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ABSTRACT

Recent preference-based alignment methods, such as Direct Pref-
erence Optimization (DPO), perform well under comprehensive
offline datasets. However, practical datasets often contain sparse,
noisy, and unevenly distributed comparisons, which can degrade
model performance. To address this, we first adopt the principle of
pessimism and propose a Robust DPO framework that optimizes for
the worst-case reward within some data-dependent uncertainty set,
and show its effectiveness in offline problems. Moreover, we show
that the resulting robust optimal policy can be obtained by directly
fine-tuning a baseline DPO model, avoiding the need for retraining.
We further construct an uncertainty set to tackle the data uncer-
tainty, based on the graph Laplacian, and show the set contains
the true underlying reward with high probability. We then further
evaluate the effectiveness of our method in controlled tabular and
LLM setting, which validate our theoretical finds.
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1 INTRODUCTION

Aligning language models with human preferences is critical for
producing helpful and safe outputs [2, 9]. Reinforcement Learning
from Human Feedback (RLHF) [6, 17, 21] has become the stan-
dard approach, training a reward model on preference data and
optimizing policies via reinforcement learning. Direct Preference
Optimization (DPO) [19] and its variants [1, 7] simplify this pipeline
by directly optimizing policies on preference data without explicit
reward modeling.

However, DPO and its variants generally assume preference
dataset is accurate and comprehensive. In practice, datasets are
often sparse, noisy, and unevenly distributed—certain actions may
have few comparisons, labels may be inconsistent, and coverage
may vary across the action space [4, 5]. Under such conditions,
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DPO can become overconfident in poorly supported directions,
amplifying noise and degrading robustness.

This challenge mirrors the distributional shift problem in offline
reinforcement learning, where policies must be learned from fixed
datasets without further interaction [8, 15, 22]. The principle of
pessimism—optimizing under conservative value estimates—has
proven effective in offline RL [12-14, 23, 24]. Identifying the success
of it in offline RL, we naturally ask: Can pessimism be adapted to
preference alignment to tackle imperfect offline datasets?

In this paper, we answer it affirmatively by developing Robust
DPO, a framework that pessimistically optimizes for the worst-case
reward within a data-dependent uncertainty set.

2 PRELIMINARIES: RLHF AND DPO

For an underlying implicit reward r (s, a) € R for all (s, a)-pairs, and
the probability of preference with the Bradley-Terry-Luce (BTL)
model [3, 6, 17]:

P(a; > ay | s) =o(r(s,a;) —r(s,az)).

The goal is to find the optimal policy 7*(s):
argma By 1s)[(5,@)] = FKL(C | 5) et 1) | ()

Standard RLHF first learns the reward model 7(s, ) from the
dataset through maximum likelihood estimator (MLE) and then
applies standard RL methods. Direct Preference Optimization (DPO)
[19] bypasses explicit reward modeling and directly optimizes the
policy using the preference data. Given a reference policy 7yer, DPO
directly solves (1) for its closed-form solution:

r(s,a) )
5 )

where Z(s) = X, met(d’|s) exp(r(s,a’)/p) is the normalization
function. Hence, DPO performs a soft reward-weighted improve-
ment step from the pre-trained policy 7yef.

@)

m*(als) = %”ref(ab) exp (

3 ROBUST DPO

Consider a state s and suppose we have obtained an estimate 7(s, -)
of the latent reward function. Let (s, a) > 0 represent a per-action
uncertainty radius which quantifies how accurate the estimation is.
We define the uncertainty set as

Rsa =1{r:Ir(s,a) =7 (s,a)| < x(s,a)}. ®)

This interval-based set captures all reward vectors whose devia-
tion from 7 is controlled action-wise by the radius R,. Rather than
optimizing expected reward under the nominal estimate 7, we can
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maximize the worst-case reward over R ,:

[Bawrtio [r(s. @) = BRL(T | 7).
@)

This max — min formulation (also known as robust optimization
[11, 16]) optimize for the worst-case performance in the uncertainty
set. When the uncertainty set is carefully designed to include the
true reward (with high probability), the learned policy 7} provides
an optimized lower bound on the true performance and ensures a
guarnteed baseline performance.

Since the uncertainty set (3) is interval-based, the inner mini-
mization over r € R, admits a simple solution: for any distribution
7, the worst-case reward is attained at r(s, a) 7(s,a) — k(s, a).
Substituting this into (4) and solving the KL-regularized maximiza-
tion yields the optimal policy:

. .
J.(S) = ar max min
1 () gneA(ﬂ) reRs.a

T (als) exp( (o) |

Z'(s) ’ ©)
where Z’(s) is the normalization constant. Equation (5) shows that
robustness enters as an action-wise penalty: each action’s estimated
reward 7(s, a) is reduced by its uncertainty radius (s, a) before
exponentiation. Actions with larger uncertainty receive stronger
down-weighting, implementing pessimism at the per-action level.
Comparing with (5), we obtain the key relationship:

”1;(“'5) — Z/(S) exp(_K(;a)). (6)
m*(als) Z'(s)
This indicates that we can directly obtain x; by reweighting =*
with the corresponding uncertainty radii. The multiplicative factor
exp(—«(s, a)/p) down-weights actions proportionally to their un-
certainty, ensuring that the robust policy remains conservative in
data-scarce or noisy regions of the action space.

m; (als) =

3.1 Design of Uncertainty Sets

To apply our robust DPO to offline alignment problems, we need to
design such uncertainty sets to include the true rewards. We note
that pairwise comparisons induce a natural graph structure [20, 25].
For each state s, define the comparison graph Gs with A actions
as vertices and comparison counts Nj;(s) as edge weights. The
weighted graph Laplacian L; € R*? encodes data connectivity
via quadratic form: for any v € R#,

0 Lo = Z Nij(s)(v; — Uj)z.

i<j

™

Applied to the reward vector r(s) € RA, this measures total
variation of rewards across observed comparisons. Rarely compared
actions yield high effective resistance Q; (i, j) = (e; —ej)TLZ(ei —ej),
indicating higher uncertainty.

THEOREM 3.1 (ELLIPSOIDAL CONCENTRATION). For a states € S
with connected comparison graph, let 7(s) be the maximum-likelihood
estimate under identifiability 17r(s) = 0, with bounded rewards
|r(s,a)| < B. Then with probability 1 — §:

lIr(s) = F(s)lly < Vps(d). ®
%)2 (A +log 5), withy(B) =
min|; <op 0(2)[1 - 0(2)] > 0,0(z) =1/(1+e77).

where the ellipsoid radius is ps(6) =
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Figure 1: Robust DPO suppresses risky-action probabilities
in uncertain states (left) and shifts margin distributions left-
ward (right), reflecting pessimistic contraction.

The proof combines M-estimation theory with the Hanson-
Wright inequality for score concentration. From Theorem 3.1, the
per-action penalty follows via the support function of the ellipsoid:

K(s,a) = Vps(8) - yel Liea, )

which ensures |#(s,a) — r(s, a)| < k(s, a) with probability > 1 — 6.
We thus utilize it to construct the uncertainty set, which ensures
that the true reward r(s, a) € R;, as required by (3).

4 EXPERIMENTS

We validate robust DPO in both controlled tabular settings and
large-scale LLM alignment.

Tabular Domain. In a gridworld with risky/safe actions and Zipf-
distributed comparison coverage, we test under 2X environment
stochasticity. Robust DPO achieves 6.9% higher return than DPO
(0.609 vs. 0.570) with 73% lower constraint violations. Figure 1
shows that 7] suppresses risky-action probabilities in uncertain
states.

LLM Alignment. We validate inference-time adaptation without
retraining. Given a base DPO model 7y, we compute an ambiguity
score u, based on the margin m; = log(pn, (y*|x)/px, (y~|x)) and
reweight outputs as 7(y|x) o 7(y|x) exp(—p ua), downweighting
responses on ambiguous prompts. Table 1 shows that on Qwen2.5-
0.5B [18] with LoRA [10], reweighting preserves accuracy while
increasing the log-probability gap, validating that robust DPO gen-
eralizes to deployment-time updates.

Table 1: Post-hoc reweighting on HH-RLHF (Qwen2.5-0.5B)
increases preference margin while preserving accuracy.

Method Pref. Acc. (95% CI) logp gap
Vanilla DPO 0.58 [0.48, 0.67] 21.97
Weighted DPO (p=1)  0.58 [0.48, 0.67] 22.20
Weighted DPO (p=3)  0.58 [0.48, 0.68]  23.05
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