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ABSTRACT

Reinforcement learning from human feedback (RLHF) optimizes
policies based on users’ rankings of output samples rather than us-
ing user-provided rewards. These methods typically assume users’
underlying utility functions are homogeneous and their rankings
differ only due to noise, ultimately optimizing for the average
user. Instead, we seek policies that guarantee improvement for
all users with respect to their heterogeneous preferences. We intro-
duce stochastic dominance as a stricter guiding criteria for policy
optimization that guarantees improvement under any social wel-
fare function. Our approach, stochastically dominant preference
optimization (SDPO), avoids explicit reward function estimation
while providing individual performance improvement guarantees
for users with diverse preferences.
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INTRODUCTION

RLHF [7] improves policies 7y using users’ rankings {c;} j=1.m of
output samples {y;}i=1:~ [1, 2, 5, 10, 11, 17, 18, 20]. Many RLHF
methods assume a singular reward function r : Y — R motivates
users’ noisy rankings under the Bradley-Terry model of probabilistic
preferences [4] and either estimate the reward function explicitly
[7] or implicitly [16]. However, when feedback is from different
users with distinct reward functions [14], existing methods provide
few formal guarantees and the preferences of the majority can
override other users’ preferences [6, 9].
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Figure 1: Given two rankings over outputs, existing meth-
ods typically seek a single “compromise” output (left). Sto-
chastic dominance instead allows limited policy probability
shifts between outputs when there is moderate (center) or
low agreement (right).

In this paper, we introduce stochastically dominant preference
optimization (SDPO), a method that seeks policy improvement for
all users without requiring explicit reward estimation. Given an
initial policy and a set of user rankings, SDPO learns a new policy
that stochastically dominates [8, 13] the initial policy for every user,
shifting probability mass from less preferred to more preferred
outputs with a consensus in rankings (Figure 1). We integrate this
training objective into a REINFORCE-style reinforcement learning
process [19] and demonstrate the benefits of SDPO on a common
imitation learning environment: Point Bot. We find that compared
to baseline methods, SDPO succeeds in preserving diverse high-
quality behaviors rather than optimizing for average performance.

APPROACH

Our approach (SDPO) provides performance improvement guar-
antees for each user based only on output rankings. We focus
on the broader distributional properties of the policy, rather than
moment statistics (i.e., expected rewards), to make the performance
improvement guarantees for multiple users feasible.

Ranking-Based Stochastic Dominance. We seek performance guar-
antees for users’ underlying reward functions. We broaden our
notion of policy improvement to hold given reward function un-
certainty. Stochastic dominance (Definition 1) provides this for all
ranking-consistent rewards.
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Figure 2: Point Bot demonstrated trajectories (left) originating in the bottom left point and reaching the top right red point.
These demonstrations are not available to the learner. Sample trajectories from a behavioral cloned policy (left center) that is
provided to the learner as an initial reference policy from which to seek improvement. 50 sample trajectories from the reward
model (RM) policy (center), the self-play preference optimization (SPO) policy (right center), and the stochastically dominant

preference optimization (SDPO) policy (right).

DEFINITION 1. Policy m stochastically dominates policy
given ranking o; (denoted & =,; mo) if the expected reward for all
ranking-consistent reward functionsr; isnosmaller:-Ey. . [rs; (Y)] >

Ey~7ro [rO'j (Y)] .

This guarantees policy r is at least as desirable to the user as .
Proposition 2 characterizes how the initial policy 7y can be modi-
fied to 7 to provide potential improvements that are stochastically
dominant given multiple user rankings, Vj, 7 =o; 7o.

ProrosITION 2. IfVj € []],aj’l(y) > crj’l(y’), then shifting
probability from y to y’ maintains stochastic dominance.

Policy Model Optimization. We obtain target output distributions
over a set of samples ﬁ{*y} by iterating over random orders of
rankers and reassigning probability to each ranker’s best-ranked
output from outputs worse under all rankings. Using this target

distribution, our policy model optimization of 7y has the form:
maxg By}, Zﬁl ﬂ{*y}(y,») log ng(yi)]. We optimize this objec-
tive using a REINFORCE-style policy gradient algorithm [19] en-
couraging trajectories with higher target probability njy}.

EXPERIMENTS

We evaluate policy fine-tuning given two rankers with distinct
preferences using the Point Bot environment [12], which requires
applying continuous cardinal forces to navigate a robot in a two-
dimensional space from start to goal state. Both prefer shorter
trajectories, but one is indifferent to gray regions, while the other
seeks to avoid them. Our initial policy results from behavioral
cloning (BC) [15] demonstrations that reflect these two preferences.

Baseline methods. Reward model (RM) is an idealized baseline
that uses the ground truth rewards of each ranker to train a policy
using a weighted combination of the rewards for policy optimiza-
tion and uses entropy regularization to increase trajectory diversity.
Self-play preference optimization (SPO) does not assume an
underlying reward function and uses preferences directly, making
it suitable for heterogeneous preferences. We perform pairwise
evaluations using the rankers to guide soft actor-critic policy opti-
mization of the initial BC policy based on self-play evaluation using
a replay buffer of size 1000.

Evaluation measures. User reward improvement measures
the average improvement relative to the initial policy using each
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ranker’s underlying reward, defined in terms of standard deviations
of the original policy’s reward; Utilitarian Social Welfare (Util)
improvement [3] measures the average improvement relative to
the initial using an equal mixture of each ranker’s reward and
defined in terms of standard deviations of the original policy’s
reward; Stochastic dominance: for 100 improved policy samples
and 100 initial policy samples, how many can be paired (one-to-one)
so that the ranker prefers the improved policy samples in each pair;
and Pairwise win rate measures how frequently an improved
policy sample is preferred over an initial policy sample by a ranker.

R R, Util |Stoch. R; Stoch. R, Pair R; Pair R,
RM [0.843 -0.404 0.549| 79.0% 36.4% 78.7% 36.2%
SPO [1.800 -0.223 1.772| 100.0% 41.0% 96.6% 40.8%
SDPO|[0.620 0.438 1.090| 100.0% 98.8% 69.2% 72.1%

Table 1: Reward improvement (standard deviations), stochas-
tic dominance, and pairwise dominance for each method.

Results. AsTable 1 shows, only SDPO consistently improves relative
performance across rankers R;, Ry, and Util simultaneously. RM and
SPO each sacrifice the reward of one ranker in favor of the other.
SDPO reliably optimizes stochastic dominance, while SPO and RM
are unable to do so consistently. Figure 2 shows that qualitatively,
all methods produce more goal-directed trajectories than the BC
policy. However, RM completely collapses to a single mode, while
SPO produces trajectories of both modes (avoid/ignore obstacles),
albeit avoiding obstacles infrequently. In contrast, SDPO trajectories
provide coverage of each mode and a range of trade-offs in between.

CONCLUSIONS

In this paper, we have developed an approach for policy improve-
ment that given distinct user rankings, guarantees improvement for
every single ranker and any corresponding non-decreasing social
welfare function. We accomplish this by replacing traditional utility
maximization as the basis for characterizing policy improvement
with stochastic dominance. In contrast to existing approaches that
explicitly or implicitly identify a single unifying reward function
to optimize, our approach provides improvement guarantees for
each individual ranker under any reward function consistent with
their provided rankings.
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