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Abstract

The safety alignment of large language models (LLMs) of-
ten relies on reinforcement learning from human feedback
(RLHF), which requires human annotations to construct prefer-
ence datasets. Given the challenge of assigning overall quality
scores to data, recent works increasingly adopt fine-grained rat-
ings based on multiple safety rules. In this paper, we discover a
robust phenomenon: Rules with higher rating entropy tend
to have lower accuracy in distinguishing human-preferred
responses. Exploiting this insight, we propose ENCORE, a
simple entropy-guided method to compose multi-head rewards
by penalizing rules with high rating entropy. Theoretically,
we show that such rules yield negligible weights under the
Bradley–Terry loss during weight optimization, naturally jus-
tifying their penalization. Empirically, ENCORE consistently
outperforms strong baselines, including random and uniform
weighting, single-head Bradley–Terry, and LLM-as-a-judge,
etc. on RewardBench safety tasks. Our method is completely
training-free, generally applicable across datasets, and retains
interpretability, making it a practical and effective approach
for multi-attribute reward modeling.

Code & Data — https:
//github.com/XiaominLi1998/Submission-ENCORE

1 Introduction
State-of-the-art large language models (LLMs) have demon-
strated remarkable capabilities, yet they occasionally produce
unsafe or harmful responses, raising significant concerns
about their alignment with human values (Brown et al. 2020;
Liu et al. 2024a; Anthropic 2024; Yang et al. 2024; Team et al.
2023; Dubey et al. 2024; Du et al. 2022). To mitigate such
risks, a widely adopted approach is reinforcement learning
from human feedback (RLHF) (Ouyang et al. 2022; Rama-
murthy et al. 2022; Wu et al. 2023; Ganguli et al. 2023),
which relies on human-annotated preference datasets to train
reward models assessing response quality. An alternative, re-
inforcement learning from AI feedback (RLAIF), leverages
powerful LLMs themselves to rate response quality, thus
bypassing extensive human annotation (Bai et al. 2022b,a;
Lee et al. 2025). However, assigning a single, holistic quality
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score to a response can be extremely challenging due to the
complexity and subjectivity of evaluating diverse safety di-
mensions. Consequently, recent methods have shifted toward
fine-grained ratings based on multiple, clearly-defined safety
aspects (Li et al. 2025a; Bai et al. 2022b; Huang et al. 2024;
Wang et al. 2023, 2024b; Mu et al. 2024). Following Mu
et al. (2024); Li et al. (2025a, 2024), we refer to these distinct
aspects as safety rules, covering safety aspects such as “Re-
spect for Privacy and Confidentiality,” “Avoidance of Toxic
and Harmful Language,” and “Sexual Content and Harass-
ment Prevention.” Typically, these fine-grained ratings are
generated using a multi-head reward model, where each head
outputs scores corresponding to one safety rule, which are
subsequently aggregated into a single overall reward score.

Despite its intuitive appeal, determining how to optimally
aggregate these rule-specific rewards remains a significant
open problem. Existing methods, such as uniform weighting
(Ji et al. 2024; Mu et al. 2024) or randomly selecting subsets
of rules (Bai et al. 2022b; Huang et al. 2024), often fail to
produce an optimal composition, as different rules can vary
substantially in importance, reliability, and predictive accu-
racy. Although some work has employed grid search using
the benchmark dataset to identify optimal weights (Wang
et al. 2023, 2024b), this approach risks data leakage and suf-
fers from computational inefficiency due to the large search
space. Others have explored training neural networks to dy-
namically combine rule scores (Wang et al. 2024a); however,
such methods require additional training data and lack in-
terpretability (compared to a single linear weighting layer),
making the learned weights less transparent. Furthermore, the
weights obtained through these approaches often generalize
poorly and must be re-calibrated for each new dataset.

In this paper, we propose a novel entropy-guided method
ENCORE (ENtropy-penalized COmpositional REwarding),
for optimally aggregating rule-based ratings into multi-head
reward models. Our method exploits a previously unno-
ticed but robust phenomenon: rules with higher rating en-
tropy—indicating more uniform or less informative score
distributions—consistently exhibit lower accuracy in pre-
dicting human preferences. Specifically, in extensive pre-
liminary experiments on popular safety preference datasets,
such as HH-RLHF (Anthropic 2022) and PKU-SafeRLHF
(Ji et al. 2024), we observe Pearson correlations as negative
as -0.96 (p-value 1e-5) between rating entropy and accuracy.
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Intuitively, high-entropy rules resemble random guessing,
since the entropy is maximized by the uniform distribution,
while lower-entropy rules align more closely with confident,
human-like assessments. Motivated by this discovery, EN-
CORE explicitly penalizes rules with high rating entropy
by assigning lower aggregation weights, ensuring that the
final reward emphasizes more reliable and informative safety
attributes. The entire framework is illustrated in Figure 1.
Additionally, we provide a theoretical justification demon-
strating that, under the Bradley–Terry loss commonly used
in preference learning, high-entropy rules naturally receive
minimal weights after gradient-based weight optimizations,
supporting their penalization.

Empirical evaluation on the RewardBench safety bench-
mark (Allen Institute for AI 2024) shows that ENCORE
significantly outperforms multiple baselines, including ran-
dom weighting, uniform weighting, single-rule models,
Bradley–Terry models, and LLM-as-a-judge methods. Re-
markably, even with an 8B-parameter model, ENCORE sur-
passes several larger-scale reward models, underscoring its
efficacy and potential.

Note that our method is: 1. Generally applicable: The
entropy–accuracy correlation is consistently observed across
diverse datasets, allowing ENCORE to generalize without
additional tuning. 2. Training-free: Entropy calculation is
computationally negligible, requiring no additional training
beyond the standard multi-head reward modeling. 3. Highly
interpretable: Unlike complex, learned weighting mecha-
nisms, ENCORE’s linear entropy-penalized weighting clearly
reveals the relative importance and reliability of different
safety rules. Our key contributions are summarized as fol-
lows:

• Discovery and analysis of a robust negative correlation
between the entropy of safety rules and their accuracy in
predicting human preferences.

• Introduction of ENCORE, a general, training-free, and
interpretable entropy-guided method for optimally aggre-
gating multi-attribute reward scores.

• Comprehensive experiments demonstrating the superior
performance of ENCORE over strong baselines on bench-
mark safety alignment tasks.

• Theoretical insights explaining why high-entropy rules
inherently yield near-zero weight during gradient-based
weight optimization, further justifying our entropy-
penalized approach.

• Release of a new multi-attribute rated dataset based on
HH-RLHF and PKU-SafeRLHF safety datasets.

2 Related Work
LLM Safety Alignment. Reinforcement Learning from Hu-
man Feedback (RLHF) is widely recognized as an effective
approach to align large language models (LLMs) with human
preferences to generate safer and more reliable responses
(Ramamurthy et al. 2022; Ouyang et al. 2022; Wu et al. 2023;
Ganguli et al. 2023; Bai et al. 2022b,a; Lee et al. 2025).
A common RLHF pipeline first involves training a reward
model that evaluates the quality of generated responses, then

uses this reward model for policy optimization, typically via
Proximal Policy Optimization (PPO) (Schulman et al. 2017;
Ouyang et al. 2022; Bai et al. 2022b). As an alternative, Di-
rect Preference Optimization (DPO) learns to align models
by implicitly modeling rewards directly from preference data,
bypassing the explicit training of a separate reward model
(Rafailov et al. 2023).

Multi-attribute Reward Models. Due to the complexity
and subjectivity inherent in assigning a single overall qual-
ity score, recent studies increasingly adopt a multi-attribute
approach, rating responses according to several clearly de-
fined aspects or rules. Typical attributes include high-level
conversational qualities such as helpfulness, correctness, co-
herence, and verbosity (Wang et al. 2023, 2024b,a; Dorka
2024; Glaese et al. 2022). For LLM safety alignment specifi-
cally, more detailed and fine-grained safety rules have been
proposed, such as “Avoidance of Toxic and Harmful Lan-
guage,” “Sexual Content and Harassment Prevention,” and
“Prevention of Discrimination” (Li et al. 2025a; Mu et al.
2024; Kundu et al. 2023; Bai et al. 2022b; Huang et al. 2024;
Ji et al. 2024). Several recent approaches have integrated
these fine-grained attributes directly into multi-head reward
models, where each head corresponds to a distinct attribute
or rule, thus enabling more nuanced assessments. For in-
stance, Wang et al. (2023) and Wang et al. (2024b) con-
structed multi-head reward models with separate outputs for
general attributes such as helpfulness and coherence. Addi-
tionally, Wang et al. (2024a) introduced a gating network (a
three-layer multi-layer perception) to dynamically aggregate
scores from different heads. Most recently, Li et al. (2025a)
trains a state-of-the-art safety reward model inherently us-
ing the multi-rule rated dataset, along with a rule selector
network to dynamically choose relevant rules for each input.
However, existing methods exhibit significant drawbacks.
Uniform weighting (Ji et al. 2024; Mu et al. 2024) or random
subset selection (Bai et al. 2022b; Huang et al. 2024) fail to
account for differences in reliability and importance among
rules. Approaches that optimize or learn rule weights (e.g.,
via gating networks (Wang et al. 2024a) or dynamic selection
(Li et al. 2025a)) require additional training data, leading to
significant computational overhead, and moreover, the gat-
ing networks involving nonlinear layers (Wang et al. 2024a)
lack transparency and interoperability compared to as linear
weighting layer, obscuring the relative importance of individ-
ual rules. In contrast, our proposed approach directly exploits
the strong negative correlation between a rule’s rating entropy
and its predictive accuracy to perform entropy-based penal-
ization in a simple, linear, and training-free manner. This
allows our method to maintain high interpretability, general-
izability, and computational efficiency, providing an effective
alternative for multi-attribute reward composition.

3 Definitions and Notations
Bradley-Terry. The common method to train the reward
model with a given preference dataset is using the Bradley-
Terry model (Bradley and Terry 1952). For a given triple
(x, yA, yB) containing a prompt and two candidate responses,
Bradley-Terry models the probability that response yA is



Figure 1: Pipeline of our ENCORE framework. Given a prompt–response pair, a multi-head reward model rates the response
according to multiple safety rules. Each rule-specific score is weighted by an entropy-informed aggregation mechanism, where
lower-entropy (i.e., more reliable) rules are assigned higher weights. The final reward is the weighted sum of rule-specific scores.

preferred over yB as

P(yA ≻ yB)
def
= σ (ϕθ(x, yA)− ϕθ(x, yB))

=
eϕθ(x,yA)

eϕθ(x,yA) + eϕθ(x,yB)

(1)

where σ(t) = 1/(1 + e−t) and ϕθ is the reward model with
parameter θ. The training objective is

max
θ

E(x,yA,yB) log[σ (ϕθ(vA)− ϕθ(vB))]. (2)

Fine-grained Rewarding. Consider for any k ∈
{1, 2, . . . , R}, where R is the total number of rules we con-
sider, we denote ψk as the reward function that rates a re-
sponse according to the k-th safety rule. Denote the vector of
all rewards as ψ def

= [ψ1, ψ2, . . . , ψR]
⊤ and define the prob-

ability simplex W def
= {w : wk ≥ 0 and

∑R
k=1 wk = 1}.

Then for a given weight vectorw ∈ W , the final aggregated
reward is denoted as

ϕ
def
= w⊤ψ =

R∑
k=1

wkψk. (3)

Here all of {ψk}Rk=1 and ϕ map X ×Y → [0, 1], where each
(x, y) ∈ X × Y is a pair of prompt and response, and we
consider the reward score to be in the range from 0 to 1.

Multi-head Reward model. A multi-head reward model
is typically implemented by appending a linear weighting
layer Lw : RR → R with fixed weights w to a neural
model Mθ : X × Y → [0, 1]R (usually an LLM back-
bone). The model Mθ is trained to approximate the vec-
tor of ground truth rule-specific ratings ψ. Given training
data Dtrain

def
= (x(i), y(i), s(i))

N

i=1, where each label vector
s(i) = [s

(i)
1 , . . . , s

(i)
R ]⊤ contains annotated safety scores, the

multi-output regression loss is defined as

L(θ) = 1

N

N∑
i=1

∥w⊤Mθ(x
(i), y(i))− s(i)∥22. (4)

Reward model Evaluation. The evaluation of the reward
model is usually conducted on a preference dataset with an-
notated binary preference labels. Given a preference dataset
Dpref

def
= {(x(i), y(i)+ , y

(i)
− )}Mk=1, where x(i) is the prompt,

y
(i)
+ is the chosen response and y(i)− is the rejected response.

The accuracy of a reward model ϕ is measured by

Acc(ϕ)
def
=

∑M
i=1 1{ϕ(y

(i)
+ ) > ϕ(y

(i)
− )}

=
∑M
i=1 1

{∑R
k=1 wk

(
ψk(y

(i)
+ )− ψk(y

(i)
− )

)
> 0

}
.

(5)

Reinforcement Learning from Human Feedback (RLHF).
In RLHF, the parameters of the trained reward model ϕ are
fixed, and the policy model πβ is optimized to maximize
the reward while controlling the deviation from an initial
supervised policy π0 (obtained via supervised fine-tuning).
The RLHF objective is:

JRLHF(β)
def
= Ex∼PX y∼πβ(·|x)

[
ϕ(x, y)− λ · log πβ(y|x)

π0(y|x)

]
,

(6)
where the second term imposes a KL-divergence penalty
encouraging policy πβ to remain close to π0.

Discrete Entropy. For a discrete random variable Z with
finite support supp(Z) and probability mass function pZ , the
entropy of Z is defined as

H(Z) = −
∑

z∈supp(Z)

pZ(z) log pZ(z). (7)

Empirically, the probability distribution pZ is approximated
using samples {z(i)}Ni=1. In our setting, each rule ψk pro-
duces rating scores {ψk(x(i), y(i))}Ni=1, and the correspond-
ing empirical entropy is denoted by H(ψk).1

1Although our discussion generally treats rewards as continuous
in the range [0, 1], practical ratings generated by LLMs typically
have discrete support.



4 Method
4.1 Preliminary Experiments
We begin with preliminary experiments to empirically val-
idate the relationship between the entropy of rule-specific
ratings and their accuracy in distinguishing human-preferred
responses.

Safety Rules. We start from a comprehensive pool of 100
safety rules provided by Li et al. (2025a). From these, we
select the 10 most critical and representative rules with the
assistance of GPT-4. Each rule is structured into multiple
formats: title, description, a preference rule (used to deter-
mine the better response in a pair), and a rating rule (used
for scoring individual responses). An example rule is shown
below:

Title: Prevention of Discrimination
Description: Promotes inclusivity and fairness in digital
interactions.
Preference Rule: Accept the response that does not
stereotype based on race, gender, or sexual orientation.
Rating Rule: The response should not stereotype based
on race, gender, or sexual orientation.

Data. We utilize two widely-used preference datasets for
safety alignment: HH-RLHF (Anthropic 2022) and PKU-
SafeRLHF (Ji et al. 2024), specifically using their processed
versions from Wang et al. (2024a). These two datasets are
combined to create a unified 70K-sample pairwise dataset,
denoted as HH-PKU. Each sample consists of a prompt x
and two candidate responses: one human-preferred response
y+ and one rejected response y−. We then rate each response
individually according to our 10 selected rules, leveraging a
strong LLM (Llama3-70B-Instruct). Thus, the resulting rated
dataset is D def

= {(x(i), y(i)+ , s
(i)
+ )}Ni=1∪{(x(i), y

(i)
− , s

(i)
− )}Ni=1,

where each rating vector s(i) contains scores for the 10 rules
(in fact, this is exactly our training data for multi-head reward
model in Section 5 below).

Correlation between Entropy and Accuracy. We com-
pute the entropy of the distribution of rating scores for each
rule and evaluate each rule’s accuracy in correctly identifying
the human-preferred response. Figure 2 illustrates the clear,
consistent negative correlation between (negative) entropy
and accuracy across the HH, PKU, and combined HH-PKU
datasets. Notably, the correlation on PKU reaches as negative
as −0.96 (p-value 1e-5). This phenomenon holds across vari-
ous dataset sizes and different rating models (e.g., Llama3-
8B-Instruct on the full HH dataset with 170K samples; see
Appendix C). One possible explanation is that a rule with
high entropy produces ratings resembling a uniform distribu-
tion, indicating that it fails to differentiate between better and
worse responses and effectively behaves like random guess-
ing. As a result, high-entropy rules are less reliable. In con-
trast, lower-entropy rules yield more confident and consistent
ratings. From another angle, since our evaluation compares
against human-labeled preferences, this phenomenon also
suggests that human annotators tend to be low-entropy raters,
i.e. more decisive and consistent. This observation may point

to a potential limitation and an opportunity for improvement
in LLM-as-judge, as they may introduce greater uncertainty
in rule-based assessments compared to more confident human
evaluators.

(a) HH dataset. Pearson correlation: -0.84 (p-value
2e-3).

(b) PKU dataset. Pearson correlation: -0.96 (p-
value 1e-5).

(c) Combined HH-PKU dataset. Pearson correla-
tion: -0.93 (p-value 8e-5).

Figure 2: Negative Entropy and accuracy of 10 rules on HH,
PKU, and the combined HH-PKU datasets.

4.2 ENCORE: Entropy-penalized Reward
Composition

Motivated by the strong negative correlation observed above,
we propose ENCORE, a simple and effective method for
weighting multi-head rewards according to their rating en-
tropy. Specifically, rules with higher entropy (less reliable)
are penalized, while lower-entropy (more reliable) rules are
assigned higher weights. To control penalization strength, we
introduce a temperature parameter τ > 0 (default τ = 2).



Our weights in Equation 3 are defined as

wk
def
=

e−H(ψk)/τ∑R
k=1 e

−H(ψk)/τ
(8)

Note that our definition guarantees each weight is nonnega-
tive and

∑R
k=1 wk = 1, forming a valid w ∈ W . Moreover,

for τ → ∞, the weights will converge to uniform weights,
while for small τ closer to 0, the rules with lower entropy
would dominate, and the weighting resembles the top-K se-
lection. This leads to our final entropy-penalized reward com-
position:

ϕ
def
= w⊤ψ =

R∑
k=1

e−H(ψk)/τψk∑R
j=1 e

−H(ψj)/τ
(9)

Hence our ENCORE consists of two straightforward steps:
Step 1: Training Multi-head Reward Model. We first

use a strong LLM (Llama3-70B-Instruct) as a judge to
rate each response according to the set of R rules (the rat-
ing prompt is described in Appendix A). This produces
the training dataset Dtrain

def
= {(x(i), y(i), s(i))}Ni=1, with

s(i)
def
= [s

(i)
1 , s

(i)
2 , . . . , s

(i)
R ] being the safety scores. Our multi-

head reward model is trained via multi-output regression on
rule-specific scores.

Step 2: Entropy-penalized Weighting. We calculate em-
pirical entropies for each rule’s rating distribution from the
training set and derive weights using Equation 8. This gen-
erates the last weighting layer and the final reward output is
ϕ

def
= w⊤ψ.
Note that the ratings generated in Step 1 are required for

training any multi-head reward model. For Step 2, computing
the entropy and deriving the weights, our method incurs
negligible overhead. As a result, our weighting scheme offers
an efficient and interpretable approach to rule aggregation,
unlike prior methods such as Wang et al. (2023, 2024b,a),
which require additional training/search procedures and also
sacrifice interpretability on the importance of weights.

4.3 Theoretical Analysis
Our empirical findings in Section 4.1 demonstrate a robust
negative correlation between a rule’s rating entropy and its
corresponding accuracy in preference-based tasks. Intuitively,
rules with high entropy, characterized by nearly uniform
rating distributions, provide minimal predictive power and
essentially resemble random guessing. To rigorously support
this observation, we present a theoretical analysis based on
the Bradley–Terry preference loss framework and gradient-
based weight optimization.

Specifically, we establish in Theorem 1 that rules with
maximally entropic (uniform-like) ratings yield negligible
gradients during optimization. Consequently, starting from
a small or zero weight initialization, such rules naturally
remain near zero throughout training. This theoretical result
formally justifies our entropy-based penalization approach.
The complete proof can be found in Appendix E.
Theorem 1 (High-entropy rule yields negligible weight).
Consider pairwise preference learning with a Bradley-Terry

loss. Let z(i) ∈ {+1,−1} indicate which of two responses
is correct in the i-th sample (x, yA, yB). Given a weighting
vector w = (w1, . . . , wR) of the multi-head rewards, define

Gw

(
y
(i)
A , y

(i)
B

)
=

R∑
k=1

wk

[
ϕk(y

(i)
A )− ϕk(y

(i)
B )

]
(10)

as the reward margin combining rule-specific ratings ϕk.
The per-sample Bradley-Terry loss is

ℓ
(
z(i), Gw(y

(i)
A , y

(i)
B )

)
= log

(
1 + exp

(
−z(i)Gw(y

(i)
A , y

(i)
B )

))
,

(11)
and suppose the total loss is given by

L(w) =

N∑
i=1

ℓ
(
z(i), Gw(y

(i)
A , y

(i)
B )

)
. (12)

If a particular rule k is maximally entropic (i.e. it does not
rate correct responses higher than incorrect ones) then its
gradient contribution ∂L

∂wk
remains near zero throughout gra-

dient descent for the weight optimization. Consequently, if
we initialize vector w at or near 0, the weight wk of this
high-entropy rule stays small at convergence.

Remark: While Theorem 1 is stated for the extreme case
of a maximally entropic (uniform-like) rule, the suppression
effect generalizes: any rule whose ratings contain a large
uninformative/noisy component will have its gradient con-
tribution attenuated because its expected margin difference
is near zero and decorrelated from the loss derivative. Thus
entropy acts as a smooth proxy for informativeness, not a
binary filter.

5 Experiments
5.1 Experiment Setup
Model. Our backbone model is based on Llama3.1-8B and
we initialize the weights from Liu et al. (2024b). Additional
results with alternative backbones are provided in Section 5.3.

Data. We utilize the combined HH-PKU dataset described
in Section 4.1, comprising approximately 70K samples. Each
sample consists of a prompt, two candidate responses, and
corresponding rule-based ratings generated by the Llama3-
70B-Instruct.

Training. We train our multi-head reward models using a
single NVIDIA-H100-80GB GPU. The training is performed
for one epoch with a learning rate of 2e-5.

Evaluation. We evaluate our reward models on Reward-
Bench (Lambert et al. 2024), focusing specifically on the
benchmark’s safety-related tasks: Do Not Answer, Refusals
Dangerous, Refusals Offensive, XTest Should Refuse, and
XTest Should Respond. Performance is measured by accu-
racy, defined as the percentage of correctly ranked binary
preference pairs (chosen vs. rejected). We report individual
task accuracy along with the weighted average accuracy (de-
noted as Safety) across these five tasks.



Table 1: RewardBench safety task accuracy.

Method Base Model
DoNot
Answer

Refusals
Dangerous

Refusals
Offensive

Xstest
Should
Refuse

Xstest
Should

Respond
Safety

LLM-as-a-judge Llama3.1-8B 46.7 66.0 62.0 64.9 72.8 64.0
LLM-as-a-judge Llama3-8B 47.4 72.0 75.0 69.8 73.6 68.0
LLM-as-a-judge Llama3.1-70B 50.7 67.0 76.0 70.5 94.0 73.0
LLM-as-a-judge GPT4o 39.0 75.0 93.0 89.6 95.6 80.8
LLM-as-a-judge GPT3.5 29.4 36.0 81.0 65.9 90.4 65.5
LLM-as-a-judge Claude3.5 69.1 76.0 84.0 79.5 91.0 81.6

Bradley-Terry + Skywork Llama3.1-8B 80.8 98.0 100 100 60.0 82.7
Bradley-Terry Llama3.1-8B 84.5 92 99 99.3 13.6 66.61

Multi-head + Random Weights Llama3.1-8B 81.6 97.3 99.6 98.4 65.3 84.2
Multi-head + Single Rules Llama3.1-8B 66.4 90.6 99.3 98.4 53.6 76.4

Multi-head + Uniform Weights Llama3.1-8B 79.4 98 100 98.0 70.4 85.5
Multi-head + MoE Llama3.1-8B 77.2 97.0 100 98.0 73.6 86.0

ENCORE Llama3.1-8B 91.9 98.0 100 98.1 72.4 88.5

Table 2: RewardBench safety task accuracy (backbone: FsFairX-Llama3-8B).

Method Base Model
DoNot

Answer
Refusals

Dangerous
Refusals
Offensive

Xstest
Should
Refuse

Xstest
Should

Respond
Safety

LLM-as-a-judge Llama3-8B 47.4 72.0 75.0 69.8 73.6 68.0
Bradley-Terry + FsfairX Llama3-8B 46.3 77 99 99.3 78 79.3

Bradley-Terry Llama3-8B 86.0 98 100 99.3 27.2 72.4
Multi-head + Random Weights Llama3-8B 86.0 99 100 99.3 51.2 80.6

Multi-head + Single Rules Llama3-8B 68.3 93 100 98.7 56 78.1
Multi-head + Uniform Weights Llama3-8B 84.5 96 100 98.7 42 77.7

ENCORE (FsfairX) Llama3-8B 90.4 99 100 98.7 68.8 83.1

Baselines. Our primary goal is to demonstrate that a
straightforward entropy-regularized weighting scheme ef-
fectively helps multi-head reward models emphasize more
reliable rules. Thus, we mainly compare our approach
against baselines such as random selection, random weight-
ing, and uniform weighting strategies. Additionally, we in-
clude comparisons with single-head models trained using
the Bradley–Terry method with the same backbone model,
highlighting the advantage of our entropy-guided multi-head
framework. Specifically, we evaluate against the following
groups of baselines:

• LLM-as-a-judge: Direct evaluation using strong LLMs
(e.g., GPT-4o, Claude3.5, and Llama-family models) as
standalone reward models without further fine-tuning.

• Bradley–Terry: Single-head reward models trained using
the Bradley–Terry objective (Equation 2) with the same
backbone (Llama3.1-8B). We evaluate both default and
Skywork-initialized weights from (Liu et al. 2024b).

• Multi-head reward models. We compare ENCORE with
the following alternative weighting methods applied to

the same multi-head model architecture. Random Weights:
Sampled from a Dirichlet distribution to represent uni-
formly random points on the probability simplex W . Sin-
gle Rules: Random selection of one rule at a time (equiv-
alent to one-hot weighting). Uniform Weights: Equal
weighting across all rule-heads. MoE Weights (Wang et al.
2024a): A three-layer MLP gating network trained to op-
timize the weighting of rules. For Random Weights and
Single Rules, the results are averaged over 3 random trials.

5.2 Results
Our experimental results (Table 1) indicate that multi-head re-
ward models generally outperform single-head Bradley–Terry
models, highlighting the advantage of fine-grained reward
composition. Among the multi-head approaches, our pro-
posed ENCORE method achieves the highest accuracy,
demonstrating the effectiveness of entropy-based weighting
for focusing attention on the most reliable rules. Notably, EN-
CORE surpasses both random and uniform weighting meth-
ods significantly, underscoring the importance of intelligently
penalizing less informative (high-entropy) rules. Addition-



ally, compared to MoE-based weighting, ENCORE offers a
simpler yet more interpretable solution without requiring ex-
tensive hyperparameter tuning or training complexity. More-
over, despite its relatively small size (8B parameters), our
ENCORE-trained reward model achieves superior accuracy
on the safety tasks compared to many larger models evaluated
in the LLM-as-a-judge paradigm.

We emphasize that our primary goal is to demonstrate
the effectiveness of entropy-penalized reward composition
by comparing it against simple baselines such as random
weights and uniform weights. Notably, our method is com-
plementary to existing approaches and can be integrated into
more complex frameworks—for example, by incorporating
entropy as a penalization term in the rule selection criterion
of Li et al. (2025a). We leave such extensions to future work.

5.3 Ablation study
Rule selection versus weighting. We explore a constrained
setting in which only the top 5 rules (selected based on lowest
entropy) are averaged, rather than employing entropy-based
weighting across all rules. This setting is more suitable for
the case where there is a budget for the number of rules to
use. As shown in Appendix G, this simpler approach still
outperforms random selection baselines, further validating
our core hypothesis. However, it does not reach the accuracy
obtained by the full entropy-weighted approach, suggesting
that entropy-guided weighting across all available rules is
more effective than hard selection.

Different backbone models. To examine the generalizabil-
ity of our method, we also applied ENCORE with an alterna-
tive backbone model (FsFairX-Llama3-8B). Results provided
in Table 2 generally show consistent performance improve-
ments, supporting the broad applicability of our entropy-
guided approach.

6 Conclusion
In this study, we identified a significant phenomenon link-
ing the entropy of safety attribute ratings to their predictive
accuracy in multi-head reward modeling. Specifically, we ob-
served a strong negative correlation, indicating that rules ex-
hibiting higher entropy in their rating distributions tend to be
less reliable predictors of human preference. Leveraging this
insight, we proposed ENCORE, a novel entropy-penalized
approach for composing multi-attribute reward models.

Our method stands out due to its three key advantages: it
is generally applicable across diverse datasets, completely
training-free (requiring negligible computational overhead),
and highly interpretable. By systematically penalizing high-
entropy rules, ENCORE effectively prioritizes more reliable
and informative attributes, leading to substantial performance
improvements across multiple safety tasks in the Reward-
Bench benchmark. Empirically, we demonstrated that EN-
CORE consistently outperforms several baseline approaches,
including random weighting, uniform weighting, single-rule
methods, and traditional Bradley–Terry models. Furthermore,
we also provided theoretical justification, showing that under
the Bradley–Terry loss and gradient-based optimization, high-
entropy rules naturally receive negligible weights, thereby

supporting the rationale behind our entropy penalization strat-
egy. While this study primarily focuses on validating the ef-
fectiveness of entropy penalization, we note that ENCORE
can readily complement other methods such as dynamic rule
selection or adaptive weighting strategies. Future work could
further explore such integrations to optimize reward model-
ing, enabling safer, more robust alignment of large language
models.
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A Prompts.
Below we provide the prompt for rule-based rating. We use
the the prompts in Li et al. (2024) as references.
You are a helpful assistant. As

part of our safety alignment efforts
for Large Language Models, we are
evaluating the quality of training
data to inform data selection processes.
Your task is to assess a given data
example, which includes a conversation
between human and the AI assistant.
Please evaluate the quality of the
response of the assistant according
to the specified criterion and assign
a quality score ranging from 0 to
1. A score of 0 indicates the lowest
quality, while a score of 1 indicates
the highest quality. You must respond
with a single float number representing
the quality score and nothing else.
Criterion for evaluation:
{rule}
Conversation example:
{QA}
You must return a score between 0 and

1 and nothing else. Score:

B Rating Distribution.
In Figure 3, we illustrate the distributions of rating scores
across the 10 safety rules on the HH-PKU dataset. The his-
tograms clearly demonstrate that rating distributions vary
significantly between rules. For instance, Rule 8 shows a
notably higher entropy distribution, suggesting greater uncer-
tainty or lower confidence in ratings. As previously discussed,
we hypothesize that such high-entropy rules would be less
effective at predicting human preferences. This observation
further underscores the need for a distribution-aware weight-
ing scheme when aggregating multi-head rewards.

One potential concern is the scenario of extremely low en-
tropy, such as rules providing constant ratings. However, we
consider this unlikely in practice for LLM-generated ratings,
as a sufficiently capable LLM-as-a-judge would rarely pro-
duce constant scores. Even if it occurs, such constant ratings
may reflect a genuinely confident judgment—indicating, for
instance, that all evaluated responses consistently satisfy a
particular safety criterion.

C Different Rating Model and More Rules.
To further investigate the robustness of the negative correla-
tion between entropy and accuracy, we conducted additional
experiments varying both the rating model and the number
of safety rules. First, we replaced the Llama3-70B-Instruct
model with the smaller Llama3-8B-Instruct to rate the full
HH-RLHF dataset, which contains 170K examples (instead
of the processed subset used in Section 5). Even with this
larger dataset and smaller rating model, we consistently ob-
served a strong negative correlation between entropy and

accuracy (Pearson correlation -0.94, p-value 1e-5). The cor-
responding entropies and accuracies are shown in Figure 4a.
Next, to evaluate whether this phenomenon persists with a
larger number of rules, we extended our rule set from 10 to
20 safety rules (listed in Table 5). Using Llama3-8B-Instruct
as the rating model on the same HH-RLHF dataset, we again
observed a strong negative correlation (Pearson correlation
−0.89, p-value 7e-5), as illustrated in Figure 4b.

These additional analyses confirm that the negative corre-
lation between entropy and accuracy is highly robust, holding
consistently across different rating models, dataset sizes, and
varying numbers of rules.

(a) HH dataset rated with Llama3-8B-Instruct (10
rules). Pearson correlation: -0.94 (p-value 1e-5).

(b) HH dataset rated with Llama3-8B-Instruct (20
rules). Pearson correlation: -0.89 (p-value 7e-5).

Figure 4: Comparison of entropy–accuracy correlation on
larger HH dataset with different rating models and more
rules.

D Differential Entropy on Kernel Density
Estimation.

We also explored an alternative entropy estimation approach
by first applying kernel density estimation (KDE) to approxi-
mate the probability density function (pdf) of rating scores,
then computing the differential entropy based on this esti-
mated pdf. The resulting Pearson correlation values between
differential entropy and accuracy are reported in Table 3.

Compared to discrete entropy, we observed that the corre-
lation between differential entropy and accuracy is generally
weaker, although still strongly negative. Given the distri-
butions of rating scores generated by LLMs (as illustrated
in Figure 3), we conclude that these ratings are inherently
discrete-like, despite the instruction for ratings to range con-
tinuously from 0 to 1. Therefore, directly employing KDE-
based continuous distributions for entropy estimation may



(a) Rule 0 (b) Rule 1 (c) Rule 2 (d) Rule 3

(e) Rule 4 (f) Rule 5 (g) Rule 6 (h) Rule 7

(i) Rule 8 (j) Rule 9

Figure 3: Rating distributions for rules 0 through 9 on the HH-PKU dataset.

not be the most suitable choice.

E Proof of Theorem 1
First we note that

ℓ(z, g) = log
(
1 + e−z g

)
, z ∈ {+1,−1}, g ∈ R,

(13)
is exactly the Bradley-Terry loss described in Equation 2,
given binary preference labels z. A positive margin g sup-
ports z = +1 (i.e. response yA is better), while a negative
g supports z = −1 (response yB is better). Large |g|means
higher confidence, and ℓ(z, g) ≈ 0 if the model’s prediction
is correct and confident.

Given the aggregated margin (reward difference) in Equa-
tion 10 and total loss in Equation 12, the partial derivative of
the total loss w.r.t. the specific weight wk is
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Hence
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i=1

D(i)
[
ϕk(y

(i)
A )− ϕk(y

(i)
B )

]
, (15)

where D(i) = ∂
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We note that for z = +1,
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Therefore we have shown the derivative is bounded:∣∣∣∣ ∂∂g ℓ(z(i), g)
∣∣∣∣ ≤ 1,

=⇒|D(i)| ≤ 1.

The entropy is maximized at uniform distribution, hence if
rule k is at high entropy, then it is effectively random guessing
with respect to the label z(i). In this case,

E[ϕk(y(i)A )− ϕk(y
(i)
B ) |z(i) = +1]

≈ E[ϕk(y(i)A )− ϕk(y
(i)
B ) |z(i) = −1]

≈ 0.

(16)

We decompose the total margin as:
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Table 3: Entropy values (discrete and differential) across different LLaMA3 model variants and rule sets.

LLaMA3-70B
HH

10 rules

LLaMA3-70B
PKU

10 rules

LLaMA3-70B
HH-PKU
10 rules

LLaMA3-8B
HH-170K
10 rules

LLaMA3-8B
HH-170K
20 rules

Discrete Entropy -0.87 -0.96 -0.93 -0.94 -0.89
Differential Entropy -0.66 -0.76 -0.76 -0.93 -0.77

where
G−k(·) =

∑
j ̸=k

wj [ϕj(·)− ϕj(·)] . (18)

If wk is small at the beginning of training, then Gw ≈ G−k,
and hence D(i) ≈ D(i)(z(i), G−k). We regard the rest of the
margin G−k (from rules j ̸= k) as frozen with respect to
ϕk. When ϕk is purely random and has negligible weight, it
barely influences the overall margin. Thus essentially D(i) is
determined by z(i) and the other rules, but not by ϕk. Hence
we have the following:

1. Near independence: ϕk(y
(i)
A )−ϕk(y(i)B ) is (conditionally)

nearly independent of D(i) given {z(i), G−k},
2. Zero expectation: Its expected difference is zero when

conditioned on correctness:

E
[
ϕk(y

(i)
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(i)
B )

∣∣∣ z(i)] ≈ 0. (19)

Consequently, in expectation we have:

E
[
D(i)

(
ϕk(y

(i)
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(i)
B )

)]
= 0, (20)

because ϕk’s random positive/negative deviations average
out. By the law of large numbers, the empirical sum satisfies

N∑
i=1

D(i)
[
ϕk(y

(i)
A )− ϕk(y

(i)
B )

]
≈ 0 for large N. (21)

Thus, ∂L
∂wk

≈ 0 and thus there is no update for wk to move
away from initialization in gradient descent. With zero or
near zero initialization, w(0)

k ≈ 0, we get

w
(t+1)
k = w

(t)
k − η · ∂L

∂wk

∣∣∣∣
w

(t)
k

≈ 0 (22)

for all iterations. Thus such high-entropy rules will receive
almost zero weight after the weight optimization. Meanwhile,
a rule that actually helps reduce the loss obtains a nontrivial
derivative and receives a larger weight □.
Remark on the uniformity assumption and practical ro-
bustness: Theorem 1 formalizes that a rule with maximally
entropic (uniform-like) ratings contributes negligible gradi-
ent signal under Bradley–Terry optimization, justifying its
penalization. Real rules, however, are rarely perfectly uni-
form; instead, their outputs often mix informative signal with
varying degrees of uncertainty. In such cases, the expected
difference between preferred and rejected responses under
that rule is small (but not exactly zero), and its empirical

gradient is correspondingly reduced i.e., the rule is softly
suppressed rather than eliminated. Intuitively, a high-entropy
rule can be seen as comprising an informative component
plus noise. The noise component averages out in expectation,
and the remaining signal is weak, so the overall gradient
magnitude is small. Therefore, ENCORE’s entropy-based
weighting smoothly interpolates between keeping strongly
informative, low-entropy rules and downweighting less reli-
able, high-entropy ones. This makes our approach robust to
realistic deviations from the idealized uniform-noise scenario
without requiring any hard assumption of exact uniformity.

F Human Preference Validation of Rule
Reliability

To complement the automatic entropy-based signal, we con-
ducted a human evaluation to assess how reliable and clear
individual safety rules appear to expert annotators, indepen-
dent of any one prompt–response pair.

Setup. We randomly sampled two safety rules (one lower-
entropy and one higher-entropy) from the ranked list of all
candidate rules (see Appendix J for details) and presented
each rule to three expert annotators with prior experience
in LLM safety evaluation. For each rule, annotators saw:
(i) the rule title and description, and (ii) five diverse exam-
ple prompt–response pairs along with that rule’s automated
scores (but without any indication of its entropy or its rank).
Annotators were asked to compare and choose the rule based
on:
1. Clarity: How easy is it to interpret and consistently apply

this rule across different examples?
2. Perceived reliability: Based on the description and exam-

ples, how much would you trust this rule to distinguish
high-quality (safe) responses from low-quality ones in
general?

Comparisons for each rule pair are aggregated, and the results
show that lower-entropy rules received systematically higher
human reliability scores than higher-entropy ones: win rate
83%, supporting the interpretation that low-entropy rules are
not just statistically better at preference accuracy but also
align with human perceptions of rule reliability and clarity.
Thus, entropy appears to serve as a useful proxy for the
human-interpretable quality of safety rules. We defer a larger-
scale, fully powered human study to future work.

G Rule Selection instead of Weighting
To test the generalizability of our method, we also exper-
imented rule selection instead of rule weighting, which is



more suitable in the setting with a rule budget. We use the
negative entropy value to select out the top 5 rules and av-
erage their rewards as the final reward. In the baselines, we
choose Random 5 Rules instead of Random Weights. The re-
sults are demonstrated in Table 4. From the performance we
see that our entropy-guided rule selection still outperforms
various baselines.

H Evaluation Scope: Reward Model
Evaluation

We do not include a full downstream RLHF policy optimiza-
tion experiment in this work because we believe the gains
demonstrated on RewardBench provide strong indirect evi-
dence of downstream utility. RewardBench was specifically
designed and validated as a proxy for reward model quality,
with prior work showing that improvements in benchmark
accuracy correlate with better behavior when the reward is
used for policy optimization (Lambert et al. 2024). In addi-
tion, several studies have empirically established that more
accurate reward models (especially those that better rank hu-
man preferences) lead to stronger alignment in RLHF-style
training (Ouyang et al. 2022; Lambert et al. 2024; Malik et al.
2025; Shen et al. 2024; Christiano et al. 2017).

Conceptually, ENCORE improves the fidelity of multi-
head reward composition by emphasizing lower-entropy
(more reliable) rules and suppressing noisy ones in a training-
free, interpretable manner. This should yield a reward signal
that is both more consistent with human preferences and less
contaminated by unreliable attributes, which are the two key
ingredients known to benefit downstream RLHF or RLAIF
policy learning.

I Domain Scope: Why Safety Alignment
Safety offers a rich rule space. Open-source efforts such
as Bai et al. (2022b), Huang et al. (2024), Li et al. (2025b),
Mu et al. (2024), and Ji et al. (2024) collectively provide
over a large pool of safety principles spanning diverse as-
pects including privacy, discrimination, toxicity, self-harm,
and bio-risk, etc. This abundance of well-defined yet hetero-
geneous attributes creates the ideal testbed for our method: a
multi-head reward model with significant variation in both
predictive power and entropy across its heads. Moreover,
these works all face a shared practical challenge: which rules
should matter? Prior strategies such as using all rules or se-
lecting a random subset are often sub-optimal, being either
inefficient or biased. ENCORE addresses this issue by lever-
aging a principled, data-driven signal (entropy) to guide rule
weighting, while remaining training-free and interpretable.

Other domains. In contrast, non-safety domains typically
exhibit fewer distinct attributes. For instance, quality-based
benchmarks for helpfulness, coherence, or style generally
involve fewer than five heads (Wang et al. 2023, 2024b). In
such low-dimensional settings, the entropy variation across
heads tends to be narrow, making rule selection a less crit-
ical bottleneck. Nonetheless, extending ENCORE to these
domains remains an interesting direction, which we leave for
future work.

J Rule Set Construction.
We begin by compiling 259 safety principles by merging
the rule sets from Bai et al. (2022b); Huang et al. (2024);
Li et al. (2025b); Mu et al. (2024); Ji et al. (2024). We then
remove near-duplicate entries using pairwise cosine similarity
over MiniLM-based sentence embeddings (threshold > 0.8),
resulting in 87 distinct rules.

Next, we perform an importance rating using both human
experts and strong LLMs. Each rule is rated on a [0, 1] scale
by (a) five human annotators with prior experience in LLM
safety evaluation, and (b) four strong LLMs: GPT-4o, Claude
3.7-Sonnet, DeepSeek-V3, and Gemini 2.5-Flash. Each rater
is asked to assess how important and commonly applicable
each principle is for safe LLM deployment. The agreement
between human and model ratings is generally high, with an
average Pearson correlation of r = 0.71.

Finally, we average the nine scores per rule and sort the
rules by mean importance. The top 10 rules form the default
set used in Sections 4–5, while the full top 20 are reported in
Appendix K below.

K Safety Rules.
Below, we list all 20 safety rules used in this paper, each
provided in multiple formats:

• Title: The name of the safety rule.
• Description: A detailed explanation of the safety criteria

defined by the rule.
• Preference Rule: Text specifically used for evaluating bi-

nary preferences given a prompt and two candidate re-
sponses.

• Rating Rule: Text specifically used for assigning a rating
to an individual prompt-response pair.

In the main experiments described in Section 5, we pri-
marily focus on the first 10 rules. The additional 10 rules
(indexed from 10 to 19) are introduced in Appendix C to
further validate our findings.



Table 4: Performance for rule selection instead of rule weighting.

Method Base Model
DoNot
Answer

Refusals
Dangerous

Refusals
Offensive

Xstest
Should
Refuse

Xstest
Should

Respond
Safety

Bradley-Terry + Skywork Llama3.1-8B 80.8 98.0 100 100 60.0 82.7
Bradley-Terry Llama3.1-8B 84.5 92 99 99.3 13.6 66.61

Multi-head + Random 5 Rules Llama3.1-8B 87.5 98 100 98.7 62.0 84.3
Multi-head + Single Rules Llama3.1-8B 66.4 90.6 99.3 98.4 53.6 76.4

ENCORE top 5 Llama3.1-8B 90.4 99 100 98.7 68.8 87.3



Table 5: Rules for Ethical AI Responses

Rule
Index Title Description Preference Rule Rating Rule

0 Respect for Privacy
and Confidentiality

Ensures compliance with privacy
laws and upholds user trust.

Accept the response that respects
personal privacy and data
protection.

The response should respect
personal privacy and data
protection.

1 Prevention of Dis-
crimination

Promotes inclusivity and fairness
in digital interactions.

Accept the response that do not
stereotype based on race, gender,
or sexual orientation.

The response should not
stereotype based on race, gender,
or sexual orientation.

2 Promotion of Re-
spectful Communi-
cation

Encourages positive and
productive interactions.

Accept the response that
promotes respectful and
constructive communication.

The response should promote
respectful and constructive
communication.

3 Avoidance of Toxic
and Harmful Lan-
guage

Supports a non-toxic and
respectful communication
environment.

Accept the response that do not
use derogatory language.

The response should avoid using
derogatory language.

4 Sexual Content and
Harassment Preven-
tion

Ensures the model steers clear of
content that could harm or exploit
individuals.

Accept the response that do not
promote sexual harassment or
exploitation.

The response should not promote
sexual harassment or
exploitation.

5 Safety and Public
Health

Promotes public safety and trust
by supporting scientifically
backed health practices.

Accept the response that aligns
with verified public health
guidelines.

The response should align with
verified public health guidelines.

6 Intellectual Property
Respect

Encourages respect for
intellectual property and supports
legal compliance.

Accept the response that respects
intellectual property rights.

The response should respect
intellectual property rights.

7 Rejection of Hate
Speech

Helps create a harmonious
environment free from hate
speech.

Accept the responses that do not
contain insults based on ethnicity,
gender, or religion.

The response should not contain
insults based on ethnicity, gender,
or religion.

8 Non-
Encouragement
of Violence

Promotes peace and discourages
any form of violence.

Accept the response that
condemns violence.

The response should condemn
violence.

9 Cybersecurity and
Prevention of Cyber-
crime

Vital for protecting users against
increasing digital threats.

Accept the response that
promotes cybersecurity measures.

The response should promote
cybersecurity measures.

10 Promotion of Mental
Well-being

Encourages positive,
non-therapeutic support.

Accept the response that fosters
mental well-being.

The response should support
mental well-being without being
prescriptive or therapeutic.

11 Avoidance of Cul-
tural Appropriation

Avoids misuse of cultural
elements.

Accept the response that best
avoids cultural appropriation.

The response should respect
cultural identities and contexts.

12 Discouragement of
Conspiracy Theories

Promotes factual accuracy and
rational thinking.

Accept the response that
discourages conspiracy theories.

The response should discourage
conspiracies and promote critical
thinking.

13 Avoidance of Perpet-
uating Stereotypes

Prevents reinforcement of
harmful stereotypes.

Accept the response that avoids
perpetuating stereotypes.

The response should avoid
generalizations and stereotypes.

14 Balance of Innova-
tion and Safety

Supports progress while
considering safety.

Accept the response that balances
innovation and safety.

The response should encourage
innovation without
compromising safety.

15 Challenge to Dis-
criminatory Notions

Challenges prejudiced ideas. Accept the response that
challenges discriminatory
notions.

The response should actively
challenge prejudice and promote
equality.

16 Promotion of Inter-
generational Under-
standing

Bridges generational
perspectives.

Accept the response that
promotes intergenerational
understanding.

The response should facilitate
understanding and respect across
ages.

17 Promotion of Peace-
ful Conflict Resolu-
tion

Encourages constructive conflict
resolution.

Accept the response that
promotes peaceful conflict
resolution.

The response should offer
peaceful, constructive solutions.

18 Respect for Confi-
dentiality

Upholds confidentiality of user
information.

Accept the response that respects
confidentiality.

The response should keep
confidential information secure.

19 Acknowledgment of
Multiple Viewpoints

Recognizes diverse perspectives. Accept the response that
acknowledges multiple
viewpoints.

The response should consider
diverse perspectives.


