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Abstract

Major progress in reward modeling over recent years has been
driven by a paradigm shift from task-specific designs to gen-
eralist reward models. Despite this trend, developing effective
reward models remains a fundamental challenge: the heavy
reliance on large-scale labeled preference data. Pre-training
on abundant unlabeled data offers a promising direction, but
existing approaches fall short in instilling explicit reasoning
capabilities into reward models. To bridge this gap, we pro-
pose a self-training approach that can leverage unlabeled data
to scale up reward reasoning in reward models. Based on this
approach, we develop GRAM-R², a generative reward model
trained to produce not only preference labels but also accom-
panying reward rationales. GRAM-R² can serve as a foun-
dation model for reward reasoning and can be applied to a
wide range of tasks with minimal or no additional fine-tuning.
It can support downstream applications such as policy op-
timization and task-specific reward tuning. Experiments on
response ranking, task adaptation, and reinforcement learn-
ing from human feedback demonstrate that GRAM-R² con-
sistently delivers strong performance, outperforming several
strong discriminative and generative baselines.

Code — https://github.com/NiuTrans/GRAM/tree/main/
extensions/GRAM-RR

Models —
https://huggingface.co/collections/wangclnlp/gram-rr

Extended version — https://arxiv.org/abs/2509.02492

Introduction
Reward models are a cornerstone of aligning large lan-
guage models (LLMs) with human preferences during post-
training. Typically, a reward model is trained to encode these
preferences, and the LLM is subsequently fine-tuned to max-
imize the reward signal it provides. This paradigm is first ex-
emplified by reinforcement learning from human feedback
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(RLHF) (Stiennon et al. 2020). More recently, the use of re-
ward models has expanded beyond training into inference,
where they are used to re-rank candidate responses. This ap-
proach has emerged as a strategy in studies on inference-
time scaling laws (Wu et al. 2024; Li et al. 2025).

The dominant approach to developing reward models is to
collect a dataset of training examples demonstrating correct
behavior for desired human preferences in a specific task,
train a model to imitate these behaviors, and then test its
performance to align LLMs with independent and identi-
cally distributed examples. While this approach has proven
successful for aligning LLMs in narrow contexts (Stiennon
et al. 2020; Xu et al. 2024), its application is limited to these
tasks. As the field progresses towards artificial general in-
telligence (AGI), a paradigm shift is necessary: moving to-
wards generalist reward models that can generalize across a
wide range of tasks to facilitate the broader alignment of AI
systems with human preferences.

Labeling multi-task, large-scale preference data offers a
strategy to enhance generalist performance (Cui et al. 2023;
Wang et al. 2024c,b). However, from a multi-task learning
perspective, each labeled example is drawn from a task-
specific distribution, and current reward models typically re-
quire hundreds or thousands of labeled examples to learn
functions that generalize well across tasks (Zhang and Yang
2021). This reliance on labeled data poses a significant bot-
tleneck, making it challenging to scale reward model train-
ing to the level of LLM training.

A promising direction is to pre-train on unlabeled data
before fine-tuning on a smaller labeled set. This two-stage
paradigm first equips the model with implicit knowledge
of human preferences from unlabeled data, such as input-
response pairs, and then fine-tunes it using labeled data.
Since the pre-training stage does not depend on large-scale
labeled datasets, it is highly scalable. Under this paradigm,
foundation reward models such as GRAM (Wang et al.
2025b) and POLAR (Dou et al. 2025) have emerged. How-
ever, while these foundation models effectively learn what
humans prefer, they do not capture the explicit reasoning be-
hind why those preferences are held during the pre-training
process. This limitation prevents them from leveraging the
strong reasoning capabilities inherent to the LLM backbone.
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More importantly, another line of work has demonstrated
that incorporating explicit reasoning (referred to as reward
reasoning) into reward models can substantially improve
model performance (Chen et al. 2025; Guo et al. 2025).

In this paper, we connect these two lines of work and ex-
tend the pre-training stage to incorporate reward reasoning
explicitly. Our goal is to endow foundation reward models
with the capability to perform reward reasoning across a
wide range of downstream tasks, either without fine-tuning
or with only minimal task-specific supervision. To train this
model, we propose a self-training approach designed to elicit
reward reasoning using labeled data that lacks rationales (re-
ferred to as rationale-free labeled data) and vast amounts
of unlabeled data. This approach can circumvent the need
for expensive rationale-based annotations, thus ensuring the
scalability required for building foundation reward models.
Specifically, we first train a preference-proving model con-
ditioned on an input, a response pair, and a preference label,
which generates a proof explaining why the labeled pref-
erence holds. For rationale-free labeled data, we use this
preference-proving model to synthesize rationales for each
example. For unlabeled data, we allow the reward model
to enhance its reward reasoning capability through a self-
training loop iteratively: 1) the reward model predicts pref-
erence labels for unlabeled data; 2) the preference-proving
model generates corresponding rationales; and 3) the reward
model is updated using the synthesized data. Notably, our
self-training process allows the reward model to scale up its
reward reasoning by leveraging vast unlabeled data.

We introduce the resulting model as a Generative foun-
dation RewArd Model for Reward Reasoning (GRAM-R2).
It can be directly applied to downstream tasks such as re-
sponse ranking or further fine-tuned with a small amount of
task-specific data. In our experiments, we evaluate GRAM-
R2 under three settings: response ranking, task adaptation,
and RLHF. Across all test cases, GRAM-R2 consistently
exhibits a strong reward reasoning capability with little or
no additional fine-tuning, and significantly outperforms both
discriminative and generative baselines. For instance, when
using LLaMA-3.1-8B-Instruct as the backbone, GRAM-R2

achieves gains of 10.1 and 6.9 points in average accuracy
on RM-Bench over vanilla discriminative and generative re-
ward models, respectively. These results demonstrate that
strong reasoning capabilities can be elicited from rationale-
free labeled and unlabeled data.

Related Work
Reward Modeling. Reward models, typically trained on
human preference data, are central to RLHF and other align-
ment strategies like DPO and rejection sampling (Lee, Auli,
and Ranzato 2021; Rafailov et al. 2023; Chu et al. 2023;
Wang et al. 2024a; Zhou et al. 2024; Wang et al. 2025c).
Recent works on improving reward models could be classi-
fied into three groups. The first group focused on large-scale,
high-quality training data, developing either task-specific
datasets (Stiennon et al. 2020; Xu et al. 2024) or more gen-
eral preference datasets (Cui et al. 2023). The second group
explored stronger reward modeling approaches (Coste et al.
2024; Min et al. 2024). Notably, researchers have shown

that integrating explicit reasoning into reward models is cru-
cial for improving alignment performance (Chen et al. 2025;
Guo et al. 2025). Although reward modeling through these
approaches effectively captures human preferences, they of-
ten rely heavily on complex reinforcement learning and la-
beled data. To alleviate this, a third line of work has emerged
that leverages unlabeled data to pre-train foundation reward
models, such as GRAM (Wang et al. 2025b) and POLAR
(Dou et al. 2025). However, these approaches overlook the
development of reward reasoning capabilities, thereby limit-
ing the model to exploit the reasoning potential of the LLM
backbone fully.

Self-Training. Self-training (Scudder 1965; Han, Luo,
and Wang 2019; Xie et al. 2020; Wang et al. 2021) is a
classic semi-supervised learning framework. The basic idea
is to employ model predictions on unlabeled data to gener-
ate pseudo-labels. These pseudo-labeled examples are then
used to augment the original training set, enabling the model
to improve its performance by leveraging large-scale unla-
beled corpora without requiring additional human annota-
tion. Such a guiding principle has shown empirical success
in diverse domains such as computer vision (Yalniz et al.
2019; Zoph et al. 2020), natural language processing (Yeo
et al. 2024; Zhang et al. 2024a; Luo et al. 2025), and life-
long learning (Lee et al. 2019). Here, we extend this idea
to training reward models and show that self-training with
large-scale unlabeled data can effectively scale up reward
reasoning in reward models. To our knowledge, this is the
first work to apply self-training to reward model training.

Preliminaries
Reward Model Training
In LLMs literature, a reward model is typically written as a
function rϕ(x, y), where ϕ is the set of model parameters, x
is the input, and y is the response. Throughout this work, an
input can be an arbitrary token sequence fed into an LLM,
such as “What is the capital of France?”, and a response is
the token sequence produced by the LLM as a result of that
input, such as “Paris”. To date, mainstream reward model
architectures can be broadly categorized into two types: dis-
criminative and generative.

Discriminative Reward Models. Discriminative reward
models compute scores directly as scalar outputs from a
classification architecture. Such a model typically consists
of a Transformer decoder without a Softmax layer. The con-
catenated input–response [x, y] is passed via a pre-trained
LLM, and the final-layer hidden representations are used to
compute a scalar score. This model can be trained through
a Bradley-Terry loss function (Bradley and Terry 1952).
While this loss function considers pairwise ranking between
responses, the trained reward model is used as a scoring
function that assigns a numerical reward rϕ(x, y) to each
response y, along with its corresponding input x.

Generative Reward Models. While discriminative re-
ward models have demonstrated success, this scoring ap-
proach fails to fully leverage the text generation capabili-
ties that LLMs are fundamentally designed for (Zhang et al.
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Transformer Decoder (LLM)

c x ya yb

Prompt Input Response A Response B

<think>
Feedback: Response A... . Response B... .
Comparison: Response B is better, because...
Conclusion: Response B is better.
</think>
<answer> B</answer>

Rationale z

Preference Label l

Figure 1: Architecture of the Generative Reward Model. The
generative reward model utilizes a pre-trained LLM to pre-
dict a preference label from a given prompt directly. Option-
ally, it can incorporate reward reasoning before generating
the final preference label prediction.

2024b). To address this limitation, recent studies have in-
creasingly focused on developing generative reward mod-
els (Liang et al. 2025). These models produce reward sig-
nals via natural language generation. Specifically, they use
an LLM to generate preference-related tokens, given a nat-
ural language prompt c and a tuple (x, ya, yb). The prompt
describes the task in natural language, and the model pre-
dicts a label token w that aligns with the human preference
l, where l = A denotes preference for ya, and l = B indi-
cates preference for yb. The model can be trained by

Lg = −E(c,x,ya,yb,l)∼Dr

[
log πϕ(w = l|s)

]
(1)

where s denotes the string [c, x, ya, yb], and πϕ(·) denotes
the probability of token prediction by the LLM.

Recent studies have shown that framing reward predic-
tion as a reasoning task can further leverage the powerful
reasoning capabilities of LLMs to improve reward modeling
performance (Chen et al. 2025; Guo et al. 2025). In these
works, the model is trained to generate explicit reward rea-
soning (e.g., analyzing and evaluating the responses individ-
ually) before predicting the final preference label as shown
in Figure 1. Let z denote this rationale, a natural language
justification for the preference label. The model first gener-
ates z conditioned on the input string s, and then predicts the
preference label based on both the context and the generated
rationale. In this process, it can be trained to generate both
the rationale and the final label via the following objective:

Lg = −E(c,x,ya,yb,l,z)∼Dp[
log πϕ(z|s) + log πϕ(w = l|s, z)

]
(2)

where Dp is a set of annotated data containing both a pref-
erence label l and a corresponding labeled rationale z. Note
that although incorporating reward reasoning significantly
improves the performance of reward models, it presents a
non-trivial challenge: it requires costly human annotations
that include not only preference labels but also their corre-
sponding detailed rationales.

Applying Reward Models
Three applications of foundation reward models can be con-
sidered in LLMs. A straightforward application is response
ranking, where several responses are given, and we score
and rank these responses. This approach is widely used in
reranking settings, such as best-of-n sampling, where the
highest-scoring response among n candidates is selected
based on reward scores (Lee, Auli, and Ranzato 2021; Fer-
nandes et al. 2022; Gao, Schulman, and Hilton 2023).

A second application of reward models is to provide learn-
ing signals for fine-tuning LLMs toward human preferences
in RLHF, typically through algorithms such as PPO (Ouyang
et al. 2022; Wang et al. 2022).

A third application is that when task-specific human pref-
erence data is available, the reward model can be further
fine-tuned to better align with that particular task (Wang
et al. 2025a; Dou et al. 2025). The adapted reward model
can then be used in downstream applications such as RLHF
or response ranking.

Our Method
In this section, we present a Generative foundation RewArd
Model for Reward Reasoning (GRAM-R2). An overview of
the GRAM-R2 training process is shown in Figure 2. As
illustrated, we first train a preference-proving model and
then utilize it to perform iterative self-training to pre-train
GRAM-R2, enabling it to scale up its reward reasoning us-
ing vast rationale-free labeled data and unlabeled data.

Preference-Proving Model Training
While a considerable amount of labeled preference data ex-
ists, it often lacks the very rationales needed to train gener-
ative reward models in the art of reward reasoning. To un-
lock the full potential of this data, we propose a preference-
proving model that can automatically generate textual proofs
for the provided preference labels.

Task Definition. Given an example (s, l) from a rationale-
free labeled dataset Dr, the objective of the preference-
proving model is to generate a textual proof ẑ that justi-
fies the preference label l. We define the preference-proving
model as a conditional LLM:

πψ : (s, l) 7→ ẑ (3)

where ψ denotes the model parameters. To train the model,
we minimize the negative log-likelihood of generating the
ground-truth rationale:

Lp = −E(c,x,ya,yb,l,z)∼Dp
[log πψ(ẑ | s, l)] (4)

In our implementation, we design a reversible transfor-
mation rule that converts a rationale z into a structured,
proof-like format ẑ and vice versa. Notably, training the
preference-proving model requires significantly less anno-
tated data than training the reward model itself, as it only
involves teaching the model to explain existing preference
judgments rather than learning the preferences from scratch.
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(a) Training with Rationale-Free Labeled Data

Rationale-Based
Labeled Data Dp

Training a Preference-
Proving Model πψ(·)

Generating Proofs for Rationale-Free
Labeled Data Dr

Here is my justification for
why the selected response is
the better one.
First, Response A is mostly
helpful... Response B is par-
tially helpful...
Thus, Response A is better.

Dr with Synthesized Rationales

<think>
Response A is mostly
helpful ...
Response B is partially
helpful ...
</think>

<answer> B </answer>

(b) Training with Unlabeled Data

Unlabeled Data
{D1

u, D
2
u, · · · , Dm

u }

Predicting Preference
Labels for Di

u

Training an
Initial GRAM-R2

Synthesizing
Rationales with πψ(·)

Updating GRAM-R2

with Synthesized Data

Reform

Figure 2: An overview of the self-training approach for GRAM-R2. The process begins by training a preference-proving model
on a small, rationale-based seed dataset of approximately 40.5K examples. This model is then used to synthesize rationales for
a larger, rationale-free labeled dataset of 1M examples, which in turn is used to train the initial GRAM-R2 model. Subsequently,
GRAM-R2 undergoes three iterations of self-training, using a new batch of 0.5M unlabeled examples in each iteration.

Preference Proof Selection. To enhance the quality and
reliability of the generated proofs, we do not rely on a single
output from the preference-proving model. Instead, for each
input tuple (s, l), we employ a sampling-and-filtering strat-
egy. First, we generate k candidate proofs {ẑ1, ẑ2, · · · , ẑk}
by sampling from the model πψ with a non-zero tempera-
ture. We then re-rank the sampled proofs using a probabilis-
tic scoring function. For each candidate ẑi, we compute

Score(s, l, ẑi) = − log πψ(ẑ
i|s, l)

log πψ(ẑi)
(5)

This scoring function produces values in the range (−∞, 0],
with higher scores indicating higher-quality proofs. The ba-
sic intuition behind this design is to favour proofs that are
highly specific to the given context (s, l). It accomplishes
this by rewarding proofs that are probable given the context
but improbable in isolation, thereby penalizing generic or
templated statements that lack contextual relevance.

Self-Training with Unlabeled Data
The preference-proving model allows us to synthesize ra-
tionales for existing labeled data, thereby creating a dataset
suitable for training reasoning reward models. However, the
performance of this approach is ultimately constrained by
the scarcity of the initial labeled preference data. To over-
come this bottleneck and further enhance the model’s reward
reasoning capabilities, we introduce a self-training approach
that leverages abundant unlabeled data.

Iterative Self-Training. Starting with an initial generative
reward model trained on labeled data with synthesized ratio-
nales, we iteratively enhance it using batches of unlabeled
data {D1

u, D
2
u, · · · , Dm

u }. In the i-th iteration, the model is
first used to generate preference labels (i.e., preference pre-
dictions) for the unlabeled data in batch Di

u. These pseudo-
labeled samples are then fed into the preference-proving

model, which synthesizes corresponding rationales. The re-
sulting rationale-based data is merged with the existing syn-
thesized data, and the reward model is retrained on this com-
bined set. This updated model is then used in the next itera-
tion to further improve reward reasoning capabilities.

Preference Label Denoising. A principal challenge in
self-training is the propagation of errors from noisy pseudo-
labels, which can degrade model performance over succes-
sive iterations (Xie et al. 2020; Das and Sanghavi 2023).
To mitigate this risk, we implement a multi-pronged denois-
ing strategy that filters both unreliable preference labels and
low-quality rationales. First, to enhance label stability, we
aggregate predictions from multiple inference runs and ap-
ply a majority vote strategy. Second, we enforce a confi-
dence threshold, discarding any pseudo-label whose softmax
probability falls below a predefined value. Finally, we vali-
date the rationales themselves through rule-based checks to
remove malformed or irrelevant examples. Specifically, we
discard examples that contain excessively long rationales,
omit rationales to the predicted preference label, or fail to
adhere to the structural constraints specified in the prompt.

It is worth noting that a key design choice in our self-
training pipeline is the use of a dedicated preference-proving
model to generate rationales, rather than relying on those
produced internally by the reward model itself. This decision
is motivated by the pursuit of high-quality, reliable proofs.
While the reward model is trained to perform both reasoning
and prediction, the preference-proving model specializes in
a single task: generating compelling and coherent proofs.

Experiments
Experimental Setups
Model Backbones. For our main experiments, we initial-
ized the preference-proving model with Qwen3-14B (Yang
et al. 2025). For the GRAM-R2 model itself, we devel-
oped and evaluated two separate versions based on the
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Model Params. RM-Bench JudgeBench

Chat Math Overall Knowl. Reason. Overall

LLM-as-a-Judge
GPT-4o♯† - 67.2 67.5 72.5 50.6 54.1 59.8
Claude-3.5-Sonnet♯† - 62.5 62.6 61.0 62.3 66.3 64.8
DeepSeek-R1-0528† 671B 76.7 74.3 72.8 59.1 82.7 78.8

Open-Source Reward Models
Llama-3.1-Nemotron-70B-Reward‡ 70B 70.7 64.3 70.7 62.3 72.5 67.2
Skywork-Reward-Gemma-2-27B‡ 27B 71.8 59.2 70.5 59.7 66.3 65.0
Skywork-Reward-Llama-3.1-8B‡ 8B 69.5 60.6 70.1 59.1 64.3 62.5
Nemotron-Super‡ 49B 73.7 91.4 82.7 71.4 73.5 77.2
Nemotron-Super-Multilingual‡ 49B 77.2 91.9 84.2 64.9 74.5 75.2

Reasoning Reward Models
RM-R1-Distilled-Qwen-32B 32B 74.2 91.8 83.9 76.0 80.6 78.8
RM-R1-Distilled-Qwen-14B 14B 71.8 90.5 81.5 68.1 72.4 78.1
RRM-32B 32B 66.6 81.4 73.1 79.9 70.4 75.7

Training with Unlabeled Preference Data
GRAM-Qwen3-14B 14B 67.4 55.2 69.9 63.0 64.3 71.4
GRAM-Qwen3-8B 8B 63.5 53.9 68.3 62.3 64.3 67.8

Training on the Same Labeled Preference Data (LLaMA-3.1-8B-Instruct)
Discriminative RM 8B 70.2 78.3 76.0 88.2 67.1 74.4
Generative RM 8B 74.8 81.1 79.2 90.8 69.4 76.9
GRAM-R2 (Ours) 8B 76.0 89.8 85.7 90.9 83.7 81.0

+voting@16 8B 76.3 90.4 86.1 91.2 84.3 81.6
Training on the Same Labeled Preference Data (LLaMA-3.2-3B-Instruct)
Discriminative RM 3B 70.5 70.6 75.6 86.0 70.9 73.4
Generative RM 3B 72.3 72.1 77.1 90.4 74.3 76.6
GRAM-R2 (Ours) 3B 74.4 88.8 83.8 93.0 78.1 80.3

+voting@16 3B 74.8 89.4 84.6 93.5 78.6 80.8

Table 1: Accuracies (%) on RM-Bench and JudgeBench. The best result in each group is in bold. Results marked with ♯ on
RM-Bench are from Chen et al. (2025), those with † on JudgeBench are from Liu et al. (2025), and those with ‡ for both
RM-Bench and JudgeBench are from Wang et al. (2025d). The other baseline results are either reproduced from their original
papers or obtained by evaluating their publicly available models or API access. We use a dotted line to distinguish between the
discriminative and generative reward models. Results for the “Code” and “Safety” dimensions of RM-Bench and the “Math”
and “Code” dimensions of JudgeBench can be found in our full arXiv version.

LLaMA-3.1-8B-Instruct and LLaMA-3.2-3B-Instruct mod-
els (Dubey et al. 2024).

Training Datasets. Our preference-proving model was
trained on the HelpSteer3 dataset (Wang et al. 2025d),
which comprises 40.5K labeled preference examples. Each
example was enriched with human-written feedback and
a comparative analysis, and we treated this combination
as the rationale. For the initial training of GRAM-R2,
we curated a 1M-sample rationale-free dataset by amal-
gamating data from various open sources: MultiPref (Mi-
randa et al. 2024), CodeUltraFeedback (Weyssow et al.
2024), Unified-Feedback, Prometheus2-Preference (Kim
et al. 2024), PKU-SafeRLHF (Ji et al. 2023), and Skywork-
Reward-Preference-80K-v0.2 (Liu et al. 2024a). The unla-
beled data for self-training was sourced from the Stack-
Exchange dataset. To enhance the model’s reasoning capa-

bilities after pre-training, we performed fine-tuning on the
human-annotated rationale-based HelpSteer3 dataset.

Baselines. Our primary baselines included strong open-
source reward reasoning models, such as RRM (Guo et al.
2025) and RM-R1 (Chen et al. 2025). We also compared
GRAM-R2 with several strong baselines: LLM-as-a-Judge,
where we prompted LLMs like GPT-4o and DeepSeek-V3
to generate preferences; open-source reward models, open-
source discriminative and generative reward models, includ-
ing Nemotron-Super-GenRM (Wang et al. 2025d), and oth-
ers; and training on the same labeled preference data, de-
noting the standard reward models trained on discrimina-
tive and generative frameworks using our labeled preference
data, respectively (denoted as Discriminative RM and Gen-
erative RM). Furthermore, we compared GRAM-R2 with
several approaches designed to utilize the unlabeled data to
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Figure 3: Best-of-n sampling performance curves for GRAM-R2 and strong baseline models on the PPE benchmark. “D-
Baseline” and “G-Baseline” refer to discriminative and generative reward models, respectively, trained on the same labeled
preference data. “Ground Truth” represents an oracle reward model that selects responses based on gold-truth answers. All
results are reported using the LLaMA-3.1-8B-Instruct backbone.

enhance reward models. These include GRAM, which pre-
trains a generative reward model on a response generation
task (Wang et al. 2025b). Note that the POLAR model is ex-
cluded from this comparison (Dou et al. 2025), as it requires
reference responses not available in these benchmarks.

Pair-wise Response Ranking
Task Setups. Pairwise response ranking is the most com-
monly used evaluation protocol for reward models. Given
an input xt and two candidate responses, yta and ytb, the task
is to predict the preferred response. Evaluation is conducted
on a test set Dt

pair = (xt, yta, y
t
b, l

t), where lt denotes the
ground-truth preference label. Model performance is mea-
sured by the accuracy of its predictions against these labels.
For this task, we evaluate GRAM-R2 on two widely adopted
benchmarks: RM-Bench (Liu et al. 2024b), which assesses
the model’s ability to detect subtle stylistic preferences, and
JudgeBench (Tan et al. 2024), which is designed to evaluate
generative reward models across diverse tasks.

Results. We evaluated the reward reasoning capabilities of
GRAM-R2 using the pairwise response ranking task. Ta-
ble 1 reports the performance of GRAM-R2 and various
baselines on RM-Bench and JudgeBench. Firstly, a key find-
ing from the results is the consistent and substantial per-
formance improvement brought by incorporating unlabeled
data through self-training. Notably, across both backbone
settings, GRAM-R2 outperforms both discriminative and
generative baselines trained on the same labeled dataset,
demonstrating that reward reasoning capabilities can be ef-
fectively scaled using large-scale unlabeled data. Further-
more, compared to reasoning reward models that rely on
expensive rationale-based annotations or complex reinforce-
ment learning training, GRAM-R2 achieves stronger reward
reasoning performance through a simpler and more cost-
effective approach, i.e., only using supervised fine-tuning
with rationale-free labeled data and unlabeled data. This

highlights the practicality and scalability of our approach
for training generalist reward models. Additionally, our ap-
proach enables the development of compact yet competitive
reward models. For instance, our GRAM-R2 model initial-
ized with LLaMA-3.2-3B-Instruct achieves scores of 83.8%
on RM-Bench and 80.3% on JudgeBench. This performance
is remarkably on par with that of the much larger RM-R1-
Distilled-Qwen-32B (which scores 83.9% and 78.8%, re-
spectively), despite our model being over 10 times smaller.

List-wise Response Ranking

Task Setups. In practice, multiple candidate responses are
typically generated for re-ranking. Given a list-wise test set
Dt

list = {(xt, yt1, yt2, · · · , ytn)}, where n denotes the num-
ber of candidates, the task is to either rank the responses
or identify the most preferred one based on human prefer-
ences. When the objective is to select the best response, a
straightforward strategy involves performing a linear search
using the generative reward model. More specifically, we
initialize ytb = yt1 as the current best response and iteratively
compare it with each remaining candidate. If ytb is found to
be less preferred during any comparison, it is replaced with
the superior response. This process continues until the most
preferred response is identified. To improve computational
efficiency and support parallelization, we also explore opti-
mized selection algorithms, such as the divide-and-conquer
approach. Similarly, this best-response search procedure can
be extended to generate a full ranking by repeatedly select-
ing the best response from the remaining set. Here, to evalu-
ate list-wise ranking performance, we adopt the PPE bench-
mark (Frick et al. 2024), which includes human preference
data from verifiable correctness-based preferences from rig-
orous benchmarks such as MMLU-Pro and MATH. Specif-
ically, we used the best-of-n (BoN) sampling from PPE to
evaluate the ranking quality of our GRAM-R2 model.
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Figure 4: The performance of reward models fine-tuned with varying amounts of task-specific data (STEM and code generation).

Results of Best-of-n Sampling. Figure 3 presents the
BoN sampling performance of GRAM-R2 compared to sev-
eral strong baselines. A key observation is the prevalence
of reward overoptimization (Gao, Schulman, and Hilton
2023), particularly on the MBPP benchmark, where models
such as Skywork-Reward-LLaMA-3.1-8B experience sig-
nificant performance degradation as the number of samples
increases. This degradation is primarily due to the limited
generalization capabilities of these models to task-specific
distributions. In contrast, GRAM-R2 exhibits strong robust-
ness against overoptimization and generalizes effectively
across diverse tasks, owing to the incorporation of reward
reasoning and self-training on large-scale data.

Reward Model Adaptation
Task Setups. We randomly sampled STEM and Code task
data of varying sizes from the HelpSteer3, using subsets of
{1K, 2K, 3K, 4K} for STEM and {2K, 4K, 6K, 8K} for
Code. These subsets are used to fine-tune both GRAM-R2

and its baselines (Generative RM and GRAM-Qwen3-14B).
We also trained a generative reward model directly on each
dataset as a baseline (G-Vanilla RM). All reward models
were evaluated on the corresponding held-out validation sets
provided by HelpSteer3 for each task.

Results. Figure 4 shows the accuracy of reward models
fine-tuned on varying amounts of STEM and code data. We
see that GRAM-R2 fine-tunes more effectively into high-
quality reward reasoning models compared to training a re-
ward model directly from an LLM backbone. Notably, with
1K STEM samples, GRAM-R2 achieves a task-specific ac-
curacy that exceeds G-Vanilla RM by 17.1 points. GRAM-
R2 also outperforms all baselines across various data scales,
showing its effectiveness as a foundation reward model.

Analysis
Scaling Training Data for Improved Performance. We
explore the impact of training data size on the pre-
training performance of GRAM-R2. Specifically, we pre-
train GRAM-R2 using datasets of varying sizes: {0.5M, 1M,
1.5M, 2M, 2.5M}, each constructed by combining differ-
ent amounts of rationale-free labeled data and unlabeled
data. The model’s performance is evaluated on RM-Bench,
as shown in Figure 5. The results show that increasing the

0.5M RFD

1M RFD

1M RFD + 0.5M UD

1M RFD + 1M UD

1M RFD + 1.5M UD

Figure 5: Performance scaling with different amounts of
training data used to pre-train GRAM-R2. “0M” denotes the
setting where GRAM-R2 is trained solely during the fine-
tuning stage, without any pre-training on rationale-free la-
beled data or unlabeled data. RFD: Rationale-Free Labeled
Data; UD: Unlabeled Data.

amount of training data generally improves the accuracy of
GRAM-R2, with the most notable gains observed when scal-
ing from 0M to 1.5M examples. These findings highlight the
importance of both unlabeled data and data scale, suggesting
that using both rationale-free labeled data and unlabeled data
can substantially enhance the reward reasoning capabilities
in reward models.

Conclusions

We have explored training approaches for reward models
with advanced capabilities in reward reasoning. We have de-
veloped a generative reward model, called GRAM-R2. The
model undergoes initial training on labeled data with syn-
thetic rationales, and then further improves through self-
training on large-scale unlabeled data to enhance its reward
reasoning capabilities. Extensive experiments demonstrate
that GRAM-R2 consistently outperforms various baselines,
yielding superior performance in reward reasoning.
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