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ABSTRACT

Learning from feedback is an instrumental process for advancing the capabilities
and safety of frontier models, yet its effectiveness is often constrained by cost
and scalability. We present a pilot study that explores scaling reward models
through unsupervised approaches. We operationalize reward-based scaling (RBS),
in its simplest form, as preference learning over document prefixes and suffixes
drawn from large-scale web corpora. Its advantage is demonstrated in various
aspects: despite using no human annotations, training on 11M tokens of math-
focused web data yields steady gains on RewardBench v1 and v2, and these
improvements consistently transfer across diverse initialization backbones spanning
model families and scales. Across models, our method improves RewardBench v2
accuracy by up to +7.7 points on average, with gains of up to +16.1 on in-domain
math subsets and consistent improvements on out-of-domain safety and general
subsets. When applied to best-of-N selection and policy optimization, these reward
models substantially improve downstream math performance and match or exceed
strong supervised reward model baselines of similar size. Overall, we demonstrate
the feasibility and promise of training reward models without costly and potentially
unreliable human annotations.

Figure 1: Schematic overview of our reward model training workflow from web math text. Raw
documents are split into prefix–suffix pairs, where the true continuation is treated as the chosen
response and other in-batch continuations serve as implicit negatives. The reward model is trained
with a Bradley–Terry objective over these online preference pairs, enabling scalable reward learning
without human annotations.
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1 INTRODUCTION

Reinforcement learning from human feedback (RLHF) (Christiano et al., 2017) has been the
workhorse for building helpful and harmless language models (Ouyang et al., 2022; Bai et al.,
2022). This supports the goal of training general, capable language models that reliably produce
aligned responses, a challenge that largely reduces to how responses are scored or rewarded given a
prompt (Ouyang et al., 2022). More recently, a positive correlation between outcome-based reward
model scores and downstream reasoning problem-solving accuracy has been identified in (Qi et al.,
2025).

However, curating and annotating preference datasets can be resource-intensive (Cui et al., 2024; Yuan
et al., 2024; Bai et al., 2022; Ji et al., 2025) (Section B.1). Moreover, human feedback can inherently
be noisy in part due to annotator subjectivity, inconsistency, and labeling errors, a phenomenon
widely observed in preference-based learning (Christiano et al., 2017; Ouyang et al., 2022; Casper
et al., 2023; Zhang et al., 2024; Gao et al., 2024b). Such systematic noise can significantly misguide
reward models, making data cleaning as critical as model design (Zhu et al., 2023): evidence in
(Shen et al., 2024) shows that in RLHF, data quality often matters more than data quantity. Worsely,
performing RLHF with the misguided reward model can naturally generalize into more serious
misalignment like deception, alignment faking, and even sabotage, revealing reward hacking (Skalse
et al., 2022) as a potential root of unintended harmful behavior (Korbak et al., 2023; MacDiarmid
et al., 2025). Furthermore, as model capabilities scale, we face aligning systems whose relevant
behaviors and failure modes exceed what humans (and comparably weak models) can reliably judge,
making human-labeled reward signals fundamentally limited (Bowman et al., 2022; Engels et al.,
2025).

These problems motivate us to investigate how much typical human supervision can be learned
in an unsupervised manner. From a pre-training perspective, this naturally reduces to whether a
reward model’s capability to induce mode-seeking behaviors in language models can stem solely from
preference learning over large-scale, uncurated web documents. To this end, we propose reward-based
scaling (RBS) without human supervision, a simple yet scalable framework that converts raw web
text into implicit preference signals by exploiting the structure of next-token continuation (Figure 1,
Section C.1). By treating natural continuations as “chosen” responses and mismatched continuations
as in-batch negatives (Hadsell et al., 2006; Chen et al., 2020), we obtain online preference data at
essentially zero annotation cost. We show that reward models trained under this paradigm not only
improve steadily with scale, but also generalize beyond their training domain, exhibiting competitive
in-domain reasoning performance and non-trivial out-of-distribution safety improvement.

Empirically, we find that this unsupervised signal is surprisingly effective. Reward models trained on
only 11M tokens of math-focused web text consistently improve over their initialized checkpoints,
achieving up to +7.7 average points on RewardBench v2 (Malik et al., 2025), including +16.1
points on in-domain math subsets and clear gains on out-of-domain safety evaluations. These
improvements translate to downstream utility: when used for best-of-N selection (Ouyang et al.,
2022) or policy optimization (Kakade, 2001; Schulman et al., 2017), our reward models substantially
boost GSM8K (Cobbe et al., 2021) and MATH (Hendrycks et al.) accuracy and perform competitively
with strong supervised reward model baselines of comparable size. Together, these results suggest
that a substantial fraction of the supervision traditionally attributed to human preferences may already
be latent in large text corpora, opening a path towards more scalable and reliable reward modeling.

2 METHODOLOGY

2.1 ALGORITHM

We introduce an online continuation-based preference labeling method for transforming raw text into
pairwise supervision, followed by the training formulation.

Our goal is to train a RM directly from raw web text, without relying on curated preference pairs. We
convert text sequences into implicit preference supervision by exploiting the structure of next-token
continuation: for each text sequence, we sample a random breakpoint to form a prefix prompt p
and suffix continuation r. Within a batch of B such prefix–suffix pairs {(pi, ri)}Bi=1, we treat the
original continuation ri as the chosen response for prompt pi, while treating all other continuations
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{rj}j ̸=i as rejected responses. This yields an online, all-to-all set of preference pairs without any
explicit human labels. Given an RM that outputs a scalar score sθ(p, r), we optimize a Bradley–Terry
(Bradley & Terry, 1952) objective using in-batch negatives. For each prompt pi, we treat ri as the
chosen continuation and contrast it against the B − 1 rejected continuations {rj}j ̸=i by minimizing
the average negative log-likelihood over all such comparisons:

LBT =
1

B

B∑
i=1

1

B − 1

∑
j ̸=i

− log σ
(
sθ(pi, ri)− sθ(pi, rj)

)
. (1)

Algorithm 1: Reward Model Training from Web Data

# split(): breakpoint sampler on a
continuous text sequence

# RM(): reward model that outputs a
scalar score for (prompt, response)

for seq_batch in data_loader:
prompts, responses =
split(seq_batch)
# S[i, j] = RM(p_i, r_j)
score_mat = RM(prompts, responses)
# S, [B, B]
pos_scores = diag(score_mat)
# s_pos, [B] (self-pairs = chosen)
neg_scores = offdiag(score_mat)
# s_neg, [B, B-1] (cross-pairs =
rejected)
bt_loss = BT(pos_scores, neg_scores)
c_loss = CENTER(pos_scores,
neg_scores)
loss = bt_loss + c_loss
loss.backward()
update(RM.param)

def BT(s_pos, s_neg):
# Bradley-Terry loss
logits = s_pos[:, None] - s_neg
return -log_sigmoid(logits).mean()

def CENTER(s_pos, s_neg):
# score-centering regularizer
return centering_coeff * (s_pos**2
+ s_neg**2).mean()

To further stabilize training under our
noisy supervision, we augment the Bradley–
Terry objective with a score-centering reg-
ularizer (Eisenstein et al., 2024). This is
motivated by two properties of Bradley–
Terry training: (i) the preference likeli-
hood depends only on score differences
and is therefore underdetermined up to a
prompt-dependent offset, allowing the ab-
solute reward scale to drift; and (ii) with
weak labels, unconstrained optimization
can inflate score magnitudes to produce
overconfident margins that amplify spuri-
ous correlations and induce heavy-tailed
reward distributions that are harmful for
downstream selection. We therefore pe-
nalize large-magnitude reward outputs, en-
couraging a well-behaved and comparable
score scale across prompts:

Lcenter = E
[
sθ(pi, ri)

2

+
1

B − 1

∑
j ̸=i

sθ(pi, rj)
2
]
.

(2)

Our final RM training loss is L = LBT +
c ∗ Lcenter where c is the centering coeffi-
cient. This regularization is motivated by
our web-data setting, where the implicit
“chosen vs. rejected” signal is inherently
noisier than curated preference datasets;
constraining the reward range reduces over-
fitting to corpus-specific artifacts and im-
proves robustness across diverse prompts
and continuations (Algorithm 1).

2.2 EXPERIMENTAL SETUP

Datasets and Models We test the proposed algorithm by training RMs from large-scale raw math
web text using the FineMath (Allal et al., 2025) and InfiMM-WebMath-40B (Han et al., 2024) datasets,
which contain mathematical content filtered from CommonCrawl. All the experiments use a fixed
training budget of 11M tokens. To construct continuous training streams suitable for our online
preference construction, we concatenate dataset entries into a long text stream, then chunk the stream
into fixed-length sequences of L tokens. For each chunk, we form a prefix–suffix pair using a fixed
split of L1 tokens for the prompt prefix and L2 tokens for the continuation suffix (Figure 1, Section C).

We evaluate our method by training RMs with the algorithm in Section 2.1 across two backbone
families: base models Llama-3.2-1B and Llama-3.2-3B (Meta, 2024) and instruction-tuned
models Qwen2.5-3B-Instruct and Qwen2.5-7B-Instruct (Qwen et al., 2025). This
setup tests whether training on raw web text with our algorithm yields consistent gains across both
backbone types and model scales.
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Preference Alignment Evaluation We evaluate trained RMs on RewardBench v1 (Lambert et al.,
2024) and RewardBench v2 (Malik et al., 2025), two benchmarks that assess general preference
alignment. RewardBench is organized into coarse-grained subsets covering general chat and instruc-
tion following (Chat, Chat Hard), refusal of offensive or dangerous requests (Safety), and
math/coding-oriented evaluation (Reasoning). RewardBench v2 is a more challenging multi-skill
suite with subsets targeting mathematics (Math), factual reasoning (Factuality), instruction
following (Precise IF, Focus), robustness to diverse answer possibilities (Ties) and broad
compliance and safety behaviors across domains (Safety). Because our RMs are trained on math-
related web text, we report performance at four levels: (1) overall benchmark score, (2) in-domain
(ID) performance on math-related subsets, (3) OOD-Safety performance on safety/refusal subsets, and
(4) OOD-Others performance on all remaining non-math, non-safety subsets. We separate Safety
from other OOD subsets because prior work suggests that optimizing for reasoning can degrade safety
alignment (Li et al., 2025; Huang et al., 2025). Concretely, for RewardBench we treat Reasoning
as ID, Safety as OOD-Safety, and aggregate others as OOD-Others. For RewardBench v2, we treat
Math as ID, Safety as OOD-Safety, and aggregate the remaining as OOD-Others.

Best-of-N To assess RM utility for downstream actor improvement beyond preference benchmarks,
we evaluate best-of-N (BoN) selection: for each prompt, sample multiple candidate solutions from
an actor, pick the one with the highest RM score, and measure task accuracy. We evaluate this
BoN curve on two representative ID math tasks, MATH500 (Lightman et al., 2023) and GSM8K
(Cobbe et al., 2021), and two safety focused OOD tasks, Toxigen (Hartvigsen et al., 2022) and
IFEval (Zhou et al., 2023). For each prompt we sample N ∈ 1, 2, 4, 8, 16, 32 candidates and select
the top-scoring one under the RM (Section D). To test whether our RM preferentially improves
actors of certain capacities, we report Maximum Achieved Performance (MAP), defined as the
best accuracy achieved along the BoN curve, for three actor sizes: Llama-3.2-1B-Instruct,
Llama-3.2-3B-Instruct, and Llama-3.1-8B- Instruct. Additionally, we compare
against two strong off-the-shelf RM baselines— Skywork-Reward-V2-Llama-3.1-8B and
Skywork-Reward-V2-Llama-3.2-3B, both of which are trained from high-quality curated
datasets (Liu et al., 2025). We also include random candidate selection as a negative baseline. When
quantifying improvement over initialization, we also compute the BoN curve using the randomly
initialized RM (prior to training) on the same candidate sets. In this setting, we report the gain in
MAP (∆MAP) relative to the initialized RM baseline.

Actor Training To test whether RM improvements translate into better policy optimization, we
train actor models with Group Relative Policy Optimization (GRPO) (Shao et al., 2024) on the MATH
and GSM8K training splits under a fixed epoch budget, and evaluate on the corresponding test sets.
For each prompt x, we sample a group of K candidate completions {yi}Ki=1 ∼ πθ(· | x) and score
them using a trained RM rϕ(x, y). We compute group-relative advantages by standardizing rewards
within each group:

Ai =
rϕ(x, yi)− µx

σx + ϵ
, (3)

where µx = 1
K

∑K
i=1 rϕ(x, yi) and σx are the mean and standard deviation of the K RM scores for

prompt x, and ϵ is a small constant for numerical stability.

We optimize the actor with a PPO-style clipped policy-ratio objective that uses the above explained
GRPO advantages Equation (3), together with an explicit regularization term that constrains deviation
from a fixed reference policy πref . Concretely, the actor minimizes

Lactor = Lclip(πθ;πθold , A) + λEt

[
DKL

(
πθ(· | st) ∥πref(· | st)

)]
. (4)

where Lclip is the standard clipped PPO surrogate (Schulman et al., 2017), and the second term
is practically implemented using an MSE-style KL regularizer (Schulman, 2017; Tang & Munos,
2025) on token-level log-probability differences, weighted by coefficient λ. We include this KL
regularization to limit policy drift and stabilize optimization, which is commonly used in RLHF-style
training to mitigate over-optimization of an imperfect RM and to preserve the base model’s behavior
(Ziegler et al., 2020; Ouyang et al., 2022).

We consider two actors for rollout Llama-3.2-3B-Instruct and
Llama-3.1-8B-Instruct, and compare GRPO training when the reward signal is
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Figure 2: Scalability of our method with respect to data size. Reward models trained from scratch on
Llama-3.2-3B improve steadily on RewardBench v1/v2 all subsets as token budget increases to 11M.

provided by: (1) our trained RM FineMath-RM-Qwen-2.5-7B, (2) corresponding ran-
domly initialized seed (Section E provides more explanation on random seed effect), and
(3) two strong off-the-shelf RM baselines Skywork-Reward-V2-Llama-3.1-8B and
Skywork-Reward-V2-Llama-3.2-3B. We evaluate the trained actor on the corresponding
test set and report mean@1 test accuracy. More details on actor training hyperparameters are reported
in Section F.

3 EXPERIMENTS

3.1 RM TRAINING AND ABLATION

We conduct comprehensive experiments to evaluate our proposed algorithm on training RMs of
different sizes and configurations. We begin with a controlled study to isolate how each key component
affects RM performance, using Llama-3.2-3B as the initialization backbone. We train reward
models from scratch with Algorithm 1 on Llama-3.2-3B using FineMath-4plus or InfiwebMath-
4plus. Over an 11M-token budget, performance steadily improves on RewardBench v1 and v2,
suggesting large-scale raw text provides a useful preference-learning signal even without curated
comparisons (Figure 2). To identify what drives these gains, we ablate key pipeline choices (reported
as improvements over the initialized seed): number of in-batch negatives, reward-centering loss, raw
data quality, and data-splitting format. We report only RewardBench v2 accuracy for ablations, as it
is newer and more challenging.

Batch Size Increasing batch size in our online preference pairing scheme consistently improves
RM performance. Each batch of B prefix–suffix pairs provides B positives and B(B − 1) cross-pair
negatives, so scaling B increases ranking supervision per update nearly quadratically. Accordingly,
larger batches yield higher peak gains over the initialized seed on RewardBench v2 (Figure 3a):
ID improvements scale cleanly with B, while OOD gains plateau with little benefit beyond B=16.
Larger B also reaches higher accuracy with a more stable trajectory over the 11M-token budget
(Figure 3b), with ID stability and final performance continuing to improve even as OOD curves
largely saturate after B=16.

Data Quality We ablate the effect of raw-text data quality by training RMs on two math-focused
web corpora: InfiwebMath-4plus and FineMath-4plus. This comparison is particularly motivated by
Allal et al. (2025), which reports that FineMath-4plus yields stronger gains than InfiwebMath-4plus

batch size ID OOD
Safety

OOD
others RBv2

8 +9.6 +3.4 +0.6 +1.0
16 +10.7 +8.3 +7.7 +6.7
32 +16.1 +5.4 +7.4 +7.7

(a) Peak RewardBench v2 subsets and
average gains vs. batch size

(b) RewardBench v2 learning curves across 11M token budget vs. batch
size

Figure 3: Effect of batch size on peak gains and learning trajectory of RewardBench v2.
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Dataset ID OOD
Safety

OOD
others RBv2

infiwebmath +14.2 +4.4 +5.1 +5.3
finemath +16.1 +5.4 +7.4 +7.7

(a) Peak RewardBench v2 subsets and
average gains vs. dataset choice. (b) RewardBench v2 learning curves across 11M token budget vs.

training datasets.

Figure 4: Effect of dataset quality on peak gains and learning trajectory of RewardBench v2.

Splitting ID OOD
Safety

OOD
others RBv2

preserve
sentence +4.6 +1.7 +3.5 +0.8

break
sentence +16.1 +5.4 +7.4 +7.7

(a) Peak RewardBench v2 subsets and
average gains vs. data splitting design.

(b) RewardBench v2 learning curves across 11M token budget vs. data
splitting design.

Figure 5: Effect of data splitting design on peak gains and learning trajectory of RewardBench v2.

when used for continued pre-training (CPT), attributing the improvement to higher-quality math
content. We observe the same trend for RM training: FineMath-4plus consistently delivers larger peak
improvements over the initialized seed across ID and OOD subsets, culminating in a substantially
higher average performance gain on RewardBench v2 (Figure 4 a). The learning dynamics also
differ—training on FineMath-4plus improves more steadily over the full 11M-token budget and
finishes at a higher average score, whereas InfiwebMath-4plus exhibits noisier progress and earlier
performance plateau (Figure 4 b).

Data Splitting Format Our online preference data depends on how we split raw web text into
prefix–suffix pairs: either only at sentence boundaries (preserve sentence) or potentially mid-sentence
(break sentence), which changes the difficulty of the induced in-batch negative samples. Allowing
sentence breaks yields much larger gains over the initialized seed on RewardBench v2 and across
all ID/OOD subsets (Figure 5 a,b). We attribute this to harder negative examples: in the preserve
sentence setting, packing prefix–suffix sequences while enforcing boundary constraints (and obeying
sentence breakers) inevitably discards many candidate spans, leaving resulting batches with examples
from disparate passages and making negatives less contextually similar and easier to reject. In
contrast, when sentence breaks are allowed, many in-batch sequences remain contiguous chunks from
the same underlying web text context, so cross-pair negatives tend to be more contextually confusable
and require finer-grained semantic and contextual consistency to rank correctly. Section C provides
more details on the preserve sentence splitting algorithm and intuition of its failure.

Figure 7: BoN accuracy curve
on Llama-3.1-8B-Instruct
GSM8K rollouts for RMs trained
with or without centering loss
(init–initialized seed).

Centering Loss We ablate the centering regularizer in our
continuation-based Bradley–Terry RM objective by training
with and without the quadratic penalty Lcenter (Equation (2)),
which keeps chosen and in-batch rejected scores near zero and
limits reward-scale drift on noisy web text. Removing centering
gives modest peak gains on some subsets within the 11M-token
budget, but effects are uneven and often accompanied by regres-
sions elsewhere, suggesting a less stable and balanced training
dynamic. Centering instead yields steadier learning and better
overall RewardBench v2 peak gains (+7.7 vs. +6.4) (Figure 6
a,b).

We also assess downstream utility via BoN selection, which
tests whether an RM can improve an actor by reliably ranking
sampled candidates. This matters under weak, noisy Bradley–
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Centering ID OOD
Safety

OOD
others RBv2 BoN

w/o
centering +16.9 +5.9 +8.6 +6.4 +2.8

w/
centering +16.4 +5.7 +7.4 +7.7 +5.4

(a) Peak RewardBench v2 subsets,
average gains and BoN max achieved

performance (MAP) gain vs. centering
loss design.

(b) RewardBench v2 learning curves across 11M token budget vs.
centering loss.

Figure 6: Effect of centering loss on RewardBench v2 peak gains, learning trajectory and BoN MAP.

Terry supervision: since the objective depends only on score
differences, reward scale can drift and margins can become overconfident, yielding heavy-tailed scores
that BoN is especially sensitive to. Score-centering constrains reward magnitudes and limits scale
drift (Section E.1); we hypothesize this improves BoN reliability by reducing spurious high-score
outliers.

In a representative in-domain setting, we report ∆MAP on GSM8K with a
Llama-3.1-8B-Instruct actor: centering substantially boosts BoN selection (+5.2 vs.
+2.8), consistent with more stable downstream optimization (Figure 6 a). The benefit also grows with
selection strength: the centered RM’s accuracy increases monotonically with N and then saturates,
while the uncentered RM peaks at small N and degrades as N grows, eventually falling below the
random baseline at larger N (Figure 7).

3.2 GENERALIZATION ACROSS INITIALIZATION BACKBONES

Table 1: Average RewardBench v1 v2 scores and
leaderboard ranks for RMs trained with different
initialization backbones.

Backbone RB v1 RB v2

Score Rank Score Rank

Llama-3.1-1B 60.0 3 33.2 3
Llama-3.1-3B 65.6 4 36.2 9
Qwen2.5-3B-Inst. 70.0 3 46.2 8
Qwen2.5-7B-Inst. 73.8 18 57.0 5

To evaluate whether the proposed algorithm de-
pends on a particular model family or scale, we
repeat training with multiple initialization back-
bones spanning both the Llama and Qwen fam-
ilies, including base and instruct-tuned variants
and parameter scales from 1B to 7B. Table 1
reports the resulting RewardBench performance.
Across backbones, the trained RMs are compet-
itive relative to size-matched baselines on both
RewardBench v1 and v2 leaderboards. Specifi-
cally, for each initialization, we evaluate ranking
within a parameter-matched cohort: 0.5–1.5B

models for 1B backbones, 3–4B models for 3B backbones, and 7B models for 7B backbones. Under
this normalization, all trained models attain strong comparative performance on RewardBench v2
(top-10 within their respective cohort), and RewardBench v1 exhibits similarly consistent competitive-
ness across backbones (Table 1, Section E.2). These results indicate that our proposed RM training
recipe transfers robustly across initialization choices.

3.3 BEST-OF-N ACCURACY AND SCALING

Motivated by improved performance on both ID and OOD subsets of RewardBench v2, we assess the
downstream actor-selection utility of our web-trained RMs using BoN on two ID math reasoning
tasks (GSM8K, MATH500) and two OOD safety/instruction-following tasks (Toxigen, IFEval).
Specifically, we choose two representative RMs trained with the method in Section 2.1 that differ in
backbone initialization: FineMath-RM-Llama-3.2-3B initialized from Llama-3.2-3B, and
FineMath-RM-Qwen-2.5-7B, initialized from Qwen2.5-7B-Instruct (Section 2).

Across both ID and OOD tasks, our trained RMs exhibit BoN scaling that becomes in-
creasingly consistent as the actor size increases. Accuracy generally rises with N : gains
are modest or sometimes negligible for FineMath-RM-Llama-3.2-3B when paired with
the smallest Llama-3.2-1B-Instruct actor, but become clear and consistent for larger
actors. FineMath-RM-Qwen-2.5-7B shows much larger and often monotonic improve-
ments—especially as the actor becomes more capable. This pattern indicates that our RMs can reliably
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rank and surface better actor-generated candidates on both ID math reasoning tasks and OOD safety-
focused tasks. Comparatively, for FineMath-RM-Llama-3.2-3B the benefit of scaling actor
size is more pronounced on ID tasks than on OOD tasks, whereas FineMath-RM-Qwen-2.5-7B
shows similar trends for all tasks (Figure 8).

Figure 8: BoN scaling curves of RMs across two
ID math tasks (GSM8K, MATH500) and two OOD
safety/instruction-following tasks (Toxigen, IFEval).

We also compare against two strong
baselines, Skywork-Reward-V2-
Llama-3.2-3B and
Skywork-Reward
-V2-Llama-3.1-8B trained from
26M high-quality curated preference
pairs (Liu et al., 2025). While Skywork
remains stronger in absolute MAP across
most settings, the gap between both our
trained RMs and Skywork narrows as the
actor becomes more capable. Notably,
FineMath-RM-Qwen-2.5-7B is
competitive with—and in several cases
exceeds—at least one of the Skywork
baselines on both ID task MATH500 and
OOD task Toxigen (Figure 8). This result
is noteworthy given that we use fewer
and less carefully curated training data
(11M tokens vs. 26M preference pairs),
relying on noisy web data without human
or LLM-based labels. Overall, these
results indicate that our web-trained RMs
provide effective selection signals, and
their downstream utility improves with
both RM size and actor size.

3.4 ACTOR TRAINING

For actor training, we focus on
FineMath-RM-Qwen-2.5-7B, since it shows competitive performance to Skywork
series models in BoN selection. We compare its ability to train actor policy through
GRPO on two ID tasks (GSM8k and MATH) against two Skywork model baselines
and its own initialized seed to control against random initialization effect (Section 2).
Using FineMath-RM-Qwen-2.5-7B RM scoring as the GRPO reward produces consistent

gains of mean@1 test accuracy on both ID tasks GSM8K and MATH, and across both actor scales
Llama-3.2-3B-Instruct and Llama-3.1-8B-Instruct. Across settings, GRPO with
our trained RM yields the best or second-best performance in most comparisons. It achieves the
best result on GSM8K with the 8B actor and remains consistently competitive elsewhere (Table 2,
Section F).

Table 2: Performance comparison using absolute accu-
racy across different actor and reward model configura-
tions.

Actor: Llama-3.2-3B-Instruct Actor: Llama-3.1-8B-Instruct

MATH GSM8K MATH GSM8K

Before training 0.268 0.789 0.423 0.876

Skywork-Reward-V2-Llama-3.1-8B 0.419 0.833 0.447 0.882

Skywork-Reward-V2-Llama-3.2-3B 0.439 0.819 0.465 0.884

FineMath-RM-Qwen-2.5-7B 0.420 0.823 0.437 0.886
FineMath-RM-Qwen-2.5-7B-Init 0.399 0.812 0.428 0.879

To disentangle gains from reward learn-
ing versus backbone initialization, we
report an -Init control that uses
the Qwen2.5-7B-Instruct back-
bone without training. While randomly
initialized seed can provide positive re-
ward signals in some of the settings, it is
consistently the weakest among all reward
variants, and our trained RM outperforms
it in every setting, indicating that the im-
provements are driven by the learned re-
ward signal rather than initialization effects. The Skywork reward models yield larger and more
consistent gains—particularly on MATH—consistent with its better performance on BoN selection
(Table 2). Notably, despite using no manual curation and training solely from math web text, our
trained RM remains competitive and delivers consistent improvements.
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A REPRODUCIBILITY: DATASET AND CODE

The dataset and codebase will be released after double-blind review period ends.

B EXTENDED RELATED WORKS

B.1 COST ESTIMATE OF CURRENT RLHF PIPELINE

RLHF relies critically on the availability of high-quality preference datasets, but collecting those
datasets is widely viewed as one of the dominant bottlenecks in the RLHF workflow—spanning
prompt curation, candidate generation, preference labeling, and iterative refinement. This is empha-
sized in Dong et al. (2024), which lays out end-to-end RLHF pipelines and highlights how feedback
collection/labeling becomes a central practical constraint when scaling RLHF beyond small offline
datasets.

In this context, we explicitly quantify the cost of the full preference-data workflow focusing primarily
on candidate generation (a prompt is used to generate a candidate pool) and preference annotation (a
judge assigns which candidate is chosen/rejected) using representative datasets used by the Dong
et al. (2024) RLHF workflow.

Because the underlying datasets may use a mixture of completion models and judge models, we
report costs by instantiating token volumes under a single representative model class for each stage.
Specifically, for both candidate generation and LLM judging, we assume a GPT-4–class model for
demonstration (e.g., gpt-4o (OpenAI et al., 2024)), not because it necessarily reflects the exact
model used in data collection, but because it provides a consistent reference point for pricing across
datasets. This assumption should be viewed as an average-cost proxy—rather than the most advanced

14



Dataset #Pairs N PromptLen PrefLen RejLen Tcand Overhead (in/out) T gen
in T gen

out Cost ($) $/pair

HH-RLHF 115,396 160.4 82.2 73.6 155.8 0 / – 18.51M 17.98M 180.85 0.00157
SHP 93,301 186.2 173.6 88.8 262.4 0 / – 17.37M 24.48M 230.60 0.00247
HelpSteer 37,131 530.0 116.4 89.3 205.7 0 / – 19.68M 7.64M 100.46 0.00271
PKU-SafeRLHF-30K 26,874 21.5 70.4 74.6 145.0 0 / – 0.58M 3.90M 32.33 0.00120
UltraFeedback 340,025 161.5 279.5 211.1 490.6 0 / – 54.91M 166.82M 1444.36 0.00425
UltraInteract 161,927 507.4 396.6 416.7 813.3 0 / – 82.16M 131.70M 1217.89 0.00752
CodeUltraFeedback 50,156 172.8 427.6 400.6 828.2 0 / – 8.67M 41.54M 349.65 0.00697
Argilla-Math 2,418 36.5 276.5 265.3 541.8 0 / – 0.09M 1.31M 10.66 0.00441
OpenOrca 6,926 153.3 165.4 260.5 425.9 0 / – 1.06M 2.95M 25.72 0.00371
Capybara 14,811 634.5 348.4 401.9 750.3 0 / – 9.40M 11.11M 107.70 0.00727

Dong et al. (2024) – – – – – – – – 3700.22 –

Table 3: Estimated candidate generation cost instantiated with a GPT-4–class completion model
gpt-4o.

or specialized reasoning model—while still being strong enough to produce high-quality candidate
completions and reliable preference judgments.

To estimate candidate generation cost, we treat each preference pair as one prompt that yields two
generated completions (preferred and rejected). Thus, each pair corresponds to a single generation
call with prompt-side input (plus optional fixed overhead) and two completion outputs. Using the
dataset length statistics, the generated output tokens per pair are computed as:

Tcand = PrefLen + RejLen. (5)

We then include an assumed constant input overhead Ogen
in (e.g., system message + formatting

constraints). For a dataset with N preference pairs, the total token usage for candidate generation is:

T gen
in = N

(
PromptLen +Ogen

in

)
, T gen

out = N · Tcand. (6)

Finally, given per-million token prices P gen
in and P gen

out for a GPT-4–class completion model, the total
candidate generation cost is:

Costgen = (T gen
in /106)P gen

in + (T gen
out /10

6)P gen
out . (7)

In Table 3, we report candidate generation cost estimates based on the above calculations Equation (7)
for the representative preference dataset included in Dong et al. (2024). Costs are computed per
dataset using the publicly listed gpt-4o text rates Pin = $2.50 and Pout = $10.00 per 1M tokens.
We additionally report the aggregate total obtained by summing costs across datasets, reflecting the
common RLHF practice of training on the union of these curated preference corpora.

To estimate the LLM annotation cost (assuming single judge), we treat each preference pair as one
judge call whose input is the concatenation of the prompt and the two candidate responses plus a
fixed rubric/formatting overhead, and whose output is a short structured decision. The content tokens
per pair are computed as:

Tcontent = PromptLen + PrefLen + RejLen. (8)

We then include an assumed constant input overhead Ojudge
in tokens and output budget Ojudge

out tokens
(e.g., JSON verdict + brief rationale). For a dataset with N labeled pairs, total token usage is:

T judge
in = N(Tcontent +Ojudge

in ), T judge
out = N ·Ojudge

out . (9)

Given per-million token prices P judge
in , P judge

out for a GPT-4–class judge, the total cost is:

Cost = (T judge
in /106)P judge

in + (T judge
out /106)P judge

out . (10)

Similar to Table 3, Table 4 reports candidate annotation cost estimates based on calculation of
Equation (10) for the representative preference dataset included in Dong et al. (2024).
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Dataset #Pairs N PromptLen PrefLen RejLen Tcontent Overhead (in/out) T judge
in T judge

out Cost ($) $/pair

HH-RLHF 115,396 160.4 82.2 73.6 316.2 40 / 40 41.10M 4.62M 148.92 0.00129
SHP 93,301 186.2 173.6 88.8 448.6 40 / 40 45.59M 3.73M 151.29 0.00162
HelpSteer 37,131 530.0 116.4 89.3 735.7 40 / 40 28.79M 1.49M 86.91 0.00234
PKU-SafeRLHF-30K 26,874 21.5 70.4 74.6 166.5 40 / 40 5.55M 1.07M 24.57 0.00091
UltraFeedback 340,025 161.5 279.5 211.1 652.1 40 / 40 235.71M 13.60M 725.83 0.00213
UltraInteract 161,927 507.4 396.6 416.7 1320.7 40 / 40 220.56M 6.48M 616.28 0.00381
CodeUltraFeedback 50,156 172.8 427.6 400.6 1001.0 40 / 40 52.20M 2.01M 150.52 0.00300
Argilla-Math 2,418 36.5 276.5 265.3 578.3 40 / 40 1.50M 0.10M 4.74 0.00196
OpenOrca 6,926 153.3 165.4 260.5 579.2 40 / 40 4.29M 0.28M 13.53 0.00195
Capybara 14,811 634.5 348.4 401.9 1384.8 40 / 40 21.51M 0.59M 56.53 0.00382

Dong et al. (2024) – – – – – – – – 1979.10 –

Table 4: Estimated LLM annotation cost for preference labeling with a single GPT-4–class judge
(gpt-4o pricing). We use Oin = 40 input overhead tokens and Oout = 40 output tokens per pair.

B.2 RBS ALGORITHM MOTIVATION

Prior self-supervised pretraining work (Clark et al., 2020) has shown that natural text structure
can provide a strong learning signal via discrimination objectives—e.g., training a discriminator
to distinguish original text from corrupted or replaced text. While this line of work is not framed
as reward modeling and does not directly produce a reward function over candidate responses, it
supports the broader premise underlying RBS: continuation consistency and local coherence in web
text encode reusable supervisory signal at scale, which can be harvested without manual preference
labels.

C EXTENDED DETAILS ON RM TRAINING

C.1 INTUITION ON CHOOSING MATH-DOMAIN WEB TEXT

We use math-focused web text as a controlled testbed rather than as a restriction of the method. Our
continuation-based labeling procedure is domain-agnostic and in principle applicable to arbitrary
web corpora; we choose mathematical content because it provides a clean experimental setting where
the effects of training can be diagnosed with minimal ambiguity. In particular, math-centric data
enables a natural and well-defined separation between in-domain (reasoning/math) and out-of-domain
behaviors (e.g., safety refusal and general instruction following), allowing us to study transfer and
trade-offs under a single training recipe. This yields a sharper analysis than fully general web text,
where “domain” boundaries are less clear and improvements can be harder to attribute. While
mathematical writing often exhibits strong local logical structure that may make continuation-based
supervision slightly less underdetermined, our intent is not to claim math is uniquely suitable; rather,
it offers a convenient demonstration regime with standardized benchmarks and interpretable ID/OOD
partitions for evaluating reward learning from raw text.

C.2 DATASET PARAMETERS AND EXAMPLES

For experiments in this paper, we use L = 1536, L1 = 512 and L2 = 1024. For FineMath and
InfiMM-WebMath-40B dataset, we use the FineMath-4plus and InfiwebMath-4plus subsets released
by HuggingFace (Allal et al., 2025). 4plus indicates that they are the selective higher quality entries
in each dataset (as opposed to 3plus). Representative data examples for each of the datasets are shown
in 9 and 10.

C.3 INTUITION ON IN-BATCH CROSS-PAIRS ARE REASONABLE NEGATIVES

Our implicit preference construction treats the true continuation paired with a prefix as a positive, and
uses other continuations within the same minibatch as negatives. This choice is motivated by a “hard
negative” principle tailored to raw web text: continuations sampled from the same training stream
typically share surface-level properties—topic, register, formatting conventions, and vocabulary—yet
are not the correct logical continuation for a given prefix. As a result, the negative responses are not
trivially distinguishable by global cues (e.g., domain, style, or length), and the model must rely on
fine-grained compatibility between the prefix and continuation (local semantics, discourse relations,
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# Height of the room

Given the floor area of a room as 24 feet by 48 feet and space diagonal of a room as 56 feet. Can you
find the height of the room?

Correct result:
c = 16 ft

#### Solution:
We would be pleased if you find an error in the word problem, spelling mistakes, or inaccuracies and
send it to us. Thank you!
Tips to related online calculators
Pythagorean theorem is the base for the right triangle calculator.

#### You need to know the following knowledge to solve this word math problem:
We encourage you to watch this tutorial video on this math problem:

## Next similar math problems:

• Diagonal: Determine the dimensions of the cuboid, if diagonal long 53 dm has an angle with one
edge 42° and with another edge 64°.

• Cuboidal room: Length of cuboidal room is 2m breadth of cuboidal room is 3m and height is 6m
find the length of the longest rod that can be fitted in the room

• Ratio of edges: The dimensions of the cuboid are in a ratio 3: 1: 2. The body diagonal has a length
of 28 cm. Find the volume of a cuboid.

• Four sided prism: Calculate the volume and surface area of a regular quadrangular prism whose
height is 28.6cm and the body diagonal forms a 50-degree angle with the base plane.

• Cuboid diagonals: The cuboid has dimensions of 15, 20 and 40 cm. Calculate its volume and surface,
the length of the body diagonal and the lengths of all three wall diagonals.

• Space diagonal angles: Calculate the angle between the body diagonal and the side edge c of the
block with dimensions: a = 28cm, b = 45cm and c = 73cm. Then, find the angle between the body
diagonal and the plane of the base ABCD.

• The room: The room has a cuboid shape with dimensions: length 50m and width 60dm and height
300cm. Calculate how much this room will cost paint (floor is not painted) if the window and door
area is 15% of the total area and 1m2 cost 15 euro.

• Jared’s room painting: Jared wants to paint his room. The dimensions of the room are 12 feet by 15
feet, and the walls are 9 feet high. There are two windows that measure 6 feet by 5 feet each. There
are two doors, whose dimensions are 30 inches by 6 feet each. If a gallon of p

• Solid cuboid: A solid cuboid has a volume of 40 cm3. The cuboid has a total surface area of 100 cm
squared. One edge of the cuboid has a length of 2 cm. Find the length of a diagonal of the cuboid.
Give your answer correct to 3 sig. fig.

• Find diagonal: Find the length of the diagonal of a cuboid with length=20m width=25m height=150m

Figure 9: FineMath-4plus dataset example.

mathematical dependencies) to assign higher reward to the true continuation. Intuitively, these
cross-pairs preserve contextual similarity while breaking causal/semantic continuity: they resemble
“near-miss” completions that remain plausible in isolation but fail to follow from the specific prefix.
This is particularly desirable in our setting because the supervision is inherently noisy—there is no
explicit human notion of “better response”—so using context-matched, non-continuation negatives
discourages the reward model from learning brittle heuristics and instead promotes sensitivity to
coherence and entailment at the prefix–continuation boundary.

C.4 SENTENCE-AWARE SPLITTING

Section 3.1 data splitting format discusses one alternative way for prefix-suffix splitting in a sentence-
aware manner. Concretely, text documents are converted into prefix-suffix training pairs by (i)
normalizing and segmenting each document into sentence-like units and appending an end-of-
sequence marker, (ii) tokenizing each unit, (iii) greedily packing consecutive units into token blocks
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# Fermat’s Principle: no first-order change in time?

I was reading the chapter on Fermat’s principle in the Feynman lecture series. The principle is stated
along these lines:

“The correct statement is the following: a ray going in a certain particular path has the property that if
we make a small change (say a one percent shift) in the ray in any manner whatever, say in the location
at which it comes to the mirror, or the shape of the curve, or anything, there will be no first-order change
in the time; there will be only a second-order change in the time. In other words, the principle is that
light takes a path such that there are many other paths nearby which take almost exactly the same time”

Could someone please explain what “no first-order change in the time” means here?

Optics: The principle of least time

• – Frobenius Sep 21 ’19 at 19:15

Any continuous and differentiable function f(x) can be expressed as a Taylor series:

f(x0 + δx) = f(x0) +
df

dx

∣∣∣∣
x0

δx+
1

2

d2f

dx2

∣∣∣∣
x0

δx2 + · · ·+ 1

n!

dnf

dxn

∣∣∣∣
x0

δxn.

Each of these terms are called of the nth order.

If there is no “first-order” contribution, then

df

dx

∣∣∣∣
x0

= 0,

i.e. x = x0 is a stationary point. In the limit of infinitesimal δx → dx → 0, all O(n) contributions to
the Taylor series tend to zero too. But anything that goes like δxn>1 goes to 0 faster than the first-order
correction. Which means that for a minuscule δx, the only “correction” would be given by df

dx

∣∣
x0

. If
that’s also 0, then there is no correction and the function is stationary.

In this case, your f is actually the time t.

• so essentially is he saying this? f(x0 + δx) = f(x0) – Eliza Sep 19 ’19 at 18:11

• In the limit of δx → 0 yes. It means the function has a maximum/minimum there, so it’s “flat” at
that point. – SuperCiocia Sep 19 ’19 at 19:06

• So Feynman is implying that light rays not only travels in the direction which takes least time but
also in the direction at which it has many choices of the same kind (ie same transit time) nearby? –
Eliza Sep 19 ’19 at 19:23

• Feynman is just saying that light takes the path that takes the least time. So time is minimised. –
SuperCiocia Sep 19 ’19 at 20:18

By no first-order changes Feynman means that the first-order functional derivative vanishes, or equiva-
lently, the path is stationary.
By the way, no first-order changes is a common talking point of Feynman. Listen e.g. to 46:48–48:48
in the talk The Character of Physical Law, part 4, where he makes similar remarks about the principle
of least action.

Figure 10: InfiwebMath-4plus dataset example.

up to a fixed maximum length, never splitting a unit except when it exceeds the maximum (then either
split or discard), (iv) discarding blocks below a minimum effective length threshold, (v) selecting
within each retained block a unit boundary whose cumulative token count is closest to a desired prefix
length to form a prefix (preceding tokens) and suffix (remaining tokens).

C.5 RM TRAINING HYPERPARAMETERS

RM models of different backbones reported in Section 3.2 are trained using open source framework
verl (Sheng et al., 2024) with our proposed Algorithm 1 and hyperparameters reported in Table 5.
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Table 5: RM training hyperparameters.

Backbone Seed Optimizer Learning rate Batch size c (Centering coefficient)

Llama-3.2-1B 2025 Adam, betas
0.9, 0.95

1e − 6, con-
stant, 0.05
warmup ratio

32 0.01

Llama-3.2-3B 2025 Adam, betas
0.9, 0.95

1e − 6, con-
stant, 0.05
warmup ratio

32 0.01

Qwen2.5-3B-Inst. 2028 Adam, betas
0.9, 0.95

1e − 6, con-
stant, 0.05
warmup ratio

32 0.01

Qwen2.5-7B-Inst. 2025 Adam, betas
0.9, 0.95

1e − 6, con-
stant, 0.05
warmup ratio

8 0.01

We perform a learning rate sweep across candidate sets 3e− 7, 5e− 7, 1e− 6, 3e− 6, and 1e− 5 and
identify 1e− 6 as the best configuration that is consistent across initialization and backbone types.

Consistent with previous reports (Liu et al., 2025), the random seed for RM initialization does lead to
slightly variable initial RewardBench accuracy. Using Llama-3.1-3B initialization as an example,
we take 5 random seeds and evaluate on RewardBench v2, resulting in mean RewardBench v2 average
accuracy of around 0.26 with 95% confidence interval [0.223, 0.297]. Our chosen seed falls within
this representative range. For all evaluation metrics, RewardBench v1 and v2, BoN and actor training,
we explicitly compare against randomly initialized seeds to demonstrate gains in performance besides
absolute performance.

For Qwen2.5-7B-Instructwe use batch size 8 which is different from the default value reported
in Section 3.1. This is because both instruction-tuned backbones have higher initialized performance
compared to base models. In this case, scaling in-batch comparison examples provides minimal gain.
Also, increasing data loader batch size under our algorithm produces quadratic increase in effective
batch size, requiring more compute. Therefore, for these cases we use the smallest configuration that
produces a similar performance gain.

D EXTENDED DETAILS ON BON

D.1 BON GENERATION AND EVALUATION HYPERPARAMETERS

Response candidates generations for all BoN tasks are adapted from open source framework
lm-evaluation-harness (Gao et al., 2024a). Specifically, we use the datasets, prompts,
actor generation configs and evaluation metrics specified in Table 6.
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Table 6: BoN responses generation and evaluation details by task.

Task (ID/OOD) Dataset / split Prompt format Actor decoding Accuracy / scoring
criterion

MATH500 (ID) HuggingFaceH4/MATH-
500 (test)

Problem:
question.
Provide your
reasoning step by
step, then the final
answer the form
FINAL_ANSWER:
answer .

T=1.0, top-p=1.0,
max_new_tokens=512

lm-eval-harness
math-verify

GSM8K (ID) openai/gsm8k (test) Problem:
question.
Provide your
reasoning step by
step, then the final
answer the form
FINAL_ANSWER:
answer .

T=1.0, top-p=1.0,
max_new_tokens=512

lm-eval-harness
math-verify

ToxiGen (OOD) toxigen/toxigen-data
(test)

Is the following
statement hateful?
Statement: text.
Respond with either
Yes or No.
Response:

T=1.0, top-p=1.0,
max_new_tokens=20

lm-eval-harness

IFEval (OOD) google/IFEval (train) prompt T=1.0, top-p=1.0,
max_new_tokens=1280

lm-eval-harness
prompt level strict

E EXTENDED RESULTS FOR RM TRAINING

E.1 VALIDATION REWARD CURVE

In Section 2.1 and Section 3.1, we motivate the addition of centering loss by claiming that it constrains
reward magnitudes and reduces uncontrolled scale drift. Figure 11 shows the raw positive and total
reward scores on the validation set for with and without centering training configs. For both cases,
raw reward difference shows an increasing trend and gets stabilized around 1.5-2 million tokens but
the with centering loss case constrains the reward difference to much smaller range and maintains
total reward close to zero. To provide some intuition of this centering regularization for our RM
training case: we want the model to be able to learn good continuation signals from the raw text,
i.e. reliably separating chosen and rejected samples, but we in general don’t want to give scores
of large magnitude to inherently noisy data. In fact, when running a high-quality of-the-shelf RM

Figure 11: Validation reward curve with or without centering loss.
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Table 7: RewardBench v1 leaderboard RMs in the 0.5–1.5B parameter range, sorted by AvgAcc.

Model Params (B) AvgAcc Type

opencompass/CompassJudger-1-1.5B-Instruct 1.5 73.4 Generative
OpenAssistant/oasst-rm-2.1-pythia-1.4b-epoch-2.5 1.4 69.5 Seq. Classifier
Finemath-RM-Llama-3.2-1B (ours) 1.0 60.0 Seq. Classifier
Qwen/Qwen1.5-0.5B-Chat 0.5 53.8 DPO

Table 8: RewardBench v2 leaderboard RMs in the 0.5–1.5B parameter range, sorted by AvgAcc.

Model Params (B) AvgAcc Type

Skywork/Skywork-Reward-V2-Llama-3.2-1B 1.0 64.376 Seq. Classifier
Skywork/Skywork-Reward-V2-Qwen3-0.6B 0.6 61.250 Seq. Classifier
Finemath-RM-Llama-3.2-1B (ours) 1.0 33.2 Seq. Classifier
OpenAssistant/oasst-rm-2.1-pythia-1.4b-epoch-2.5 1.4 26.479 Seq. Classifier

Skywork-Reward-V2-Llama-3.1-8B on an example subset of our data, we observe that it is
able to score chosen and rejected samples in average differently but with a difference margin of also
around 4 which resembles the margin we see in the centering loss training case.

E.2 SIZE-MATCHED REWARD MODEL RANKING

In Section 3.2, we report trained RMs’ RewardBench v1 and v2 size-matched rankings. Here in
Tables 7 to 12 we provide the exact size-matched rankings with our trained RMs inserted.

Table 11: RewardBench v1 leaderboard RMs of 7B parameter size, sorted by AvgAcc.

Model Params (B) AvgAcc Type

Skywork/Skywork-VL-Reward-7B 7.0 90.070 Seq. Classifier
R-I-S-E/RISE-Judge-Qwen2.5-7B 7.0 88.191 Generative
internlm/internlm2-7b-reward 7.0 87.593 Seq. Classifier
ZiyiYe/Con-J-Qwen2-7B 7.0 87.120 Generative
opencompass/CompassJudger-1-7B-Instruct 7.0 83.167 Generative
CIR-AMS/BTRM_Qwen2_7b_0613 7.0 83.152 Seq. Classifier
openbmb/Eurus-RM-7b 7.0 82.823 Seq. Classifier
weqweasdas/RM-Mistral-7B 7.0 80.389 Seq. Classifier
Ahjeong/MMPO_Gemma_7b_gamma1.1_epoch3 7.0 77.444 DPO
NousResearch/Nous-Hermes-2-Mistral-7B-DPO 7.0 77.222 DPO
Ray2333/reward-model-Mistral-7B-instruct-Unified-Feedback 7.0 76.896 Seq. Classifier
0-hero/Matter-0.1-7B-boost-DPO-preview 7.0 76.831 DPO
Ahjeong/MMPO_Gemma_7b 7.0 76.810 DPO
HuggingFaceH4/zephyr-7b-alpha 7.0 76.470 DPO
HuggingFaceH4/zephyr-7b-beta 7.0 75.385 DPO
allenai/tulu-2-dpo-7b 7.0 75.163 DPO
0-hero/Matter-0.1-7B-DPO-preview 7.0 74.847 DPO
Finemath-RM-Qwen-2.5-7B (ours) 7.0 73.8 Seq. Classifier
prometheus-eval/prometheus-7b-v2.0 7.0 72.043 Generative
berkeley-nest/Starling-RM-7B-alpha 7.0 71.529 Seq. Classifier
ai2/tulu-2-7b-rm-v0-nectar-binarized-700k.json 7.0 71.275 Seq. Classifier
openbmb/Eurus-7b-kto 7.0 71.048 DPO
ai2/tulu-2-7b-rm-v0-nectar-binarized-3.8m-checkpoint-380k.json 7.0 70.584 Seq. Classifier
Qwen/Qwen1.5-7B-Chat 7.0 70.579 DPO
ai2/tulu-2-7b-rm-v0-nectar-binarized-3.8m-checkpoint-2660k.json 7.0 70.193 Seq. Classifier

Continued on next page

21



Model Params (B) AvgAcc Type

ai2/tulu-2-7b-rm-v0-nectar-binarized-3.8m-checkpoint-3420k.json 7.0 70.079 Seq. Classifier
ai2/tulu-2-7b-rm-v0-nectar-binarized-3.8m-checkpoint-3.8m.json 7.0 70.037 Seq. Classifier
HuggingFaceH4/zephyr-7b-gemma-v0.1 7.0 69.562 DPO
weqweasdas/RM-Gemma-7B 7.0 69.542 Seq. Classifier
ai2/tulu-2-7b-rm-v0-nectar-binarized-3.8m-checkpoint-3040k.json 7.0 69.450 Seq. Classifier
ai2/tulu-2-7b-rm-v0-nectar-binarized-3.8m-checkpoint-1900k.json 7.0 69.242 Seq. Classifier
allenai/OLMo-7B-Instruct 7.0 69.216 DPO
weqweasdas/RM-Gemma-7B-4096 7.0 69.095 Seq. Classifier
ai2/tulu-2-7b-rm-v0-nectar-binarized-3.8m-checkpoint-760k.json 7.0 69.045 Seq. Classifier
ai2/tulu-2-7b-rm-v0-nectar-binarized-3.8m-checkpoint-2280k.json 7.0 68.954 Seq. Classifier
ai2/tulu-2-7b-rm-v0-nectar-binarized-3.8m-checkpoint-1140k.json 7.0 68.084 Seq. Classifier
ai2/tulu-2-7b-rm-v0-nectar-binarized.json 7.0 67.558 Seq. Classifier
RLHFlow/RewardModel-Mistral-7B-for-DPA-v1 7.0 67.038 Seq. Classifier
ai2/tulu-2-7b-rm-v0.json 7.0 66.546 Seq. Classifier
PKU-Alignment/beaver-7b-v2.0-reward 7.0 63.906 Seq. Classifier
IDEA-CCNL/Ziya-LLaMA-7B-Reward 7.0 63.681 Seq. Classifier
PKU-Alignment/beaver-7b-v2.0-cost 7.0 60.267 Seq. Classifier
ai2/llama-2-chat-7b-nectar-3.8m.json 7.0 58.427 Seq. Classifier
PKU-Alignment/beaver-7b-v1.0-cost 7.0 58.098 Seq. Classifier
ContextualAI/archangel_sft-kto_llama7b 7.0 53.649 DPO
ContextualAI/archangel_sft-dpo_llama7b 7.0 52.737 DPO
PKU-Alignment/beaver-7b-v1.0-reward 7.0 45.684 Seq. Classifier
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Table 9: RewardBench v1 leaderboard RMs in the 3-4B parameter range, sorted by AvgAcc.

Model Params (B) AvgAcc Type

Ray2333/GRM-llama3.2-3B-rewardmodel-ft 3.0 90.9 Seq. Classifier
stabilityai/stablelm-zephyr-3b 3.0 74.0 DPO
Finemath-RM-Qwen-2.5-3B (ours) 3.0 70.0 Seq. Classifier
Finemath-RM-Llama-3.2-3B (ours) 3.0 65.6 Seq. Classifier
stabilityai/stable-code-instruct-3b 3.0 64.3 DPO
Qwen/Qwen1.5-4B-Chat 4.0 56.0 DPO
ContextualAI/archangel_sft-kto_pythia1-4b 4.0 55.9 DPO
ContextualAI/archangel_sft-dpo_pythia1-4b 4.0 52.1 DPO
weqweasdas/hh_rlhf_rm_open_llama_3b 3.0 48.4 Seq. Classifier

Table 10: RewardBench v2 leaderboard RMs in the 3-4B parameter range, sorted by AvgAcc.

Model Params (B) Avg Acc Type

Skywork/Skywork-Reward-V2-Qwen3-4B 4.0 75.51 Seq. Classifier
Skywork/Skywork-Reward-V2-Llama-3.2-3B 3.0 74.665 Seq. Classifier
Schrieffer/Llama-SARM-4B 4.0 73.793 Seq. Classifier
Skywork/Skywork-Reward-V2-Qwen3-1.7B 1.7 68.176 Seq. Classifier
Skywork/Skywork-Reward-V2-Llama-3.2-1B 1.0 64.376 Seq. Classifier
Skywork/Skywork-Reward-V2-Qwen3-0.6B 0.6 61.25 Seq. Classifier
Ray2333/GRM-gemma2-2B-rewardmodel-ft 2.0 59.661 Seq. Classifier
Finemath-RM-Qwen-2.5-3B (ours) 3.0 46.2 Seq. Classifier
Finemath-RM-Llama-3.2-3B (ours) 3.0 36.2 Seq. Classifier
weqweasdas/RM-Gemma-2B 2.0 30.566 Seq. Classifier
OpenAssistant/oasst-rm-2.1-pythia-1.4b-epoch-2.5 1.4 26.479 Seq. Classifier
weqweasdas/hh_rlhf_rm_open_llama_3b 3.0 24.98 Seq. Classifier

Table 12: RewardBench v2 leaderboard RMs of 7B parameter size, sorted by AvgAcc.

Model Params (B) Avg Acc Type

Skywork/Skywork-VL-Reward-7B 7.0 68.847 Seq. Classifier
weqweasdas/RM-Mistral-7B 7.0 59.601 Seq. Classifier
openbmb/Eurus-RM-7b 7.0 58.057 Seq. Classifier
CIR-AMS/BTRM_Qwen2_7b_0613 7.0 57.363 Seq. Classifier
Finemath-RM-Qwen-2.5-7B (ours) 7.0 57.0 Seq. Classifier
internlm/internlm2-7b-reward 7.0 53.348 Seq. Classifier
weqweasdas/RM-Gemma-7B 7.0 48.255 Seq. Classifier
PKU-Alignment/beaver-7b-v1.0-cost 7.0 33.322 Seq. Classifier
PKU-Alignment/beaver-7b-v2.0-cost 7.0 33.261 Seq. Classifier
PKU-Alignment/beaver-7b-v2.0-reward 7.0 25.435 Seq. Classifier
PKU-Alignment/beaver-7b-v1.0-reward 7.0 16.057 Seq. Classifier
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F EXTENDED RESULTS FOR ACTOR TRAINING

Unless otherwise noted, all actors are trained using the open source framework verl (Sheng et al.,
2024) following the hyperparameters in Table 13. In Figure 12, we plot the mean@1 accuracy of actor
performance on MATH and GSM8K tasks over the 5 epochs of training budget. Results reported in
Table 2 are taken from each curve’s best achieved performance over the 5 epochs.

Figure 12: Actor evaluation mean@1 accuracy curve across fixed 5 epochs training budget.

Table 13: Actor training hyperparameters for GRPO experiments. λ denotes the coefficient of the
reference regularization term in Eq. (4); rollout K is the number of sampled completions per prompt.

Task Epochs OptimizerLearning
rate

λ (KL
coeff.)

Rollout K Max gen.
len.

Batch size Eval
met-
ric

GSM8K 5 Adam,
betas
0.9,
0.95

1e–6 0.1 8 512 512 mean@1
test
accu-
racy
using
math-verify

MATH 5 Adam,
betas
0.9,
0.95

1e–6 0.1 8 512 512 mean@1
test
accu-
racy
using
math-verify
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