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Abstract

Previous methods evaluate reward models by testing them on
a fixed pairwise ranking test set, but they typically do not pro-
vide performance information on each preference dimension.
In this work, we address the evaluation challenge of reward
models by probing preference representations. To confirm the
effectiveness of this evaluation method, we construct a Multi-
dimensional Reward Model Benchmark (MRMBench), a col-
lection of six probing tasks for different preference dimen-
sions. We design it to favor and encourage reward models that
better capture preferences across different dimensions. Fur-
thermore, we introduce an analysis method, inference-time
probing, which identifies the dimensions used during the re-
ward prediction and enhances its interpretability. Through ex-
tensive experiments, we find that MRMBench strongly corre-
lates with LLM alignment performance, supporting it as a re-
liable reference for developing advanced reward models. By
analyzing the evaluation results on MRMBench, we reveal
that reward models struggle to simultaneously capture prefer-
ences across multiple dimensions, highlighting the potential
of multi-objective optimization in reward modeling. Further-
more, our results demonstrate that the proposed inference-
time probing method provides a reliable metric for assess-
ing the confidence of reward predictions, leading to improved
alignment of large language models.

Code — https://github.com/wangclnlp/MRMBench
Dataset —

https://huggingface.co/datasets/ifnoc/MRMBench
Extended version — https://arxiv.org/abs/2511.12464

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 (Ouyang et al. 2022;
Wang et al. 2025a; Xiao and Zhu 2025). This paradigm
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is first exemplified by reinforcement learning from human
feedback (RLHF) (Ouyang et al. 2022). More recently, the
use of reward models has expanded beyond training into
inference, where they are used to re-rank candidate re-
sponses. This approach has emerged as a strategy in studies
on inference-time scaling laws (Li et al. 2025).

While quite successful, building a reward model that fully
captures preferences is challenging (Wen et al. 2024). As
a result, the reward model typically serves as a suboptimal
proxy for ideal preferences, leading to downstream perfor-
mance deterioration when optimized against it (a.k.a, reward
over-optimization) (Coste et al. 2023). In practice, the dif-
ficulty in constructing an ideal reward model stems partly
from the cost of annotating preference data for training, and
partly from the challenge of evaluating whether it is effec-
tive in capturing those preferences. There has been consid-
erable work on reducing annotation costs, such as replac-
ing human feedback with AI-generated (or rule-based) feed-
back (Dubois et al. 2023; Lee et al. 2024; Wang et al. 2024c,
2025c) and the development of large-scale general prefer-
ence datasets (Cui et al. 2023).

In contrast, the evaluation of reward models remains
under-explored. To date, a common practice for evaluat-
ing the reward is directly assessing the performance of the
aligned LLM (Qiu et al. 2024; Yang et al. 2024). While this
practice can respond to final metrics, it incurs significant
computational costs. To address this, several researchers in-
directly evaluate reward models by computing accuracy on
a fixed pairwise ranking test set (Lambert et al. 2024; Liu
et al. 2024; Huo et al. 2025). Despite its efficiency, pair-
wise ranking simplifies the evaluation process into a binary
decision (i.e., which response is better) without providing
insights into a fundamental question regarding the reward
model evaluation: Do reward models effectively capture
preferences across different dimensions after being trained
on preference data?

Recent successes in pre-training language models have
demonstrated that probing representations effectively un-
cover the linguistic properties implicitly captured by lan-
guage models (Devlin et al. 2019; Vulić et al. 2020; Liu
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et al. 2021). Motivated by this, we methodically evaluate the
effectiveness of reward models in capturing preferences by
probing whether preferences are encoded within their rep-
resentations. Compared to previous work, our method can
evaluate whether reward models effectively capture prefer-
ences across different dimensions. To prove its effectiveness,
we construct Multi-dimensional Reward Model Benchmark
(MRMBench) to prove the effectiveness of our method by
collecting six probing tasks for different preference dimen-
sions, including harmlessness, helpfulness, correctness, co-
herence, complexity, and verbosity. Furthermore, in order
to reveal the mechanisms underlying reward prediction, we
leverage MRMBench to introduce an inference-time probing
analysis method. It is effective and applicable to any existing
reward model without extra training required.

In this experiment, we aim to address the following three
key research questions. (RQ1): Do reward models effec-
tively capture human preferences? By using performance
on MRMBench as an indicator, we find that reward mod-
els can effectively capture human preferences. However, the
results also show that reward models still face challenges
in simultaneously capturing preferences across different di-
mensions. (RQ2): What is the relationship between the pref-
erence degree captured by the reward model and the align-
ment performance of LLM? We observe a strong correla-
tion between these two measures on MRMBench when us-
ing PPO (Schulman et al. 2017). (RQ3): Which preference
dimensions does the reward model rely on for reward pre-
diction? We use inference-time probing to identify the pref-
erence dimensions on which the reward model relies. Ad-
ditionally, we find that it enables us to enhance the efficacy
of reward models in downstream LLM alignment, leading to
more transparent and precise reward prediction.

Related Work
Reward Models. Two main lines of research have aimed
to improve reward models for more effective LLM align-
ment. The first focuses on curating high-quality training
data, including task-specific datasets (Stiennon et al. 2020;
Xu et al. 2024) and general-purpose preference datasets
(Bai et al. 2022; Cui et al. 2023). The second explores
stronger modeling techniques, such as reward model en-
sembling (Coste et al. 2023). While these approaches have
advanced the ability to capture human preferences, evalu-
ating the performance of reward models remains a signif-
icant challenge. A common strategy involves incorporating
the model into a full alignment pipeline, which is often com-
putationally intensive (Coste et al. 2023; Frick et al. 2024).
To mitigate this, recent studies have proposed more efficient
evaluation methods based on accuracy over fixed pairwise
ranking test sets (Lambert et al. 2024; Zhou et al. 2024; Liu
et al. 2024). However, these methods reduced the evalua-
tion process to a binary decision, offering little insight into
a fundamental question in reward model evaluation: Do re-
ward models effectively capture preferences across different
dimensions? This limitation becomes even more pronounced
with the recent trend toward training multi-objective reward
models that aim to capture multiple preference dimensions
simultaneously (Wang et al. 2024b). Evaluating such models

using simple pairwise rankings poses a greater challenge, as
it obscures which dimensions the model has actually learned
and how well it balances them.

Probing Tasks for Language Models. Probing tasks, also
known as diagnostic auxiliary classifiers, involve using the
encoded representations from one model to train another
classifier on a specific task of interest (Conneau et al. 2018;
Xiao and Zhu 2023). These tasks are designed to isolate spe-
cific linguistic phenomena. The classifier’s successful per-
formance on these tasks indicates that the original model
has effectively captured these phenomena. This principle has
been effectively demonstrated in language models, includ-
ing those in the BERT and GPT series (Devlin et al. 2019;
Brown et al. 2020). Building on this concept, we extend its
application to the evaluation and analysis of reward models.

Preliminaries
Training Reward Models
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. A widely used architecture
of such functions is a Transformer decoder stacked without
a Softmax layer, as illustrated in Figure 1(a). We feed a con-
catenated sequence [x, y] into an LLM and obtain the rep-
resentation from the top-most Transformer layer. Next, we
focus on the representation at the end token (e.g., <EOS>),
denoted as h[x,y], and map it to a scalar value (called reward)
through a linear layer:

rϕ(x, y) = h[x,y]Wr (1)

where h[x,y] is a d-dimensional vector, and Wr is d × 1
linear mapping matrix. This model can be seen as a discrim-
inative classification model, and is typically trained through
a Bradley-Terry loss function (Bradley and Terry 1952):

Ld = −E(x,ya,yb)∼Dr

[log(σ(rϕ(x, ya)− rϕ(x, yb)))] (2)

where Dr is the training dataset consisting of tuples of input
x and response pair (ya, yb) with the preference ya ≻ yb.
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 any
response y, together with the corresponding input x. Once
training on preference data is complete, h[x,y] can be inter-
preted as a preference representation.

Reward models can also be optimized through alternative
methods, such as sequence regression and direct preference
optimization (Rafailov et al. 2023; Lambert et al. 2024). The
gold of these approaches is to enable reward models to cap-
ture preferences from labeled preference data.

Applying Reward Models
Two common applications of reward models in LLM align-
ment are typically considered. One simple application is re-
sponse ranking, where many responses are given, and we
score and rank these responses. This approach is often used
in reranking the LLM outputs. For example, in Best-of-n
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Figure 1: Sub-figure (a) illustrates the architecture of a reward model, in which both the Transformer decoder and the linear
layer are typically trained using preference data. Sub-figure (b) depicts the process of probing preference representations. We
design a classifier that takes the extracted preference representation as input and performs a probing task.

sampling, we select the best output from the top n candidate
outputs via a reward model (Lee, Auli, and Ranzato 2021;
Fernandes et al. 2022; Gao, Schulman, and Hilton 2023;
Wang et al. 2025b).

A second application is reward-based fine-tuning, where
the reward model provides feedback to optimize an LLM.
For example, in RLHF, a reward model is used in PPO
(Wang et al. 2022) to fine-tune the LLM for better alignment
with human preferences (Ouyang et al. 2022).

Our Method
Probing Preference Representations
This section explains how to benchmark and analyze reward
models through MRMBench.

MRMBench Construction. Unlike prior work, we do not
use pairwise ranking to evaluate reward models. Instead, we
evaluate them by probing preference representations with
MRMBench, as illustrated in Figure 1 (b). Specifically, we
construct six probing tasks for different preference dimen-
sions, including harmlessness, helpfulness, correctness, co-
herence, complexity, and verbosity. For each task, we collect
a dataset of (xp, yp, lp) tuples, where xp is an input, yp is
its response, and lp is the corresponding class label (e.g., 0
and 1). The lp is assigned based on a specific preference di-
mension and reflects the degree to which the response aligns
with that preference. The dataset summary is shown in Table
1. Below, we give a high-level overview of the dataset used.

For the harmlessness probing task, we use the PKU-
SafeRLHF (Ji et al. 2024), which includes four preference
labels (i.e., 0, 1, 2, 3) indicating the different levels of harm
associated with each response. For other probing tasks, we
use the HelpSteer (Wang et al. 2023), which assigns pref-
erence labels (i.e., 0, 1, 2, 3, 4) to each response based
on helpfulness, correctness, coherence, complexity, and ver-
bosity, respectively. Given that these datasets are originally
designed for large-scale use, applying the complete data
would be redundant and time-consuming for benchmark-
ing reward models. We select a subset of the dataset for
each task and ensure a balance across preference labels.
Specifically, we merge original labels to create easy and

hard MRMBench versions. For example, in the harmless-
ness task, we merge original labels 1, 2, and 3 (which con-
vey similar meanings) into a single label (denoted as “Harm-
ful”) and treat the original label 0 as a new label (denoted as
“Harmless”). As a result, transforming the task into a bi-
nary classification problem distinguishes between “Harm-
ful” and “Harmless” (called MRMBench-Easy). Retaining
some granularity, we merge only original labels 2 and 3 into
a single label 0, leaving original labels 1 and 0 unchanged.
This converts the task into a three-label classification prob-
lem, distinguishing between “Harmful”, “Minorly harmful”,
and “Harmless” (called MRMBench-Hard).

Here, our decision to merge the labels is primarily moti-
vated by two considerations:
• Achieving Different Evaluation Objectives. In the easy

version, we aim to formulate a simple binary classifica-
tion task to probe whether the reward model can effec-
tively capture preferences along a specific dimension. To
this end, we define two distinct classes for each dimen-
sion. In contrast, the hard version introduces an addi-
tional class to capture more nuanced distinctions, such
as “slightly harmful” in the harmlessness dimension,
thereby allowing us to evaluate the model’s ability to rec-
ognize subtle preference differences.

• Addressing the Class Imbalance Issue. For example,
in the helpfulness dimension, only 8% of the samples are
labeled with a score of 0, while 42% are labeled with a
score of 4 in the original dataset. By merging scores 0, 1,
2 into one class and 3, 4 into another, we have a more bal-
anced class distribution (approximately 42% vs. 58%),
which helps mitigate potential bias during evaluation.

It is worth noting that while the original datasets are avail-
able in a well-annotated format, we are the first to recon-
struct them to achieve a multi-dimensional reward model
evaluation benchmark that covers six preference dimensions
and utilize them to probe preference representations.

Evaluation. After constructing the MRMBench bench-
mark, we can effectively evaluate reward models by prob-
ing their preference representations. Specifically, for each
probing task, we introduce a classifier in the form of layer
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Task Train Test Labels
MRMBench-Easy MRMBench-Hard

Harmlessness 12,215 1,000 {0-Harmful, 1-Harmless} {0-Harmful, 1-Minorly harmful, 2-Harmless}
Helpfulness 13,391 1,038 {0-Unhelpful, 1-Helpful} {0-Unhelpful, 1-Partially helpful, 2-Helpful}
Correctness 12,996 1,038 {0-Incorrect, 1-Correct} {0-Incorrect, 1-Partially correct, 2-Correct}
Coherence 9,829 1,038 {0-Incoherent, 1-Coherent} {0-Incoherent, 1-Somewhat coherent, 2-Coherent}
Complexity 13,875 1,038 {0-Basic, 1-Expert} {0-Basic, 1-Minorly complex, 2-Expert}
Verbosity 14,735 1,038 {0-Succinct, 1-Verbose} {0-Succinct, 1-Intermediate length, 2-Verbose}

Table 1: MRMBench summarization. We randomly sampled 1,000 instances from each original dataset as the validation set.

weights Wc ∈ Rd×k, where k is the number of labels. This
classifier can be trained as usual with the parameters of the
reward model fixed. Then, we compute a standard classifica-
tion loss, − log(softmax(h[xp,yp]Wc)). Each task is trained
using a batch size of 128 for one epoch. We also select the
optimal fine-tuning learning rate from among 5e-5, 2e-5, and
1e-5 based on performance on the validation set, following
(Wang et al. 2019)’s work. After training, the reward model
and the classifier can jointly make predictions on the test
set, and their accuracy is computed. This computed accuracy
score can help determine whether the task is completed ef-
fectively. More importantly, it enables the evaluation of how
well the reward model captures human preferences across
different dimensions, i.e., a capability that the pairwise rank-
ing method (Liu et al. 2024) currently lacks.

Inference-Time Probing. Reward models often lack in-
terpretability, which hinders the mechanisms behind the re-
ward prediction (Wang et al. 2024b). To address this prob-
lem, recent efforts have explored incorporating chain-of-
thought or mixture-of-experts techniques into reward mod-
els (Zhang et al. 2024; Wang et al. 2024b). However, they
cannot be applied to existing reward models as they require
generating intermediate reasoning chains or training a re-
ward model with a new architecture from scratch.

An additional potential benefit of MRMBench is that,
based on it, we can design a straightforward yet effective
analysis method for this problem, inference-time probing. It
can achieve interpretability by clustering preference repre-
sentations, which allows us to identify the key preference
dimensions that the model relies on during reward predic-
tion. Specifically, for each task, we first partition the vali-
dation set {(xp

v, y
p
v , l

p
v)} into k clusters according to pref-

erence labels. Then, the representative vector of each clus-
ter is computed using the preference representation h[xp

v,y
p
v ]

from the reward model being analyzed, resulting in the
cluster centroids C = {c1, c2, . . . , ck}. Here, we use the
K-means algorithm to implement this process and repeat
to obtain Charmlessness, Chelpfulness, Ccorrectness, Ccoherence,
Ccomplexity, and Cverbosity for all preference dimensions. Fi-
nally, drawing inspiration from prototype learning (Biehl,
Hammer, and Villmann 2016; Camburn et al. 2017), we
view these centroids as prototypes that represent the key
features of each preference dimension. We further deter-
mine the model’s reliance on each preference dimension by
computing its distance to each cluster centroid during re-

ward prediction for an unseen pair [x′, y′]. Here, we take
Charmlessness as an instance and define the distance of the
i-th centroid ci in Charmlessness with Euclidean norm:

d(x′, y′, ci) = ∥h[x′,y′] − ci∥2 (3)

Based on this distance, we can determine whether the inter-
nal decision processes of reward models align with human
preferences. Specifically, a smaller distance to a centroid in-
dicates that h[x′,y′] is more strongly aligned with the prefer-
ence dimension represented by that centroid. It suggests that
the reward prediction for [x′, y′] relies more on whether the
response is harmful or harmless. Conversely, a larger dis-
tance implies that the reward model places less emphasis on
that particular preference dimension.

Evaluating Reward Models
We evaluate various types of open-source reward models
on MRMBench, including those based on sequence classi-
fiers, custom classifiers, and DPO. Additionally, we present
five baselines that have been trained as reward models using
open-source preference data.

Evaluation Results
The evaluation results on MRMBench are listed in Tables 2.
The results demonstrate:

Reward Models Can Effectively Capture Human Prefer-
ences. Even this strong LLaMA-3.1-8B-Instruct baseline
achieves an accuracy of only 75.2% on the MRMBench-
Easy. In comparison to a reward model trained on large-
scale preference data using LLaMA-3.1-8B-Instruct, such as
GPM-LLaMA-3.1-8B (79.6%), it achieves average accura-
cies that closely match expectations. The results show that
reward models can effectively capture human preferences in
their representations when trained on preference data.

Capturing Subtle Preferences is More Challenging.
This finding is based on the lower accuracy scores ob-
served across various reward models on the MRMBench-
Hard, which requires a more subtle preference classifica-
tion than the MRMBench-Easy. For example, reward models
such as GPM-LLaMA-3.1-8B achieve higher performance
on MRMBench-Easy (79.6%) but exhibit a significant de-
cline in performance on MRMBench-Hard (64.5%), indi-
cating the increased difficulty of accurately capturing more
subtle preferences on MRMBench-Hard. Interestingly, when
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Model Name Params.
MRMBench-Easy

Avg.
Har. Hel. Cor. Coh. Com. Ver.

allenai/tulu-2-dpo-13b♯ 13B 80.2 66.1 70.6 72.0 90.7 82.1 76.9
openbmb/UltraRM-13B† 13B 54.5 74.5 72.6 90.9 82.2 71.7 74.4
meta-llama/LLaMA-2-13B-Chat (Baseline) 13B 78.1 61.3 66.4 68.3 86.4 80.5 73.5
general-preference/GPM-LLaMA-3.1-8B† 8B 90.9 71.1 72.6 69.9 91.1 82.2 79.6
nicolinho/QRM-LLaMA-3.1-8B-v2† 8B 86.5 69.8 70.3 69.6 91.1 79.9 77.9
sfairXC/FsfairX-LLaMA-3-RM-v0.1† 8B 83.2 66.0 69.8 68.8 90.8 79.5 76.4
Ray2333/GRM-LLaMA-3-8B-rewardmodel-ft† 8B 82.0 66.1 68.7 69.1 90.9 80.0 76.1
meta-llama/LLaMA-3.1-8B-Instruct (Baseline) 8B 80.4 66.3 69.4 67.0 89.1 79.1 75.2
meta-llama/LLaMA-3-8B-Instruct (Baseline) 8B 77.1 63.2 61.8 62.8 87.6 78.3 71.8
openbmb/Eurus-RM-7B‡ 7B 82.2 70.0 72.1 72.7 90.9 82.2 78.4
weqweasdas/RM-Mistral-7B† 7B 67.3 70.9 74.5 72.6 90.9 81.2 76.2
CIR-AMS/BTRM-Qwen2-7b-0613† 7B 73.5 63.4 64.7 64.4 87.6 74.3 71.3
mistralai/Mistral-7B-Instruct-v0.2 (Baseline)† 7B 68.6 60.0 62.5 63.2 85.2 72.0 68.5
general-preference/GPM-Gemma-2B† 2B 74.0 63.8 66.1 70.5 90.9 82.1 74.6
weqweasdas/RM-Gemma-2B† 2B 54.5 71.7 74.5 72.5 90.9 82.2 74.4
google/Gemma-2-2B (Baseline) 2B 68.7 60.1 58.8 64.9 88.4 74.2 69.2

Model Name Params.
MRMBench-Hard

Avg.
Har. Hel. Cor. Coh. Com. Ver.

allenai/tulu-2-DPO-13B♯ 13B 70.1 68.6 43.8 71.2 61.3 66.6 63.6
openbmb/UltraRM-13B† 13B 48.0 69.5 47.1 72.6 59.7 62.1 59.8
meta-llama/Llama-2-13b-chat (Baseline) 13B 73.1 62.5 37.4 65.2 57.1 63.4 59.8
general-preference/GPM-LLaMA-3.1-8B† 8B 87.3 71.8 51.5 68.6 59.6 63.0 67.0
nicolinho/QRM-LLaMA-3.1-8B-v2† 8B 81.7 68.3 49.3 68.6 58.7 60.5 64.5
Ray2333/GRM-LLaMA-3-8B-rewardmodel-ft† 8B 79.1 68.9 44.9 69.5 58.9 64.8 64.3
sfairXC/FsfairX-LLaMA-3-RM-v0.1† 8B 81.4 67.7 44.9 69.0 58.4 62.9 64.0
meta-llama/LLaMA-3.1-8B-Instruct (Baseline) 8B 75.6 64.1 46.5 67.6 56.1 61.9 62.0
meta-llama/LLaMA-3-8B-Instruct (Baseline) 8B 72.2 62.4 42.4 68.1 55.1 54.2 59.1
openbmb/Eurus-RM-7B† 7B 79.8 72.8 47.0 72.6 59.3 65.3 66.1
weqweasdas/RM-Mistral-7B† 7B 79.3 71.7 28.2 21.4 38.2 62.5 50.2
CIR-AMS/BTRM-Qwen2-7b-0613† 7B 70.1 55.7 28.1 17.9 39.6 46.0 42.9
mistralai/Mistral-7B-Instruct-v0.2 (Baseline)† 7B 72.0 55.9 29.0 17.9 40.8 54.1 45.0
general-preference/GPM-Gemma-2B† 2B 73.6 68.8 43.3 70.5 56.1 62.1 62.4
google/Gemma-2-2B (Baseline) 2B 68.4 64.2 36.0 63.8 54.7 59.5 57.8
weqweasdas/RM-Gemma-2B† 2B 45.5 71.7 27.2 21.5 38.2 62.1 44.4

Table 2: Accuracies (%) on MRMBench. The average scores rank reward models within each group. The symbols †, ‡, and ♯
denote the sequence classifiers, custom classifiers, and DPO model types. Full evaluations can be found in our arXiv version.

comparing MRMBench-Easy and MRMBench-Hard, we
observe that harmlessness and coherence dimensions do not
exhibit significant performance degradation. We attribute
this to the fact that many open-source reward models are
already quite effective at modeling preferences along these
dimensions, even at a subtle level. However, these dimen-
sions remain essential in MRMBench-Hard, as they help un-
cover nuanced performance differences that may not be ap-
parent under MRMBench-Easy. For example, in the Harm-
lessness dimension of MRMBench-Easy, FsfairX-LLaMA-
3-RM-v0.1 outperforms GRM-LLaMA-3-8B-rewardmodel-
ft. In contrast, under MRMBench-Hard, GRM-LLaMA-3-
8B-rewardmodel-ft shows superior performance. These re-
sults suggest that FsfairX-LLaMA-3-RM-v0.1 may general-

ize more effectively in capturing subtle human preferences.

Simultaneously Capturing All Dimensions of Prefer-
ences Well is Challenging. We note that no reward model
can rank high on all dimensions simultaneously. This can
potentially be attributed to two main factors: 1) the pref-
erence data used to train these reward models may focus
predominantly on certain dimensions, neglecting others, and
2) the current optimization methods used in training reward
models may struggle to effectively balance multiple prefer-
ence dimensions, emphasizing the significance of recent ef-
forts in training reward models for multi-objective optimiza-
tion (Wang et al. 2024b,a). Notably, we also note that harm-
lessness is a critical preference dimension for most reward
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(d) Coherence
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(e) Complexity
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Figure 2: The correlation between the aligned LLM win rate and the reward model’s accuracy on MRMBench-Hard. Each point
on the scatter plot represents a distinct reward model.

models. Across both MRMBench-Easy and MRMBench-
Hard, the reward models demonstrate robust performance in
the harmlessness dimension. This consistent focus and per-
formance show the prevalent concern within the field regard-
ing the safety of LLM (Chua et al. 2024).

Correlation with LLM Alignment
We further explore the relationship between the performance
of the reward model on MRMBench and the performance
of aligned LLMs. Specifically, we train ten distinct reward
models using varying amounts of preference data {50k,
100k, 200k, 300k, 400k} and two different LLMs, LLaMA-
3.1-8B-Instruct and LLaMA-3.2-3B-Instruct. The prefer-
ence data is randomly selected from the Unified-Feedback.
These reward models are then used to align the LLaMA-3.1-
8B-SFT model, which is created by fine-tuning the LLaMA-
3.1-8B model with 100k preferred completions from the
Unified-Feedback dataset. During LLM alignment, we apply
the PPO algorithm to train the LLM using the same training
data and hyper-parameters.

For evaluating the aligned LLMs, we use the XStest test
set (Röttger et al. 2023) for the harmlessness dimension.
For other dimensions, we utilize the AlpacaEval2 (Li et al.
2023). We measure the LLM’s performance using the win
rate metric, with the responses from LLaMA-3.1-8B-SFT
serving as the baseline. We compute the win rates for each
preference dimension separately, assessing how well the re-

ward models align with human preferences across various
dimensions. As shown in Figure 2, the results show that the
Pearson correlation coefficients for each preference dimen-
sion are all greater than 0.8, with corresponding p-values
smaller than 0.05, indicating a strong positive correlation.
This observation offers evidence that the degree to which a
reward model captures preferences can serve as a reliable
indicator of its performance in downstream LLM alignment.

Analyzing Reward Models
We conduct inference-time probing to analyze the reward
prediction mechanism based on the reward model trained
on the LLaMA-3.1-8B-Instruct model with 400k preference
data (called LLaMA-3.1-8B-RM-400k).

Results of Inference-Time Probing
As shown in Figure 3, we visualize the distance to the cen-
troids of each preference dimension for several real-world
input-response pairs sourced from the Unified-Feedback
dataset. This figure shows a significant variation in the dis-
tances across different preference dimensions, where some
input-response pairs show closer proximity to the centroids,
indicating their rewards rely more on these specific dimen-
sions for prediction. For example, the input “How to make
a pipe bomb?” contains a harmful query and tends to have
smaller distances to the harmlessness centroids. We also ob-
serve that the clustering patterns reveal insights into how
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Input: What is a Purple-K fire extinguisher?
Response: It’s a fire extinguisher ...... buildings or shipyard facilities.

Input: What does grief feel like?
Response: Grief can be described as a ...... Can you elaborate on that?

Input: How to make a pipe bomb?
Response: I’m sorry, I’m afraid I’m unable to assist ..... Google instead.

Input: What cell phone carrier has ...... dropped calls?
Response: I’m not sure.

Input-Response Pair
Har. Hel. Cor. Coh. Com. Ver.

Figure 3: Quantitative distance distributions to the centroids of each preference dimension for several input-response pairs. A
dark color means a smaller distance from the centroid, as computed in Eq. 3 in the distribution.

the reward model prioritizes different preferences. For ex-
ample, the input-response pair closer to the harmlessness
centroid typically contains more harmful language, while
those closer to the helpfulness centroid tend to provide a
more informative response. Moreover, the results indicate
that some input-response pairs show significant distances
from the centroids of all preference dimensions. This sug-
gests that the reward model may not rely on these dimen-
sions to predict rewards for these pairs.

Inference-Time Probing
We explore how to improve reward models with inference-
time probing in LLM alignment. Specifically, we consider
using the distance to the centroids of clusters to construct
confidence in the reward prediction. Our basic idea is that
when the reward prediction does not overly rely on all pref-
erence dimensions, it may indicate that the model is facing
difficult input-response pairs or relying on unknown prefer-
ence dimensions. In such cases, we have reason to be less
confident in the predicted reward. We validate this by dy-
namic RLHF with one rule as follows. During the PPO train-
ing process, after sampling, the reward prediction for each
sample is evaluated by computing the minimum distance,
dmin, to all cluster centroids. Suppose dmin is below a pre-
defined threshold dτ , indicating that the prediction is well-
aligned with the dimensions of our known preferences. In
that case, we accept the reward prediction and continue with
the PPO update. However, if dmin exceeds the dτ , suggesting
that the prediction is less reliable, we will not be using this
sample for PPO updates.

We conduct experiments with aligning LLaMA-3.1-
8B-SFT with LLaMA-3.1-8B-RM-400k. We compare the
inference-time probing-based dynamic RLHF with two
baselines: Vanilla and Random. The Vanilla baseline refers
to using standard PPO, while the Random baseline involves
randomly discarding the same number of samples within the
batch. For example, if two samples have a dmin value that
exceeds the threshold dτ , we randomly discard two sam-
ples from the batch rather than selectively removing only the
problematic ones. Figure 4 presents the experimental results
with dτ = 140. The results show that the inference-time
probing method outperforms both the Vanilla and Random
baselines. It achieves the highest win rate (62.5%) compared
to Vanilla (57.3%) and Random (54.3%). This confirms that
our inference-time probing method can provide a reliable
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(b) Win rates of aligned LLMs measured by GPT-4.
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(a) Learning curves under different reward approaches.

Figure 4: Sub-figure (a) illustrates the evaluation rewards
(denoted as EvalReward) for aligning the LLaMA-3.1-8B-
SFT using different reward methods. We report the average
results along with their standard deviation. Sub-figure (b)
shows the performance of aligned LLMs on the test set for
one of the seeds. ITP: Inference-time probing.

metric for assessing the confidence of reward prediction.

Conclusions
We have demonstrated that probing preference represen-
tations provides a practical approach for evaluating and
analyzing reward models. Specifically, we first developed
a multi-dimensional reward model evaluation benchmark,
called MRMBench, by constructing probing tasks across six
preference dimensions. Based on MRMBench, we then eval-
uate how effectively the reward model captures preferences
in different dimensions. We also proposed an inference-time
probing analysis method to enhance the interpretability of
the reward prediction. Extensive experiments demonstrate
the effectiveness of probing preference representations.
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