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Abstract

We study an LLM fine-tuning task for designing reward func-
tions for sequential resource allocation problems in public
health, guided by human preferences expressed in natural lan-
guage. This setting presents a challenging testbed for align-
ment due to complex and ambiguous objectives and lim-
ited data availability. We propose DPO-PRO, a robust fine-
tuning algorithm based on Direct Preference Optimization
(DPO), which accounts for uncertainty in the preference dis-
tribution using a lightweight Distributionally Robust Opti-
mization (DRO) formulation. Unlike prior DRO-based vari-
ants, DPO-PRO focuses solely on uncertainty in preferences,
avoiding unnecessary conservatism and incurring negligible
computational overhead. We evaluate DPO-PRO on a real-
world maternal mobile health program operated by the non-
profit organization ARMMAN, as well as on standard align-
ment benchmarks. Experimental results demonstrate that our
method consistently improves robustness to noisy prefer-
ence signals compared to existing DPO variants. Moreover,
DPO-PRO achieves comparable performance to prior self-
reflection-based baseline for reward function design, while
requiring significantly lower inference-time cost.

1 Introduction
Limited resource allocation is a core challenge in public
health, where decision-makers must prioritize individuals
for care or intervention under tight financial and operational
constraints. In maternal healthcare, for instance, preventa-
tive care awareness programs have been shown to signif-
icantly reduce maternal mortality (Helpmum 2025; Jahan
et al. 2018; ARMMAN 2025), yet are often implemented by
non-profit organizations that must serve large populations
with limited resources. To support such efforts, it is crucial
to develop allocation policies that make effective sequential
decisions based on individual-level attributes such as age,
income, or health status.

Reinforcement learning (RL) offers a powerful frame-
work for learning allocation policies in complex, dynamic
environments. A widely used model in this context is the
Restless Multi-Armed Bandit (RMAB) (Niño-Mora 2023),
a class of Markov Decision Processes (MDPs) well-suited
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for sequential decision-making under resource constraints.
However, in RL, it is well-recognized that designing an
appropriate reward function is critical (Singh, Lewis, and
Barto 2009; Booth et al. 2023). In public health applications,
decision-makers’ priorities (e.g., which populations to prior-
itize) must be encoded into the reward function, so that re-
sulting policy outcomes align with long-term public health
goals. Crafting a reward function that accurately captures
these priorities is often labor-intensive, demanding manual
tuning, repeated simulation, and domain expertise. As public
health goals shift over time, this design process must be re-
peated, limiting the scalability and adaptability of RL-based
solutions in dynamic, real-world environments.

Recently, several works explored using large language
models (LLMs) to automate reward function design for se-
quential decision-making problems (Mirchandani, Karam-
cheti, and Sadigh 2021; Goyal, Niekum, and Mooney 2019;
Carta et al. 2022; Ma et al. 2024; Behari et al. 2024; Verma
et al. 2025). In these works, an LLM interprets a user’s
high-level objective (e.g., desired policy outcomes) in nat-
ural language and outputs a reward function that guides RL
policy training. This enables efficient workflow for devel-
oping human-aligned RL policies. Recent studies demon-
strated that LLMs can effectively generate reward functions
for RMAB problems in public health domains (Behari et al.
2024; Verma et al. 2025).

Existing approaches often rely on inference-time opti-
mization via self-reflection (Shinn et al. 2023), where the
LLM iteratively refines its outputs based on simulated feed-
back. Although this strategy provides flexibility, it incurs
substantial inference-time costs due to repeated rounds of
simulation and reasoning. In many non-profit settings, data
sensitivity constraints further limit the use of large propri-
etary models, pushing organizations toward open-source al-
ternatives, which are often smaller and less capable. Because
self-reflection is highly dependent on model strength, its ef-
fectiveness can be diminished in these environments. As a
result, fine-tuning open-source models offers a more practi-
cal path: it directly improves their capabilities while avoid-
ing the high inference costs and privacy issues in large-scale
public health deployments (Wu et al. 2024). This makes
fine-tuning particularly suitable for resource-constrained do-
mains such as public health (Zhao et al. 2025).

Thus, we aim to move beyond inference-time methods
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and instead fine-tune an LLM to more effectively translate
natural language preferences into high-performing reward
functions for RMABs. A promising approach is Direct Pref-
erence Optimization (DPO) (Rafailov et al. 2023), which
enables LLM fine-tuning from pairwise preference annota-
tions. Recent work has also leveraged LLM-as-a-judge to
scale annotation as a proxy for human feedback (Zhang et al.
2025; Tan et al. 2024; Cui et al. 2024; Zhu et al. 2024).
However, applying these techniques to the public health do-
main introduces significant challenges, particularly due to
the presence of noise in the preference signal.

First, the objectives in the public health domain are of-
ten ambiguous or subjective (e.g., “prioritize older individ-
uals”). Second, reward design in RMABs demands complex
reasoning, as the quality of a proposed reward function is not
evaluated in isolation, but rather by the policy it induces, in-
creasing the complexity of assessing preference. Third, real-
world public health datasets are typically smaller, increas-
ing the risk of misalignment due to overfitting and reward
hacking, which is a common problem with reinforcement
learning for human feedback methods such as DPO (Ghesh-
laghi Azar et al. 2024; Amini, Vieira, and Cotterell 2024;
Yang et al. 2024; Xiao et al. 2025). However, public health
is a high-stakes domain, where poorly aligned policies can
lead to serious real-world consequences.

To tackle these challenges, we introduce DPO-PRO,
a lightweight and distributionally robust enhancement of
DPO. DPO-PRO incorporates uncertainty in the prefer-
ence distribution using an efficient yet effective Distribu-
tionally Robust Optimization (DRO) formulation (Rahimian
and Mehrotra 2022), ensuring that the fine-tuned policy re-
mains reliable under imperfect preference annotation. Un-
like prior DRO-based DPO methods (Wu et al. 2025; Xu
et al. 2025; Mandal, Sasnauskas, and Radanovic 2025), our
approach avoids excessive conservatism and only adds neg-
ligible computational overhead. We further show that the re-
sulting robust loss can be interpreted as a regularized DPO
loss that penalizes model overconfidence and weak prefer-
ence signals.

We evaluate DPO-PRO on the UltraFeedback benchmark
(Cui et al. 2024) and on a simulated maternal health task
based on ARMMAN’s real-world mobile health program
(ARMMAN 2025). In this setting, health workers can place
only a limited number of live service calls each week to
boost beneficiary engagement. Prior work models this prob-
lem using RMABs, where each beneficiary’s engagement
evolves over time and the objective is to allocate a limited
number of calls to maximize long-term engagement. Our ex-
periments show that DPO-PRO is more robust to noisy pref-
erence annotation than vanilla DPO and prior DRO-based
approaches, both on UltraFeedback and across a range of
public health objectives. We further show that DPO-PRO
achieves performance comparable to the Decision Language
Model (DLM), a self-reflection–based method used in the
ARMMAN setting (Behari et al. 2024), while requiring sig-
nificantly lower inference-time cost (See Figure 1 in Section
5.2).

2 Related Works
A growing body of work has explored robustness in RLHF
and DPO, particularly by leveraging DRO. Wu et al. (2025)
introduce a DRO-based DPO formulation using a KL-
divergence-based ambiguity set. Xu et al. (2025) extend this
approach to both KL and Wasserstein distances, while Man-
dal, Sasnauskas, and Radanovic (2025) explore robustness
under total variation distance, applying it to both DPO and
standard two-stage RLHF.

In contrast to these DRO-based approaches, other works
assume explicit corruption models. For example, Chowd-
hury, Kini, and Natarajan (2024) assume that prefer-
ence labels are flipped according to a known noise rate,
and Bukharin et al. (2024) model preferences using a
Bradley–Terry (BT) framework (Bradley and Terry 1952)
with added noise on the reward differences.

Hong et al. (2024) use a DRO framework to develop adap-
tive loss functions for reward model learning, but focus is
not on distributional robustness. Zhan et al. (2024) introduce
robustness by constructing confidence sets over learned re-
ward functions, followed by pessimistic policy optimization.

Broadly, existing robustness techniques fall into two cat-
egories: (1) methods relying on strong assumptions about
noise models, which may be unrealistic in practice, and (2)
DRO-based methods that avoid explicit corruption modeling
but hedge against worst-case distributions. As discussed in
Section 3.2, standard DRO approaches tend to be overly con-
servative and often require solving challenging min–max op-
timization problems. For tractability, prior methods rely on
heuristic approximations (Wu et al. 2025; Xu et al. 2025),
potentially undermining theoretical guarantees or practical
robustness. In contrast, we provide efficient approach DPO-
PRO, with theoretical guarantees, and simultaneously illus-
trate its applicability in real world public health settings.

3 Preliminaries
3.1 Data Distribution
In DPO, each data point is a tuple (x, y1, y2, c). A prompt
x ∈ X is drawn from a distribution µ. Given x, responses
y1, y2 ∈ Y are sampled independently from a policy π(·|x).
A label c ∈ {1,−1} is a Bernoulli random variable indicat-
ing whether response y1 is preferred over y2, with preference
probability given by p∗(y1 ≻ y2|x). The distribution p∗ rep-
resents the ground-truth preference distribution that the user
intends the language model to align with.

In summary, the data-generating process involves three
components: (1) the prompt distribution, (2) the response
distribution, and (3) the preference distribution. This
yields the following joint distribution: P (x, y1, y2, c) =
µ(x)π(y1|x)π(y2|x)

[
I{c=1} p

∗(y1 ≻ y2 | x) +

I{c=−1} p
∗(y2 ≻ y1 | x)

]
. We often omit the dependence

of p∗ (and other preference distributions) on (x, y1, y2) and
simply write p∗ instead of p∗(y1 ≻ y2|x) when the meaning
is clear from context.

3.2 (Distributionally Robust) DPO
In standard RLHF, the first step is to learn a reward func-
tion Rϕ from a fixed dataset D. This is typically done by
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minimizing the negative log-likelihood:

−E(x,y1,y2,c)∼D [log σ (c · (Rϕ(x, y1)−Rϕ(x, y2)))] ,

where σ is the sigmoid function.
Once the reward model is trained, a policy πθ is optimized

to maximize the expected reward while remaining close to a
reference policy πref , typically via Proximal Policy Opti-
mization (PPO) (Schulman et al. 2017):

max
πθ

E(x,y)∼πθ
[Rϕ(x, y)]− βKL(πθ ∥πref),

where β is a regularization parameter controlling the
strength of the KL penalty.

DPO simplifies this pipeline by combining the two stages
into a single objective that directly optimizes the policy from
pairwise preference data. The DPO loss LDPO(πθ) is given
by:

−E(x,y1,y2,c)∼D
[
log σ

(
c β

(
log πθ(y1|x)

πref (y1|x)−log πθ(y2|x)
πref (y2|x)

))]
.

For brevity, we define the per-sample loss as:

ℓθ(x, y1, y2, c) = − log σ
(
c β

(
log πθ(y1|x)

πref (y1|x) − log πθ(y2|x)
πref (y2|x)

))
.

Using this expression, LDPO(πθ) is also equivalent to

E(x,y1,y2)∼D[p
∗ℓθ(x, y1, y2, 1)+(1−p∗)ℓθ(x, y1, y2,−1)].

When the context is clear that the triplet (x, y1, y2) and
the parameter θ is fixed, we also use ℓ1 and ℓ−1 to denote
ℓθ(x, y1, y2, 1) and ℓθ(x, y1, y2,−1), respectively.

As discussed earlier, DPO is vulnerable to overfitting
and noise in the data. To address this, recent work has
proposed distributionally robust objectives of the form
maxP∈Q(D) LP (πθ), where Q(D) denotes an ambiguity set
centered around the empirical distribution (data) D and the
loss LP is the DPO loss evaluated under the perturbed distri-
bution P rather than the original data distribution (Xu et al.
2025; Wu et al. 2025).

Conservatism and Computational Costs The above
DRO formulation hedges against shifts in the entire joint dis-
tribution on (x, y1, y2, c). This allows the adversary to assign
weights to highly unlikely prompts or responses. The outer
minimization must then optimize against losses in these
practically irrelevant regions, which might make the update
overly conservative and slow improvement on the data the
model actually sees. From a computational standpoint, solv-
ing the resulting min–max problem can be intractable in
practice, and existing methods often rely on approximations
that deviate from the original DRO formulation.

3.3 Reward Function Design Tasks for RMABs
In our setting, the prompt x represents a desired policy
outcome specified by a human prompter, for example,
Focus on the young mothers by age and
also focus on those with low income. The
responses y1 and y2 correspond to candidate reward func-
tions for RMABs. The role of the LLM-annotator is to
judge which of the two reward functions, y1 or y2, better
aligns with the objective expressed in the prompt.

A key challenge in this task is that the quality of a reward
function cannot be assessed in isolation. Rather, it must be
evaluated based on the policy it induces when optimized,
i.e., how effectively the resulting policy fulfills the user’s
(often ambiguous) intent. This requires the annotator to infer
the downstream effects of each reward function. Given the
complexity and ambiguity involved, the resulting preference
signals are inevitably noisy and should not be treated as fully
reliable.

4 DPO with Preference Robustness
In this section, we introduce DPO-PRO, a distributionally
robust version of DPO that specifically targets distributional
shifts or other forms of noise in the preference distribution.
The complete proofs for all theorems are provided in the
extended version of this paper (Kim et al. 2025), which in-
cludes the full technical appendix.

4.1 Uncertainties in the Preference Distribution

In each data point (x, y1, y2, c), the triplet (x, y1, y2) repre-
sents observed content, which typically comes from a well-
understood and controllable data collection process. In gen-
eral, x is drawn from a pool of candidate inputs, and the
response pair (y1, y2) is generated by the reference policy
πref (usually a supervised-fine tuned model) for every sam-
pled prompt x. As more data is collected, the uncertainty in
this part of the data is expected to diminish. Noise in the
prompts and responses becomes even less of an issue under
iterative DPO methods, which are increasingly adopted in
practice (Xiong et al. 2024; Cen et al. 2025; Xie et al. 2025).

In contrast, we argue that the preference distribution c ∼
p∗ is inherently noisy in practice, and collecting more data
is unlikely to resolve the underlying uncertainty in human
preference. Even when humans are directly annotating, var-
ious sources of noise remain, including human subjectivity,
irrational or inconsistent behavior, and temporal variability
(e.g., the same annotator providing different judgments at
different times). This noise is persistent and cannot be eas-
ily addressed through better data curation or increased data
volume. In other words, the ground-truth preference distri-
bution p∗ is an idealized and inaccessible object in practice.
As mentioned in the introduction, this challenge is particu-
larly pronounced in public health domains, where objectives
are often ambiguous or subjective (e.g., “prioritize older in-
dividuals”), and reward design demands complex reasoning
about long-term policy consequences that are difficult to as-
sess accurately. Moreover, real-world public health datasets
are typically smaller, further exacerbating preference un-
certainty and increasing the risk of misalignment. There-
fore, we argue that uncertainty in the preference distribution
should be the primary motivation for incorporating robust-
ness into DPO.

We assume that for each prompt and response pair
(x, y1, y2), we have access to a (potentially noisy) prefer-
ence distribution q(y1 ≻ y2|x). We apply DRO adjustment,
assuming worst-case deviation from q within a pre-specified
chi-squared divergence ball.
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Formally, we define the DRO loss LDRO(πθ) as:

E(x,y1,y2)∼D max
p∈Q(x,y1,y2,ρ)

Ec∼p

[
ℓθ(x, y1, y2, c)

]
(1)

where Q(x, y1, y2ρ) =
{
p : χ2

(
p ∥ q(y1 ≻ y2 | x)

)
≤ ρ

}
.

Our formulation avoids unnecessary robustification over the
joint distribution on (x, y1, y2), and assumes that this part of
the data is reliable. Furthermore, unlike standard DRO meth-
ods that can add significant computational burden (Rahimian
and Mehrotra 2022), our formulation introduces negligible
additional cost as shown next.

4.2 Computing Worst-case Distribution
Consider a single data point (x, y1, y2). We assume access to
an estimate of the probability that one response is preferred
over the other: q(y1 ≻ y2|x) ∈ (0, 1).

Given this probability q, we define the following per-
sample optimization problem:

max
p∈[0,1]

p ℓθ(x, y1, y2, 1) + (1− p) ℓθ(x, y1, y2,−1)

s.t.
(p− q)2

q(1− q)
≤ ρ

(2)

This problem finds the worst-case distribution
within the chi-squared ambiguity set centered at
q,

{
p : χ2

(
p ∥ q(y1 ≻ y2 | x)

)
≡ (p−q)2

q(1−q) ≤ ρ
}

. Let
p̂(y1 ≻ y2|x) denote the optimal solution to this problem.
Using this, the robust loss LDRO(πθ) can be equivalently
expressed as

E(x,y1,y2)∼D

[
p̂ℓθ(x, y1, y2, 1) + (1− p̂)ℓθ(x, y1, y2,−1)

]
.

Eq (2) is a one-dimensional optimization problem with
a linear objective, which admits a simple closed-form solu-
tion:

p̂(y1 ≻ y2|x) =

min
{
1, q +

√
ρ q(1− q)

}
, if ℓ1 ≥ ℓ−1,

max
{
0, q −

√
ρ q(1− q)

}
, if ℓ1 < ℓ−1.

Consider the case where ℓ1 ≥ ℓ−1, which implies that
under the current policy θ, the model assigns a higher likeli-
hood to y2 being preferred over y1. To increase the loss, the
adversary seeks to shift the preference probability q(y1 ≻
y2 | x) in the opposite direction. That is, it tries to in-
crease q to emphasize a preference for y1, which contradicts
the model’s belief. Consequently, the worst-case distribution
becomes q +

√
ρ q(1− q). Since probabilities must remain

within the unit interval, we clip the value at 1, yielding the
final expression min

{
1, q +

√
ρ q(1− q)

}
.

4.3 Efficient Optimization of the Loss
The worst-case probability obtained from the optimization
problem above, p̂, replaces the preference probability in the
per-sample DPO gradient as well:

p̂∇θℓθ(x, y1, y2, 1) + (1− p̂)∇θℓθ(x, y1, y2,−1). (3)

Proposition 4.1. Eq (3) provides an unbiased gradient esti-
mate of the DRO loss in Eq (1).

Note that we do not formally differentiate through the in-
ner maximization in Eq (1) with respect to θ. However, Dan-
skin’s theorem (Bertsekas 1999) justifies our approach. For
a fixed θ, we may solve the inner maximization and directly
substitute the resulting worst-case p̂ into the gradient expres-
sion.

We emphasize the resulting DRO gradient is both exact
and computationally efficient. Unlike prior work, our ap-
proach does not introduce any approximation or heuristic
in minimizing the DRO objective. Moreover, our distribu-
tional robustness is applied only to the preference distribu-
tion q, rather than the full data-generating distribution on
(x, y1, y2, c). Hence, the resulting method is significantly
less conservative than earlier DRO-based DPO approaches,
and matching more accurately the type of distribution shift
we expect in the true human preferences in our public health
application as seen later.

4.4 Analysis of the Loss Function
In this section, we analyze the robust loss LDRO and show
that it is equivalent to the original DPO loss augmented with
a regularization term. This interpretation provides insight
into how the DRO formulation affects model learning.
Proposition 4.2. The DRO loss LDRO is equivalent to regu-
larizing the original DPO loss LDPO as:

LDRO =



LDPO +min{1− q,
√

ρ q(1− q)}(ℓ1 − ℓ−1),

if ℓ1 ≥ ℓ−1,

LDPO +min{q,
√

ρ q(1− q)}(ℓ−1 − ℓ1),

if ℓ1 < ℓ−1.

We now analyze the behavior of the regularization term,
assuming that ℓ1 ≥ ℓ−1. The opposite case follows symmet-
ric logic.

(1) Uncertainty-Weighted Coefficient. The first factor
min

{
1− q,

√
ρ q(1− q)

}
penalizes cases where the pref-

erence signal is uncertain (i.e., when q is close to 0.5). This
term is largest when q is near 0.5 and diminishes as q → 0 or
q → 1. Its magnitude is modulated by the robustness radius
ρ, with larger ρ leading to a stronger penalty.

(2) Model Confidence. The second factor (ℓ1 − ℓ−1) re-
flects the log-odds of the current model’s preference for y2
over y1. A large value indicates strong model confidence.
This term increases when the model becomes more certain
about the preference, regardless of the ground-truth label.

(3) Combined Effect. The regularization term penalizes
the model for being overly confident in its preferences when
the preference signal q is ambiguous. In contrast, when the
signal is strong (i.e., q is close to 0 or 1), the penalty dimin-
ishes, allowing the model to express stronger preferences.
In effect, the DRO loss encourages calibrated learning: the
model is allowed to be confident only when the preference
signal is also confident.
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4.5 Obtaining the Soft Score q in Practice
The DRO adjustment described above requires a soft score
q(y1 ≻ y2|x), rather than a binary annotation for each
prompt and response pair (x, y1, y2). Soft scores can be ob-
tained from LLM judges in several ways: (1) producing mul-
tiple binary preference judgments through repeated queries
and averaging the outcomes; (2) directly outputting a numer-
ical preference score via appropriate prompting; or (3) ex-
tracting the log-probabilities assigned to tokens representing
the preferences (e.g., 1 for y1 ≻ y2 and -1 for y2 ≻ y1), and
applying a softmax transformation to estimate a preference
distribution (Lee et al. 2024). When using a off-the-shelf re-
ward model, the scalar outputs of the reward model can be
converted into a pairwise preference probability using the
BT model. We provide further discussion on annotation for-
mats and the connection to robustness in (Kim et al. 2025).

5 Experiments
We validate DPO-PRO in two different settings. First, we
validate the methodology on a standardized benchmark for
preference-based LLM finetuning. Next, we adapt this ex-
periment for the ARMMAN maternal health dataset (ARM-
MAN 2025) in the following section. The complete exper-
imental details are provided in the extended version of this
paper (Kim et al. 2025).

5.1 Benchmarks on General Alignment Datasets
We use the recent UltraFeedback alignment benchmark
dataset (Cui et al. 2024), consisting of 60,000 top-quality
human pairwise preference annotations that cover a wide
variety of tasks and instruction types, rendering it a broad
benchmark for examining alignment research.

Noise in the training data Our primary objective is to
evaluate how effectively preference-based LLM fine-tuning
methods handle shifts in preference distributions between
training and evaluation data. We use q∗ denote the true pref-
erence distribution used at test time. For our experiments, we
define q∗ using the state-of-the-art preference reward model
Eurus 7B(Yuan et al. 2025), which has been trained for the
UltraFeedback dataset (Cui et al. 2024). We compute q∗ us-
ing the BT model.

To simulate noise during training, we construct a noisy
preference distribution qα for training as the mixture

qα := q∗(1− α) + (1− q∗)α. (4)

Intuitively, qα “flips” the preference distribution with prob-
ability α. We refer to this type of noise interchangeably as
label switching. During training, we have access to qα but
not to q∗, with α being unknown.

Training details We base our experiments on the recent
Phi 3-mini 3B model without instruction (Abdin et al. 2024).
We initially train for two epochs of supervised fine tuning
(SFT), followed by one epoch of DPO, with the baselines
discussed below. All experiments are performed on a Nvidia
A100 GPU 40 GB with batch size 2.

Baselines We compare DPO-PRO against the standard
DPO (Rafailov et al. 2023) and the prior distributionally ro-
bust variant DrDPO (Wu et al. 2025) using their best hy-
perparameters suggested by the authors. We evaluate DPO-
PRO under several values of the robustness parameter ρ
based on the χ2-divergence. Models are trained under two
levels of label-flip noise, α = 0.3 (low) and α = 0.6 (high),
as well as the noiseless setting α = 0.

Evaluation After the fine-tuning step, we generate a re-
sponse yg ∼ πθ(x) for every prompt x in the evaluation
dataset and compute its reward Rϕ(x, yg). We consider two
evaluation metrics. The first is the win rate, computed by
comparing the generated response with the chosen response
yc in the dataset using an LLM-as-a-judge approach with
GPT-4o-mini (OpenAI 2024). To mitigate position bias, we
randomly flip the order of the two responses presented to the
judge. The second metric, evaluation reward, is computed as
the average reward score defined as 1

Neval

∑Neval

i=1 Rϕ(x, yg).

Results Table 1 summarizes the results. For the LLM-as-
a-judge evaluation, the different DPO-PRO variants (each
corresponding to different ρ value) tend to underperform
the baselines in the low-noise setting, but their relative per-
formance improves as noise increases. Under high noise,
all DPO-PRO variants outperform both vanilla DPO and
DrDPO. The effect of ρ follows the expected pattern:
smaller ρ values perform well when noise is low but de-
grade more quickly as noise increases, while larger ρ values
exhibit more stability. Overall, the DPO-PRO family shows
improved robustness as the preference noise becomes larger.

For metrics based on the reward model, DPO-PRO out-
performs the baselines even in the noiseless setting, except
for the case with ρ = 0.1. As expected, performance de-
clines for all methods as noise increases. In the low-noise
regime, however, the DPO-PRO variants perform slightly
worse than the baseline, but they regain and ultimately sur-
pass baseline performance as the noise becomes even larger.
Note that this does not contradict the DRO objective, be-
cause the true optimization target for fine-tuning is reward
plus KL regularization, while our evaluation here relies
solely on reward-model scores. Moreover, these scores are
only a proxy for quality, particularly for out-of-distribution
responses, and are limited by the reward model’s own gen-
eralization capabilities.

5.2 Benchmarks on Maternal Health Data
We apply our proposed method in the context of mo-
bile health program run by ARMMAN (2025). We use
real-world anonymized beneficiary listenership data from
a quality-improvement study conducted by ARMMAN1.
The data consists of registration information of beneficia-
ries (mothers) containing their socio-demographic features
of age, income education as well as their preferences on
call slot times and language. Additionally, we have informa-
tion on beneficiaries’ interaction with automated voice calls
and live service calls made by health-workers. We model the

1The authors have been access to this restricted dataset under a
data usage agreement.
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(a) Win rate (%) based on LLM-as-a-judge evaluation (↑).
Method No noise Low noise High noise

DPO-PRO (ρ = 0.008) 43.24 35.17 28.75
DPO-PRO (ρ = 0.03) 41.71 33.33 28.98
DPO-PRO (ρ = 0.1) 40.33 33.54 27.97
DPO 43.77 36.19 26.97
DrDPO 44.85 38.84 25.51

(b) Evaluation reward (↑).
Method No noise Low noise High noise

DPO-PRO (ρ = 0.008) 923.70 713.00 446.65
DPO-PRO (ρ = 0.03) 912.65 695.00 499.59
DPO-PRO (ρ = 0.1) 781.28 656.32 499.36
DPO 877.01 729.12 400.44
DrDPO 897.67 753.77 419.05

Table 1: Results on UltraFeedback under label-flip noise.

problem of allocating live service calls as a RMAB problem.
For all our experiments, we consider a population with 2100
beneficiaries (i.e., 2100 arms) and the number of live service
calls that can be made every week is limited to 210.

We use the Phi 3-Mini 3B model, and the noise-injection
and training procedures follow the same setup as in Sec-
tion 5.1. Here, we experiment only with the noiseless and
low-noise settings to better reflect realistic conditions, rather
than injecting artificially large noise.

Preference Dataset Construction We generate a prefer-
ence dataset of health worker prioritization commands, pre-
ferred, and rejected reward functions. Since it is costly to
generate this dataset through human annotation, we use an
LLM judge with ChatGPT 4o-mini (OpenAI 2024) as fol-
lows: i) query LLM-judge to obtain 20 candidate reward
functions that align with the prioritization command, ii) for
each candidate reward function, solve RMAB problem us-
ing Whittle index method (Whittle 1988) and generate tra-
jectory outputs (see (Niño-Mora 2023) or the Appendix in
(Kim et al. 2025) for the explanation on the Whittle index),
iii) sample 50 pairs of reward functions from this set and
query the LLM-judge to select preferred reward function,
iv) perform this query 10 times to estimate the LLM’s un-
certainty over preferences. Finally, we obtain a dataset of
9500 preferred and rejected reward function responses over
190 prioritization prompts.

Baselines In addition to the DPO variants, we also com-
pare against the Decision Language Model (DLM), a self-
reflection–based inference-time approach introduced in (Be-
hari et al. 2024) using Gemini 2.0. Note that DLM is not
fine-tuned on the training data, so this method has no no-
tion of noise. For each prompt, we simply apply the out-of-
the-box Gemini model and run the self-reflection procedure
described in (Behari et al. 2024). We use Gemini 2.0, as in
the original work, rather than the open-source Phi-3B model
used for fine-tuning. This is to assess how our method com-
pares against a state-of-the-art closed model that a typical
user would rely on, further strengthened by self-reflection.

Evaluation To evaluate the quality of each generated re-
ward function, we follow a procedure parallel to the dataset
construction. For every prompt in the evaluation set, we gen-
erate a reward function using a given fine-tuning method and
obtain the corresponding RMAB policy using the Whittle
Index. We repeat the same procedure using the chosen re-
ward function associated with that prompt in the evaluation
data, producing a reference policy for comparison.

We compare these policies using two complementary
methods. First, because this task provides access to ground-
truth human-designed reward functions from Behari et al.
(2024), we can directly evaluate RMAB policy quality
by computing the achieved reward under this ground-truth
function. We compare the average ground-truth reward ob-
tained by the policy induced by the fine-tuned LLM with that
obtained by the policy from the evaluation data. Second, we
also perform an LLM-as-a-judge evaluation using GPT-4o-
mini to compute win-rate as in Section 5.1. The judge com-
pares the resulting trajectories of the RMAB policies, i.e.,
the resource allocation outcomes across the demographic
data, to determine which policy is preferred.

Results We report the results in Table 2. For the ground-
truth reward metric, all variants of DPO-PRO outperform
both DrDPO and Vanilla DPO in both the noiseless and
high-noise settings. Their performance is slightly lower than
DLM, but this gap must be interpreted in context: DLM re-
quires (1) access to a high-end proprietary LLM API at de-
ployment time and (2) substantially higher inference-time
cost, as we show below.

For the win-rate metric, the results are more mixed.
The DPO-PRO variants generally outperform DrDPO and
Vanilla DPO in the low-noise setting, with the exception of
the ρ = 0.03 variant. In particular, DPO-PRO (ρ = 0.1) out-
performs both DrDPO and Vanilla DPO in both the noiseless
and low-noise settings, while DPO-PRO (ρ = 0.3) performs
similarly to these baselines under no noise and clearly ex-
ceeds them under low noise. As with the ground-truth re-
ward metric, all DPO-PRO variants perform below DLM.

One interesting observation is that, unlike the clean trends
in Section 5.1, the performance across different ρ values and
noise levels in the ARMMAN task does not yield a simple or
monotonic pattern. For example, larger ρ values are not con-
sistently more conservative, and performance even improves
as noise is injected. Although pinpointing the exact cause is
difficult, several factors likely contribute to this behavior.

First, unlike the curated benchmark data in Section 5.1,
the ARMMAN dataset is substantially noisier. Preference
labels generated by LLM judges are difficult to obtain re-
liably for this task (see Section 3), reducing the quality of
the signal available during fine-tuning. In other words, the
noiseless setting here does not necessarily correspond to a
clean preference signal, since the underlying annotations are
already highly noisy. Second, DPO and related off-policy
preference-based methods are known to be sensitive to over-
fitting and reward hacking when trained on fixed datasets
(Gheshlaghi Azar et al. 2024; Amini, Vieira, and Cotterell
2024; Yang et al. 2024; Xiao et al. 2025). In such settings, in-
jected noise can act as a regularizer: it discourages the model
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Figure 1: Inference-time comparison of DPO-PRO and
DLM across different population sizes (i.e., number of arms)
in the underlying RMAB.

from fitting spurious or inconsistent preference patterns and
promotes more stable decision rules. Similar trends, where
performance improves under moderate noise, have been re-
ported in (Wu et al. 2025; Bukharin et al. 2024). This in-
terpretation is also consistent with recent theoretical work
showing that controlled noise injection can improve gener-
alization by implicitly encouraging simpler and more robust
decision boundaries (Li et al. 2025).

Inference Time Comparison Figure 1 compares the in-
ference time of DPO-PRO (with ρ = 0.1) and DLM. Un-
like DLM, whose inference time scales linearly with the
number of arms due to repeated simulation of resource-
allocation policy and self-reflection, DPO-PRO incurs a
constant inference cost regardless of problem size. This ef-
ficiency gap becomes increasingly significant in large-scale
settings, making DPO-PRO more scalable. While overall
performance is comparable or mixed across evaluation met-
rics, minimal inference-time overhead makes DPO-PRO es-
pecially well-suited for real-world deployment.

Examples To further illustrate the differences between
vanilla DPO and DPO-PRO (with ρ = 0.1), we present
response outputs from both models on two representative
tasks from the evaluation dataset (Table 3). Many tasks con-
tain attributes that can be interpreted in multiple ways. For
instance, the concept of “young beneficiaries” can be iden-
tified directly through the age feature, but also indirectly via
lower education level or income. Similarly, a task that ex-
presses a preference for “midday calls” could refer explic-
itly to the 12:30–3:00 PM time slot, but might also include
the 10:30–12:30 PM window, depending on interpretation.

In such cases, we observe that vanilla-DPO favors uncom-
mon interpretations of ambiguous attributes based on spuri-
ous correlations in noisy preference data. In contrast, DPO-
PRO adopts a cautious strategy by selecting narrower defi-
nition, aiming to be robust to uncertainty in the preference
signal at evaluation.

6 Conclusion
Motivated by reward-function design in RMABs for pub-
lic health, we introduced DPO-PRO, a robust fine-tuning
algorithm that extends DPO by explicitly modeling un-
certainty in preference distributions through a lightweight

(a) Average Ground Truth Reward (↑).
Method No noise Low noise

DLM 6073.04 NA
DPO 5465.36 5707.09
DrDPO 5480.06 5675.17
DPO-PRO (ρ = 0.008) 5530.58 5832.66
DPO-PRO (ρ = 0.03) 5557.9 5790.8
DPO-PRO (ρ = 0.1) 5677.76 5807.83
DPO-PRO (ρ = 0.3) 5797.1 5904.7

(b) Win rate (%, ↑).
Method No noise Low noise

DLM 24.82 NA
DPO 15.38 13.84
DrDPO 15.89 12.13
DPO-PRO (ρ = 0.008) 14.18 14.87
DPO-PRO (ρ = 0.03) 13.5 13.5
DPO-PRO (ρ = 0.1) 17.7 14.35
DPO-PRO (ρ = 0.3) 15.7 17.8

Table 2: Results on ARMMAN environment under no-noise
and low-noise settings.

Task 1: Prefer both young and elderly beneficiaries

Vanilla-DPO s + 3 * (youngest age or
second youngest age or oldest age) +
2 * (lowest education or
second lowest education or
third lowest education) +
(lowest income or second lowest income or
third lowest income)

DPO-PRO s + 3 * (youngest age or
second youngest age or oldest age) +
2 * (lowest education or
second lowest education or
third lowest education)

Task 2: Prioritize midday calls and NGO-registered users

Vanilla-DPO s + 3 * (10 30-12 30pm and NGO registered)
+ 2 * (12 30-3pm and NGO registered)

DPO-PRO s + 3 * (12 30-3pm and NGO registered)

Table 3: Examples of reward functions produced by Vanilla-
DPO and DPO-PRO when trained under noise. DPO-PRO
produces more conservative preference interpretations.

DRO formulation. Our method is particularly well-suited for
high-stakes decision-making settings such as public health,
where preference annotations are inherently noisy and of-
ten limited. Compared to existing DRO-based approaches,
DPO-PRO avoids excessive conservatism while offering a
theoretical interpretation as a regularized variant of DPO.
Through extensive evaluation on real-world public health
data and standard alignment benchmarks, we showed that
DPO-PRO improves robustness and achieves performance
competitive with inference-time methods at a fraction of
their computational overhead. Moreover, compared with the
previous inference-time approach, DPO-PRO eliminates
the need for external LLM APIs at deployment, an essential
property when handling sensitive or private data. These re-
sults highlight the potential of DPO-PRO as a scalable and
reliable tool for learning aligned reward functions in real-
world policy learning tasks for public health.
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