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1. 2.

Scalarized Version
Envelope Version
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steady rain overnight. Low 6C. 
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Turn le) at the next intersection.

Research Highlights:

2. MORL Under the Linear Preference Scenario

Previous methods convert a single-objective setting [16, 17], or 
approximate the Pareto front by learning several individual 
policies [8, 18], which are not adaptable and scalable.

6. Experiments & Results

3. Value-Based MORL Algorithm

Q = (⌦ ! Rm)S⇥A
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1) Value Space: all the bounded functions in 

is a generalized contraction  
with a fixed-point class [Q⇤]
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(HQ)(s,!) := argQ sup
a0,!0

!|Q(s, a0,!0)
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(T Q)(s, a,!) := r(s, a) + �Es0⇠P(·|s,a)(HQ)(s0,!)
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2) Bellman Operator:
Optimality Filter

LA
k(✓) = Es,a,!

h
kyk �Q(s, a,!; ✓)k22
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After learning phase, we can use the obtained model to infer the hidden 
preference on a specific task where only scalar rewards are available.

4. Preference Elicitation

Use policy gradient (e.g., REINFORCE) and stochastic search to find:

with only few episodes.

5. Evaluation Metrics

(a) Coverage Ratio (CR)

I. Fruit Tree Navigation:

II. Task-Oriented Dialogue Policy Learning:

III. Multi-Objective SuperMario Games:

Inferred preferences of the envelope multi-objective A3C 
algorithm in different game variants with 100 episodes.

Dialog objectives: brevity / success

“Tony” Runzhe Yang (runzhey@princeton.edu),  Xingyuan Sun, Karthik Narasimhan

Envelope Deep Multi-Objective Q-Learning

** *

Computer Science Department, Princeton University

E.g., in task-oriented dialogue systems, users may 
expect either briefer or more informative dialogue.

• [Algorithmic]: We propose an envelope MOQ-learning algorithm for Multi-Objective Reinforce Learning (MORL) with linear preferences, with the goal of enabling few-shot adaptation to new tasks.  
• [Theoretical]: A theoretical framework for designing and analyzing value-based MORL algorithms and convergence analyses of our envelope MOQ-learning algorithm are provided. 
• [Empirical]: We introduce new evaluation metrics and benchmark environments, test our algorithm on a wide variety of domains, including task-oriented dialogue and SuperMario.

A Generalized Algorithm for Multi-Objective 
Reinforcement Learning and Policy Adaptation

1. Motivation

Why challenging?

Linear Preference:

(a) Pareto frontier | CCS        (b) linear preferences
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A Snapshot of  
Deep MORL Algorithm

D F

Optimal Solutions

Sampled Preferences

c.

Ground Truth Preference Δ Preference = Envelope - Scalarized

(1) Less dependence on reward design to combine 
different objectives, which is both a tedious manual  
task and can lead to unintended consequences [1] 

(2) Dynamic adaptation or transfer to related tasks 
through inferring their underlying preferences.

Advantages of MORL with Vectorized Reward

f!(r(st, at)) = !|r(st, at)
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Envelope MOQ-Learning has better 
Sample Efficiency & Scalability

(1) Learning Phase - learn all optimal policies corresponding 
to the entire convex coverage set, without being given any 
specific preference. 

(2) Adaptation Phase - Infer the underlying preference of a 
new task in few-shot, and perform the optimal policy.

Actions = {L, R}
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…

(b) Adaptation Error (AE)

Actions = {L, R}
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