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Abstract
The success of the reward model in distinguishing between
responses with subtle safety differences depends critically on
the high-quality preference dataset, which should capture the
fine-grained nuances of harmful and harmless responses. This
motivates the need to develop the datasets involving prefer-
ence margins, which accurately quantify how harmless one
response is compared to another. In this paper, we take the
first step to propose an effective and cost-efficient framework
to promote the margin-enhanced preference dataset develop-
ment. Our framework, LEGEND, Leverages rEpresentation
enGineering to annotate preferENce Datasets. It constructs
the specific direction within the LLM’s embedding space that
represents safety. By leveraging this safety direction, LEG-
END can then leverage the semantic distances of paired re-
sponses along this direction to annotate margins automat-
ically. We experimentally demonstrate our effectiveness in
both reward modeling and harmless alignment for LLMs.
LEGEND also stands out for its efficiency, requiring only
the inference time rather than additional training. This effi-
ciency allows for easier implementation and scalability, mak-
ing LEGEND particularly valuable for practical applications
in aligning LLMs with safe conversations.

Code — https://github.com/colfeng/Legend
Extended version — https://arxiv.org/pdf/2406.08124
Datasets —

https://huggingface.co/datasets/ColFeng/safety-
alignment-legend

1 Introduction
Large language models (LLMs) need to be carefully re-
fined to ensure they engage in safe conversations (Bai et al.
2022a). To achieve this, reward models, acting as surrogates
for human preferences, are crucial in the safety alignment
(Leike et al. 2018; Askell et al. 2021). The success of such a
reward model hinges on its training dataset, called the pref-
erence dataset, which should accurately represent human
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preferred harmless responses over those that are harmful in
various ways, such as responses that raise ethical concerns or
manipulate facts (Ji et al. 2024). Typically, each data in the
preference dataset takes the form of a triple (x, yc, yr), com-
prising a user instruction x and a pair of harmless and harm-
ful responses yc and yr, respectively. However, recent stud-
ies highlight that such triple struggles to accurately encode
the nuance of safety between the paired responses (Coste
et al. 2023; Qin, Feng, and Yang 2024; Meng, Xia, and Chen
2024), leading to inaccurate reward modeling (Qin, Feng,
and Yang 2024; Wang et al. 2024a). This limitation stems
from the fact that the triple comparison only determines rel-
ative harmlessness, not the degree or magnitude of harmless-
ness. For example, although we know that y1 is less harm-
ful than both y2 and y3, the dataset does not provide infor-
mation on the harmlessness relationship between y2 and y3.
Consequently, we cannot quantify the differences in safety
between y2 and y3 based on the available comparisons. To
address this, a practical innovation involves incorporating
a human-annotated margin for each response pair (Touvron
et al. 2023), quantifying how harmless one response is com-
pared to another. However, human annotating such a mar-
gin for each pair of responses remains challenging due
to the interplay of complex factors such as the cost of an-
notation and the subjective preferences of the annotators in
safety scenarios (Ziegler et al. 2019; Stiennon et al. 2020).

In this paper, we aim to explore an automatic margin
annotation framework that quantifies the nuance of safety
from the perspective of representation engineering (Zou
et al. 2023; Bricken et al. 2023). Representation engineer-
ing, treating text representations as the fundamental unit
of analysis, focuses on understanding how LLMs represent
cognitive semantic features (Burns et al. 2022; Gurnee and
Tegmark 2023) and controlling them (Wang et al. 2024b;
Qian et al. 2024). In this regard, we are inspired by recent
successes in the linear representation of LLMs, where the
LLM-derived embeddings of sentences can be decomposed
into constituent vectors, each corresponding to a distinct se-
mantic feature. These features, such as safety, are effectively
captured by the distances between the corresponding com-
ponent vectors (Elhage et al. 2022; Li et al. 2024). This
implies that the relative positions of these feature vectors
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within the overall embedding space may provide a meaning-
ful indication of the sentence’s degree of safety. We there-
fore explore the potential of representation engineering to
enable automatic safety margin annotation. Can LLMs per-
form preference margin annotation to replace humans’
duties and promote downstream reward modeling and
the harmless alignment?

To approach this question, the key challenge is to pinpoint
the specific direction within the embedding vector that cor-
responds to safety, effectively separating it from the com-
plex blend of other semantic features present in a sentence.
In this paper, we propose a method LEGEND (Leveraging
Representation Engineering for Preference Datasets Anno-
tation) for constructing the specific direction within an em-
bedding vector that represents safety. By isolating this safety
dimension, LEGEND can then leverage the semantic dis-
tances of paired responses along this direction to annotate
the margin. Specifically, based on the property of linear rep-
resentation, LEGEND involves a two-step process, including
safety vector discovery and margin annotation. The former
aims to isolate the direction of safety by first harvesting the
embeddings of harmful and harmless responses from the
“Annotator LLM” and then obtaining the difference vector
of harmful and harmless responses 1. The resulting vector,
representing the direction of safety, is termed the Standard
Margin Vector (SMV). The latter leverages the SMV to mea-
sure the distance between paired responses, ultimately cre-
ating safety margin annotations. LEGEND projects the dif-
ference in embeddings between paired responses onto the
direction of safety (i.e., SMV). This projection effectively
measures the distance between responses in terms of safety,
which is then binned into discrete margins for annotation.
Importantly, LEGEND also stands out for its computational
efficiency: Unlike existing automatic annotation methods
that necessitate to train substantial reward model(s) (Wang
et al. 2024a), LEGEND operates solely during the inference
phase, eliminating the need for extensive model training.
This efficiency allows for easier implementation and scal-
ability, making LEGEND particularly valuable for practical
applications in aligning LLMs with safe conversations.

To demonstrate the effectiveness of our proposed an-
notation framework, we conducted experiments on bench-
mark safety alignment datasets, including Harmless (Bai
et al. 2022a) and Safe-RLHF (Dai et al. 2023). By applying
LEGEND to annotate safety margins, we experimentally ob-
served improvements in both reward modeling and harmless
alignment for LLMs. In particular, compared to the origi-
nal datasets, datasets with LEGEND-annotated margins can
improve about 2% of the accuracy for the reward model in
choosing harmless responses, and improve the about 10%
of win rate for harmless response generation in downstream
alignment (Beirami et al. 2024). Additionally, LEGEND sig-
nificantly reduces computational costs compared to existing
automatic margin annotation methods (Wang et al. 2024a),

1While theoretically applicable to other semantic features be-
yond safety, our current implementation is hindered by the lack
of readily available inductive datasets and templates for those fea-
tures.

while achieving comparable, and even surpassing, safety
alignment performance (+3% of win rate on downstream
alignment task). LEGEND eliminates the need for model
training, enabling it to perform margin annotation signifi-
cantly faster than existing methods. Under identical hard-
ware conditions, it achieves an 11-fold reduction in anno-
tation time over existing methods. This advantage is partic-
ularly beneficial for small laboratories and research institu-
tions with limited computational resources. Further ablation
analysis on LEGEND reveals that LEGEND exhibits a strong
robustness to the preference nuance of LLM. It shows that
the “Annotator LLM” in our margin annotation framework is
replaceable, and the binning operation eliminates the noise
introduced by the challenge of distinguishing between re-
sponses with similar safety margins. To sum up, our contri-
butions are as follows:

• We call attention to the importance of automatic prefer-
ence margin annotation, a crucial step towards reducing
the reliance on manual annotation and mitigating the am-
biguous preference issue in reward modeling.

• We take the first step to propose an effective and cost-
efficient framework, LEGEND, promoting the margin-
enhanced preference dataset development. It employs the
linear representation in representation engineering as the
key to achieve automatic and train-free margin annotation.

• We validate the feasibility and effectiveness of LEGEND
with benchmark safety alignment datasets. The results
show that LEGEND improves both reward modeling and
downstream tasks while maintaining high cost-efficiency.

2 Related Work
Margin Annotation for Preference Dataset. Building
highly accurate reward models that align with human prefer-
ences is hampered by the ambiguity contained in the prefer-
ence dataset (Qin, Feng, and Yang 2024; Rame et al. 2023;
Jiang et al. 2024). To this end, current research, exemplified
by models like Llama2 (Touvron et al. 2023), is focusing on
the preference margin, the difference between preferred and
non-preferred responses. However, annotating this margin
precisely is costly and resource-intensive, especially when
large numbers of human annotators are involved. To address
this challenge, researchers have proposed annotating prefer-
ence levels using qualitative descriptors like “Slightly Bet-
ter” or “Significantly Better” instead of exact numerical val-
ues (Touvron et al. 2023). Despite this, human annotation
remains expensive. Therefore, alternative approaches aim to
automate the process of determining the preference margin,
eliminating the need for human involvement. This typically
involves training multiple reward models, each assessing the
difference in reward between response pairs. The final mar-
gin is then calculated by averaging the reward differences of
these models (Wang et al. 2024a). However, training multi-
ple reward models requires significantly more time, leading
to increased machine computing costs. It needs further dis-
cussion whether the gain from this additional cost is worth-
while (Rafailov et al. 2024). In this paper, we consider a
slightly different approach to incorporating representation
engineering into automatic preference margin annotation in
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safety scenarios. This offers significant cost-efficiency, as it
completely eliminates the need for any additional training or
human involvement.

Representation Engineering. It focuses on understand-
ing how LLMs represent cognitive semantic features from
the perspective of the LLM-based text representations (Zou
et al. 2023; Bricken et al. 2023; Zhao et al. 2024). By us-
ing the probing techniques, recent studies demonstrate that
the embedding of LLM can distinguish differences in se-
mantic features, such as safety, truthfulness, and toxicity (Li
et al. 2024; Qian et al. 2024). More specifically, for a harm-
ful question, a safe response may always point an another
direction compared to an unsafe response in the embedding
space, known as linear representation (Reif et al. 2019; El-
hage et al. 2022; Park, Choe, and Veitch 2023; Lee et al.
2024). Building on the findings of representation engineer-
ing, recent studies are motivated to control the generation
of LLMs (Hernandez, Li, and Andreas 2023; Turner et al.
2023). For example, methods like InferAligner (Wang et al.
2024b; Qian et al. 2024) first calculate a safety-related vec-
tor (SRV), which essentially captures the difference between
harmful and harmless vectors. Then to reduce the risk of
harmful outputs, InferAligner adds an appropriately scaled
version of this SRV to the embedding of the response being
generated. This effectively nudges the response in a safer
direction. Different from their studies, we are interested in
exploring the potential of incorporating representation engi-
neering into the preference margin annotation.

3 Preliminaries
Learning from Preference Dataset. Typically, each data in
the preference dataset takes the form of a triple (x, yc, yr),
comprising a user instruction x and a pair of harmless and
harmful responses yc and yr, respectively. Building upon
this, a reward model rψ(x, y) could be constructed to es-
timate the preference scores (Gao, Schulman, and Hilton
2023). Usually, the loss function for the reward model can
be defined as Eq. 1, which is designed to train the reward
model so that it assigns higher scores to chosen responses
(yc) and lower scores to rejected ones (yr).

L(rψ) = −E(x,y)∼D[log σ(rψ(x, yc)− rψ(x, yr))], (1)

where σ denotes the logistic function and D denotes the
preference dataset.

Given a margin m(x, yc, yr) that capture the preference
nuance of paired responses (yc, yr), the loss function is fur-
ther adjusted as follows, as suggested by existing methods
(Meng, Xia, and Chen 2024; Touvron et al. 2023),

L(rψ) = −E(x,y)∼D[log σ(rψ(x, yc)− rψ(x, yr)

−m(x, yc, yr))].
(2)

By this means, it encourages a reward model to perform
better in encoding the nuance of safety.

Representation Characteristics of LLMs. The embed-
ding of a sentence and its semantic features have the prop-
erty of linear representation (Reif et al. 2019; Park, Choe,
and Veitch 2023). It means that each semantic feature fi has
a corresponding representation direction Ai in the embed-
ding space (Elhage et al. 2022). Then, the embedding of the

sentence V can be represented as a linear combination of
these semantic features,

V = Wf1A1 +Wf2A2 + · · ·+WfnAn, (3)
where semantic feature fi activating with strength values
Wfi . A higher value of Wfi indicates a stronger associated
semantic information (Li et al. 2024), which can be used for
distinguishing the degree of semantics of different responses
and controlling harmless response generation (Wang et al.
2024b; Qian et al. 2024).

4 Method
Our LEGEND, guided by the linear representation in rep-
resentation engineering, which leverages the semantic dis-
tances of paired responses along the direction of safety to
annotate the margin, consists of two parts: Safety Direc-
tion Discovery and Margin Annotation. The former focuses
on finding the embedding direction associated with safety.
It involves inducing the Annotator LLM to generate both
harmful and harmless responses, then using the LLM to
calculate their embeddings and create standard margin vec-
tors (SMVs) that represent the direction of safety. On the
other hand, the latter is designed to quantify the margins be-
tween paired responses by measuring their embedding dis-
tance along SMV direction.

4.1 Safety Direction Discovery
Paired Responses Induction. Given a set of harmful ques-
tions D from AdvBench , we induce the Annotator LLM to
collect the corresponding harmful and harmless responses.
On one hand, to ensure the Annotator LLM generates harm-
ful responses, we select LLMs that are good at following
instructions but lack safeguards against generating harmful
content. These LLMs are easily created by fine-tuning open-
source base LLMs on the Alpaca dataset (Wang et al. 2022).
On the other hand, we use a template (e.g., “I cannot an-
swer that”) to prompt the Annotator LLM to generate harm-
less responses, as suggested by recent research (Wang et al.
2024c). This process results in a dataset containing N harm-
ful questions x, their corresponding harmful responses yr,
and harmless responses yc.

Standard Margin Vector Construction for Safety Di-
rection. Given induced paired responses, we aim to estab-
lish a direction of safety, representing in the form of the
standard margin vector (SMV). Formally, for each xi ∈ x
and its two types of responses, we input the concatenation
of xi and its responses into the Annotator LLM separately
to generate a semantic representation of the last token, de-
noted as LLMl(xi, y

c
i ) and LLMl(xi, y

r
i ), for the harmless

and harmful responses, respectively. We then calculate the
average difference between the paired responses for each
harmful question:

V =
1

N

N∑
i=1

[LLMl(xi, y
c
i )− LLMl(xi, y

r
i )]. (4)

The vector V is subsequently normalized to obtain the Stan-
dard Margin Vector (SMV).

SMV =
V

∥V∥
. (5)
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Remark 1 The SMV represents the direction of safety, indi-
cating the average shift in semantic representation between
harmful and harmless responses. In essence, the SMV pro-
vides a metric for gauging the consistency of differences be-
tween harmful and harmless responses to a range of harmful
questions. A more comprehensive set of harmful questions
will yield a more accurate direction of safety.2

4.2 Margin Annotation
SMV-guided Projection. To measure the preference mar-
gin for a response pair from a preference dataset DH , we
utilize the embedding distance between the responses along
the SMV direction. Formally, for each question xHi and its
two types of responses, we use the same Annotator LLM
to obtain their semantic representations. The difference be-
tween these representations is denoted as VHi .

VHi = LLMl(xHi
, ycHi

)− LLMl(xHi
, yrHi

). (6)

We then measure how much the difference between the two
responses aligns with the safety direction, i.e., the SMV.
This is achieved by projecting VHi onto the SMV. The result
of this projection is used as the margin µi which quantifies
the difference in safety between the two responses.

µi = ProjSMV(VHi ) = (VHi )T · SMV. (7)

Binning Operation. While the linear representation as-
sumption of the semantic features (i.e., Eq.3) is convenient,
it is not always suitable in practical scenarios. The contin-
uous nature of µi may lead to inconsistencies in represent-
ing the relative safety levels of responses, especially when
the actual margins are similar. This can introduce noise into
µi and hence the training process of the reward model. To
mitigate this issue, we employ a binning operation to con-
vert continuous margins µi into discrete categories. This ap-
proach enhances the robustness of the margin annotation by
grouping similar margins into distinct bins (cf. Section 5.3
for empirical analysis). In LEGEND, we utilize equal fre-
quency binning, dividing the continuous values into a pre-
determined number of bins. Within each bin, the value of
the margin is assigned based on its relative position within
the bin, with the lowest value assigned 1/number of bins, the
next lowest assigned 2/number of bins, and so on. For exam-
ple, with three bins, the smallest margin would be assigned
1/3, the next smallest 2/3, and the largest 1. This scaling
method has shown to be effective in previous manual an-
notation (Touvron et al. 2023).

5 Experiment
We conducted extensive experiments to evaluate the effec-
tiveness of LEGEND. Given a preference dataset with LEG-
END-annotated margins, we evaluate if LEGEND is more de-
sirable to improve the performance of the reward model and
the harmless alignment ability of the policy model, com-
pared to other baselines (cf. Section 5.2). Furthermore, we

2We also provide the visualization of the margin vectors of the
paired responses as an additional validation for our SMV in Ex-
tended version.

comprehensively analyze the advantages of LEGEND and
uncover the characteristics, exploring the impact of different
Annotator LLMs and binning operations (cf. Section 5.3).3

5.1 Experimental Setup
Datasets. We testify the effectiveness of LEGEND via two
benchmark datasets containing various harmful and harm-
less responses: the Harmless (Bai et al. 2022a) and the Safe-
RLHF (Dai et al. 2023). Specifically, the Harmless dataset
contains 12,254 training and 662 testing samples, while the
Safe-RLHF dataset is divided into 9,000 training and 1,000
testing samples. Notably, the training splits are exclusively
used to train the reward models used in existing annotation
methods and for the final performance evaluation. Our LEG-
END is free from any training process in annotation stage.

Baselines. We compared our model, LEGEND, with other
established methods, to demonstrate its effectiveness.

• Origin refers to the preference dataset without margin.
• RewardEnsemble@K (Wang et al. 2024a) is the only ex-

isting method for automatically annotating margins. It in-
volves training K reward models, each individually as-
sessing the difference in reward between response pairs.
The final margin is calculated by averaging the reward
differences from these models. Considering the high time
cost of training reward models, we consider K = 1, 2, 3.

Implementation Details. In our experiments, we employ
a range of reward models with varying parameter scales, in-
cluding, Pythia (410M, 1.4B, 2.8B) (Biderman et al. 2023),
Qwen-chat (0.5B, 1.8B, 4B) (Bai et al. 2023), and Llama2-
7B-chat (Touvron et al. 2023). For our LEGEND framework,
the Annotator LLM is based on the Llama2-7B Base model,
fine-tuned on the Alpaca dataset (Wang et al. 2022). While
we explore other model options in our ablation experiments
(cf. Section 5.3), this model serves as the primary Anno-
tator LLM. We also assess the harmless alignment of pol-
icy models using the widely adopted pythia-6B-static-sft
(Havrilla et al. 2023) and the best-of-n method4 (Beirami
et al. 2024) to validate the efficacy of various reward mod-
els, with n = 32, 64, 128, 256. As for the binning operation,
we group the continuous margin values into 10 bins (cf. Sec-
tion 5.3 for ablation studies). All experiments are carried out
on a Ubuntu 22.04.3 machine with 1T memory, an Intel(R)
Xeon(R) Gold 6348 CPU @ 2.60GHz and 4 A6000 GPUs.

Metrics. We first measure the accuracy of the trained
reward model in identifying harmless responses. We then
leverage the capabilities of GPT-4 (Achiam et al. 2023) to
compare responses generated by the policy models with dif-
ferent reward models and calculate the win rate (Dubois
et al. 2024). To demonstrate our cost-effectiveness, we also

3We also conduct human studies to investigate the LEGEND an-
notation framework and compare the distribution of harmless ques-
tions across different datasets to investigate the generalization of
LEGEND. Due to space limitations, we place it in Extended ver-
sion.

4Due to the high time cost and difficulty of convergence of PPO
training, we do not use it for evaluating the performance of down-
stream alignment (Christiano et al. 2017; Bai et al. 2022b).
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Dataset Method Pythia-410M Pythia-1.4B Pythia-2.8B Llama2-7B-chat Avg. Gains Annotation Time Cost

Harmless

Origin 69.27 70.93 72.82 72.66 - -
RewardEnsemble@1 70.17+0.90 71.64+0.71 72.11−0.71 75.00+2.34 0.81±1.25 25/26/41/92min
RewardEnsemble@2 70.78+1.51 72.25+1.32 72.25−0.57 75.33+2.67 1.23±1.34 50/52/82/184min
RewardEnsemble@3 70.03+0.76 73.43+2.50 74.29+1.47 75.47+2.81 1.89±0.94 75/78/123/276min

LEGEND 72.92+3.65 72.92+1.99 74.35+1.53 73.70+1.04 2.05±1.13 23min

Safe-RLHF

Origin 53.56 57.88 58.09 68.84 - -
RewardEnsemble@1 53.69+0.13 61.03+3.15 60.49+2.40 69.24+0.40 1.52±1.49 24/28/38/84min
RewardEnsemble@2 51.86−1.70 59.28+1.40 62.21+4.12 69.71+0.87 1.17±2.39 48/56/76/168min
RewardEnsemble@3 52.40−1.16 63.09+5.21 62.97+4.88 70.37+1.53 2.62±3.02 72/84/114/252min

LEGEND 53.73+0.17 59.63+1.75 63.48+5.39 70.88+2.04 2.34±2.19 21min

Table 1: The accuracy of reward models trained on datasets generated by different methods. We report the accuracy gain over
Origin of each annotation method across various reward models (i.e., Avg. Gains). LEGEND delivers performance that rivals
or even surpasses RewardEnsemble@K while significantly reducing the time cost (i.e., column Annotation Time Cost). The
“A/B/C/D min” means the annotation time cost of RewardEnsemble@K with reward model Pythia-410M/Pythia-1.4B/Pythia-
2.8B/Llama2-7B-chat, respectively.

record the computational cost, the time spent on annotation
methods under the same device conditions.

5.2 Main Results on Harmless Alignment
This section explores the impact of LEGEND on reward
model performance and the subsequent ability for policy
models to generate harmless outputs (the downstream align-
ment performance evaluation). To achieve this, for the im-
pact of LEGEND on reward model performance, we evalu-
ate multiple reward models using preference data generated
by different margin annotation methods, including LEGEND.
For downstream alignment evaluation, considering the high
cost of alignment with policy models, we randomly selected
100 questions from the test set of Safe-RLHF , which is a
widely adopted setup in related works (Wang et al. 2024a).
The results are presented in Table 1 5 and Figure 1. The de-
tailed observations are provided below.

Incorporating margins into preference datasets en-
hances the accuracy of reward model training. Our find-
ings, shown in Table 1, all margin annotation methods con-
sistently outperformed the baseline Origin model, regard-
less of the reward model architecture. In particular, the addi-
tion of margin annotations during training demonstrably en-
hances the accuracy of reward models, consistently improv-
ing performance by at least 1%. This impact is even more
pronounced on the Safe-RLHF, where the Pyhia-1.4B and
Pyhia-2.8B models trained with margin annotations achieve
a remarkable 5% increase in accuracy. In addition, the re-
sults indicate a positive correlation between the size of the
reward model and its effectiveness. Larger models, with
the increased capacity for learning, are better at discerning
harmless situations and capturing the nuanced meaning ex-
pressed in the reference dataset. This suggests that larger re-

5Using the Wilcoxon signed-rank test, we find significant dif-
ferences (p < 0.05) between LEGEND and Origin in both datasets,
indicating LEGEND outperforms Origin, while no significant differ-
ences (p > 0.05) are found between LEGEND and RewardEnsem-
ble@3, suggesting better or comparable performance. Due to space
limitations, we place the results of reward models of Qwen in Ex-
tended version. They share the similar conclusions.

ward models are more adept at learning the semantic differ-
ences between preferences for improving performance.

LEGEND delivers performance that rivals or even sur-
passes RewardEnsemble@K while significantly reducing
the computational cost. On average, compared to Origin,
LEGEND improves 2.05% and 2.34% of accuracy on Harm-
less and Safe-RLHF, respectively, comparable even outper-
forming some RewardEnsemble@K configurations. For in-
stance, LEGEND’s performance demonstrates a remarkable
ability to achieve significantly better results for specific re-
ward models, like Pyhia-410M and Pyhia-2.8B. More im-
portantly, different from RewardEnsemble@K that relies on
training extra K reward models, our LEGEND significantly
reduces training expenses, as evidenced in Table 1. LEG-
END’s time cost is fixed, consisting of the time taken to con-
struct the SMV plus the time to inference and annotate the
data. In contrast, RewardEnsemble@K’s time cost is deter-
mined by the training of multiple additional reward models
for annotation and the inference of annotations on the data.
Therefore, the performance of RewardEnsemble@K is di-
rectly linked to its time cost. The more reward models used
for margin annotation, the higher the performance, but also
the greater the computational burden and time cost. This in-
herent trade-off between effectiveness and cost hinders Re-
wardEnsemble@K’s practical utility.

By enhancing the accuracy of reward models, LEG-
END significantly promotes the harmless alignment abil-
ity of policy models, particularly when utilizing large
n. As illustrated in Figure 1, reward models equipped
with LEGEND generally outperform those using Origin and
achieve comparable or better results than RewardEnsem-
ble@3. Specifically, LEGEND consistently achieves a 7%
to 14% win rate increase compared to the original method,
especially when using larger sample sizes (n = 128 or
256) on Pythia-2.8B and Qwen-4B-chat models. This out-
performance is further emphasized by LEGEND’s consistent
3% win rate advantage over RewardEnsemble@3 across all
cases. We also notice that expanding the pool of options by
increasing the value of n enhances the ability of reward mod-
els equipped with LEGEND to identify and select harmless
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(a) LEGEND VS. Origin on Pythia-
2.8B.

(b) LEGEND VS. Origin on Qwen-
4B-chat.

(c) LEGEND VS. Origin on
Llama2-7B.

(d) LEGEND VS. RewardEnsem-
ble@3 on Pythia-2.8B.

(e) LEGEND VS. RewardEnsem-
ble@3 on Qwen-4B-chat.

(f) LEGEND VS. RewardEnsem-
ble@3 on Llama2-7B.

Figure 1: Win rate of policy models trained with enhanced reward models on the Safe-RLHF. The y-axis of each figure rep-
resents the value of n in the best-of-n. LEGEND promotes the harmless alignment ability of policy models, particularly when
utilizing large n.

responses. It shows that increasing the value of n results in a
decrease in the number of tied responses between LEGEND,
Origin and RewardEnsemble@3 (from 44% to 31% in Fig-
ure 1(a), and from 47% to 29% in Figure 1(f)). This means
expanding the pool of response options allows reward mod-
els equipped with LEGEND to select the new responses, de-
creasing the tied responses and leading to an increase in win
rate. This emphasizes the crucial role of both a strong reward
model and a large pool of options for achieving successful
best-of-n selection. Conversely, utilizing small values of n
(32 or 64) can sometimes lead to LEGEND underperform-
ing. We manual check these cases, the LEGEND-based re-
ward model, when faced with a harmful question, prioritizes
selecting responses that are harmless but completely unre-
lated to the question. During the win-rate evaluation, GPT-4,
the judgment tool, favors the responses from the comparison
reward models, which, despite their potential for harm, are
more relevant to the question.

5.3 In-depth Analysis on LEGEND

We consider the following ablation baselines of LEGEND
to analyze its advantages and uncover its characteristics. In
particular, we explore the impact of the binning operation
and the Annotator LLMs. The detailed observations could
be found below6.

• LEGEND w/o SMV skips the projection operation. Conse-
quently, it utilizes the value of VHi from Equation 6 di-
rectly as the margin.

• LEGEND w/o bin omits the binning operation.

6Due to similar conclusions, we present the results on the Safe-
RLHF dataset here. More detailed results on the Safe-RLHF dataset
and the Harmless dataset can be found in Extended version.

• LEGEND w/ b M aims to explore the impact of using dif-
ferent numbers of bins. We group µi from Eq.7 into M
bins with M = 3, 5, 7, 10. In our main experiments, the
vanilla LEGEND employs 10 bins.

• LEGEND w/ Llama2-13B Base employs Llama2-13B Base
as the Annotator LLM.

• LEGEND w/ Llama2-7B Base employs Llama2-7B Base
as the Annotator LLM, the same as the main experiments.

Figure 2: Results of LEGEND w/o SMV and w/o bin.

Why LEGEND works – Precise safety margin char-
acterization through SMV-based projection mainly en-
hances the harmless alignment. Embedding distance of-
ten encompasses various semantic features, not just safety.
In this case, as explained in Section 4.2, relying solely on
embedding distance without SMV projection leads to an
unreliable measure for safety semantics. According to Fig-
ure 2, without SMV-based projection, the accuracy of LEG-
END drops in most cases compared to the vanilla LEGEND
(i.e., w/ b 10), with notable drops in accuracy on Pythia-
410M (0.81%), Pythia-1.4B (3.99%), and Llama2-7B-chat
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(1.28%). This confirms the importance of precise safety mar-
gin characterization.

Is LEGEND stable – Binning operation used in LEG-
END promotes the stability of LEGEND. As shown in Fig-
ure 2 and 3, the binning operation significantly enhances the
performance of the Legend method, resulting in at least a
1.42% increase in accuracy, compared to w/o bin. Its effec-
tiveness lies in that the projected values used in LEGEND
are not completely noise-free. Because it hypothesizes a
perfectly linear representation that ignores potential inaccu-
racies when comparing similar magnitudes. Consequently,
this can lead to unreliable margin annotations and intro-
duce noise into the data. The binning operation within LEG-
END effectively mitigates this issue by minimizing compar-
isons between similar-sized margins. By grouping values
into bins, the method reduces the impact of noise, thereby
enhancing the robustness of the annotations.

Figure 3: Results of LEGEND w/ different numbers of bins.

Can it be applied with diverse reward models – LEGEND
is flexible enough to accommodate diverse reward mod-
els of varying sizes by adjusting the number of bins. The
number of bins used in LEGEND exhibits a scaling relation-
ship with the size of the reward model. For smaller reward
models, using fewer bins yields better performance (e.g.,
LEGEND with Pythia-410M and 3 bins in Figure 3). How-
ever, as the reward model size increases, using more bins be-
comes advantageous for improved performance (e.g., LEG-
END with Llama2-7B-chat and 10 bins). This illustrates that
smaller reward models have limited capacity to make subtle
distinctions, resulting in coarser judgments about harmless-
ness. They are essentially restricted to broad assessments.
Conversely, larger reward models possess the capacity to
make more refined discriminations, enabling them to make
nuanced judgments of harmlessness.

Method Origin
LEGEND LEGEND

w/ Llama2-13B Base w/ Llama2-7B Base

Pythia-410M 53.56 52.32 53.73
Pythia-1.4B 57.88 56.39 59.63
Pythia-2.8B 58.09 58.75 63.48

Llama-7B-chat 68.84 70.49 70.88

Table 2: Results of LEGEND w/ different Annotator LLMs.

What is the primary bottleneck affecting the perfor-
mance ceiling of LEGEND – Our effectiveness could be

hindered by the Annotator LLM’s ability to identify
harmless responses. Table 2 shows that Legend consis-
tently outperforms origin in most scenarios, regardless of
whether the Annotator LLM is Llama2-7B or Llama2-13B.
Except LEGEND w/ Llama2-13B Base on Pythia-410M,
most of the results with LEGEND improve more than 1%
accuracy. While LEGEND generally performs well, there’s
a surprising pattern: LEGEND’s performance gains aren’t
consistent when training on smaller reward models with the
larger Llama2-13B Annotator. To understand this, we exam-
ined the margin distribution of LEGEND using different An-
notator LLMs, and found that Llama2-13B’s distribution is
more concentrated, suggesting it might be less adept at iden-
tifying harmless responses, shown in Figure 4. This is be-
cause Legend relies on the Annotator LLM to clearly distin-
guish between harmless and harmful content. For LEGEND
to work effectively, the chosen LLM needs to be capable of
distinguishing harmless responses with a high certainty.7

Figure 4: Histogram of continuous margins on Safe-RLHF
annotated by different Annonator LLMs. Llama2-13B Base
has a more concentrated distribution, making it difficult to
distinguish semantic differences.

6 Conclusion
Understanding nuanced safety preferences is essential for
developing robust and harmless LLMs that prioritize human
well-being. Our research delves into the precise quantifica-
tion of preference margins, revealing not just which harm-
less response is better, but by how much. This level of detail
is critical for constructing reliable and accurate reward mod-
els that can discern subtle distinctions in safety, ensuring that
LLMs can navigate complex situations with a nuanced un-
derstanding of risk. Inspired by recent breakthroughs in rep-
resentation engineering, we introduce a novel, cost-effective
framework for generating preference datasets enriched with
margin annotations. Our method significantly reduces the
manual effort required for labeling preference margins, al-
lowing for the efficient creation of high-quality datasets.
Through rigorous experimentation, we demonstrate the ef-
ficacy of our approach, advancing reward modeling and the
harmless alignment ability of downstream LLMs.

7We also provide a heuristic method for selecting Annotator
LLMs in Extended version.
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