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Motivation

Trajectory-level data arise from a variety of applications in robotic control,

reasoning models and post-training
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Motivation

Trajectory-level data arise from a variety of applications in robotic control,

reasoning models and post-training

RL is widely used for post-training reasoning models (RLHF, RLVR), where one

needs to balance between multiple evaluation criteria (honesty, safety, etc)
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Talk outline

Central question: How should we balance competing objectives when we design

policies in multi-objective reinforcement learning?

Motivation

Problem setup and examples

Theoretical analysis

Algorithms

Conclusion
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Problem setup

Consider a Markov decision process M = (S,A,Pr[· | ·, ·], r,Ω, fΩ,H), with

state space S, action space A, transition model Pr : S ×A → S, reward vector

r ∈ Rm, preference space Ω and aggregator fΩ, and number of horizons H
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Given the reward function r, we can aggregate the cumulative return from the

trajectory as:

G(τ) =
H∑

h=0

r(sh, ah) ∈ Rm

The expected return of policy π from an initial distribution s0 ∼ ρ:

J(π) = E
s0∼ρ,τ∼π

[G(τ)] ∈ Rm
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Examples

Consider a simple MDP with two objectives m = 2. We illustrate the Pareto

frontier in terms of the achieved rewards below, in three regimes:

i) aligned objectives ((1, 1) vs. (1.2, 1.2))

ii) conflicting objectives ((2, 0) vs. (−2, 0)) with an approximately linear

Pareto frontier: two corner policies whose mixtures span the frontier

iii) conflicting objectives with a strictly concave frontier
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Figure 1: Visualize the Pareto frontier of two objectives (r1, r2) for policies optimized

under varying preference weights w ∈ [0, 1] in three regimes
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Key questions:

• How shall we tackle the problem of objective conflicts in multi-objective

reinforcement learning?

• From a computational perspective, is there a procedure to efficiently

approximate the Pareto frontier of optimal policies in a multi-objective

Markov decision process?

Our focus: we will show how to learn ensemble policies corresponding to a

small set of π
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Theoretical analysis

We focus on linear aggregation operators:

J (π;w) = ⟨w , J(π)⟩

Definition: Given K basis policies π∗
1 , . . . , π

∗
K , let

dh(s, a) :=
1

K

K∑
k=1

d
π∗
k

h (s, a)

We introduce a measure called objective conflict coefficient

Γ := max
h∈[H]

max
k∈[K ]

χ2
(
d
π∗
k

h ∥dh

)
(1)

Regret bounds

Assume there exists a basis of size K such that the optimal policy can always

be expressed as mixture of the basis for any w ∈ Ω. There exists an algorithm

that outputs K policies such that the cumulative regret at time T satisfies

(with probability at least 1− δ)

Reg(T ) ≤ OT

(
H
√

Ccov(1 + Γ) log(KTδ−1)T
)

(2)
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Theoretical analysis

Proof technique: Builds on coverability, a complexity measure defined on a

fixed policy class Π [XFB+23]:

Ccov := inf
µ∈∆(S×A)

sup
π∈Π

max
h∈[H]

sup
(s,a)

dπ
h (s, a)

µh(s, a)
,

and earlier work on transfer learning theory [BBC+10]

Extensions and relaxations:

• Nearly-tight regret lower bound: We complement the regret bound with

a matching lower bound in the order of ΩT

(
H
√

(1 + Γ)T
)
, establishing

the tightness of the dependence on Γ and T up to Ccov and log factors

• Low-rank basis assumption: The proof can be extended to account for

the existence of an approximate low-rank basis (resulting regret bound

preserves the same qualitative dependence on K and Γ)
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Learning ensemble policies

Goal: Design an ensemble policy learning algorithm that [ZDY+26]

i) explicitly learn a set of N basis policies, with each trajectory routed to the

highest-reward basis, and

ii) learn a preference-conditioned transfer operator fw : ΠN → Π that maps

these basis policies to a composite policy for any given preference w .

Learning objective:

max
π1,π2,...,πN

E
s0∼ρ,w∼P

[〈
w ,

H∑
h=0

r(sh, fw )

〉]
(3)

Optimal ensemble policy follows a routing mechanism

Fix N policies {π1, . . . , πN}. Suppose fw ∈ conv{π1, . . . , πN} and

d fw
h (s, a) =

∑N
i=1 αi (w)dπi

h (s, a) for α(w) ∈ ∆N−1. There exists an optimal

routing function f̂ for equation (3) such that

For every w ∈ Ω, f̂w = πj , where j ∈ argmaxi∈{1,2,...,N}⟨w , J(πi )⟩
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Illustration in synthetic environments

In this experiment, we compare ensemble policy learning with:

1. learning an optimal (stationary) policy that maximizes the average reward

2. learning one policy for each objective (using UCB-VI)

3. uniformly assigning each trajectory to one group and learn an ensemble

based on the partition

1000 2000 3000
Number of episodes

0

400

800

1200

T
ot

al
re

gr
et

Best stationary policy

MO-UCBVI

Uniform Ensemble

Routed Ensemble

(a) Learning Pareto frontier

0 1000 2000 3000
Number of episodes

0

100

200

T
ot

al
re

gr
et

Best stationary policy

MO-UCBVI

Routed Ensemble

Uniform Ensemble

(b) Learning under corrupted examples

Figure 1: Two synthetic environments: Compare the cumulative regret of routed

ensembles against MO-UCBVI, uniform ensembles, and the best stationary policy

More evaluation in real-world RL environments can be found in our paper
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Trajectory attribution

Rather than partitioning the trajectories into disjoint sets, what if some of the

trajectories are corrupted or completely irrelevant?

Trajectory attribution: how could we quantify the influence of individual

trajectories upon the learned optimal policy?

1. Kernel surrogate models: Estimate a kernel for the input-output

mapping of a policy learning algorithm over subsets of objectives

2. Policy gradient estimation: An efficient implementation of the kernel

surrogate model (based on gradients at a meta-initialization policy)

3. Clustering and ensemble: Cluster similar objectives into N groups
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mapping of a policy learning algorithm over subsets of objectives

2. Policy gradient estimation: An efficient implementation of the kernel

surrogate model (based on gradients at a meta-initialization policy)

3. Clustering and ensemble: Cluster similar objectives into N groups

Evaluations on Meta-World (multi-task robotic manipulation), MO-Gymnasium

(multi-objective robotic control), and RLHF (HelpSteer2 and UltraFeedback)

settings demonstrate both the accuracy and validity of the above trajectory

attribution algorithm [ZDY+26]
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Summary

• New theoretical framework on multi-objective reinforcement learning:

We introduce a new measure called the objective conflict coefficients, and

derive nearly-optimal regret bounds [ZXZ26]

• New algorithms for this problem: learning ensemble policies using

routing, and trajectory selection using kernel surrogate models [ZDY+26]1

Open questions

• What would be a good mechanism to align strategic or game-theoretic

incentives of individuals with the overall objective of platform designer

(e.g., social welfare, honesty, truthfulness)?

• Is there an efficient algorithm co compute the Pareto frontier of the

optimal policies in multi-objective RL?

1Link to code repository:

https://github.com/VirtuosoResearch/Multi-objective-reinforcement-learning-code
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