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Autonomous driving as an optimization problem 

Intro - Motivating Scenarios

scalar reward, e.g.
max(min{speed, safety, …})



many
passengers

one
pedestrian 

1. 

2.

Who lives and who dies?
The autonomous car must decide between

option 1: killing one pedestrian 
option 2: killing its own passengers 

Intro - Motivating Scenarios



Think about how we learned to swim.
Many Objectives — speed, stability, endurance, 

energy efficiency, the beauty of style… 
Our coaches never teach us 

relative importance weights for them. 
But we swim well.

Intro - Motivating Scenarios



Intro - Research Questions

Multiple 
Competing 
Objectives

Human
Preferences

Can we design an efficient learning algorithm, 
which learns all potentially optimal policies, and adapts 

optimally to any real-time specified preference?



Intro - Contributions & Outlines

3. Application Contributions2. Evaluation Contributions

0. Background
- Reinforcement Learning
- Problem Formulation
- MO-MDPs

- Delayed Linear Preference Scenarios
- Optimality Concepts

1. Theory Contributions

- Theoretical Framework for Value-Based RL
- Two Value-Based Deep MORL Algorithms

- Quantitive Evaluation Metrics

- Naive Version: A simple extension
- Envelope Version

- Coverage Ratio
- Adaptation Quality

- Synthetic Environments

- Task-Oriented Dialogue Systems

- Objectives: Brevity v.s. Success
- RL-Based Dialogue Policy Learning

- User Adaptive Policies
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Playing Chess



Background - Reinforcement Learning

Playing ChessMarkov Decision Process (MDP)



Background - Reinforcement Learning

Playing Chess

State Space
hS,A,P, r, �i
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Background - Reinforcement Learning

Playing Chess

State Space Action Space
hS,A,P, r, �i
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Background - Reinforcement Learning

Playing Chess

State Space Action Space

Stochastic 
Transition Kernel P(S0|S1, a0) = 0.7
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Function

r : S ⇥A ! R
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Stationary policy:                is a 
function that maps each state to a 
probability distribution over the 
action space.
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r̂⌧ :=
1X

t=0

�tr(st, at)
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Background - Reinforcement Learning

How? - (1) Evaluation & (2) Control

Goal: find optimal      such that⇡
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Background - Reinforcement Learning

How? - (1) Evaluation & (2) Control

Ṽ ⇡(s0) =
1

N

NX

i=1

r̂⌧i
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Policy-Based Methods: Large Variance, On-Policy
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Background - Reinforcement Learning

Value-Based Methods

Q⇡(s, a) := E⌧⇠(P,⇡)|s0=s,a0=a [r̂⌧ ]
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(2)

Bellman Expectation Equation

Bellman Optimality Equation

How? - (1) Evaluation & (2) Control
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Background - Reinforcement Learning

How? - (1) Evaluation & (2) Control

Value-Based Methods
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is a discount factor

e.g. Empirical hypothesis may be wrong.

The scalarized reward function design 
is often infeasible in practice.
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Multi-Objective Markov Decision Processes(MOMDPs):

Use Vectorial Rewards to encode many possibly competing objectives.
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1. Policy dominance:
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1. Policy dominance:

2. Pareto optimal policies:
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Multiple 
Competing 
Objectives

⇡0 � ⇡ , 8i 2 [m], V ⇡0

i (s0) > V ⇡
i (s0)

<latexit sha1_base64="q6BP35vsthSblSNJAF5bQr4CNDY="></latexit><latexit sha1_base64="q6BP35vsthSblSNJAF5bQr4CNDY="></latexit><latexit sha1_base64="q6BP35vsthSblSNJAF5bQr4CNDY="></latexit><latexit sha1_base64="q6BP35vsthSblSNJAF5bQr4CNDY="></latexit>

⇧⇤ := {⇡ | @⇡0 2 ⇧,⇡0 � ⇡}
<latexit sha1_base64="xhPnEM4hzpDYMmEZonqz5J4Y/78="></latexit><latexit sha1_base64="xhPnEM4hzpDYMmEZonqz5J4Y/78="></latexit><latexit sha1_base64="xhPnEM4hzpDYMmEZonqz5J4Y/78="></latexit><latexit sha1_base64="xhPnEM4hzpDYMmEZonqz5J4Y/78="></latexit>

1. Policy dominance:

2. Pareto optimal policies:

F⇤ := {V ⇡(s0) | ⇡ 2 ⇧⇤}
<latexit sha1_base64="6c8+yxeJK0sBKXjZoEtqqPwGkxs="></latexit><latexit sha1_base64="6c8+yxeJK0sBKXjZoEtqqPwGkxs="></latexit><latexit sha1_base64="6c8+yxeJK0sBKXjZoEtqqPwGkxs="></latexit><latexit sha1_base64="6c8+yxeJK0sBKXjZoEtqqPwGkxs="></latexit>

3. Pareto (optimal solutions) frontier:

F⇤ := {r̂⌧ | ⌧ ⇠ (P,⇡),⇡ 2 ⇧⇤}
<latexit sha1_base64="5Ox79Q/cAJvN+JgETs87GbEeeXA="></latexit><latexit sha1_base64="5Ox79Q/cAJvN+JgETs87GbEeeXA="></latexit><latexit sha1_base64="5Ox79Q/cAJvN+JgETs87GbEeeXA="></latexit><latexit sha1_base64="5Ox79Q/cAJvN+JgETs87GbEeeXA="></latexit>

or
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Human
Preferences

m
<latexit sha1_base64="Ga1EUyCcQBX8nG32KKoX3h0v93w="></latexit><latexit sha1_base64="Ga1EUyCcQBX8nG32KKoX3h0v93w="></latexit><latexit sha1_base64="Ga1EUyCcQBX8nG32KKoX3h0v93w="></latexit><latexit sha1_base64="Ga1EUyCcQBX8nG32KKoX3h0v93w="></latexit>

A preference function      

maps the value or reward consisting of quantity 
of       objectives in to one real scalar. Given value 
function             or discounted total rewards     , 
we name the real value                  or             the 
policy's utility under preference    .

f : Rm ! R
<latexit sha1_base64="PBQ8SUD2z0V3yFgYqj2xDtOir1U="></latexit><latexit sha1_base64="PBQ8SUD2z0V3yFgYqj2xDtOir1U="></latexit><latexit sha1_base64="PBQ8SUD2z0V3yFgYqj2xDtOir1U="></latexit><latexit sha1_base64="PBQ8SUD2z0V3yFgYqj2xDtOir1U="></latexit>

f � V ⇡(s)
<latexit sha1_base64="Joam1jC8wPven1HPPmWdLHyoGTA="></latexit><latexit sha1_base64="Joam1jC8wPven1HPPmWdLHyoGTA="></latexit><latexit sha1_base64="Joam1jC8wPven1HPPmWdLHyoGTA="></latexit><latexit sha1_base64="9VF5nnSTe/psDq3XUJsbUwGqaRc=">AAACNXicfZHLSgMxFIYz3h3vazdBEURqmXGjS0EXbkQF2wqdImfS0xrMZUgyYhn6Am59JV/CV3AnvoCZaUFrwQOBLyd/zjXNBLcuit6Dmdm5+YXFpeVwZTVcW9/YXG1anRuGDaaFNncpWBRcYcNxJ/AuMwgyFdhKH8/K99YTGsu1unWDDDsS+or3OAPnXdf3m7tRPaqMTkM8hl0ytvut4DDpapZLVI4JsLYdR5nrFGAcZwKHYZJbzIA9Qh/bHhVItJ2iqnNI97ynS3va+KMcrby/fxQgrQT3UKMeSomtyA5kWqOprC46Uz5QqZrM5XonnYKrLHeo2ChVLxfUaVq2TbvcIHNiQMPkHH3lBi99iKsMDThtDooETF/C89B30qdJjZb8n5SrH6nncM9nAGa4HwNlD2CAOT/10M83/jvNaWge1eOoHt9EZIlskx2yT2JyTE7JBbkmDcJIl7yQ1+At+Ag+R3uYCcYL2SITFnx9A81eq1A=</latexit><latexit sha1_base64="XXXJq1DxLhoTLXosRJjoDaq7OYI="></latexit><latexit sha1_base64="XXXJq1DxLhoTLXosRJjoDaq7OYI="></latexit><latexit sha1_base64="05/Qnfrap/jjpaEdDO/QCc7Mzxw="></latexit><latexit sha1_base64="Joam1jC8wPven1HPPmWdLHyoGTA="></latexit><latexit sha1_base64="Joam1jC8wPven1HPPmWdLHyoGTA="></latexit><latexit sha1_base64="Joam1jC8wPven1HPPmWdLHyoGTA="></latexit><latexit sha1_base64="Joam1jC8wPven1HPPmWdLHyoGTA="></latexit><latexit sha1_base64="Joam1jC8wPven1HPPmWdLHyoGTA="></latexit><latexit sha1_base64="Joam1jC8wPven1HPPmWdLHyoGTA="></latexit>

V ⇡(s)
<latexit sha1_base64="AXVtPS9tMdZqDL8LpiIMReuyrds="></latexit><latexit sha1_base64="AXVtPS9tMdZqDL8LpiIMReuyrds="></latexit><latexit sha1_base64="AXVtPS9tMdZqDL8LpiIMReuyrds="></latexit><latexit sha1_base64="AXVtPS9tMdZqDL8LpiIMReuyrds="></latexit>

f(r̂⌧ )
<latexit sha1_base64="gk3DKCmbQm9+A+eLCHa2CKYysD8="></latexit><latexit sha1_base64="gk3DKCmbQm9+A+eLCHa2CKYysD8="></latexit><latexit sha1_base64="gk3DKCmbQm9+A+eLCHa2CKYysD8="></latexit><latexit sha1_base64="gk3DKCmbQm9+A+eLCHa2CKYysD8="></latexit>

r̂⌧
<latexit sha1_base64="RGOVw/phfGzPENA0Mbl/U58VWd4="></latexit><latexit sha1_base64="RGOVw/phfGzPENA0Mbl/U58VWd4="></latexit><latexit sha1_base64="RGOVw/phfGzPENA0Mbl/U58VWd4="></latexit><latexit sha1_base64="RGOVw/phfGzPENA0Mbl/U58VWd4="></latexit>

f
<latexit sha1_base64="YRBvEFd0dLSOpctC2IWIXNVXms4="></latexit><latexit sha1_base64="YRBvEFd0dLSOpctC2IWIXNVXms4="></latexit><latexit sha1_base64="YRBvEFd0dLSOpctC2IWIXNVXms4="></latexit><latexit sha1_base64="YRBvEFd0dLSOpctC2IWIXNVXms4="></latexit>
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Human
Preferences

m
<latexit sha1_base64="Ga1EUyCcQBX8nG32KKoX3h0v93w="></latexit><latexit sha1_base64="Ga1EUyCcQBX8nG32KKoX3h0v93w="></latexit><latexit sha1_base64="Ga1EUyCcQBX8nG32KKoX3h0v93w="></latexit><latexit sha1_base64="Ga1EUyCcQBX8nG32KKoX3h0v93w="></latexit>

A preference function      

maps the value or reward consisting of quantity 
of       objectives in to one real scalar. Given value 
function             or discounted total rewards     , 
we name the real value                  or             the 
policy's utility under preference    .

f : Rm ! R
<latexit sha1_base64="PBQ8SUD2z0V3yFgYqj2xDtOir1U="></latexit><latexit sha1_base64="PBQ8SUD2z0V3yFgYqj2xDtOir1U="></latexit><latexit sha1_base64="PBQ8SUD2z0V3yFgYqj2xDtOir1U="></latexit><latexit sha1_base64="PBQ8SUD2z0V3yFgYqj2xDtOir1U="></latexit>

f � V ⇡(s)
<latexit sha1_base64="Joam1jC8wPven1HPPmWdLHyoGTA="></latexit><latexit sha1_base64="Joam1jC8wPven1HPPmWdLHyoGTA="></latexit><latexit sha1_base64="Joam1jC8wPven1HPPmWdLHyoGTA="></latexit><latexit sha1_base64="9VF5nnSTe/psDq3XUJsbUwGqaRc=">AAACNXicfZHLSgMxFIYz3h3vazdBEURqmXGjS0EXbkQF2wqdImfS0xrMZUgyYhn6Am59JV/CV3AnvoCZaUFrwQOBLyd/zjXNBLcuit6Dmdm5+YXFpeVwZTVcW9/YXG1anRuGDaaFNncpWBRcYcNxJ/AuMwgyFdhKH8/K99YTGsu1unWDDDsS+or3OAPnXdf3m7tRPaqMTkM8hl0ytvut4DDpapZLVI4JsLYdR5nrFGAcZwKHYZJbzIA9Qh/bHhVItJ2iqnNI97ynS3va+KMcrby/fxQgrQT3UKMeSomtyA5kWqOprC46Uz5QqZrM5XonnYKrLHeo2ChVLxfUaVq2TbvcIHNiQMPkHH3lBi99iKsMDThtDooETF/C89B30qdJjZb8n5SrH6nncM9nAGa4HwNlD2CAOT/10M83/jvNaWge1eOoHt9EZIlskx2yT2JyTE7JBbkmDcJIl7yQ1+At+Ag+R3uYCcYL2SITFnx9A81eq1A=</latexit><latexit sha1_base64="XXXJq1DxLhoTLXosRJjoDaq7OYI="></latexit><latexit sha1_base64="XXXJq1DxLhoTLXosRJjoDaq7OYI="></latexit><latexit sha1_base64="05/Qnfrap/jjpaEdDO/QCc7Mzxw="></latexit><latexit sha1_base64="Joam1jC8wPven1HPPmWdLHyoGTA="></latexit><latexit sha1_base64="Joam1jC8wPven1HPPmWdLHyoGTA="></latexit><latexit sha1_base64="Joam1jC8wPven1HPPmWdLHyoGTA="></latexit><latexit sha1_base64="Joam1jC8wPven1HPPmWdLHyoGTA="></latexit><latexit sha1_base64="Joam1jC8wPven1HPPmWdLHyoGTA="></latexit><latexit sha1_base64="Joam1jC8wPven1HPPmWdLHyoGTA="></latexit>

V ⇡(s)
<latexit sha1_base64="AXVtPS9tMdZqDL8LpiIMReuyrds="></latexit><latexit sha1_base64="AXVtPS9tMdZqDL8LpiIMReuyrds="></latexit><latexit sha1_base64="AXVtPS9tMdZqDL8LpiIMReuyrds="></latexit><latexit sha1_base64="AXVtPS9tMdZqDL8LpiIMReuyrds="></latexit>

f(r̂⌧ )
<latexit sha1_base64="gk3DKCmbQm9+A+eLCHa2CKYysD8="></latexit><latexit sha1_base64="gk3DKCmbQm9+A+eLCHa2CKYysD8="></latexit><latexit sha1_base64="gk3DKCmbQm9+A+eLCHa2CKYysD8="></latexit><latexit sha1_base64="gk3DKCmbQm9+A+eLCHa2CKYysD8="></latexit>

r̂⌧
<latexit sha1_base64="RGOVw/phfGzPENA0Mbl/U58VWd4="></latexit><latexit sha1_base64="RGOVw/phfGzPENA0Mbl/U58VWd4="></latexit><latexit sha1_base64="RGOVw/phfGzPENA0Mbl/U58VWd4="></latexit><latexit sha1_base64="RGOVw/phfGzPENA0Mbl/U58VWd4="></latexit>

f
<latexit sha1_base64="YRBvEFd0dLSOpctC2IWIXNVXms4="></latexit><latexit sha1_base64="YRBvEFd0dLSOpctC2IWIXNVXms4="></latexit><latexit sha1_base64="YRBvEFd0dLSOpctC2IWIXNVXms4="></latexit><latexit sha1_base64="YRBvEFd0dLSOpctC2IWIXNVXms4="></latexit>

f!(r) = !|r
<latexit sha1_base64="PbJfbRKiac9yxbS4aVzyuO7ikI4="></latexit><latexit sha1_base64="PbJfbRKiac9yxbS4aVzyuO7ikI4="></latexit><latexit sha1_base64="PbJfbRKiac9yxbS4aVzyuO7ikI4="></latexit><latexit sha1_base64="PbJfbRKiac9yxbS4aVzyuO7ikI4="></latexit>

Linear preference:

Relative Importance Weights
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! 2 ⌦
<latexit sha1_base64="ePxP6q1byPeQR8z8PEXhpWI4T3M="></latexit><latexit sha1_base64="ePxP6q1byPeQR8z8PEXhpWI4T3M="></latexit><latexit sha1_base64="ePxP6q1byPeQR8z8PEXhpWI4T3M="></latexit><latexit sha1_base64="ePxP6q1byPeQR8z8PEXhpWI4T3M="></latexit>

!|r̂D > !|r̂F
<latexit sha1_base64="v+HK6S9OOx7MNeHr24Cpmm81jK4="></latexit><latexit sha1_base64="v+HK6S9OOx7MNeHr24Cpmm81jK4="></latexit><latexit sha1_base64="v+HK6S9OOx7MNeHr24Cpmm81jK4="></latexit><latexit sha1_base64="v+HK6S9OOx7MNeHr24Cpmm81jK4="></latexit>

D

Utility Projection
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⇡ 2 ⇧L ) 9 ! 2 ⌦, s.t. 8⇡0 2 ⇧,!|v⇡(s0) � !|v⇡0
(s0)

<latexit sha1_base64="CnPQ18DLqaJp+3eKBJX25OXn4ZE="></latexit><latexit sha1_base64="CnPQ18DLqaJp+3eKBJX25OXn4ZE="></latexit><latexit sha1_base64="CnPQ18DLqaJp+3eKBJX25OXn4ZE="></latexit><latexit sha1_base64="CnPQ18DLqaJp+3eKBJX25OXn4ZE="></latexit>

Learning Phase:

Unknown Linear Preference / Abundant Resources / Learn all policies.

Analysis Phase:

User can analyze the trade-off between multiple objectives.

Execution Phase:

A specific linear preference function       will be given
Required to respond with an optimal policy         from         to the given 
preference, using limited computational resources.

⇧L
<latexit sha1_base64="JJPD4X0nAE3SXBmQ0i9eHzVI+g4="></latexit><latexit sha1_base64="JJPD4X0nAE3SXBmQ0i9eHzVI+g4="></latexit><latexit sha1_base64="JJPD4X0nAE3SXBmQ0i9eHzVI+g4="></latexit><latexit sha1_base64="JJPD4X0nAE3SXBmQ0i9eHzVI+g4="></latexit>

⇡!
<latexit sha1_base64="U49+YWIlTauKkbnc4YtECyXndC4="></latexit><latexit sha1_base64="U49+YWIlTauKkbnc4YtECyXndC4="></latexit><latexit sha1_base64="U49+YWIlTauKkbnc4YtECyXndC4="></latexit><latexit sha1_base64="U49+YWIlTauKkbnc4YtECyXndC4="></latexit>

!
<latexit sha1_base64="12odp0flAtwjr8U+b9A0Xo1vN+U="></latexit><latexit sha1_base64="12odp0flAtwjr8U+b9A0Xo1vN+U="></latexit><latexit sha1_base64="12odp0flAtwjr8U+b9A0Xo1vN+U="></latexit><latexit sha1_base64="12odp0flAtwjr8U+b9A0Xo1vN+U="></latexit>
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Please refer to my blog: https://runzhe-yang.science
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Theory - Framework for Value-Based RL

3) Optimality Operator:

Optimality Filteris a contraction 
with the fixed-point 

1) Value Space: all the bounded functions in Q = RS⇥A
<latexit sha1_base64="rywZpjUaC4Qvm1OU752aBQcQJsc="></latexit><latexit sha1_base64="rywZpjUaC4Qvm1OU752aBQcQJsc="></latexit><latexit sha1_base64="rywZpjUaC4Qvm1OU752aBQcQJsc="></latexit><latexit sha1_base64="rywZpjUaC4Qvm1OU752aBQcQJsc="></latexit>

2) Value Metric: d(Q,Q0) = sup
s,a

|Q(s, a)�Q0(s, a)|
<latexit sha1_base64="VqdwjUH4UDTQ1f95jV6LsCAHgl4="></latexit><latexit sha1_base64="VqdwjUH4UDTQ1f95jV6LsCAHgl4="></latexit><latexit sha1_base64="VqdwjUH4UDTQ1f95jV6LsCAHgl4="></latexit><latexit sha1_base64="ZMQji/t3LeKjelD70Y2jPy9GPA4=">AAACNHicfZHLSgMxFIYzXut4a9dugiKI1DLjRt0JunAjKlgrdIqcSU9rMJchyYhl6Au49ZV8CV/BlfgEZsaCN/BA4MvJn3NNM8Gti6KXYGp6ZnZuvrYQLi6Fyyur9aUrq3PDsM200OY6BYuCK2w77gReZwZBpgI76d1R+d65R2O5VpdulGFPwlDxAWfgvOv8pr4RtaLK6F+IJ7BBJnbTCHaSvma5ROWYAGu7cZS5XgHGcSZwHCa5xQzYHQyx61GBRNsrqjrHdNN7+nSgjT/K0cr7/UcB0kpwt03qoZTYiuxIpk2ayuqiM+UDlaqfudxgv1dwleUOFftMNcgFdZqWbdM+N8icGNEwOUZfucFTH+IsQwNOm+0iATOU8DD2nQxp0qQl/yfl6kvqOdz0GYAZ7sdA2S0YYM5PPfTzjX9P8y+0d1sHrfgiIjWyRtbJFonJHjkkJ+SctAkjffJInoLn4DV4+1zDVDDZR4P8sOD9Ax8qqyU=</latexit><latexit sha1_base64="+IT+olQogzhite9SvSOj+fQHhVc="></latexit><latexit sha1_base64="+IT+olQogzhite9SvSOj+fQHhVc="></latexit><latexit sha1_base64="kfg9pqd5rtW9Vr9us99lV+z2w4A="></latexit><latexit sha1_base64="VqdwjUH4UDTQ1f95jV6LsCAHgl4="></latexit><latexit sha1_base64="VqdwjUH4UDTQ1f95jV6LsCAHgl4="></latexit><latexit sha1_base64="VqdwjUH4UDTQ1f95jV6LsCAHgl4="></latexit><latexit sha1_base64="VqdwjUH4UDTQ1f95jV6LsCAHgl4="></latexit><latexit sha1_base64="VqdwjUH4UDTQ1f95jV6LsCAHgl4="></latexit><latexit sha1_base64="VqdwjUH4UDTQ1f95jV6LsCAHgl4="></latexit>

4) Updating Scheme: asynchronous value iteration

v = (vs1 , vs2)

V 0
s1

V 0
s2

V 0

V k

V k+1

v⇤

T v

v = (vs1 , vs2)

V 0

V k

V k+1

v⇤

vt(s2)+1

Iterations vs1

vs2 Iteration

Topological interpretation of the asynchronous value iteration.

Single-objective Reinforcement Learning algorithms:

Q⇤
<latexit sha1_base64="QYeqB4qibX68TNZ3vh9ZERq/sv0="></latexit><latexit sha1_base64="QYeqB4qibX68TNZ3vh9ZERq/sv0="></latexit><latexit sha1_base64="QYeqB4qibX68TNZ3vh9ZERq/sv0="></latexit><latexit sha1_base64="QYeqB4qibX68TNZ3vh9ZERq/sv0="></latexit>

(T Q)(s, a) := r(s, a) + �Es0⇠P(·|s,a) sup
a02A

Q(s0, a0)
<latexit sha1_base64="Gz1PSbWJXtK4Ul/Xo08OSwyQtbc="></latexit><latexit sha1_base64="Gz1PSbWJXtK4Ul/Xo08OSwyQtbc="></latexit><latexit sha1_base64="Gz1PSbWJXtK4Ul/Xo08OSwyQtbc="></latexit><latexit sha1_base64="Gz1PSbWJXtK4Ul/Xo08OSwyQtbc="></latexit>



Theory - Deep MORL Algorithms

3) Optimality Operator:

1) Value Space: all the bounded functions in 

2) Value Metric: 

4) Updating Scheme: Hindsight Experience Reply (HER) [OpenAI, NIPS2017]

Multi-Objective Reinforcement Learning (MORL) algorithm:
(Naive Version)

d(Q,Q0) = sup
s,a

sup
!

|Q(s, a,!)�Q0(s, a,!)|
<latexit sha1_base64="c9z3UFIpSR/B0yQovj3ZZLzIyFA="></latexit><latexit sha1_base64="c9z3UFIpSR/B0yQovj3ZZLzIyFA="></latexit><latexit sha1_base64="c9z3UFIpSR/B0yQovj3ZZLzIyFA="></latexit><latexit sha1_base64="c9z3UFIpSR/B0yQovj3ZZLzIyFA="></latexit>

Q = (⌦ ! R)S⇥A
<latexit sha1_base64="LU42Dlx2GUr+voz6fHK4fGdRNG4="></latexit><latexit sha1_base64="LU42Dlx2GUr+voz6fHK4fGdRNG4="></latexit><latexit sha1_base64="LU42Dlx2GUr+voz6fHK4fGdRNG4="></latexit><latexit sha1_base64="LU42Dlx2GUr+voz6fHK4fGdRNG4="></latexit> hQ, di

<latexit sha1_base64="FiJBvVYx/Glek8KTGvWpQ1+k+iY="></latexit><latexit sha1_base64="FiJBvVYx/Glek8KTGvWpQ1+k+iY="></latexit><latexit sha1_base64="FiJBvVYx/Glek8KTGvWpQ1+k+iY="></latexit><latexit sha1_base64="FiJBvVYx/Glek8KTGvWpQ1+k+iY="></latexit>

is still complete. 

Optimality Filteris a contraction 
with the fixed-point Q⇤

<latexit sha1_base64="QYeqB4qibX68TNZ3vh9ZERq/sv0="></latexit><latexit sha1_base64="QYeqB4qibX68TNZ3vh9ZERq/sv0="></latexit><latexit sha1_base64="QYeqB4qibX68TNZ3vh9ZERq/sv0="></latexit><latexit sha1_base64="QYeqB4qibX68TNZ3vh9ZERq/sv0="></latexit> (HQ)(s,!) := sup
a0

Q(s, a0,!)
<latexit sha1_base64="Eo/hrDn/vOeKD+7qnaPujkDz/RU="></latexit><latexit sha1_base64="Eo/hrDn/vOeKD+7qnaPujkDz/RU="></latexit><latexit sha1_base64="Eo/hrDn/vOeKD+7qnaPujkDz/RU="></latexit><latexit sha1_base64="Eo/hrDn/vOeKD+7qnaPujkDz/RU="></latexit>

(T Q)(s, a,!) := !|r(s, a) + �Es0⇠P(·|s,a)(HQ)(s0,!).
<latexit sha1_base64="X/QmAz/6BMS53czGBCPdD4+w+gE="></latexit><latexit sha1_base64="X/QmAz/6BMS53czGBCPdD4+w+gE="></latexit><latexit sha1_base64="X/QmAz/6BMS53czGBCPdD4+w+gE="></latexit><latexit sha1_base64="X/QmAz/6BMS53czGBCPdD4+w+gE="></latexit>

s
<latexit sha1_base64="WeT1t+HIs6bnr9Bzl+1QZ8jeIJs="></latexit><latexit sha1_base64="WeT1t+HIs6bnr9Bzl+1QZ8jeIJs="></latexit><latexit sha1_base64="WeT1t+HIs6bnr9Bzl+1QZ8jeIJs="></latexit><latexit sha1_base64="WeT1t+HIs6bnr9Bzl+1QZ8jeIJs="></latexit>

Utility-Based Multi-Objective Q-Network

!
<latexit sha1_base64="12odp0flAtwjr8U+b9A0Xo1vN+U="></latexit><latexit sha1_base64="12odp0flAtwjr8U+b9A0Xo1vN+U="></latexit><latexit sha1_base64="12odp0flAtwjr8U+b9A0Xo1vN+U="></latexit><latexit sha1_base64="12odp0flAtwjr8U+b9A0Xo1vN+U="></latexit>

Q(s, a1,!)
<latexit sha1_base64="VH6tYVjfpyM1XEoHElU/3akcPUo="></latexit><latexit sha1_base64="VH6tYVjfpyM1XEoHElU/3akcPUo="></latexit><latexit sha1_base64="VH6tYVjfpyM1XEoHElU/3akcPUo="></latexit><latexit sha1_base64="VH6tYVjfpyM1XEoHElU/3akcPUo="></latexit>

Q(s, a2,!)
<latexit sha1_base64="kgKqOccALm4Kpvhk6rvqBnRyrOw="></latexit><latexit sha1_base64="kgKqOccALm4Kpvhk6rvqBnRyrOw="></latexit><latexit sha1_base64="kgKqOccALm4Kpvhk6rvqBnRyrOw="></latexit><latexit sha1_base64="kgKqOccALm4Kpvhk6rvqBnRyrOw="></latexit>

Q(s, a3,!)
<latexit sha1_base64="hAoV54eUHhmCvEt1hi/xfdnkB3I="></latexit><latexit sha1_base64="hAoV54eUHhmCvEt1hi/xfdnkB3I="></latexit><latexit sha1_base64="hAoV54eUHhmCvEt1hi/xfdnkB3I="></latexit><latexit sha1_base64="hAoV54eUHhmCvEt1hi/xfdnkB3I="></latexit>

Q(s, a4,!)
<latexit sha1_base64="s5yT09j5RoHRH37yShLPIrL4Aek="></latexit><latexit sha1_base64="s5yT09j5RoHRH37yShLPIrL4Aek="></latexit><latexit sha1_base64="s5yT09j5RoHRH37yShLPIrL4Aek="></latexit><latexit sha1_base64="s5yT09j5RoHRH37yShLPIrL4Aek="></latexit>

Q(s, a5,!)
<latexit sha1_base64="mUw9hAGbN9KmJ5/c4aBiz3nxck8="></latexit><latexit sha1_base64="mUw9hAGbN9KmJ5/c4aBiz3nxck8="></latexit><latexit sha1_base64="mUw9hAGbN9KmJ5/c4aBiz3nxck8="></latexit><latexit sha1_base64="mUw9hAGbN9KmJ5/c4aBiz3nxck8="></latexit>
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<latexit sha1_base64="ePxP6q1byPeQR8z8PEXhpWI4T3M="></latexit><latexit sha1_base64="ePxP6q1byPeQR8z8PEXhpWI4T3M="></latexit><latexit sha1_base64="ePxP6q1byPeQR8z8PEXhpWI4T3M="></latexit><latexit sha1_base64="ePxP6q1byPeQR8z8PEXhpWI4T3M="></latexit>
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<latexit sha1_base64="+UouUJfOmsYL+mxiFW/Pw7MTXn0="></latexit><latexit sha1_base64="+UouUJfOmsYL+mxiFW/Pw7MTXn0="></latexit><latexit sha1_base64="+UouUJfOmsYL+mxiFW/Pw7MTXn0="></latexit><latexit sha1_base64="+UouUJfOmsYL+mxiFW/Pw7MTXn0="></latexit>

!1
<latexit sha1_base64="9Bu7KHoXXragPIuL8XXDhUOAfck="></latexit><latexit sha1_base64="9Bu7KHoXXragPIuL8XXDhUOAfck="></latexit><latexit sha1_base64="9Bu7KHoXXragPIuL8XXDhUOAfck="></latexit><latexit sha1_base64="9Bu7KHoXXragPIuL8XXDhUOAfck="></latexit>

A Snapshot of  
Deep MORL Algorithm

D F

Optimal Solutions

Sampled Preferences

b.

Problem 1: predictions are not informative;

Several predicted utilities are not enough to recover the Pareto 
optimal solutions, unless we have known the whole utility frontier.
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<latexit sha1_base64="ePxP6q1byPeQR8z8PEXhpWI4T3M="></latexit><latexit sha1_base64="ePxP6q1byPeQR8z8PEXhpWI4T3M="></latexit><latexit sha1_base64="ePxP6q1byPeQR8z8PEXhpWI4T3M="></latexit><latexit sha1_base64="ePxP6q1byPeQR8z8PEXhpWI4T3M="></latexit>

a.
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<latexit sha1_base64="+UouUJfOmsYL+mxiFW/Pw7MTXn0="></latexit><latexit sha1_base64="+UouUJfOmsYL+mxiFW/Pw7MTXn0="></latexit><latexit sha1_base64="+UouUJfOmsYL+mxiFW/Pw7MTXn0="></latexit><latexit sha1_base64="+UouUJfOmsYL+mxiFW/Pw7MTXn0="></latexit>

!1
<latexit sha1_base64="9Bu7KHoXXragPIuL8XXDhUOAfck="></latexit><latexit sha1_base64="9Bu7KHoXXragPIuL8XXDhUOAfck="></latexit><latexit sha1_base64="9Bu7KHoXXragPIuL8XXDhUOAfck="></latexit><latexit sha1_base64="9Bu7KHoXXragPIuL8XXDhUOAfck="></latexit>

A Snapshot of  
Deep MORL Algorithm

D F

Optimal Solutions

Sampled Preferences

b.

Problem 2: sample inefficiency.

At some stage, the naive algorithm finds the optimal solutions 
while they are not aligned with preferences. It still requires many 

iterations for the value-preference alignment.
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(Envelope Version)

3) Optimality Operator:

1) Value Space: all the bounded functions in 

2) Value Metric: 

4) Updating Scheme: hindsight experience reply + homotopy method

Optimality Filter

Q = (⌦ ! Rm)S⇥A
<latexit sha1_base64="ZEl+y2mCj4CIcSZ0UNpvtt49GQw="></latexit><latexit sha1_base64="ZEl+y2mCj4CIcSZ0UNpvtt49GQw="></latexit><latexit sha1_base64="ZEl+y2mCj4CIcSZ0UNpvtt49GQw="></latexit><latexit sha1_base64="ZEl+y2mCj4CIcSZ0UNpvtt49GQw="></latexit>

Pseudo-metric

is a generalized contraction  
with the fixed-point class [Q⇤]

<latexit sha1_base64="ER51OWVAS08VIev0jtr9xR1K0uE="></latexit><latexit sha1_base64="ER51OWVAS08VIev0jtr9xR1K0uE="></latexit><latexit sha1_base64="ER51OWVAS08VIev0jtr9xR1K0uE="></latexit><latexit sha1_base64="ER51OWVAS08VIev0jtr9xR1K0uE="></latexit>

(HQ)(s,!) := argQ sup
a0,!0

!|Q(s, a0,!0)
<latexit sha1_base64="d5uaXUImBj5ki129FQC0YqFMxy8="></latexit><latexit sha1_base64="d5uaXUImBj5ki129FQC0YqFMxy8="></latexit><latexit sha1_base64="d5uaXUImBj5ki129FQC0YqFMxy8="></latexit><latexit sha1_base64="d5uaXUImBj5ki129FQC0YqFMxy8="></latexit>

d(Q,Q0) := sup
s2S,a2A

!2⌦

|!|(Q(s, a,!)�Q0(s, a,!))|
<latexit sha1_base64="gUGzftr0VYUvpdgwENC6j0q3CcA="></latexit><latexit sha1_base64="gUGzftr0VYUvpdgwENC6j0q3CcA="></latexit><latexit sha1_base64="gUGzftr0VYUvpdgwENC6j0q3CcA="></latexit><latexit sha1_base64="gUGzftr0VYUvpdgwENC6j0q3CcA="></latexit>

(T Q)(s, a,!) := r(s, a) + �Es0⇠P(·|s,a)(HQ)(s0,!)
<latexit sha1_base64="WFfqjoKVVsHwnhVl3tRmURlGPyM="></latexit><latexit sha1_base64="WFfqjoKVVsHwnhVl3tRmURlGPyM="></latexit><latexit sha1_base64="WFfqjoKVVsHwnhVl3tRmURlGPyM="></latexit><latexit sha1_base64="WFfqjoKVVsHwnhVl3tRmURlGPyM="></latexit>

Multi-Objective Reinforcement Learning (MORL) algorithm:

s
<latexit sha1_base64="WeT1t+HIs6bnr9Bzl+1QZ8jeIJs="></latexit><latexit sha1_base64="WeT1t+HIs6bnr9Bzl+1QZ8jeIJs="></latexit><latexit sha1_base64="WeT1t+HIs6bnr9Bzl+1QZ8jeIJs="></latexit><latexit sha1_base64="WeT1t+HIs6bnr9Bzl+1QZ8jeIJs="></latexit>

Multi-Objective Q-Network

!
<latexit sha1_base64="12odp0flAtwjr8U+b9A0Xo1vN+U="></latexit><latexit sha1_base64="12odp0flAtwjr8U+b9A0Xo1vN+U="></latexit><latexit sha1_base64="12odp0flAtwjr8U+b9A0Xo1vN+U="></latexit><latexit sha1_base64="12odp0flAtwjr8U+b9A0Xo1vN+U="></latexit>

Q(s, a1,!)
<latexit sha1_base64="VH6tYVjfpyM1XEoHElU/3akcPUo="></latexit><latexit sha1_base64="VH6tYVjfpyM1XEoHElU/3akcPUo="></latexit><latexit sha1_base64="VH6tYVjfpyM1XEoHElU/3akcPUo="></latexit><latexit sha1_base64="VH6tYVjfpyM1XEoHElU/3akcPUo="></latexit>

Q(s, a2,!)
<latexit sha1_base64="kgKqOccALm4Kpvhk6rvqBnRyrOw="></latexit><latexit sha1_base64="kgKqOccALm4Kpvhk6rvqBnRyrOw="></latexit><latexit sha1_base64="kgKqOccALm4Kpvhk6rvqBnRyrOw="></latexit><latexit sha1_base64="kgKqOccALm4Kpvhk6rvqBnRyrOw="></latexit>

Q(s, a3,!)
<latexit sha1_base64="hAoV54eUHhmCvEt1hi/xfdnkB3I="></latexit><latexit sha1_base64="hAoV54eUHhmCvEt1hi/xfdnkB3I="></latexit><latexit sha1_base64="hAoV54eUHhmCvEt1hi/xfdnkB3I="></latexit><latexit sha1_base64="hAoV54eUHhmCvEt1hi/xfdnkB3I="></latexit>

Q(s, a4,!)
<latexit sha1_base64="s5yT09j5RoHRH37yShLPIrL4Aek="></latexit><latexit sha1_base64="s5yT09j5RoHRH37yShLPIrL4Aek="></latexit><latexit sha1_base64="s5yT09j5RoHRH37yShLPIrL4Aek="></latexit><latexit sha1_base64="s5yT09j5RoHRH37yShLPIrL4Aek="></latexit>

Q(s, a5,!)
<latexit sha1_base64="mUw9hAGbN9KmJ5/c4aBiz3nxck8="></latexit><latexit sha1_base64="mUw9hAGbN9KmJ5/c4aBiz3nxck8="></latexit><latexit sha1_base64="mUw9hAGbN9KmJ5/c4aBiz3nxck8="></latexit><latexit sha1_base64="mUw9hAGbN9KmJ5/c4aBiz3nxck8="></latexit>

Q
<latexit sha1_base64="R587TJV12btdDxF7LQiGhMR6c1M="></latexit><latexit sha1_base64="R587TJV12btdDxF7LQiGhMR6c1M="></latexit><latexit sha1_base64="R587TJV12btdDxF7LQiGhMR6c1M="></latexit><latexit sha1_base64="R587TJV12btdDxF7LQiGhMR6c1M="></latexit>

Q
<latexit sha1_base64="R587TJV12btdDxF7LQiGhMR6c1M="></latexit><latexit sha1_base64="R587TJV12btdDxF7LQiGhMR6c1M="></latexit><latexit sha1_base64="R587TJV12btdDxF7LQiGhMR6c1M="></latexit><latexit sha1_base64="R587TJV12btdDxF7LQiGhMR6c1M="></latexit>

Q
<latexit sha1_base64="R587TJV12btdDxF7LQiGhMR6c1M="></latexit><latexit sha1_base64="R587TJV12btdDxF7LQiGhMR6c1M="></latexit><latexit sha1_base64="R587TJV12btdDxF7LQiGhMR6c1M="></latexit><latexit sha1_base64="R587TJV12btdDxF7LQiGhMR6c1M="></latexit>

Q
<latexit sha1_base64="R587TJV12btdDxF7LQiGhMR6c1M="></latexit><latexit sha1_base64="R587TJV12btdDxF7LQiGhMR6c1M="></latexit><latexit sha1_base64="R587TJV12btdDxF7LQiGhMR6c1M="></latexit><latexit sha1_base64="R587TJV12btdDxF7LQiGhMR6c1M="></latexit>

Q
<latexit sha1_base64="R587TJV12btdDxF7LQiGhMR6c1M="></latexit><latexit sha1_base64="R587TJV12btdDxF7LQiGhMR6c1M="></latexit><latexit sha1_base64="R587TJV12btdDxF7LQiGhMR6c1M="></latexit><latexit sha1_base64="R587TJV12btdDxF7LQiGhMR6c1M="></latexit>
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4) Updating Scheme: hindsight experience reply + homotopy method

Multi-Objective Reinforcement Learning algorithms:

LA
k(✓) = Es,a,!

h
kyk �Q(s, a,!; ✓)k22

i

<latexit sha1_base64="qDnv4NRDnuL32pHOCPGDIjmXP/k="></latexit><latexit sha1_base64="qDnv4NRDnuL32pHOCPGDIjmXP/k="></latexit><latexit sha1_base64="qDnv4NRDnuL32pHOCPGDIjmXP/k="></latexit><latexit sha1_base64="qDnv4NRDnuL32pHOCPGDIjmXP/k="></latexit>

yk = Es0 [r(s, a) + �(HQ)(s0, a0,!; ✓k)]
<latexit sha1_base64="K/BRGhRmqEejGzvRSnLLpbfmHb8="></latexit><latexit sha1_base64="K/BRGhRmqEejGzvRSnLLpbfmHb8="></latexit><latexit sha1_base64="K/BRGhRmqEejGzvRSnLLpbfmHb8="></latexit><latexit sha1_base64="K/BRGhRmqEejGzvRSnLLpbfmHb8="></latexit>

LB
k(✓) = Es,a,![|!|yk � !|Q(s, a,!; ✓)|]

<latexit sha1_base64="A43OlXOfye2yp1QbdXrxPDOYgNM="></latexit><latexit sha1_base64="A43OlXOfye2yp1QbdXrxPDOYgNM="></latexit><latexit sha1_base64="A43OlXOfye2yp1QbdXrxPDOYgNM="></latexit><latexit sha1_base64="A43OlXOfye2yp1QbdXrxPDOYgNM="></latexit>

s
<latexit sha1_base64="WeT1t+HIs6bnr9Bzl+1QZ8jeIJs="></latexit><latexit sha1_base64="WeT1t+HIs6bnr9Bzl+1QZ8jeIJs="></latexit><latexit sha1_base64="WeT1t+HIs6bnr9Bzl+1QZ8jeIJs="></latexit><latexit sha1_base64="WeT1t+HIs6bnr9Bzl+1QZ8jeIJs="></latexit>

!
<latexit sha1_base64="12odp0flAtwjr8U+b9A0Xo1vN+U="></latexit><latexit sha1_base64="12odp0flAtwjr8U+b9A0Xo1vN+U="></latexit><latexit sha1_base64="12odp0flAtwjr8U+b9A0Xo1vN+U="></latexit><latexit sha1_base64="12odp0flAtwjr8U+b9A0Xo1vN+U="></latexit>

Q(s, a1,!)
<latexit sha1_base64="VH6tYVjfpyM1XEoHElU/3akcPUo="></latexit><latexit sha1_base64="VH6tYVjfpyM1XEoHElU/3akcPUo="></latexit><latexit sha1_base64="VH6tYVjfpyM1XEoHElU/3akcPUo="></latexit><latexit sha1_base64="VH6tYVjfpyM1XEoHElU/3akcPUo="></latexit>

Q(s, a2,!)
<latexit sha1_base64="kgKqOccALm4Kpvhk6rvqBnRyrOw="></latexit><latexit sha1_base64="kgKqOccALm4Kpvhk6rvqBnRyrOw="></latexit><latexit sha1_base64="kgKqOccALm4Kpvhk6rvqBnRyrOw="></latexit><latexit sha1_base64="kgKqOccALm4Kpvhk6rvqBnRyrOw="></latexit>

Q(s, a3,!)
<latexit sha1_base64="hAoV54eUHhmCvEt1hi/xfdnkB3I="></latexit><latexit sha1_base64="hAoV54eUHhmCvEt1hi/xfdnkB3I="></latexit><latexit sha1_base64="hAoV54eUHhmCvEt1hi/xfdnkB3I="></latexit><latexit sha1_base64="hAoV54eUHhmCvEt1hi/xfdnkB3I="></latexit>

Q(s, a4,!)
<latexit sha1_base64="s5yT09j5RoHRH37yShLPIrL4Aek="></latexit><latexit sha1_base64="s5yT09j5RoHRH37yShLPIrL4Aek="></latexit><latexit sha1_base64="s5yT09j5RoHRH37yShLPIrL4Aek="></latexit><latexit sha1_base64="s5yT09j5RoHRH37yShLPIrL4Aek="></latexit>

Q(s, a5,!)
<latexit sha1_base64="mUw9hAGbN9KmJ5/c4aBiz3nxck8="></latexit><latexit sha1_base64="mUw9hAGbN9KmJ5/c4aBiz3nxck8="></latexit><latexit sha1_base64="mUw9hAGbN9KmJ5/c4aBiz3nxck8="></latexit><latexit sha1_base64="mUw9hAGbN9KmJ5/c4aBiz3nxck8="></latexit>

Q
<latexit sha1_base64="R587TJV12btdDxF7LQiGhMR6c1M="></latexit><latexit sha1_base64="R587TJV12btdDxF7LQiGhMR6c1M="></latexit><latexit sha1_base64="R587TJV12btdDxF7LQiGhMR6c1M="></latexit><latexit sha1_base64="R587TJV12btdDxF7LQiGhMR6c1M="></latexit>

Q
<latexit sha1_base64="R587TJV12btdDxF7LQiGhMR6c1M="></latexit><latexit sha1_base64="R587TJV12btdDxF7LQiGhMR6c1M="></latexit><latexit sha1_base64="R587TJV12btdDxF7LQiGhMR6c1M="></latexit><latexit sha1_base64="R587TJV12btdDxF7LQiGhMR6c1M="></latexit>

Q
<latexit sha1_base64="R587TJV12btdDxF7LQiGhMR6c1M="></latexit><latexit sha1_base64="R587TJV12btdDxF7LQiGhMR6c1M="></latexit><latexit sha1_base64="R587TJV12btdDxF7LQiGhMR6c1M="></latexit><latexit sha1_base64="R587TJV12btdDxF7LQiGhMR6c1M="></latexit>

Q
<latexit sha1_base64="R587TJV12btdDxF7LQiGhMR6c1M="></latexit><latexit sha1_base64="R587TJV12btdDxF7LQiGhMR6c1M="></latexit><latexit sha1_base64="R587TJV12btdDxF7LQiGhMR6c1M="></latexit><latexit sha1_base64="R587TJV12btdDxF7LQiGhMR6c1M="></latexit>

Q
<latexit sha1_base64="R587TJV12btdDxF7LQiGhMR6c1M="></latexit><latexit sha1_base64="R587TJV12btdDxF7LQiGhMR6c1M="></latexit><latexit sha1_base64="R587TJV12btdDxF7LQiGhMR6c1M="></latexit><latexit sha1_base64="R587TJV12btdDxF7LQiGhMR6c1M="></latexit>

Lk(✓) = (1� �k) · LA
k(✓) + �k · LB

k(✓)
<latexit sha1_base64="gBzoGSmv7deo0eE7DqMNfdoXBtw="></latexit><latexit sha1_base64="gBzoGSmv7deo0eE7DqMNfdoXBtw="></latexit><latexit sha1_base64="gBzoGSmv7deo0eE7DqMNfdoXBtw="></latexit><latexit sha1_base64="gBzoGSmv7deo0eE7DqMNfdoXBtw="></latexit>

Homotopy loss functions:
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Multi-Objective Reinforcement Learning algorithms:

✓⇤
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Many local Minima, 
Hard for optimization.
(λ = 0.0 )

Few local Minima, 
Too flat to be optimized.
(λ = 1.0 )

λ increases 
from 0.0 to 1.0

Trade-off between 
the loss A and the loss B

 The homotopy path connecting two loss functions provides better 
opportunities to find the global optimal parameters.
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Retrieved Control Frontier

b.

CCS

+

+
Precision =

Recall =

D
N

Optimal Control Frontier

Control Errors

Evaluation - Metrics

(1) An agent's ability to find all the potential optimal solutions in the convex 
coverage set of Pareto frontier. 

(2) An agent's ability to adapt its policy to real-time specified preferences in 
the execution phase.

CRF1(F) = 2 · precision · recall
precision+ recall
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Coverage Ratio:



Evaluation - Metrics

(1) An agent's ability to find all the potential optimal solutions in the convex 
coverage set of Pareto frontier. 

(2) An agent's ability to adapt its policy to real-time specified preferences in 
the execution phase.

AQ(C) = 1

1 + ↵ · errD!
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Adaptation Quality:
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The Access to Ground Truth for Evaluation!

Why Synthetic Environments?
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Evaluation - Synthetic Environments

Actions = {L, R}
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Fruit Tree Navigation (FTN):  An agent travels from the root node to one of the leaf 
node to pick a fruit according to a post-assigned preference      on the components of 
nutrition, treated as different objectives. The observation of an agent is its current 

coordinates (row, col), and its valid actions are moving to the left or the right child node.
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Evaluation - Synthetic Environments

 # Samples 

Coverage Ratio 
Recall (execution)

Coverage Ratio 
F1 (execution)

Adaptation Quality 
(execution)

Naive Envelope Naive Envelope Naive Envelope

1 0.4562±0.058 0.8626±0.084 0.625±0.057 0.924±0.051 0.7037±0.012 0.759±0.066

4 0.6254±0.097 0.972±0.007 0.7654±0.077 0.9856±0.004 0.7701±0.026 0.9101±0.006

8 0.753±0.101 0.9624±0.014 0.856±0.067 0.9808±0.007 0.8205±0.023 0.9261±0.015

16 0.8188±0.096 0.9904±0.009 0.8976±0.062 0.9952±0.004 0.8255±0.044 0.9306±0.007

32 0.85±0.061 0.975±0.041 0.914±0.044 0.987±0.021 0.8597±0.035 0.9402±0.011

64 0.8968±0.036 0.9812±0.013 0.9452±0.02 0.9904±0.007 0.877±0.031 0.9506±0.001

128 0.8626±0.042 0.9906±0.021 0.9258±0.024 0.9952±0.011 0.8705±0.03 0.9536±0.002

Sample Efficiency - Coverage Ratio (CR) & Adaptation Quality (AQ) comparison 
of two deep MORL algorithms tested on fruit tree navigation task, 

where the tree depth d=6. Trained on 5000 episode.
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Previous Problem 2



Evaluation - Synthetic Environments
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a. b.

Comparison of CCS and control frontiers of deep MORL algorithms. Both figures are 
measured on a fruit tree navigation task of the depth 6 containing total 64 solutions. 
The figure (a.) visualizes the real CCS and retrieved CCS of naive and envelope MORL 

algorithms using t-SNE. The figure (b.) presents the slices of optimal control frontier and 
the control frontier of two MORL algorithms along the Mineral-Waters plane.
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Dialogue success: users get correct responses.

Application - Task-Oriented Dialogue Systems

INPUT 
(ASR / SLU)

OUTPUT 
(NLG / TTS)

Dialogue State  
Tracking (DST)

Policy Model 
(parameters θ)

     Reward Function     

Dialogue Manager

Human  
User

The RL-Based framework of task-oriented dialogue systems.

Reward Function:

Objective 1 -

Objective 2 -

rt = 0.5 · rturnt + 0.5 · rsucct
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Dialogue brevity: users prefer shorter dialogue.
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Application - Task-Oriented Dialogue Systems

Dialogue success: users get correct responses.

Reward Function:

Objective 1 -

Objective 2 -

Dialogue brevity: users prefer shorter dialogue.

rt =
⇥
rturnt rsucct

⇤|
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Application - Task-Oriented Dialogue Systems

Dialogue success: users get correct responses.

Reward Function:

Objective 1 -

Objective 2 -

Dialogue brevity: users prefer shorter dialogue.

rt =
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PyDial

Experimental Settings:

Agenda-base user simulator with an error model
error rate = 15%
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Application - Task-Oriented Dialogue Systems

PyDial

Experimental Settings:

The turn reward = -1 for each turn, and the success reward = 20. 
The maximal length of dialogue is 25.

Agenda-base user simulator with an error model
error rate = 15%

All the single-objective and multi-objective reinforcement learning are 
trained for 3,000 sessions.

We evaluate learned policies on 5,000 sessions with near-uniformly 
randomly assigned user preferences.



Application - Task-Oriented Dialogue Systems

Experimental Goals:

To investigate the applicability of our proposed deep MORL algorithms 
in task-oriented dialogue policy learning.

- Third, how do our proposed deep MORL algorithms better 
fit users’ preferences?

- first, how will the multi-objective reinforcement learning 
affect the efficiency of training process? 

- Second, what is the optimality frontier for the brevity 
and success objectives in a dialogue application? 



Application - Task-Oriented Dialogue Systems

In a long-term, the multi-objective 
methods can achieve competitive 
success rates & dialogue length to 
the single-objective methods.
 
We assume we have abundant 
computational resources in the 
learning phase, and off-policy 
learning is always available.
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Our MORL methods can adapt to the user's preference, while the single-
objective methods cannot.



Application - Task-Oriented Dialogue Systems

When the length of the dialogue is not important, our MORL algorithms 
can sacrifice a bit brevity to ensure the success rate is above 90%



Application - Task-Oriented Dialogue Systems

The envelope deep MORL algorithm is almost always better than other methods in 
terms of utility, and the naive version keeps a good level of utility under almost all 

user preferences. Single-objective methods are good only when the user's weight of 
success is close to their fixed preferences while training. 



Conclusion

Multiple 
Competing 
Objectives

Human
Preferences

Can we design an efficient learning algorithm, 
which learns all potentially optimal policies, and adapts 

optimally to any real-time specified preference?



Conclusion

3. Application Contributions2. Evaluation Contributions

0. Background
- Reinforcement Learning
- Problem Formulation
- MO-MDPs

- Delayed Linear Preference Scenarios
- Optimality Concepts

1. Theory Contributions

- Theoretical Framework for Value-Based RL
- Two Value-Based Deep MORL Algorithms

- Quantitive Evaluation Metrics

- Naive Version: A simple extension
- Envelope Version

- Coverage Ratio
- Adaptation Quality

- Synthetic Environments

- Task-Oriented Dialogue Systems

- Objectives: Brevity v.s. Success
- RL-Based Dialogue Policy Learning

- User Adaptive Policies

Yes We Can!


