a single canonical final answer.

J.2 Tabular Reasoning

Experimental setting. @ We further evaluate
whether TrajSelector generalizes to tabular reason-
ing, where models must aggregate evidence from
structured tables and, in some cases, combine tab-
ular evidence with textual context. We use the
training sets of FinQA (Chen et al., 2021b), TAT-
QA (Zhu et al., 2021), and TabFact (Chen et al.,
2020) as training data. For each training problem,
Qwen3-8B generates one candidate response using
the same sampling parameters as the mathemati-
cal reasoning experiments. We then compare the
extracted final answer with the ground-truth an-
swer using task-specific answer checking to assign
a binary outcome label. Responses with incorrect
answers, unparsable final answers, or execution/-
parsing exceptions during evaluation are treated as
incorrect, and positive and negative samples are bal-
anced to construct the training set. Since step seg-
mentation is task-agnostic, we use the same double-
newline segmentation strategy and step-final hid-
den states as in mathematical reasoning and code
generation. For evaluation, we use the test sets of
FinQA, TAT-QA, and WikiTableQuestions (Pasu-
pat and Liang, 2015). Following the code gener-
ation setup, Qwen3-8B is used as the backbone
sampler model and each method is evaluated under
the Best-of-16 setting.

Baselines. We compare TrajSelector with three
baselines. Qwen3-8B denotes the direct single-
response result from the backbone sampler. Ran-
dom uniformly selects one response from the 16
candidates. Majority Voting normalizes the final
answers and selects the answer that appears most
frequently among the candidates. We report two
variants of our method, TrajSelector with a 0.6B
process verifier and TrajSelector with a 4B process
verifier.

Results. Table 13 shows that TrajSelector im-
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Method HumanEval MBPP LiveCodeBench  Avg
Random Selection 83.54 76.40 57.27 72.40
LILM-as-a-Judge Ranking 91.46 79.20 60.11 76.92
TrajSelector (0.6B PRM) 92.68 80.20 62.15 78.34
TrajSelector (4B PRM) 95.12 81.20 63.98 80.10

Table 12: Best-of-16 code generation results on HumanEval, MBPP, and LiveCodeBench v5. Results are reported
as percentages, and higher values indicate better performance. All methods use Qwen3-8B as the backbone sampler

model.

Method FinQA TAT-QA WikiTableQuestions Avg
Qwen3-8B 26.59 90.23 83.29 66.70
Random 26.42 89.93 83.20 66.52
Majority Voting 30.69 91.01 84.12 68.61
TrajSelector (0.6B PRM) 31.56 91.13 84.27 68.98
TrajSelector (4B PRM) 31.91 91.49 84.42 69.27

Table 13: Best-of-16 tabular reasoning results on FinQA, TAT-QA, and WikiTableQuestions. Results are reported as
percentages, and higher values indicate better performance. All Best-of-16 methods use Qwen3-8B as the backbone

sampler model.

proves Best-of-16 selection across all three tabular
reasoning benchmarks. The 0.6B verifier achieves
an average score of 68.98, outperforming both Ran-
dom selection and Majority Voting. The 4B ver-
ifier further improves the average score to 69.27
and obtains the best result on FinQA, TAT-QA,
and WikiTableQuestions. These results indicate
that latent-state process scoring also benefits tabu-
lar reasoning, where successful selection requires
identifying responses with reliable evidence aggre-
gation over structured inputs.

K Generalization to More Model Families

To address concerns regarding the generalizability
of our architecture across different model fami-
lies, we conducted two supplementary experiments
following the training and evaluation protocols de-
scribed in this paper. Specifically, we evaluate
TrajSelector on Best-of-64 selection using two ad-
ditional sampler models:

* DeepSeek-R1-Distill-Qwen-7B: A 7B model
based on the Qwen2.5 architecture.

¢ DeepSeek-R1-Distill-Llama-8B: An 8B
model based on the Llama3 architecture.

These  experiments  demonstrate  that
TrajSelector is not constrained to specific
model architectures, tokenizers, or pre-trained
corpora, and consistently achieves superior
performance compared to baseline methods.

K.1 Results on DeepSeek-R1-Distill-Qwen-7B

Table 14 presents the Best-of-64 results using
DeepSeek-R1-Distill-Qwen-7B as the sampler
model. Our method achieves the best performance
across all five benchmarks, substantially outper-
forming both Majority Voting and existing 7B-scale
PRM:s.

K.2 Results on
DeepSeek-R1-Distill-Llama-8B

Table 15 shows the Best-of-64 results using
DeepSeek-R1-Distill-Llama-8B as the sampler
model. Results are reported as accuracy percent-
ages. Despite the different architecture (Llama3
vs. Qwen2.5), TrajSelector maintains its effective-
ness and achieves the best performance across all
benchmarks.

K.3 Discussion

The experimental results demonstrate several key
findings:

Architecture agnostic. TrajSelector success-
fully generalizes across different model architec-
tures (Qwen2.5 and Llama3), indicating that our
approach is not tied to specific architectural choices
or tokenization schemes.

Consistent superiority. Across both model fam-
ilies and all five benchmarks, TrajSelector consis-
tently outperforms all baseline methods, including
the widely-adopted Majority Voting and multiple
strong 7B-scale PRMs.
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Method AIME24 AIME25 BeyondAIME HMMT25 BRUMO25
+ Majority Voting 83.3 70.0 48.0 46.7 73.3
+ ReasonFlux-PRM-7B 66.7 53.3 25.0 23.3 53.3
+ Qwen2.5-Math-PRM-7B 63.3 50.0 29.0 30.0 46.7
+ Qwen2.5-Math-7B-PRM800K 63.3 53.3 28.7 29.0 50.0
+ TrajSelector + 0.6B PRM (ours) 90.0 76.7 51.0 53.3 73.3
+ TrajSelector + 1.7B PRM (ours) 93.3 80.0 54.0 56.7 76.7
+ TrajSelector + 4B PRM (ours) 96.7 83.3 57.0 60.0 80.0

Table 14: Best-of-64 results on DeepSeek-R 1-Distill-Qwen-7B across mathematical reasoning benchmarks.

Method AIME24 AIME25 BeyondAIME HMMT25 BRUMO25
+ Majority Voting 80.0 63.3 45.0 46.7 63.3
+ ReasonFlux-PRM-7B 56.7 46.7 22.0 20.0 46.7
+ Qwen2.5-Math-PRM-7B 53.3 433 22.0 23.3 50.0
+ Qwen2.5-Math-7B-PRM800K 56.7 433 23.0 26.7 50.0
+ TrajSelector + 0.6B PRM (ours) 86.7 73.3 48.0 46.7 67.7
+ TrajSelector + 1.7B PRM (ours) 90.0 76.7 51.0 50.0 70.0
+ TrajSelector + 4B PRM (ours) 93.3 80.0 54.0 53.3 73.3

Table 15: Best-of-64 results on DeepSeek-R1-Distill-Llama-8B across mathematical reasoning benchmarks.

L Generalization to Open-Ended
Preference-Learning Tasks

To examine whether TrajSelector is limited to tasks
with automatic correctness signals, we additionally
evaluate it on open-ended preference-learning tasks
where final-answer supervision is less clean.

Experimental setting. We train TrajSelector on
the UltraFeedback subset (Cui et al., 2024), ran-
domly sampling 200K training instances with a
positive-to-negative ratio of 1:1. Qwen3-8B serves
as the frozen sampler, and we train 0.6B and 4B
verifiers following the same training protocol as in
mathematical reasoning. For evaluation, we use
AlpacaEval (Li et al., 2023b) (805 samples) and
the Evol-Instruct test set (Xu et al., 2024) (200
samples) under a Best-of-32 setting. The baseline
is Qwen3-32B. A Gemini 3.5 Flash judge scores
pairwise comparisons and reports the win rate of
TrajSelector-selected responses against the base-
line.

Method AlpacaEval Evol-Inst. Avg
TrajSelector (0.6B verifier) 69.2 66.0 67.6
TrajSelector (4B verifier) 72.8 69.5 71.2

Table 16: Win rates (%) of TrajSelector against Qwen3-
32B on open-ended preference-learning tasks. Both
variants use Qwen3-8B as the sampler with Best-of-32
selection.

Results. Table 16 shows that TrajSelector
achieves win rates exceeding 50% against Qwen3-

32B on both benchmarks, indicating that latent-
state process scoring remains useful even when cor-
rectness is determined by human preference rather
than by automatic answer checking. The 4B verifier
improves over the 0.6B verifier by 3.6 percentage
points on AlpacaEval and 3.5 percentage points on
Evol-Instruct, suggesting that larger verifier capac-
ity helps capture finer-grained preference signals.
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