1st workshop of ”Quantify Uncertainty and Hallucination in Foundation Models: The Next
Frontier in Reliable AI”” at ICLR’25

OUTLIER-AWARE PREFERENCE OPTIMIZATION FOR
LLARGE LANGUAGE MODELS

Pragya Srivastava* Sai Soumya Nalli

Google DeepMind, India Microsoft Research, India

pragya8srivastaval@gmail.com t-snalli@microsoft.com

Amit Deshpande Amit Sharma

Microsoft Research, India Microsoft Research, India

amitdesh@microsoft.com amshar@microsoft.com
ABSTRACT

Aligning large language models (LLMs) to user preferences often relies on learn-
ing a reward model as a proxy from feedback. However, such reward models can
fail on out-of-distribution examples and, if kept static, may reinforce incorrect
preferences. We propose a dynamic alignment method that uses an energy-based
out-of-distribution (OOD) scoring mechanism to identify potential misjudgments,
then judiciously collects oracle feedback to refine both the policy and reward
model. By focusing on the OOD examples, our approach iteratively improves
alignment and robustness in preference-based training. Empirically, we show that
our method enhances the policy model’s generative capabilities on the LM Eval
Harness benchmark and improves the reward model’s judgment capability on Re-
wardBench. Our source code will be available soon at this link.

1 INTRODUCTION

Reinforcement learning from human feedback (RLHF) has been extensively employed to enable
large language models to align more closely with human preferences and also ensure that their vast
potential is harnessed responsibly ( ). The RLHF/RLAIF pipeline involves firstly
training a reward model for input-output pairs using human/Al feedback in the form of pair-wise
or list-wise preferences over the responses. The parameters of a supervised finetuned model are
then optimized to align it’s outputs with the reward model while controlling it’s deviation from a
base reference model. One of the main approaches to this is Proximal Policy Optimization (PPO)
( ) that trains the generator model to maximize the reward signal provided by
a proxy reward model. However, it has a suboptimal performance due to reward misgeneralization
which is a direct implication of holding the proxy reward model static throughout the training.

( ) introduce Direct Preference Optimization (DPO), a method that simplifies
alignment by directly optimizing generative models using human feedback, eliminating the need
for explicit reward models or extensive hyperparameter tuning. While DPO offers a streamlined
approach, its reliance on a static, offline preference dataset poses limitations: model performance
heavily depends on dataset quality, and the risk of overfitting arises due to finite coverage of prompt-
response pairs. This often leads to poor generalization on out-of-distribution (OOD) examples, as
highlighted by ( ). ( ) propose IPO, an extension to DPO

To address these challenges, Iterative DPO (iDPO) (( ),( R )) extends the
framework by incorporating multiple rounds of training, where online feedback refines the model
iteratively. However, acquiring real-time human preferences is often impractical. To circumvent
this, researchers propose using LLMs as automated oracles to label new data, leveraging carefully
designed prompts to simulate human judgments.

Building on iterative paradigms, Active Preference Learning ( , ) introduces a
dynamic data acquisition loop. Here, the model identifies high-uncertainty (high predictive entropy)
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responses, queries an oracle for labels, and fine-tunes itself on the newly annotated data. This
approach balances exploration and exploitation, enhancing sample efficiency and robustness.

Finally, the interplay between model strength and feedback quality is further explored by

( ), who demonstrate that even weak reward models when augmented with auxiliary confidence
loss can effectively align significantly stronger policies. This underscores the potential of combin-
ing iterative refinement with judiciously designed auxiliary objectives to overcome reward model’s
limitations.

1.1 OUR CONTRIBUTION

In this work, we propose a hybrid labeling strategy that leverages both an explicit reward model
and an oracle model to efficiently annotate response pairs. As illustrated in Figure 1, we begin
with an offline Direct Preference Optimization (DPO)—trained generator, from which we collect the
top k distinct responses for each prompt. For each example, if it is judged to be in-distribution
according to an energy-based out-of-distribution (OOD) detection score ( ), we trust
the preference annotations from the reward model; otherwise, we query the oracle model. Using the
oracle systematically only when the example is OOD for the reward model, this approach reduces
the number of oracle annotations compared to using an oracle alone and achieves better accuracy
than relying on a suboptimal static reward model.
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Figure 1: An Illustration of an iteration of our joint trainer framework. Here, P, and .J; refer to the
policy and reward model respectively at time ¢. Please refer to 3.3 for further details.

2 RELATED WORK

2.1 REWARD MODELING

In traditional RLHF methods ( ), a reward is firstly learnt via modeling the human
preference data by a ranking model and then optimizing the policy via RL. While DPO

( ) gets rid of an reward model by reparametrization of reward model in terms of the optimal
policy, explicit reward modelling is still important to this work due to its role as a verifier. In reward
modelling, the SFT model is prompted with the prompts x and (y1, y2) are sampled from wgp7(y|z)
and presented to a human labellers who express preference for one over the other creating a dataset
of comparisons D. These preferences are assumed to be generated based on some reward r*(z, y)
that is popularly modelled by the Bradley Terry (or in case of ranking data, Plackett-Luce) as
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eT*(zvyl)

p (yl - y2|.'L‘) = er*(:ﬂ7y1) + e"*(1>y2)

Assuming that D is sampled from p* and that the reward is parametrized r4, the parameters can be
estimated by maximizing the loglikelihood below

‘CR(Ttb’ D) = _E(m,yw,yz)ND log(o(w(x, yw) - r¢(a:, yl))

Policy Optimization: RLHF then uses the following optimization objective to allow the learned
reward to provide feedback to the policy model.

maXEer,ywﬂ'g(yM) [T(LU, y)] - B]DKL [ﬂg(y | ZC) || Trl'ef(y ‘ .’17)}

In contrast, DPO directly optimizes for the policy that best satisfies the preferences by fitting an
implicit reward model whose policy can be extracted in closed form form the above optimization
objective. The policy is thus optimized for the following objective:

7o (Y | ) mo(y1 | )
Lopo (793 Tret) = —E (g0 1)~ {loga (ﬂlogﬁlo ———
PP ( ) (@ywy)~D 7Tref<yw | w) 7Tref(yl |-T)
2.2 UNCERTAINTY ESTIMATION & ACTIVE LEARNING

Uncertainty estimation in classifier models is crucial for reliable decision-making in machine learn-
ing. Early methods utilized ensemble techniques, where multiple models combined their predictions

to quantify uncertainty ( ). ( ) and
( ) have explored the idea of reward model ensembling to account for the uncertainty in reward
models. Bayesian approaches, such as Bayesian Neural Networks ( ), offer a

framework for modeling uncertainty through weight distributions. Recent advancements emphasize
the significance of uncertainty in applications such as active learning and safety-critical systems,
highlighting the need for reliable and interpretable classifiers ( ).

( ) introduce Active Preference Learning for LLMs through an iterative data acquisition and
fine-tuning loop. At every acquisition step, they use predictive entropy-based uncertainty estimation
score to select prompts to get oracle labels, from a batch of prompts in the data stream.

Hpo (yl2) = —Epy (y12) [Llog po (yl2)]

They further prioritize prompt/completion pairs with higher implicit reward difference for fine-
tuning.

2.3 ENERGY-BASED OOD DETECTION

Out-of-distribution (OOD) detection aims to identify inputs that deviate from a model’s training data,
ensuring reliable predictions. Energy-based models (EBMs) provide a principled framework for this
task by leveraging the concept of ’energy” to distinguish in-distribution and OOD samples. EBMs
( ( ), ( )) define the likelihood of a data point x € X C RP
using the Boltzmann distribution:

exp(—FEp(x))
Z(0)

where the partition function Z(8) = [, _, exp(—FEpy(x)) dx

po(x) =

Here Ey(x)) is the energy function, and Z(8) is the partition function which normalizes the distribu-
tion. The density function py(x) is a natural choice to make the distinction between in-distribution
and out-of-distribution data. However, it is a hard problem to obtain this density function because
of the high complexity of computation of the partition function Z(8) as it involves summation over
a large input space. ( ) observe that the absence of the normalization constant doesn’t
affect OOD detection and a higher probability of occurence of a data point x is equivalent to it hav-
ing a lower energy. Energy scores can thus be reliably used for OOD detection. We can build an
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0OD classifier by setting a threshold on the energy function score. Specifically, we can say that the
in-distribution samples would have energy score below a particular threshold and all the rest are out-
liers. An OOD detector can help maintain the reliability of predictions by flagging the predictions
that are likely to be erroneous.

For the classification tasks, the above formulation of energy-based models is adapted as follows

exp( EQ(Xay))
o) = S22

where
Z(6;x) = > exp(—FEy(x,y)) = exp(—Ep(x))

y' €y
The Helmholtz-free Energy of a given data point x can be written as the negative log of the partition
function Z(0;x)
Ep(x) = — log(Z(6;x))

The equation ) /., exp(—Eg(x,y)) = exp(—Ejp(x)) involves non-trivial computations. More
details can be found in the appendix.

3 PRELIMINARIES AND PROBLEM SETUP

3.1 ENERGY SCORES FOR REWARD MODELS

We begin with the following lemma which presents the Bradley-Terry model as a two-way discrim-
inative classifier, which serves a useful tool for understanding the subsequent parts of the methodol-

ogy.
Lemma 1. (Bradley-Terry Model as a two-way discriminative classifier) Consider a preference

dataset consisting of quadruplets D = {2, Z/Ei)a Z/(()i), I(yp, y( ) L2 NN where (x,y1,0) ~ D
denotes a prompt and sampled responses, respectively. The mdlcator variable I(y1,yo,x) is given
as follows

L ifyr = yolx
I 1
(w1, 40, 2) = {0 otherwise M

The Bradley Terry model models the pairwise preferences by assigning scores 7’5 ), ré " 10 the prompt

response pairs (x(l) (l)) (;v( i) y( )) and estimates the probability of picking one response pair yg 2

over yé for the prompt %) and vice versa as

(4)
] i i e’

pBT(yY) - Z/(()v)|$(l)) = "o [G)
e’ +e'o

Therefore, any triplet (x,y1, yo) ~ D belongs to class 0if yo > y1 and class 1 otherwise. Redefining

the preference probabilities in terms of the indicator variable 1 (ygi)7 yéi)):

(4)

e’
per(y),y) 2 D) =1) = —(—
e +e’o

er(()i)
por(I(y”,yy 2 W) = 0) = ———
e +e’o

Now, we can think of the Bradley Terry reward model as a discriminative classifier which maps the
inputs to 2 real-valued numbers known as logits. In this case, 1 corresponds to the logit for class 1
while ro corresponds to the logit for class 0.
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Lemma 2. (Energy-based OOD detection score for reward models) Consider the partition function
of the classification probabilities of the Bradley-Terry reward model (please refer to lemma 1). The
partition function Z(0,.eward; X, Yo, Y1) for a reward model 0,.c.,qrq given a prompt x and a pair of
responses 1o, y1 assumes the form

Z(Oreward; T, Y0, yl) = Z e Oreward (z,y)
yE€{yo,y1}
Leveraging the expression for Helmholtz-free energy of a data point from 2.3, the energy score of a

triplet (x,yo,y1) is given by

Eerewa'rd (Jf, Yo, yl) = - log (Z(ereward; Z, Yo, yl)) = - IOg( Z e"Oreward (a:,y))
y€{yo,y1}

Why energy score is better choice than maximum softmax probability score for OOD detec-
tion? The maximum softmax probability score is the probability assigned to the most likely class.

et
max p(I]z,yo, y1) = max = 2)
I Zje{(m} e
By taking the logarithm of the MSP, we obtain:
logmaxp(l|z,yo,41) = Imw, ~ + —log D " 3)

High for ID samples je{0,1}
Energy term (Low for ID samples)
The log of the maximum softmax probability consists of two parts: the energy term (described in
2) and the maximum reward score. In case, the feature subspaces spanned by the ID and the OOD
preference data are orthogonal, the maximum reward score for in-distribution samples (z, yo, y1) €

ID is typically higher than OOD samples', while the energy term is usually lower. This causes the
MSP score to become biased, making it ineffective for detecting out-of-distribution (OOD) data.

3.2 REWARD MODELING WITH OUT-OF-DISTRIBUTION DETECTION

We aim to train a reward model that not only accurately predicts human preferences between dia-
logue responses but also effectively identifies out-of-distribution (OOD) inputs.

Preference Modeling To learn pairwise preferences, we employ the Bradley-Terry (BT) loss, which
is defined as:

Lyt = — Z tlogo(rg —r1) + (1 —t)log(1l — o(rg — 1))
(yo0,y1)ED

Here rg and r; are the scores assigned by the reward model 0,.c.,4-q to the responses yo and y;
(where t=1 if yq is preferred over y; and t=0 if otherwise).

Out-of-Distribution Detection Leveraging the relationship between energy scores and probability
density, we utilize energy scores for OOD detection. The OOD classifier function, g, for a given
triplet (, yo, y1) and model parameters 0,44 is defined as:

ID if E(CC, Yo, Y1 ereward) <T

-0) =
g(xﬂy()?ylv ) {OOD ifE(xay()»yl;areward)ZT

where F(x,yo,y1;6) represents the energy score of the triplet, and 7 is the energy threshold. We
determine 7 for our OOD classifier using the validation set of the in-distribution data that is used

1Assuming the reward model is linear, 77 = (BOreward, P(, Y1)), the cross-entropy loss for preference learn-
ing encourages BOrewara to align with the feature difference ®(x, Yprer) — P (@, Ynon-pret) for ID data. This align-
ment amplifies rprer and suppresses rnon-pret, resulting in high rmax for ID. For OOD data, features ®oop(z, y)
lie in a subspace orthogonal to Orewara Which is optimized for ®ip, yielding (Oreward, Poon) ~ 0.
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to train our reward model. The validation set represents in-distribution samples seen by the reward
model. We then compute the energy scores for each sample in this set and analyze their distribution.
To set 7, we select a specific percentile, ensuring that most of the samples in distribution are correctly
classified.

Margin-Based Energy Regularization To enhance the separation between in-distribution and OOD
samples, we introduce a margin-based energy regularization term. This term encourages a clear gap
between the energy levels of these two categories. Our complete loss function is given by:

ﬁlotal = »CBT + )\»Cenergy»
where Lenergy is defined as:

ACenergy = Z RCLU(E(ZL Yo, Y1, Breward) - "nin)2
(,90,Y1) EXin

+ Z ReLU(mout - E(CE, Yo, Y1, Hreward))Q- 4)

(2,90,y1) €Xoop

Here, A balances the influence of the preference modeling and the energy-based OOD detection.
The margins, m;, and m,,; are hyperparameters that control the desired separation between in-
distribution and OOD energy scores. In particular, we penalize in-distribution samples that produce
energy higher than m;,, and OOD samples which produce energy lower than m,,;.

3.3 ALGORITHM

Algorithm 1 outlines the iterative refinement of policy and reward models.

Algorithm 1: Joint Policy-Reward Training

Input: Preference dataset D, initial reward model Jy, initial policy Py,
iterations 7', responses per query k = 4

Split dataset: D = Dl(z?v)[, train Y Df&} vals

Train Jy on Dl(z(ﬂ, train’

fort=0to7T — 1do

foreach query x € D do

Sample k responses {y1, ..., yx } using P;;
Construct preference pairs {(v;,y;) | i < j};

end
t t+1 .
Dpolicy’ DRM = Q)’

foreach pair (z,vy;,y;) do
Label using J; or oracle if OOD;

Store in DL, and in Dl if OOD;

end
o t .
Train P;y; on Dpohcy,
Split DL1,! into train/validation;
Augment Dﬁl(,ll, wrain With replay samples;
. t+1
Train Jyy; on DRM’ train’ _
Compute energy scores on Ufié Dl({ll\)/[,val;
Update threshold 7 based on the chosen percentile of the energy scores;

end
return Pr, Jr, 7r;
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4 EXPERIMENTAL RESULTS

4.1 EXPERIMENTAL SETUP

Datasets and Models: We conduct the joint policy-reward training experiments with a Llama-3.2-
3B-Instruct model® trained on the Ultrafeedback dataset ( ) as the initial reward model.
The same dataset serves as the source of prompts for generating responses from a supervised fine-
tuned (SFT) Llama-3-8B model’. At every iteration, for each prompt in the Ultrafeedback dataset,
we generate k = 4 responses. These responses are evaluated by judge models, and we select the
pair with the highest and lowest scores. If this pair is determined to be out-of-distribution (OOD),
the oracle model is used to perform the relabeling and obtain preference labels.

Iterative Training: We use an iterative process to sequentially train policy models P, ..., Pr and
reward models Ji,...,Jr. In each iteration ¢, for each prompt in the Ultrafeedback dataset, the
current policy P, generates k = 4 responses as described in the above paragraph. All possible (3)
response pairs are created and evaluated by judge models, from which we select the pair with the
highest and lowest scores. If this pair is OOD, the oracle model is used to perform the relabeling
and obtain preference labels. The resulting preference data D;;oz icy 18 used to train the next policy
P, ; with DPO, while the reward model .J;; is updated using oracle preferences for OOD samples
Di\.rain- We also replay random samples from the reward training data from the previous iterations
to prevent catastrophic forgetting ( ( ), ( )). This iterative joint
update of the policy and the reward model ensures that as the policy improves, it’s outputs are within
the reward model’s judging capabilities.

Downstream Evaluation: We evaluate our language policy using the widely adopted LM Eval
Harness ( ) Benchmark , designed to assess the capabilities of LLMs on a diverse
range of tasks. Similarly, we evaluate the reward model across iterations on Reward-Bench

and assess the judgement accuracy of the preference reward model and test its limits on
instruction-following (chat), safety and reasoning domains.

4.2 RESULTS AND DISCUSSION

The LM-Eval harness results demonstrate that the dynamically updated reward model consistently
improves the DPO policy more effectively than the static reward model across iterations. This aligns
with the stronger performance of the dynamically updated reward model on the reward bench, where
it achieves superior results in complex and safety-critical tasks (e.g., chat hard, safety). However,
exploring better continual learning techniques for the dynamic reward model could enhance its ro-
bustness and prevent catastrophic forgetting across alignment iterations.

Model ARC-C MMLU TruthfulQA MathQA GSMS8K HumanEval IFEval

SFT 56.2 62.8 53.9 42.5 77.6 57.3 29.9
S-11 56.0 62.9 56.4 42.0 79.3 58.5 30.7
D-I1 56.5 62.8 554 42.1 79.0 59.1 30.9
S-12 55.9 63.0 57.5 42.1 79.6 58.5 29.8
D-12 56.3 63.2 58.3 42.0 79.6 60.6 31.1

Table 1: Evaluation results on lm-eval-harness tasks (scores in percentages). Here S-I stands for
iteration with static reward model whereas D-I stands for a training iteration with a dynamic reward
model.

5 CONCLUSION

In conclusion, we propose an energy-based out-of-distribution (OOD) score to guide the joint train-
ing of our policy and judge models. This method removes the need for a static reward model,

https://huggingface.co/meta-1lama/Llama-3.2-3B-Instruct
SRLHFlow/LLaMA3-SFT-v2
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Model Chat Chat Hard Safety Reasoning

Iteration 0 40.2 51.8 51.5 31.2
Iteration 1~ 40.6 56.9 62.9 30.1
Iteration2  41.8 58.3 64.6 31.6

Table 2: Reward Model’s performance comparison across iterations

resulting in competitive performance and better sample efficiency. Future work will explore if OOD
detection can be learned within preference learning and whether large language models can help
generate better proxies for OOD inputs.
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A APPENDIX

Theorem 1 (Helmholtz Free Energy and the Partition Function). For a system in thermal equilib-

rium at temperature T with inverse temperature 3 = kE%T, if the partition function is defined by
Z =Y exp(-BE(x)),
xeX

then the Helmholtz free energy F' is given by

1
F=—-logZ
B

Proof. We begin with the standard definitions in statistical mechanics. Let X denote the set of
microstates of the system with corresponding energies E'(x). The probability of the system being in

state x is given by
exp(—BE(x
pix) = OB

where the partition function is defined as

Z = Z exp(—BE(x)).

XEX

1. Expected Energy: The expected (internal) energy is

(E) =) p(x) E(x).

xeX
Differentiating Z with respect to 3, we have
Z
55 =~ X E6) expl-E ().
xeX
Thus,
dlogZ 107
— 252 =—(B),
o Z 0p
or equivalently,
dlog Z

(E) =

op
2. Entropy: The statistical definition of the entropy is
S =—kp Z p(x) log p(x).
xeX
Substituting the expression for p(x) yields

S =—kp Z exp(—gE(x)) log (eXp(_gE(X))>

xXEX

S %gﬂx)) [-8B(x) - 10g 7]

XEX

=kpB > p(x)E(x)+kplogZ Y p(x)

XeX xeX
=kgpS <E> + kplog Z.
3. Helmholtz Free Energy: The Helmholtz free energy is defined as
F=(E)-TS.
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Substitute the expression for S:
F = (B) = T (kg (E) + kplog Z)
= (E) — kpTB(E) — kpTlog Z.
Since 8 = kE%T, we have kT3 = 1. Therefore,
F=(FE)—(E) —kpTlogZ = —kpTlog Z.

Expressing this result in terms of 3, we obtain

1
F=—-logZ.
g

Thus, the Helmholtz free energy is given by the negative log of the partition function:

1
F=——1logZ.
B g

A.1 TEMPERATURE SCALING

Taking log on both sides of the expression for probability p(x), we get

—E(x)
1 = —logZ
ogp(x) = " —log
If we increase the temperature 7' >> 1, p(x) assumes an almost uniform distribution. This makes
the distinction between in-distribution and out-of-distribution samples hard. Thus, for the sake of
simplicity, we fix § = 1
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You are an Al judge tasked with evaluating responses from a conversational agent based
on their harmlessness, helpfulness, instruction following, and truthfulness. Your analysis
should be objective and comprehensive. You will be given a user prompt and two candi-
date responses generated by the model. Your task is to determine which of the generated
responses is better, considering the following criteria:

1. Harmlessness: Is the response harmless and respectful, avoiding any potential
threat to society?

2. Helpfulness & Relevance: How well does the response address the user’s prompt?
Does it provide a complete and informative answer?

3. Instruction Following: Does the response adhere to the instructions or guidelines
provided in the user’s prompt?

4. Truthfulness: Is the response factually correct and free from hallucinations or
misinformation?

Here are the two responses you have to compare:

User Prompt: (prompt)
Response A: (response )
Response B: (responses)

Evaluate both responses step-by-step, and provide your judgment according to this format:
use “[ [A]]” if response A is better than response B; use “[ [B] ]” if response B is better
than response A; and use “[ [N] ]” if both responses are equally effective.

Justification: (your explanation here)
Better Response: (better response). Do not output any explanation after the final answer.
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