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Abstract

Reward models (RMs) play a central role in reinforcement learning from human
feedback (RLHF), yet they are typically trained with a Bradley—Terry (BT) ob-
jective that ranks response pairs under a fixed text distribution. This objective
does not match how RMs are used in RLHF: as training progresses, the policy
increasingly concentrates on responses that receive high reward under the RM
itself. But what matters is not whether the RM ranks fixed pairs correctly, but
whether it remains reliable on the responses that its own signal makes more likely
under the policy. We develop BONVOYAGE, a method for training RMs directly
for this downstream role. Instead of training a pairwise ranker, BONVOYAGE
maximizes the likelihood that the RM-induced RLHF-optimal policy assigns to
preferred responses. Estimating the gradient of this objective requires samples
from the optimal policy induced by the learning RM. We obtain these samples
through test-time alignment: given the base LM and the RM, we use Markov chain
Monte Carlo to sample from the induced policy. To make this practical, we use
the base LM as an independent proposal distribution, reuse candidate responses
across optimization steps, and use contrastive divergence with short chains initial-
ized at preferred responses. We evaluate BONVOYAGE by training 4B RMs for
QWEN3-1.7B-BASE in mathematics and our supervised finetuned model QWEN3-
1.7B-SCIENCE in science. Compared with BT baselines, BONVOYAGE yields
stronger downstream policies under RLHF and stronger rerankers under best-of-n
sampling across MATH-500, GSM8K, SciQ, SciKnowEval, ARC-Challenge, and
MMLU-Science. On verifiable math tasks, BONVOYAGE also shows substantially
more robustness to reward over-optimization, preserving alignment between RM
scores and ground-truth correctness later into RLHF training.

1 Introduction

Reward models (RMs), which automatically assign scalar scores to language model (LM) outputs
estimating quality in some dimension of interest, play a central role in reinforcement learning from
human feedback (RLHF; Ziegler et al., 2020; Stiennon et al., 2022). Beyond that, they underpin
synthetic-data generation pipelines (Llama, 2024) and test-time alignment methods such as best-of-n
(BoN; Gao et al., 2022; Stiennon et al., 2020), weighted majority voting (WMYV; Li et al., 2023) and
QAlign (Faria & Smith, 2025).

Although RM research has shown steady improvements in pairwise accuracy on leaderboards such as
RewardBench (Lambert et al., 2024b) and RM-Bench (Liu et al., 2024b), these gains do not translate
to downstream policy quality and often lead to reward hacking (Razin et al., 2025; Wen et al., 2025;
Ivison et al., 2024; Chen et al., 2024). While RM benchmarks continue to evolve, for instance by
targetting downstream correlation with BoN (Malik et al., 2025; Frick et al., 2024; Zhou et al., 2025)
or downstream DPO (Rafailov et al., 2024) performance (Frick et al., 2024), they do not solve the
fundamental problem of measuring RM utility in RLHF.

Due in part to these limitations, many recent large-scale efforts have opted not to use RMs during
RL, relying instead on verifiable signals available in restricted domains such as math and code
generation (DeepSeek-Al, 2025; Lambert et al., 2024a; Shao et al., 2024). Extended training under
such crisp feedback has led to the advent of reasoning models that emit long thought traces before
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producing a final answer, yielding large performance gains. However, most real-world tasks lack any
verifiable ground truth, and in specialized expert domains, like medicine and law, judging correctness
beyond MQA often requires expert knowledge, and obtaining new expert labels is progressively
more expensive as we go up the capability ladder. Thus, robust reward modeling remains a valuable
research direction.

An RM assigns a single scalar score to any complete prompt—response pair. Training is accomplished
contrastively on human-preference pairs (Stiennon et al., 2022; Ziegler et al., 2020) or synthetically
generated ones (Bai et al., 2022b). RMs are typically learned using maximum-likelihood estimation
(MLE) under a Bradley-Terry model (BT; (Bradley & Terry, 1952)). In practice, this approach
requires prompts each paired with two outputs, one marked as preferred (preference data).

We argue that the central issue is how RMs are trained. The standard Bradley-Terry objective trains
the RM to rank response pairs correctly under a fixed text distribution. However, this does not match
the data distribution in RLHF: the policy, rather than producing responses covering a wide range
of rewards, will instead concentrate more and more on high-reward responses over the course of
training. As a result, what matters is not whether the RM is well-calibrated on average, but whether
it is reliable on the responses that its own signal makes more likely to be selected by the resulting
policy (Zhang et al., 2026; Ziegler et al., 2020). One solution is iteratively retraining the RM on
on-policy data (Ziegler et al., 2020; Bai et al., 2022a; Stiennon et al., 2022; Llama, 2024; 2023), but
this is costly to scale with human-preference feedback.

Guided by this perspective, we develop BONVOYAGE, a method to train RMs directly for their
downstream role. Instead of a pairwise ranker, we maximize the likelihood that the RM-induced
RLHF-optimal policy assigns to the preferred responses with respect to the RM parameters.
Our key insight is that we can estimate the gradient from this objective using samples from the
RLHF-optimal policy (before it exists) through test-time alignment given the base LM and the
learning RM, a problem already studied by multiple works (Faria & Smith, 2025; Huang et al.,
2025; Lew et al., 2023; Loula et al., 2025). Following Faria & Smith (2025), we use Markov chain
Monte Carlo (MCMC) for test-time alignment. To make MCMC practical, we use the base LM as an
independent proposal distribution. Candidate responses can therefore be drawn once before training
and reused across optimization steps. Since running the chain to convergence at every update would
be expensive, we employ contrastive divergence (Hinton, 2002), initializing short chains at preferred
responses and yielding a tractable approximation to the MLE gradient.

In our experiments (§4), we study three key research questions. First, do RMs trained with BON-
VOYAGE lead to better downstream policies after RL than BT-trained RMs? Second, how well do
these RMs support test-time scaling through BoN sampling? Third, does BONVOYAGE produce
RMs that are more robust to reward over-optimization during RL? To answer these questions, we
train 4B RMs with BONVOYAGE for QWEN3-1.7B-BASE (Yang et al., 2025) in two domains: (i)
mathematics, where correctness is verifiable, and (ii) science, where it is not. Across all these settings,
BONVOYAGE consistently outperforms BT, yielding stronger final policies in both domains across
MATH-500 (Hendrycks et al., 2021), GSM8K (Cobbe et al., 2021), SciQ (Johannes Welbl, 2017),
SciKnowEval Feng et al. (2024), ARC-Challenge (Clark et al., 2018), and MMLU-Science (Gema
et al., 2025), while also remaining competitive with RL using verifiable rewards (RLVR) in the setting
where such a comparison is possible. Furthermore, in mathematics, we directly measure reward
over-optimization for both BT baselines and show that BONVOYAGE is substantially more robust to
it. Figure 1 summarizes this behavior.

2 Background

Reward modeling Given a dataset {(x(k), ygc), y(_k) ) }kM: 1 Where each tuple contains a prompt x ()

and a preferred/dispreferred response pair, RMs are typically trained using the model of Bradley &
Terry (1952) (BT). Under this model, the probability that 1/ is preferred over y_ for prompt x is

P+ =y | x:9) = o (rg(y,x) = ro(y-, ), ()

where 74 (y, x) denotes the scalar reward assigned by the model to response y under prompt x. The
RM parameters ¢ are trained by maximizing the log likelihood, under this model, of the collection of
observed preference pairs.
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Figure 1: RL training on math data (DeepScaleR). We compare QWEN3-1.7B-BASE (Yang
et al., 2025) optimized with three 4B RMs: X ON-POLICY-BT , an on-policy trained BT RM;
X OFF-PoLICY-BT , an off-policy BT RM given by SKYWORK-REWARD-V2-QWEN3-4B (Liu
et al., 2026); and , an RM trained with BONVOYAGE. All learned RMs are initialized from
QWEN3-4B-BASE. Left: training accuracy as a function of RL step. The dashed curve corresponds
to RLVR, and serves as a reference upper bound on the training accuracy attainable when the reward
is perfectly faithful. Right: Pearson correlation between RM scores assigned to policy outputs at
each RL step and their ground-truth correctness. We do not plot RLVR on the right because its
reward is, by construction, perfectly correlated with correctness.

Preference data Some documented efforts from frontier labs collect preference annotations from
humans (Ziegler et al., 2020; Stiennon et al., 2022; Bai et al., 2022a; Llama, 2023; 2024). However,
high-quality human preference annotation is expensive and limited by time, labor, and annotator
expertise, so open-source efforts mainly use prompts from diverse sources and candidate responses
from multiple models, with supervision derived from a mix of human judgments, LM-as-a-judge and
other automatic metrics (Lambert et al., 2024a; Liu et al., 2024a; Dong et al., 2024; Cui et al., 2024;
Olmo et al., 2025; Liu et al., 2026).

Learning with RMs Given a prompt distribution X, a base language model ppy(y | x), and a
reward model 74 (y, x), reinforcement learning with human feedback (RLHF) (Stiennon et al., 2022;
Fernandes et al., 2023; Kaufmann et al., 2023; Peters & Schaal, 2007; Peng et al., 2019; Korbak et al.,
2022b;a; Go et al., 2023) seeks a policy gg(y | x) that maximizes

Exx [Eygy(ylx) [76 (v, )] — BDxL (90 (v | %) || pm(y | %)) . @

The KL term regularizes the policy towards the base model pya(y | x), preventing the optimization
from drifting from the original model distribution, and the hyperparameter 3 controls its strength.

Distribution shift When training an RM with BT, we teach it to rank responses drawn from some
fixed response distribution we will call pg. po may be a mixture of responses from many LMs, as in
the case of offline preferences, or from a specific LM we ultimately want to optimize with RL, our
base LM prm(y | x), as in the case of online preferences (Ziegler et al., 2020; Bai et al., 2022a). In
either case, this fixed distribution pg is not the one on which the RM will be queried during RL. Once
RL begins, the policy changes, and with it the distribution of responses presented to the RM.

Over time, optimization shifts the policy toward responses that receive high reward. As a result,
the RM will be asked to score responses that can differ substantially from those on which it was
trained. This is problematic, because RM reliability under pg does not guarantee RM reliability later
in training. More importantly, this shift in distribution is not arbitrary, but adversarial (Bukharin et al.,
2025). Any flaw in the RM defines a direction of improvement for RL, whether or not that direction
aligns with task performance (Razin et al., 2025; Wen et al., 2025; Ivison et al., 2024; Chen et al.,
2024), as shown in Figure 1. This suggests that, if our goal is to learn RMs for RL, then we should
train them not to rank responses correctly under pg, but to remain a reliable signal for improvement
on the distribution induced by RL itself.
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3 Learning Reward Models for Reinforcement Learning

In this section, we develop a method for learning RMs that is aware of the response distribution
induced during RL, so that once trained, the RM remains reliable on the resulting on-policy responses
rather than only on the initial fixed distribution py.

A natural way to formalize this is through the optimal policy induced by a fixed RM r4(y, x) under
the RLHF objective in Eq. (2). As shown in (Korbak et al., 2022a; Rafailov et al., 2024), that policy
can be written as:

Ty | x) £ Z(Pl(x)PLM(y | %) exP(r‘p(Z’x)), 3)

where Zg(x) = Yy pum(y | x) exp(r(y, x)/B) is the partition function. This expression makes
explicit how the RM shapes the downstream final policy. Although both computing Z¢(x) and
sampling exactly from 774(y | x) are intractable, this is the distribution that RLHF targets under the

fixed RM. Our goal will therefore be to learn the RM such that the optimal policy 77y (y | x) gives
high probability to preferred responses, i.e., maximum likelihood estimation (MLE).

In the following sections, we show how to optimize this objective approximately. First, in §3.1, we
show how MLE on preferred responses gives rise to a training objective for learning RMs that are
better suited for downstream RL. Next, in §3.2, we show how methods from the test-time alignment
literature (Faria & Smith, 2025) can be used to approximately sample from 7ty (v | x) and thereby
estimate the likelihood gradient. We then show how contrastive divergence (Hinton, 2002) gives a
practical truncated approximation for learning in this setting.

3.1 Learning the aligned distribution from preferred demonstrations

Given a dataset of preferred demonstrations D = {(yi’f), x (k) )} ll(\/i 1> We want to learn the parameters
¢ of the RM r¢(y, x), by maximizing the log likelihood of the aligned distribution 7y (y | x)
introduced in Eq. (3). Importantly, this objective is defined directly from preferred demonstrations
alone, and therefore does not require the preference pairs assumed by BT style training. The gradient
of the log likelihood objective with respect to ¢ takes the form :

V¢ 10g 7T¢(y ‘ x) = %vfpr(p(y, x) — %]Ey’ww(y/lx) [V(PT(P(}//, X)] . (4)

The positive term pushes the RM to increase the score of the observed demonstration (y, x), and
the negative term subtracts the average gradient over responses drawn from the current aligned
distribution 7ty (y | x). Intuitively, the RM is therefore trained to assign higher reward to preferred
demonstrations than to responses that the current RM prioritizes. If the current RM assigns an
excessive probability mass to undesirable samples, these samples will contribute more strongly to the
negative term and will therefore be explicitly penalized.

Estimating the expectation in Eq. (4) using Monte Carlo requires sampling from 77y (y | x), with
respect to the current version of the RM. One possible approach would be to repeatedly take the
current RM, train a policy to optimize the objective in Eq. 2, and then use that policy to form a Monte
Carlo estimate of the expectation in Eq. 4. However, this would require running an expensive RL
training loop for every RM gradient step.

We avoid an RL inner loop, instead turning to methods from the test-time alignment literature (Faria
& Smith, 2025) to sample from the aligned distribution 77y using only the base LM prm(y | x) and

the RM 74 (y, x).

3.2 Gradient estimation via test-time alignment

To sample from the distribution 774(y | x), we will construct a Markov chain (y°,y?,...,y7) that
has 7ty (y | x) as its equilibrium distribution. The chain will start from the prompt and expert
demonstration (i, x) ~ D. On the tth iteration, it draws a new independent y from prm(y | x),
and this hypothesis is accepted with an acceptance probability :

ag(y,y') = min {1, exp (W) } . Q)

4
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If the candidate y is accepted, the next state in the chain becomes y”l = y; if rejected, the
chain stays at yt+1 = yt. Repeating this process yields samples whose distribution approaches
e (y | x). This MCMC procedure has a natural connection to BoN sampling. In the limit 8 — 0,
the chain increasingly favors the highest-reward responses among the candidate set formed by the T
independent samples from ppv(y | x) together with the initial response y. Although we do not use
the algorithm in this hard-selection limit, we view it as a soft version of BoN sampling, therefore we
name our method BONVOYAGE.

This construction can be viewed as the classical independent Metropolis (Metropolis et al., 1953)
algorithm applied to the aligned distribution. It is an adaptation of QALIGN (Faria & Smith, 2025;
Faria et al., 2024), which also targets 775 (y | x) but uses a dependent proposal distribution based
on resampling a random suffix using from the base LM. Additionally, starting from the chain at
the expert demonstration i when building an approximation for Eq.(4) instantiates the contrastive
divergence approximation (CDj; Hinton, 2002). It is been classically shown to work well for scenarios
when we are going to run the Markov chain for just a few steps, not enough to obtain convergence. In
our context, it will bias the estimation towards samples from the base LM that have higher or similar
reward to y1. In Appendix A, we provide empirical evidence supporting our test-time alignment
method, particularly the use of CD to accelerate MCMC convergence.

While one could use more sophisticated and unbiased samplers like QALIGN, in practical use cases
we want to reduce the number of steps. Our approach allows pre-generating a pool of samples from
the base LM prm(y | x) ahead of training the RM. Additionally, to improve estimates of the gradient,
we will follow conventions when training language models and perform the gradient estimation
across batches of prompts and then average before any gradient step.

To summarize the BONVOYAGE approach, to estimate one gradient step, we sample a batch of B

preferred demonstrations {(y(f),x(k))}}j:1 C D. We start a MCMC chain on each y and run
for some number of steps T to obtain the sample y’. We then take that sample and maximize the
surrogate loss £(¢,y+,y',x) = r¢(y+,x)/B —r(y’, x)/B. See Algorithm 1 for a more detailed
description.

4 Experiments

Our experiments are intended to answer three questions. First, do RMs trained with BONVOYAGE
provide a better learning signal for RL than RMs trained with the BT? We consider both verifiable and
mostly non-verifiable domains, and evaluate the resulting RMs through the policies obtained by RL.
Second, are these RMs also effective when used for inference scaling through BoN inference? Third,
in the verifiable setting, are the RMs more robust to reward over-optimization during RL training?

The section is organized as follows. In §4.1, we describe the experimental setup. In §4.2, we
present the main benchmark results, answering questions 1 and 2. In §4.3, we examine reward
over-optimization in the verifiable setting (question 3). We include additional scaling experiments
in § B, discussion computation cost § 4.4, and cover limitations and broader societal impact in
Appendix L.

4.1 Experimental Setup

Models and tasks We use BONVOYAGE to learn RMs targeting the base model QWEN3-1.7B-
BASE (Yang et al., 2025). We focus on two domains: (i) mathematics, using verifiable data, and
(i) science, using mostly non-verifiable data. In the science domain, we first perform supervised
finetuning (SFT) of QWEN3-1.7B-BASE on DOLCI-INSTRUCT-SFT (Olmo et al., 2025); more
details on the SFT stage are provided in Appendix C. We then train an RM for the resulting model,
which we denote QWEN3-1.7B-SCIENCE. All the RMs that we train are based on QWEN3-4B-BASE
(Yang et al., 2025), to which we add a linear reward head on top of the hidden representation of
the final token. For mathematics, we use 25k prompts drawn from DeepScaleR (Luo et al., 2025).
For science, we use 20k prompts again from DOLCI-INSTRUCT-SFT, together with an additional
10k prompts from SciQ (Johannes Welbl, 2017) training dataset, so that the RM is exposed to
multiple-choice questions similar to those encountered at evaluation.
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Preference collection Across both domains, we construct on-policy preference data using the same
procedure. For each prompt x, we sample a set of 32 candidate responses from the target base model.
Preferred responses are then identified either using an automatic verifier, as in mathematics, or using
a judge model (QWEN3-8B(Yang et al., 2025)) that compares each candidate against a reference
response; the prompt provided for the judge model can be found in Appendix F. The resulting 32
candidates form the static sample pool used by BONVOYAGE, while the winning responses (1, x)
are used as the preferred demonstrations.

Baselines Our primary baseline is an ON-POLICY BT RM trained on the same candidate pools as
BONVOYAGE. For each prompt, we form BT preference pairs by randomly sampling one preferred
response and one dispreferred response from the collected candidates. We additionally compare
against a strong off-the-shelf OFF-POLICY RM, as measured by RewardBench (Lambert et al., 2024b)
and RewardBench 2 (Malik et al., 2025), SKYWORK-REWARD-V2-QWEN3-4B (Liu et al., 2026),
which is based on a QWEN3-4B backbone. This model is trained on roughly 20M offline preference
pairs, which is 3 orders of magnitude more preference data, spanning multiple domains and base
language models. Finally, in mathematics, we also include a Verifiable Rewards (VR) setting, in
which the ground-truth correctness of a response is used directly as the reward signal.

Evaluation We evaluate RMs primarily through their downstream utility for RL. Concretely, we
use each RM to optimize a target policy, starting from QWEN3-1.7B-BASE in mathematics and
from QWEN3-1.7B-SCIENCE in science, and then measure the quality of the resulting policy on
domain-specific benchmark suites.

In addition, we evaluate RMs for inference scaling using BoN sampling (Gao et al., 2022; Stiennon
et al., 2020). In this setting, we repeatedly sample the base model # times, score each candidate
response with the RM, and select the response with the highest score. We report results for powers of
two up to n = 512. BoN has been shown in prior work to correlate with downstream RL performance
(Frick et al., 2024), and is widely used in practice.

For mathematics, we report results on MATH-500 (Hendrycks et al., 2021) and GSMS8K (Cobbe
et al., 2021). For science, we evaluate on SciQ (Johannes Welbl, 2017), SciKnowEval (Feng
et al., 2024), MMLU-Sci, the science-related subsets of MMLU-Redux (Gema et al., 2025),
namely anatomy, astronomy, college_chemistry, college_physics, virology,
and conceptual_physics, as well as ARC-Easy and ARC-C (Clark et al., 2018).

RL training setup For RL, we adopt the DAPO (Yu et al., 2025) training recipe, implemented in
VERL (Sheng et al., 2024) and adapted to the RM setting. Since different RMs produce outputs at
different numerical scales, we normalize rewards using the mean and standard deviation computed
from the first batch of RL training; additional details, including hyperparameter choices, are provided
in Appendix D.

We perform RL on the same prompt dataset used to train the RMs. We exclude easy prompts for
the target model, retaining only those with accuracy below 0.7. In all experiments, the policy is
constrained to generate at most 2048 tokens, which is significantly lower than the typical reasoning
model’s sequence length. This limit is substantially shorter than the context lengths often used by
reasoning models and may cap performance by restricting reasoning-chain length. We enforce it
reduce RL compute costs and keep responses within the length regime on which the RMs were
trained. All runs are trained for 1200 RL steps. We save checkpoints every 200 steps and select
the checkpoint with the highest validation accuracy. For mathematics, validation is performed on a
held-out subset of DeepScaleR, while for science, we use the validation split of SciKnowEval.

RM training setup For RM training, we use DeepSpeed (Rasley et al., 2020) to implement the
distributed training pipeline. We train with a batch size of 128 and use T = 32 steps of MCMC with
the Metropolis algorithm with B = 1.0. Thus, each gradient step involves 4096 RM evaluations, from
which we select 128 negative responses and form 128 training pairs for back-propagation. Additional
details on optimization hyperparameters are provided in Appendix E.
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Table 1: Math benchmark results (% accuracy, 1).We compare QWEN3-1.7B-BASE optimized with
three 4B RMs: ON-POLICY-BT, an BT RM trained on on-policy preferences, OFF-POLICY-BT, the
off-policy RM SKYWORK-REWARD-V2-QWEN3-4B; and our RM trained with BONVOYAGE. We
also report RLVR, which uses ground-truth correctness as the reward signal and therefore serves as a
reference upper bound on what can be achieved with a perfectly faithful reward.

Model MATH-500  GSMSK

QWEN3-1.7B-BASE 2524+10 419+0.6
+ RL w/ ON-POLICY-BT 634+18 822+08
+ RL w/ OFF-POLICY-BT 63.0£18 83.7+£08
+ RL w/ BONVOYAGE 67.7+18 84.7+0.8

QWEN3-1.7B-BASE+ RLVR  679+17 853+£08

Table 2: Science benchmarks results (% accuracy, 7). Starting from QWEN3-1.7B-BASE, we first
obtain QWEN3-1.7B-SCIENCE via SFT, and then evaluate further RL training with RMs learned
using ON-POLICY-BT, OFF-POLICY-BT and BONVOYAGE.

Model SciQ SciKnowEval ~ ARC-Easy ARC-C MMLU-Sci
QWEN3-1.7B-BASE 28.6 £04 2724+04 29.0+£03 251+04 20.0+0.6
QWEN3-1.7B-SCIENCE 82.5+0.9 673+1.2 795+06 657+10 466+15

+ RL w/ ON-PoOLICY-BT  91.1+£0.7 722+12 915+£04 787+£09 574+1.6
+ RL w/ OFr-PoLICY-BT  90.4 £0.8 731+£12 90.0+05 76710 574+17
+ RL w/ BONVOYAGE 92.3£0.7 741+12 93.1+04 813+09 593+17

4.2 Benchmark Results

Reinforcement learning Table 1 and Table 2 summarize the main benchmark results in mathematics
and science, respectively. Across both domains, BONVOYAGE consistently yields RMs that provide
a more effective learning signal during RL, leading to final policies that outperform those obtained
with the BT baselines. In mathematics, BON'VOYAGE is also competitive with RL using verifiable
rewards (RLVR): it trails RLVR by just 0.2 and 0.5 percentage points on MATH-500 and GSMS8K,
respectively, differences that lie within the reported error bars. These results are particularly striking
given that RLVR uses a perfectly faithful reward signal, aligned by construction with the target utility,
whereas both BONVOYAGE and BT rely on a learned proxy.

The science results show a similar pattern. SFT already yields a large gain over the base model,
but RL with learned RMs provides a further substantial improvement across all benchmarks, and
BONVOYAGE consistently achieves the best performance. This suggests that the SFT data still
contains useful learning signal beyond the point at which validation loss stops improving with SFT.

Furthermore, we note that BON'VOYAGE improves over ON-POLICY-BT on every benchmark by
0.8-2.6 points absolute. These results show that the advantage of BON'VOYAGE is not limited to the
verifiable mathematics setting, but extends to the more realistic non-verifiable data, where we cannot
do RLVR.

Inference scaling The BoN scaling results in Figure 2 show that BONVOYAGE also yields the
strongest RM for test-time scaling. In both domains, the RM learned with BONVOYAGE consistently
outperforms the corresponding BT baselines as the number of samples increases. At the same time,
the BT RMs remain relatively strong rerankers, especially OFF-POLICY-BT. We also observe that
performance under ON-POLICY-BT begins to plateau once the number of samples exceeds roughly
n = 128, while the RM learned with BON'VOYAGE continues to improve throughout the full range
of budgets we consider. This suggests that BoN’s outputs remains relatively close to the base model’s
distribution prm(y | x), so both BT RMs remain fairly reliable in this regime, without the stronger
over-optimization effects observed during RL.
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Figure 2: BoN scaling results. We evaluate RMs as rerankers for inference scaling by sampling N
candidate responses from the base LM, scoring them with the RM, and selecting the highest-scoring
response. All learned RMs are initialized from QWEN3-4B-BASE. Left: mathematics results on
MATH-500, using QWEN3-1.7B-BASE as the base LM. We compare e ON-POLICY-BT, an on-
policy BT RM, e OFF-PoLICY-BT, the off-policy BT RM SKYWORK-REWARD-V2-QWEN3-4B,
and , an RM trained with BON'VOYAGE. Right: science results on SCIKNOWEVAL, using
QWEN3-1.7B-SCIENCE as the base LM. We compare @ ON-POLICY-BTand

4.3 Reward Over-Optimization Results

Figure 1 shows training accuracy on the left and the correlation between reward and ground-truth
correctness on the right. We do not plot the correlation for RLVR because, by construction, it is equal
to 1 throughout training. Across the three RMs, we observe that the correlation between reward and
ground-truth correctness decreases during RL training. We attribute these decreases in part to policy’s
distribution shift during training, as discussed in § 2. This degradation is sharper for ON-POLICY-BT
in absolute terms. At the beginning of training, the correlation is approximately 0.60 for ON-POLICY-
BT and OFF-POLICY-BT while BONVOYAGE is 0.68. By step 1000, these values decrease to roughly
0.33 and 0.48, and 0.60, respectively. Despite this degradation, ON-POLICY-BT maintains a higher
accuracy throughout training, with maximum values than OFF-POLICY-BT. Furthermore, we observe
clear signs of over-optimization on OFF-POLICY-BT, with a significant drop in training accuracy after
step 200. By contrast, BON'VOYAGE’s training accuracy continues to go up until step 700 and then
plateaus instead of displaying any significant evidence of over-optimization. For last RLVR achieves
the highest final training accuracy, since its reward is perfectly aligned with correctness. However,
these gains do not fully translate into benchmark performance; the best performing checkpoint picked
using validation accuracy was at step 800 just like BONVOYAGE.

Overall, Figure 1 provides empirical evidence for the mathematical motivation we offered in §3:
as RL training progresses, the faithfulness of the RM signal can deteriorate even while the reward
continues to increase. Because we selected the final checkpoint based on validation accuracy, the
BT’s RMs results were not impacted by this phenomenon. The BT RMs’ checkpoints that achieved
the best results were collected early into training at step 200, while BONVOYAGE and RLVR were
at step 800. This indicated that BON'VOYAGE, just like RLVR, is better able to leverage additional
compute to obtain a superior performance.

4.4 Computational Cost

BONVOYAGE is more expensive to train than BT, since each gradient step requires many more
forward passes through the RM. In our setting, this amounts to roughly a 32 x more forward passes.
However, RM inference is dominated by prefill stage, and is therefore substantially more compute
bound operation than full text generation. As a result, the increase in wall-clock time is much smaller
than the increase in the number of forward passes. For example, on the science setup with 4 NVIDIA
H200 GPUs, training the on-policy BT RM takes 62 minutes, whereas training the BONVOYAGE
RM takes 293 minutes, corresponding to about a 4.7 X increase in wall-clock time.
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However, note that BT can continue cycling through the data and forming fresh pairs, we could
have trained it for longer (matching wall-clock time), but in practice we stopped when valida-
tion performance ceased to improve. More broadly, the off-the-shelf RM we compare against,
SKYWORK-REWARD-V2-QWEN3-4B, was trained on roughly three orders of magnitude more data,
a substantially larger training-compute budget than BONVOYAGE.

5 Related Work

Reward modeling Several works revisit the standard BT objective for reward modeling (Dorka,
2024; Lou et al., 2025; Zhang et al., 2025b; Sun et al., 2025; Tang et al., 2024; Zhao et al., 2023).
These works share our motivation of improving RMs for their downstream use in RLHF, but they do
not explicitly model the role of the RM as defining the RLHF-optimal policy. They study reward
modeling as a preference-learning problem, where the RM is trained to rank responses drawn from a
fixed data distribution.

Large-scale RM training provides another route to improving downstream performance. Skywork-
Reward-V2 (Liu et al., 2026) constructs a 20M pairs synthetic preference dataset through an human-Al
synergistic two-stage pipeline and reports strong RM benchmark, BoN, and RLHF performance,
while also finding that several BT-loss modifications do not consistently improve over standard BT
for their data and GEMMA-2-27B variants. In this work we compare directly against the RMs they
have released. Like our work, Hong et al. (2025) and Bukharin et al. (2025) address reward hacking
directly. Hong et al. (2025) co-optimizes the RM and policy using verifiable rewards, training the
RM while the policy is optimized against it. Bukharin et al. (2025) instead use RL against a target
RM to source adversarial examples for improving the RM. Both approaches require RL training to
learn the RM, making them significantly more expensive than our approach.

Generative RMs and Rubrics Work on reward modeling has moved beyond scalar RMs toward
generative RMs, which produce textual critiques, reasoning, or explanations before assigning a final
score (Zhang et al., 2025a; Ankner et al., 2024; Whitehouse et al., 2025). These methods change the
form of the RM, but the underlying training problem typically remains a Bradley—Terry-style pairwise
classification task over a fixed distribution of text. We therefore view generative RMs as orthogonal
to our work. A separate line of work uses rubrics to enable reward signals in non-verifiable problems.
Gunjal et al. (2025) propose using rubrics as rewards for RL, generating instance-wise rubrics from
reference answers with frontier models. Other works explore online rubrics by contrasting pairwise or
multiple model responses in closed-book settings (Rezaei et al., 2025; Jayalath et al., 2026). Shao et al.
(2025) propose evolving rubrics, using responses from the learning policy together with additional
information from web search to adapt the rubrics to better distinguish high-quality responses during
training.

Energy Based Models and Inverse RL. The optimal policy induced by RLHF for a fixed RM,
Eq. 3, can be viewed as a residual energy-based model (EBM) (Rosenfeld et al., 2001). Training
EBMs is a long-standing problem (Hopfield, 1982; Hinton, 2002; LeCun et al., 2006), and its main
obstacle is estimating the gradient of the log-partition function in Eq. 4. We directly learn the EBM
formed by the optimum of the RLHF objective, and estimate its partition-function gradient with
MH samples and CD (Hinton, 2002). Furthermore, learning a reward signal from demonstrations
sampled from an expert trajectory distribution is the central objective of inverse RL (IRL), including
maximum-entropy IRL (Ng & Russell, 2000; Ziebart et al., 2008).

6 Conclusion

We proposed BONVOYAGE, a method to train RMs directly for their downstream role. Our empir-
ical results show that BONVOYAGE consistently outperforms BT, including a strong off-the-shelf
SKYWORK-REWARD-V2-QWEN3-4B baseline, yielding stronger final policies in both domains
across MATH-500, GSM8K, SciQ, SciKnowEval, ARC-Challenge, and MMLU-Science. We also
show that BONVOYAGE yields stronger rerankers under BoN sampling than BT-trained RMs. Fur-
thermore, in mathematics, we directly measure reward over-optimization for both BT baselines and
show that BONVOYAGE is substantially more robust to it, preserving alignment between RM scores
and ground-truth correctness later into RL training.
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Figure 3: Test-time alignment (TTA) with RMs trained only using BONVOYAGE. Left: MATH-
500. Right: SCIKNOWEVAL (QWEN3-1.7B-SCIENCE). Curves show mean benchmark accuracy
(%) versus number of MCMC steps T (log2-scale); higher is better. Dashed vertical lines indicate
convergence point of each method.
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Figure 4: Mathematics benchmark results comparing RL training with RMs of different sizes. We
compare ON-POLICY-BT, OFF-POLICY-BT, and BONVOYAGE using RMs based on @ QWEN3-4B-
BASE and e QWEN3-4B-BASE. Left: evaluation on MATH-500. Right: evaluation on GSM8K.
Bars report benchmark accuracy (%), higher is better.

A Test-time Alignment Experiments

In this section, we evaluate the effectiveness of BONVOYAGE for estimating the gradient of the
maximum-likelihood objective under the RLHF-optimal distribution in Eq. (3). Our gradient estimator
relies on test-time alignment (TTA): using the base LM and RM, we approximately sample from this
RLHF-optimal distribution. Thus, the quality of the gradient estimate depends directly on how well
TTA approximates samples from this distribution.

We study how quickly our TTA procedure converges, with a particular focus on the role of contrastive
divergence (CD) in accelerating convergence. Starting from the BoN candidate sets generated in
§ 4.2, we perform TTA with respect to RMs trained using BONVOYAGE. We use our Metropolis-style
variant of QALIGN as the underlying sampling procedure; see Algorithm 1. We compare two variants:
TTA without CD and TTA with CD.

We define convergence as the point at which the benchmark accuracy of the TTA procedure reaches
its terminating accuracy and does not change significantly with additional MCMC steps. Figure 3
shows the resulting accuracy as a function of the number of MCMC steps. Across both MATH-500
and SCIKNOWEVAL, CD substantially reduces the number of steps required for convergence. On
MATH-500, TTA with CD converges at approximately T = 16 steps, while TTA without CD
requires around T = 512 steps. Similarly, on SCIKNOWEVAL, CD converges at approximately
T = 16 steps, compared with around T = 128 steps without CD. Note that these results come from
an already strong RMs trained with BONVOYAGE. Earlier in training, when the RM is closer to
random initialization, the TTA chain may require more than T = 16 steps to obtain samples from the
RLHF-optimal distribution.

These results show that CD makes TTA substantially more compute-efficient while reaching com-
parable final accuracy. Since our gradient estimator depends on samples produced by TTA, faster
convergence also improves the practicality of using BONVOYAGE for gradient estimation: it allows
us to obtain useful approximate samples from the RLHF-optimal distribution.

B Sensitivity to RM Size

To study the effect of RM size, we retrain the RMs for both domains using QWEN3-1.7B-BASE as
the RM backbone, and then repeat the same RL setup used in our main experiments. This allows us
to compare how all methods benefit from increasing RM size. Figure 4 shows that increasing the
RM size helps all RM learning methods across both benchmarks. In particular, the 1.7B version of
BONVOYAGE already outperforms both 4B BT baselines. On the more challenging benchmark,
MATH-500, BONVOYAGE gains a further 2.0 accuracy points when scaled to 4B. OFF-POLICY-BT
exhibits a similar gain, which is consistent with it being trained on roughly 20M preference pairs,
whereas ON-POLICY-BT improves by only 1.0 point.
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C Implementation Details for SFT

In the science domain, we first perform supervised fine-tuning (SFT) of QWEN3-1.7B-BASE on
DoLCI-INSTRUCT-SFT (Olmo et al., 2025). We use full-parameter fine-tuning with DeepSpeed
ZeRO-2 and select the best checkpoint according to validation loss. The main SFT hyperparameters
are listed in Table 3.

Table 3: SFT training hyperparameters.

Hyperparameter Value

DeepSpeed configuration ~ ZeRO-2

Cutoff length 4096 tokens

batch size 32

Learning rate 2 x 107° for 1.7B; 1 x 107 for 4B
Learning rate schedule Cosine

Warmup ratio 0.05

Training epochs 3

Precision bfloat16

Checkpoint frequency Every 230 steps

Best checkpoint selection

Validation loss

D Implementation Details for RL Training

For RL, we adopt the DAPO (Yu et al., 2025) training recipe, implemented in VERL (Sheng et al.,
2024) and adapted to the RM setting. Since different RMs produce outputs at different numerical
scales, we normalize rewards using the mean and standard deviation computed from the first batch of
RL training. Table 4 lists the hyperparameters used in our experiments. We selected these settings
primarily based on the RLVR baseline’s validation accuracy at 500 steps in the math experiments,
while also maximizing GPU memory utilization for QWEN-1.7B-BASE.

Table 4: RL training hyper-parameters used for RLHF.

Hyperparameter Value
Advantage normalization Disabled
Algorith GRPO
Policy loss aggregation Token mean
KL coefficient 8 1074
Learning rate 1075
Weight decay 102
Warmup steps 10

Total steps 1200

Train batch size 128 prompts
PPO mini-batch size 32

Number of generations per prompt 8

Rollout temperature 1.0
Maximum prompt length 1024 tokens
Maximum response length 2048 tokens
Actor max tokens per GPU 36,864
Reference/rollout log-prob max tokens per GPU 221,184
Gradient clipping 1.0

PPO clipping range [0.20,0.28]
PPO clip ratio ¢ 10.0
Entropy coefficient 0

Actor precision bfloat16
Rollout precision float16
Actor strategy FSDP2
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Science Generation Prompt

Take a look at the following question:
{question}

Answer with a response of your own, including the thinking process:

Figure 5: Prompt template used for question answering in the science experiments.

E Implementation Details for RM Training

For RM training, we use DeepSpeed (Rasley et al., 2020) to implement the distributed training
pipeline. We train with a batch size of 128 and use T = 32 steps of MCMC with the Metropolis
algorithm and B = 1.0. Thus, each gradient step involves 4096 RM evaluations, from which we select
128 negative responses and form 128 training pairs for back-propagation. We train for one epoch, save
checkpoints every 50 steps, and select the checkpoint with the highest validation BoON @8 accuracy.
Following Stiennon et al. (2022), we initialize the reward head weights from a normal distribution with
standard deviation 1/+/d0de1 + 1. Additional details on optimization hyperparameters are provided
in Table 5. We tuned the hyperparameters using validation BON @8 accuracy and GPU utilization
for the ON-POLICY-BT baseline. We then used the same hyperparameters for BON VOYAGE, after
a small exploratory sweep indicated that these settings were effective for this setting as well. We
selected B = 1.0 based on validation BoON@8 accuracy; however, we observed that changing 8
affected the tradeoff between BoON@ 16 and BoN@32 accuracy. This may have implications for RL,
where the optimal choice of B may depend on the RL compute budget. We leave a more systematic
exploration of this effect to future work.

Table 5: Reward model training hyperparameters.

Hyperparameter Value

Total training epochs 1

Batch size 128
Learning rate 1075

LR Scheduler cosine decay
Weight decay 1074

KL regularization weight 1.0

Dropout rate 0.0
Precision bfloat16
Optimizer € 1075
Reward head initialization std.  1/+/dmodel + 1
Maximum prompt length 2048 tokens
Maximum response length 2048 tokens
DeepSpeed configuration ZeRO-3

F On-policy Demonstrations and Response Generation

To construct on-policy preferred responses in non-verifiable domains, we first sample 32 responses
with temperature 0.6 and maximum number of output tokens 2048, from the on-policy model for
each dataset of prompts. The generation prompts for math and science are shown in Figures 6 and 5,
respectively. We then compare each sampled response to the dataset reference response using a
semantic-equivalence judge. We retain a sampled response as an on-policy demonstration when the
judge returns similar=true. We use QWEN-8B as the judge; the full judge prompt is shown in
Figure 7.
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Math Generation Prompt

Solve the following math problem step-by-step: {prompt}

Present the answer in LaTex format: \boxed{Your answer}

Figure 6: Prompt template for generating a step-by-step math solution with the final answer in boxed
LaTeX format.

Prompt for Judging Semantic Equivalence

System:

You are an impartial judge. Your task: Given a question and two
answers, determine: Are these two answers semantically similar/
equivalent? Consider similar if they give the same factual
content, reach the same conclusion with different reasoning, use

different wording but equivalent meaning, or cover the same key
points. Consider different if they contradict each other, give
different conclusions, omit or add substantively different
information, or address different aspects of the question.

Output JSON only: {"similar": true} or {"similar": false}. No other
text.

User:
<question>{question}</question>

<answerl>{answerl}</answerl>
<answer2>{answer2}</answer2>

Provide your answer in a concise manner. No other text.
Output JSON only: {"similar": true} or {"similar": false}.

\ J/

Figure 7: Prompt template for judging semantic equivalence between an on-policy response and the
dataset reference response.
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G Derivation of the RLHF-Optimal Policy Gradient

We derive the gradient of the RLHF-optimal policy in (3) with respect to the RM’s parameters ¢.
This calculation shows that the gradient decomposes into a positive term on the observed response
and a negative term given by an expectation under the induced optimal policy. This expectation is the
quantity we estimate with the MCMC procedure in Algorithm 1.

The gradient of the log likelihood objective with respect to ¢ takes the form :
Velogmg(y | x) = §Vere(y,x) — Vlog Zy(x). (6)

Expanding the second term, we obtain

U, log Zy(x) = 1( $6Zy(x) (7)
- (3r00",2)) 3 Voo, 2) pu(y’ | %) ®)
= %;% v | x) Vere (v, x) )
= 5By oy () [Vore(v', x)] - (10)
Substituting back yields
Volog iy (y | x) = 5Vere(y,x) = 5Eyor, () [Vere (v, )] - (11)

H BONVOYAGE Algorithm

Algorithm 1 summarizes the RM gradient estimation step used by BONVOYAGE. For each preferred
demonstration in a batch, we initialize a Markov chain at the preferred response, run T Metropolis
steps with the independent sampled proposals, and use the final chain state as the negative response
for RM training.

Algorithm 1 BONVOYAGE: RM gradient estimation step
Require: dataset D of preferred demonstrations, RM 7, target KL regularization j, batch size B,
chain length T
1: Sample {(ygf),x(k))}le cD
2: fork=1,...,Bdo
3: Initialize y(k) — ygf)
4: fort=1,...,Tdo
5.
6

Sample proposal 7 ~ prm(- | x))
Accept j with probability given by:

wp (7 y(")) = min{l exp <r¢(g,x(k)) — rq,(y(k),x(k))
7 , ﬁ

7: If accepted, set y(k) — 7
8: end for

9: Set y’(k) V. y(k)
10: end for

11: Maximize

+A

oy

1 B
7?2

12: Take one gradient step with respect to ¢

), ®) np(y’(k)f"(k))l

l—|
=
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I Limitations & Broader Impact

BONVOYAGE is more expensive to train than ON-POLICY-BT, since each gradient step requires
substantially more forward passes through the RM. In our setting, this amounts to approximately 4.7 X
more RM training compute. We nevertheless compare against a compute-matched ON-POLICY-BT
baseline, using fresh preference pairs on the same prompts but with different responses. In our
experiments, this additional compute did not improve validation accuracy for ON-POLICY-BT.

Our method also relies on contrastive divergence as a truncated approximation to the maximum-
likelihood gradient. While we show that this approximation works well in practice, its effectiveness
may depend on factors such as model size, dataset size, and the number of steps. Our experiments
use a limited set of models and scales, including two Qwen-1.7B-Base policies and 1.7B and 4B
RMs, all within a single model family.

Finally, our results show that BONVOYAGE can produce RMs that are more effective than BT-trained
RMs for downstream RL training. Like other post-training techniques, this capability could be used
to improve systems in beneficial applications, but it could also be misused to optimize models for
harmful behavior. Responsible deployment should therefore include standard mitigation measures,
such as careful data curation, evaluation for harmful capabilities, and monitoring of downstream
model behavior.
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Which neurofilament subunit polypeptide exhibits characteristic KSP repeats
often targeted for posttranslational phosphorylation modifications?

A). NFM B). Peripherin C). NFH D). NFL

Provide your reasoning about the answer and finish your answer with the letter corresponding to the correct option (e.g., A, B, C, or D).

/ N
Response 1 . Response 2 .
P Checkpoint step: 720 P Checkpoint step: 720
ON-PoLicy-BT BONVOYAGE
Question Analysis: The question asks which subunit exhibits characteristic KSP
The question asks about the neurofilament subunit that exhibits characteristic KSP repeats, repeats targeted for post- phosphory ifi
often targeted for phospl Key Points:
Thinking P ) 1. il Subunits: are composed of multiple subunits. The
inking Process: question specifies which subunit has characteristic KSP repeats targeted for
1 the ion: - Focus on subunits, their KSP repeats, and phosphorylation.
phosphorylation targets. 2. KSP Repeats: These are structural repeats known to be target sites for

2. Recall i - are composed of different phosphorylation.
subunits (NFM, NFH, NFL). - KSP repeats are known to be part of neurofilament
subunits, particularly associated with phosphorylation targets.

@

. Subunit Identification: The question gives options for the subunit. The key here is to
recall which neurofilament subunit is associated with KSP repeats and phosphorylation.

3. Identify the Key Features: - KSP repeats are characteristic of neurofilament subunits. . )
- These repeats are often targeted for posttranslational phosphorylation. Analysis of the Options:
4. Match the Subunit to the Features: - The subunit associated with KSP repeats and * NFM (Neurofilament Mild Form):
targeted phosphorylation is NFH (Neurofilament Heavy). - NFH contains the KSP NFM is one of the subunits of neurofilaments. KSP repeats are known to be present in
repeats, making it a key target for posti ications like phosphorylation. certain subunits.
5. Verify Against Options: - The correct answer corresponds to NFH (Option C)). - « Peripherin: This term sounds more like a peripheral membrane protein, not directly
Neurofilament heavy chain contains the KSP repeats and is commonly targeted for related to neurofilament subunits and their KSP repeats
phosphorylation modifications. « NFH (Neurofilament Heavy):
NFH is a major subunit of KSP repeats are of NFH, which
Conclusion: is targeted for p i like phosphorylation.
The neurofilament subunit with characteristic KSP repeats, often targeted for * NFL (Neurofilament Light):
phosphorylation ions, is NFH (Option C)). NFL iss another subunit, often involved in the structural framework of neurofilaments
While it may have structural features, its KSP repeats are not as prominently associated
Answer: C). NFH with phosphorylation modifications as NFH, which is the subunit associated with KSP
repeats and phosphorylation targets.
Key Points: - Neurofilament subunits like NFH contain KSP repeats. - These subunits are Conclusion:
often subject to like phosphorylation. - NFH is

The question specifies that the neurofilament subunit with characteristic KSP repeats
targeted for phosphorylation modifications is NFH.

Neurofilament heavy chain (NFH) contains the KSP repeats, which are commonly targeted
for post-translational modifications like phosphorylation. This makes C) NFH the correct

known for these features.

Note: Neurofilament light chain (NFM), heavy chain (NFH), and other components play
different roles, with NFH being the correct answer here.

answer.
Final Answer: C). NFH Reasoning Process: 1. Identify Key ( that i subunits

have structural features (like KSP repeats) targeted for phosphorylation. 2. Recall
Answer Letter: C Subunits: i are composed of NFM, NFH, and NFL. The

question specifies KSP repeats, which are linked to NFH. 3. Link KSP Repeats to Subunit:
This reasoning process ensures that the correct subunit, NFH, is selected based on its Since KSP repeats are characteristic of NFH and are targeted for phosphorylation, the
characteristics (KSP repeats) and targets (phosphorylation). correct answer must be NFH. 4. Verify Other Options: NFM, peripherin, and NFL are

associated with different structural features, not the specific KSP repeats targeted for
Note on Common Terminology: - KSP repeats are associated with neurofilament heavy phosphorylation. 5. Conclude: Based on the knowledge that NFH contains KSP repeats and
chains (NFH), confirming the correctness of the answer. is targeted for phosphorylation, the correct answer is C) NFH.
Educational Takeaway: Answer: C) NFH
Understanding the specific subunit (NFH) in neurofilaments that possess KSP repeats \boxed(C)
targeted for phosphorylation modifications is key to answering this question correctly.

\ /

Final Assessment:
The correct answer is C). NFH.

Answer Letter: C

This structured thinking process ensures a thorough understanding of the question and
accurate selection of the correct answer.

Figure 8: Example validation response during RL training in the science domain, initialized from
QWEN-1.7B-SCIENCE. Both policies are evaluated on the same question. The left panel (response
1) shows the response from the policy trained with the ON-POLICY-BT RM, while the right panel
(response 2) shows the response from the policy trained with the RM from BONVOYAGE. Both
policies are shown at RL checkpoint step 720.

J Qualitative Example

We also examine whether the trained models differ qualitatively beyond their benchmark performance.
Figure 8 shows an example validation question from the science domain, along with responses from
two policies at the same RL checkpoint step. Both responses arrive at the correct answer.

The response generated by the policy trained with the ON-POLICY-BT RM is noticeably repetitive,
adding redundant statements and unnecessary restatements of the same conclusion. In contrast, the
response from BONVOYAGE is also relatively long, but is more information-dense, less repetitive,
and ends with a clearly boxed final answer.
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