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Agent (Planner)

Environment 
(Real World)

Xt+1 ⇠ P⇤(·|Xt, At)

Rt ⇠ R(·|Xt, At)
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At ∼ π( ⋅ |Xt)

PolicyAction

Xt, Rt

State Reward

Bertsekas & Tsitsiklis, 1996 — Busoniu, Babuska, De Schutter, & Ernst, 2010 — Szepesvari, 2010 — Sutton & Barto, 2018.

Model-free RL Agent
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Model-based RL Agent
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Xt, RtAt

Agent (Planner)

Environment 
(Real World)

Internal Model

Ã X̃, R̃

Xt+1 ⇠ P⇤(·|Xt, At)

Rt ⇠ R(·|Xt, At)
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X̃i+1 ⇠ P̂(·|X̃i, Ãt)

R̃i ⇠ R̂(·|X̃i, Ãi)
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Learn a model of the environment

Use the learned model for planning

Sutton, ICML, 1990 — Peng, Williams, Adaptive Behavior, 1993 — Sutton, Szepesvári, Geramifard, and Bowling, UAI, 2008. — Parr, Li, Taylor, et al., ICML, 2008 — Deisenroth, Fox, 
Rasmussen, IEEE PAMI, 2015 — Levine, Finn, Darrell, Abbeel, JMLR, 2016 — Oh, Guo Lee, Lewis, Sing, NIPS, 2015 — Ha, Schmidhuber, NeurIPS, 2018.



Dyna Architecture:

A Prototypical MBRL Algorithm
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Xt, RtAt

Agent (Planner)

Environment 
(Real World)

Model

Ã X̃, R̃

// MDP (X ,A,R⇤,P⇤)
Draw initial state X1 ⇠ ⌫X
for each time step t do

Take action At ⇠ ⇡(·|Xt), receiveX 0
t ⇠ P⇤(·|Xt, At) and Rt ⇠ R⇤(·|Xt, At).

Update model P̂ and R̂
Update value function and/or policy using the new sample from the real
world
for p times do
Draw simulated/imaginary sample X̃i ⇠ ⌫̃X
Take action Ãi ⇠ ⇡(·|Xt), receive X̃ 0

i ⇠ P̂(·|X̃i, Ãi)
Update value function and/or policy using the new sample from the
model

end for
Xt+1  X 0

t

end for
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Dyna Architecture:

Finite State/Action Space
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Xt, RtAt

Agent (Planner)

Environment 
(Real World)

Model

Ã X̃, R̃

MLE

TD

// MDP (X ,A,R⇤,P⇤, �)
// ↵: Learning rate for TD(0)
Draw initial state X1 ⇠ ⌫X
for each time step t do

Take action At ⇠ ⇡(·|Xt), receiveX 0
t ⇠ P⇤(·|Xt, At) and Rt ⇠ R⇤(·|Xt, At).

P̂(x0|x, a) #{X0
i=x0|(Xi=x,Ai=a)}

#{(Xi=x,Ai=a)}
Q(Xt, At) Q(Xt, At) + ↵

�
Rt + �

P
a2A ⇡(a|X 0

t)Q(X 0
t, a

0)�Q(Xt, At)
�

for p times do
Draw simulated/imaginary sample X̃i ⇠ ⌫̃X
Take action Ãi ⇠ ⇡(·|X̃t), receive X̃ 0

i ⇠ P̂(·|X̃i, Ãi) and r̃i  r̂(X̃i, Ãi).

Q(X̃i, Ãi) Q(X̃i, Ãi)+↵
⇣
r̃i + �

P
a2⇡ ⇡(a|X̃ 0

i)Q(X̃ 0
i, a

0)�Q(X̃i, Ãi)
⌘

end for
Xt+1  X 0

t

end for
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Issues in MBRL



Choice of Planner
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Planner 
Value-based

Policy Search

Policy Search 
PILCO: Marc P. Deisenroth, Dieter Fox, and Carl E. Rasmussen, “Gaussian processes for data-efficient 
learning in robotics and control,” IEEE Trans. on PAMI, 2015.

GPS: - Sergey Levine and Pieter Abbeel, “Learning neural network policies with guided policy search 
under unknown dynamics,” NIPS, 2014.


Xt, RtAt

Agent (Planner)

Environment 
(Real World)

Model

Ã X̃, R̃



Model Learning
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Xt, RtAt

Agent (Planner)

Environment 
(Real World)

Model

Ã X̃, R̃

Model Learning 
MLE

Bayesian

Decision-Aware Model Learning

Decision-Aware Model Learning 
AMF, André M.S. Barreto, and Daniel N. Nikovski, “Value-aware model learning for reinforcement 
learning,” AISTATS, 2017.

David Silver, Hado van Hasselt, Matteo Hessel, et al., “The Predictron: End-to-end learning and 
planning,” ICML, 2017.

Junhyuk Oh, Satinder Singh, and Honglak Lee, “Value prediction network,” NIPS, 2017.

Joshua Joseph, Alborz Geramifard, John W Roberts, Jonathan P How, and Nicholas Roy, “Reinforcement 
learning with misspecified model classes,” ICRA, 2013.



Distribution Mismatch
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Xt, RtAt

Agent (Planner)

Environment 
(Real World)

Model

Ã X̃, R̃

Distribution Mismatch in MBRL 
Erin Talvitie, “Self-correcting models for model-based reinforcement learning,” AAAI, 2017.

Erik Talvitie, “Model regularization for stable sample rollouts,” UAI, 2014.

Arun Venkatraman, Martial Hebert, and J. Andrew Bagnell, “Improving multi-step prediction of learned 
time series models,” AAAI, 2015.
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<latexit sha1_base64="btakq/tdqTw1riLzVoB4YD2fr04=">AAACUnicdVJLSwMxGMzWd33Vx81LsCieyq4Keix6EbxUsCq4tWTTr91gHkvyrVCX/S9e9fd48a94Mq09aMWBwDDzDQxDkkwKh2H4EVRmZufmFxaXqssrq2vrtY3NG2dyy6HNjTT2LmEOpNDQRoES7jILTCUSbpPH85F/+wTWCaOvcZhBR7GBFn3BGXqpW9uObWpoEbcuwWqQKcPy4ahbq4eNcAz6l0QTUicTtLobwX7cMzxXoJFL5tx9FGbYKZhFwSWU1Th3kDH+yAZw76lmClynGNcv6Z5XerRvrH8a6Vj9mSiYcm6oEn+pGKZu2huJ/3mYqvK3JgfGCi8L/o8x1Rb7p51C6CxH0Py7bD+XFA0d7Ul7wgJHOfSEcZ8XnPKUWcbRr16Nx8Hi3CjFdM+Vftloese/5OawEYWN6Oq43jybbLxIdsguOSAROSFNckFapE04eSYv5JW8Be/BZ8X/ku/TSjDJbJFfqKx8AQpjtQw=</latexit><latexit sha1_base64="btakq/tdqTw1riLzVoB4YD2fr04=">AAACUnicdVJLSwMxGMzWd33Vx81LsCieyq4Keix6EbxUsCq4tWTTr91gHkvyrVCX/S9e9fd48a94Mq09aMWBwDDzDQxDkkwKh2H4EVRmZufmFxaXqssrq2vrtY3NG2dyy6HNjTT2LmEOpNDQRoES7jILTCUSbpPH85F/+wTWCaOvcZhBR7GBFn3BGXqpW9uObWpoEbcuwWqQKcPy4ahbq4eNcAz6l0QTUicTtLobwX7cMzxXoJFL5tx9FGbYKZhFwSWU1Th3kDH+yAZw76lmClynGNcv6Z5XerRvrH8a6Vj9mSiYcm6oEn+pGKZu2huJ/3mYqvK3JgfGCi8L/o8x1Rb7p51C6CxH0Py7bD+XFA0d7Ul7wgJHOfSEcZ8XnPKUWcbRr16Nx8Hi3CjFdM+Vftloese/5OawEYWN6Oq43jybbLxIdsguOSAROSFNckFapE04eSYv5JW8Be/BZ8X/ku/TSjDJbJFfqKx8AQpjtQw=</latexit><latexit sha1_base64="btakq/tdqTw1riLzVoB4YD2fr04=">AAACUnicdVJLSwMxGMzWd33Vx81LsCieyq4Keix6EbxUsCq4tWTTr91gHkvyrVCX/S9e9fd48a94Mq09aMWBwDDzDQxDkkwKh2H4EVRmZufmFxaXqssrq2vrtY3NG2dyy6HNjTT2LmEOpNDQRoES7jILTCUSbpPH85F/+wTWCaOvcZhBR7GBFn3BGXqpW9uObWpoEbcuwWqQKcPy4ahbq4eNcAz6l0QTUicTtLobwX7cMzxXoJFL5tx9FGbYKZhFwSWU1Th3kDH+yAZw76lmClynGNcv6Z5XerRvrH8a6Vj9mSiYcm6oEn+pGKZu2huJ/3mYqvK3JgfGCi8L/o8x1Rb7p51C6CxH0Py7bD+XFA0d7Ul7wgJHOfSEcZ8XnPKUWcbRr16Nx8Hi3CjFdM+Vftloese/5OawEYWN6Oq43jybbLxIdsguOSAROSFNckFapE04eSYv5JW8Be/BZ8X/ku/TSjDJbJFfqKx8AQpjtQw=</latexit><latexit sha1_base64="btakq/tdqTw1riLzVoB4YD2fr04=">AAACUnicdVJLSwMxGMzWd33Vx81LsCieyq4Keix6EbxUsCq4tWTTr91gHkvyrVCX/S9e9fd48a94Mq09aMWBwDDzDQxDkkwKh2H4EVRmZufmFxaXqssrq2vrtY3NG2dyy6HNjTT2LmEOpNDQRoES7jILTCUSbpPH85F/+wTWCaOvcZhBR7GBFn3BGXqpW9uObWpoEbcuwWqQKcPy4ahbq4eNcAz6l0QTUicTtLobwX7cMzxXoJFL5tx9FGbYKZhFwSWU1Th3kDH+yAZw76lmClynGNcv6Z5XerRvrH8a6Vj9mSiYcm6oEn+pGKZu2huJ/3mYqvK3JgfGCi8L/o8x1Rb7p51C6CxH0Py7bD+XFA0d7Ul7wgJHOfSEcZ8XnPKUWcbRr16Nx8Hi3CjFdM+Vftloese/5OawEYWN6Oq43jybbLxIdsguOSAROSFNckFapE04eSYv5JW8Be/BZ8X/ku/TSjDJbJFfqKx8AQpjtQw=</latexit>

⇢P̂2
<latexit sha1_base64="N1tvbeRHZKjk2tweaEp5mkNWg4A=">AAACUnicdVJLSwMxGMzWd33Vx81LsCieyq4IehS9CF4q2Cq4tWTTr91gHkvyrVCX/S9e9fd48a94Mq092IoDgWHmGxiGJJkUDsPwM6jMzS8sLi2vVFfX1jc2a1vbbWdyy6HFjTT2PmEOpNDQQoES7jMLTCUS7pKny5F/9wzWCaNvcZhBR7GBFn3BGXqpW9uNbWpoETevwWqQKcPy8bhbq4eNcAz6l0QTUicTNLtbwWHcMzxXoJFL5txDFGbYKZhFwSWU1Th3kDH+xAbw4KlmClynGNcv6YFXerRvrH8a6Vj9nSiYcm6oEn+pGKZu1huJ/3mYqnJakwNjhZcF/8eYaYv9s04hdJYjaP5Ttp9LioaO9qQ9YYGjHHrCuM8LTnnKLOPoV6/G42BxaZRiuudKv2w0u+Nf0j5uRGEjujmpn19MNl4me2SfHJGInJJzckWapEU4eSGv5I28Bx/BV8X/kp/TSjDJ7JApVNa+AQiKtQs=</latexit><latexit sha1_base64="N1tvbeRHZKjk2tweaEp5mkNWg4A=">AAACUnicdVJLSwMxGMzWd33Vx81LsCieyq4IehS9CF4q2Cq4tWTTr91gHkvyrVCX/S9e9fd48a94Mq092IoDgWHmGxiGJJkUDsPwM6jMzS8sLi2vVFfX1jc2a1vbbWdyy6HFjTT2PmEOpNDQQoES7jMLTCUS7pKny5F/9wzWCaNvcZhBR7GBFn3BGXqpW9uNbWpoETevwWqQKcPy8bhbq4eNcAz6l0QTUicTNLtbwWHcMzxXoJFL5txDFGbYKZhFwSWU1Th3kDH+xAbw4KlmClynGNcv6YFXerRvrH8a6Vj9nSiYcm6oEn+pGKZu1huJ/3mYqnJakwNjhZcF/8eYaYv9s04hdJYjaP5Ttp9LioaO9qQ9YYGjHHrCuM8LTnnKLOPoV6/G42BxaZRiuudKv2w0u+Nf0j5uRGEjujmpn19MNl4me2SfHJGInJJzckWapEU4eSGv5I28Bx/BV8X/kp/TSjDJ7JApVNa+AQiKtQs=</latexit><latexit sha1_base64="N1tvbeRHZKjk2tweaEp5mkNWg4A=">AAACUnicdVJLSwMxGMzWd33Vx81LsCieyq4IehS9CF4q2Cq4tWTTr91gHkvyrVCX/S9e9fd48a94Mq092IoDgWHmGxiGJJkUDsPwM6jMzS8sLi2vVFfX1jc2a1vbbWdyy6HFjTT2PmEOpNDQQoES7jMLTCUS7pKny5F/9wzWCaNvcZhBR7GBFn3BGXqpW9uNbWpoETevwWqQKcPy8bhbq4eNcAz6l0QTUicTNLtbwWHcMzxXoJFL5txDFGbYKZhFwSWU1Th3kDH+xAbw4KlmClynGNcv6YFXerRvrH8a6Vj9nSiYcm6oEn+pGKZu1huJ/3mYqnJakwNjhZcF/8eYaYv9s04hdJYjaP5Ttp9LioaO9qQ9YYGjHHrCuM8LTnnKLOPoV6/G42BxaZRiuudKv2w0u+Nf0j5uRGEjujmpn19MNl4me2SfHJGInJJzckWapEU4eSGv5I28Bx/BV8X/kp/TSjDJ7JApVNa+AQiKtQs=</latexit><latexit sha1_base64="N1tvbeRHZKjk2tweaEp5mkNWg4A=">AAACUnicdVJLSwMxGMzWd33Vx81LsCieyq4IehS9CF4q2Cq4tWTTr91gHkvyrVCX/S9e9fd48a94Mq092IoDgWHmGxiGJJkUDsPwM6jMzS8sLi2vVFfX1jc2a1vbbWdyy6HFjTT2PmEOpNDQQoES7jMLTCUS7pKny5F/9wzWCaNvcZhBR7GBFn3BGXqpW9uNbWpoETevwWqQKcPy8bhbq4eNcAz6l0QTUicTNLtbwWHcMzxXoJFL5txDFGbYKZhFwSWU1Th3kDH+xAbw4KlmClynGNcv6YFXerRvrH8a6Vj9nSiYcm6oEn+pGKZu1huJ/3mYqnJakwNjhZcF/8eYaYv9s04hdJYjaP5Ttp9LioaO9qQ9YYGjHHrCuM8LTnnKLOPoV6/G42BxaZRiuudKv2w0u+Nf0j5uRGEjujmpn19MNl4me2SfHJGInJJzckWapEU4eSGv5I28Bx/BV8X/kp/TSjDJ7JApVNa+AQiKtQs=</latexit>

⇢P̂
<latexit sha1_base64="Wgg/qZ8udhpr/YXiNFbYOrK0pPg=">AAACUHicdVDPSxtBGP021lZTW6MevQwNLT2F3VKoR6kXwUsEo4IbwuzkS3bI/Fhmvi0NS/4Vr/r3ePM/8aaTGMEk5MEwj/e+B4+XFUp6iuPHqLbxYfPjp63t+uedL193G3v7l96WTmBHWGXddcY9KmmwQ5IUXhcOuc4UXmWjk6l/9Q+dl9Zc0LjAruZDIwdScApSr7GfutyyKm2foTOock6TXqMZt+IZ2CpJ5qQJc7R7e9GPtG9FqdGQUNz7myQuqFtxR1IonNTT0mPBxYgP8SZQwzX6bjUrP2Hfg9JnA+vCM8Rm6vtExbX3Y52FS80p98veVFznUa4ni5oaWieDLMUaY6ktDY66lTRFSWjEa9lBqRhZNl2T9aVDQWocCBchLwUTOXdcUNi8ns6C1YnVmpu+ny6bLO+4Si5/tZK4lZz/bh7/nW+8BYfwDX5CAn/gGE6hDR0Q8B9u4Q7uo4foKXquRa+nbz8cwAJq9RfH1rVm</latexit><latexit sha1_base64="Wgg/qZ8udhpr/YXiNFbYOrK0pPg=">AAACUHicdVDPSxtBGP021lZTW6MevQwNLT2F3VKoR6kXwUsEo4IbwuzkS3bI/Fhmvi0NS/4Vr/r3ePM/8aaTGMEk5MEwj/e+B4+XFUp6iuPHqLbxYfPjp63t+uedL193G3v7l96WTmBHWGXddcY9KmmwQ5IUXhcOuc4UXmWjk6l/9Q+dl9Zc0LjAruZDIwdScApSr7GfutyyKm2foTOock6TXqMZt+IZ2CpJ5qQJc7R7e9GPtG9FqdGQUNz7myQuqFtxR1IonNTT0mPBxYgP8SZQwzX6bjUrP2Hfg9JnA+vCM8Rm6vtExbX3Y52FS80p98veVFznUa4ni5oaWieDLMUaY6ktDY66lTRFSWjEa9lBqRhZNl2T9aVDQWocCBchLwUTOXdcUNi8ns6C1YnVmpu+ny6bLO+4Si5/tZK4lZz/bh7/nW+8BYfwDX5CAn/gGE6hDR0Q8B9u4Q7uo4foKXquRa+nbz8cwAJq9RfH1rVm</latexit><latexit sha1_base64="Wgg/qZ8udhpr/YXiNFbYOrK0pPg=">AAACUHicdVDPSxtBGP021lZTW6MevQwNLT2F3VKoR6kXwUsEo4IbwuzkS3bI/Fhmvi0NS/4Vr/r3ePM/8aaTGMEk5MEwj/e+B4+XFUp6iuPHqLbxYfPjp63t+uedL193G3v7l96WTmBHWGXddcY9KmmwQ5IUXhcOuc4UXmWjk6l/9Q+dl9Zc0LjAruZDIwdScApSr7GfutyyKm2foTOock6TXqMZt+IZ2CpJ5qQJc7R7e9GPtG9FqdGQUNz7myQuqFtxR1IonNTT0mPBxYgP8SZQwzX6bjUrP2Hfg9JnA+vCM8Rm6vtExbX3Y52FS80p98veVFznUa4ni5oaWieDLMUaY6ktDY66lTRFSWjEa9lBqRhZNl2T9aVDQWocCBchLwUTOXdcUNi8ns6C1YnVmpu+ny6bLO+4Si5/tZK4lZz/bh7/nW+8BYfwDX5CAn/gGE6hDR0Q8B9u4Q7uo4foKXquRa+nbz8cwAJq9RfH1rVm</latexit><latexit sha1_base64="Wgg/qZ8udhpr/YXiNFbYOrK0pPg=">AAACUHicdVDPSxtBGP021lZTW6MevQwNLT2F3VKoR6kXwUsEo4IbwuzkS3bI/Fhmvi0NS/4Vr/r3ePM/8aaTGMEk5MEwj/e+B4+XFUp6iuPHqLbxYfPjp63t+uedL193G3v7l96WTmBHWGXddcY9KmmwQ5IUXhcOuc4UXmWjk6l/9Q+dl9Zc0LjAruZDIwdScApSr7GfutyyKm2foTOock6TXqMZt+IZ2CpJ5qQJc7R7e9GPtG9FqdGQUNz7myQuqFtxR1IonNTT0mPBxYgP8SZQwzX6bjUrP2Hfg9JnA+vCM8Rm6vtExbX3Y52FS80p98veVFznUa4ni5oaWieDLMUaY6ktDY66lTRFSWjEa9lBqRhZNl2T9aVDQWocCBchLwUTOXdcUNi8ns6C1YnVmpu+ny6bLO+4Si5/tZK4lZz/bh7/nW+8BYfwDX5CAn/gGE6hDR0Q8B9u4Q7uo4foKXquRa+nbz8cwAJq9RfH1rVm</latexit>

D
istribution error



Model-based RL Agent

11

Xt, RtAt

Agent (Planner)

Environment 
(Real World)

Internal Model

Ã X̃, R̃

Xt+1 ⇠ P⇤(·|Xt, At)

Rt ⇠ R(·|Xt, At)
<latexit sha1_base64="IKCT+npaGcDGTwlC7ijRa34x/9A="></latexit><latexit sha1_base64="IKCT+npaGcDGTwlC7ijRa34x/9A="></latexit><latexit sha1_base64="IKCT+npaGcDGTwlC7ijRa34x/9A="></latexit><latexit sha1_base64="IKCT+npaGcDGTwlC7ijRa34x/9A="></latexit>

X̃i+1 ⇠ P̂(·|X̃i, Ãt)

R̃i ⇠ R̂(·|X̃i, Ãi)
<latexit sha1_base64="/VMrjIfnzmXDcDriZfRc4iUkK+4="></latexit><latexit sha1_base64="/VMrjIfnzmXDcDriZfRc4iUkK+4="></latexit><latexit sha1_base64="/VMrjIfnzmXDcDriZfRc4iUkK+4="></latexit><latexit sha1_base64="/VMrjIfnzmXDcDriZfRc4iUkK+4="></latexit>

Learn a model of the environment

Use the learned model for planning

Sutton, ICML, 1990 — Peng, Williams, Adaptive Behavior, 1993 — Sutton, Szepesvári, Geramifard, and Bowling, UAI, 2008. — Parr, Li, Taylor, et al., ICML, 2008 — Deisenroth, Fox, 
Rasmussen, IEEE PAMI, 2015 — Levine, Finn, Darrell, Abbeel, JMLR, 2016 — Oh, Guo Lee, Lewis, Sing, NIPS, 2015 — Ha, Schmidhuber, NeurIPS, 2018.



How should we learn a good model for 

model-based RL?
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The conventional approach to model learning might be an overkill!



Conventional Approaches to

Model Learning

Learn a predictive model that captures 
all aspects of the environment as much as 

possible.


Maximum Likelihood Estimate (MLE)

Bayesian Inference

Maximum Entropy

13



Images: Magnolia Avenue, St. Augustine, Florida (Jon Dawson)

Not all aspects are equally needed!
14



Artist Robot Cleaning Robot

Images: Artist Robot (Johan Scherft); Cleaning Robot (Mark H. Evans)

The world might be the same, but the tasks are not!

15

The conventional approach to model learning might be an overkill!



How to incorporate information about the decision problem/
task into the model learning process itself?

Policy

Model

Value

We have to pay attention to the interaction of 
model and the value function or policy.

16



Decision-Aware

Model Learning

AMF, Barreto, Nikovski, “Value-Aware Loss Function for Model Learning in Reinforcement 
Learning,” European Workshop on Reinforcement Learning (EWRL), 2016.

AMF, Barreto, Nikovski, “Value-Aware Loss Function for Model-Based Reinforcement 
Learning,” Artificial Intelligence and Statistics (AISTATS), 2017.

AMF, “Iterative Value-Aware Model Learning,” Neural Information Processing Systems  
(NeurIPS), 2018.

Abachi, Ghavamzadeh, AMF, “Policy-Aware Model Learning for Policy Gradient Methods,” 
preprint, 2020. 17

http://sologen.net/papers/VAML(EWRL2016).pdf
http://www.sologen.net/papers/VAML(AISTATS2017).pdf
http://www.sologen.net/papers/IterVAML(NeurIPS2018)(extended).pdf
https://arxiv.org/abs/2003.00030


Let us try to design a decision-aware model learning method!
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Xt, RtAt

Agent (Planner)

Environment 
(Real World)

Internal Model

Ã X̃, R̃

<latexit sha1_base64="cyKyJNRBAeBC5Z1Ncis5J06sUYY=">AAACVXicdVDLSsNAFJ3E+qqPtrpw4SZYFFclEUGXxW4ENxXsA5pSJpPbdug8wsxEKCFf41a/R/wYwWnsQlt6YOBwzj13LidKGNXG978cd6u0vbO7t18+ODw6rlRrJ10tU0WgQySTqh9hDYwK6BhqGPQTBZhHDHrRrLXwe6+gNJXixcwTGHI8EXRMCTZWGlXPwmJHpiDOw/YTKAHsRaUwqtb9hl/AWyfBktTREu1RzbkKY0lSDsIQhrUeBH5ihhlWhhIGeTlMNSSYzPAEBpYKzEEPs+L33Lu0SuyNpbJPGK9Q/yYyzLWe88hOcmymetVbiJs8M+X5f41NpKJWpmSDsXKtGd8PMyqS1IAgv8eOU+YZ6S0q9WKqgBg2twQTm6fEI1OsMDG2+HJYBLOW5ByLWOe22WC1x3XSvWkEfiN4vq03H5Yd76FzdIGuUYDuUBM9ojbqIIJy9Ibe0Yfz6Xy7JXfnd9R1lplT9A9u5Qfb97bt</latexit>

<latexit sha1_base64="eP1/UcnNFfBoelFelcBNT4LClYI="></latexit>



Xt, RtAt

Agent (Planner)

Environment 
(Real World)

Internal Model

Ã X̃, R̃

<latexit sha1_base64="cyKyJNRBAeBC5Z1Ncis5J06sUYY=">AAACVXicdVDLSsNAFJ3E+qqPtrpw4SZYFFclEUGXxW4ENxXsA5pSJpPbdug8wsxEKCFf41a/R/wYwWnsQlt6YOBwzj13LidKGNXG978cd6u0vbO7t18+ODw6rlRrJ10tU0WgQySTqh9hDYwK6BhqGPQTBZhHDHrRrLXwe6+gNJXixcwTGHI8EXRMCTZWGlXPwmJHpiDOw/YTKAHsRaUwqtb9hl/AWyfBktTREu1RzbkKY0lSDsIQhrUeBH5ihhlWhhIGeTlMNSSYzPAEBpYKzEEPs+L33Lu0SuyNpbJPGK9Q/yYyzLWe88hOcmymetVbiJs8M+X5f41NpKJWpmSDsXKtGd8PMyqS1IAgv8eOU+YZ6S0q9WKqgBg2twQTm6fEI1OsMDG2+HJYBLOW5ByLWOe22WC1x3XSvWkEfiN4vq03H5Yd76FzdIGuUYDuUBM9ojbqIIJy9Ibe0Yfz6Xy7JXfnd9R1lplT9A9u5Qfb97bt</latexit>

<latexit sha1_base64="eP1/UcnNFfBoelFelcBNT4LClYI="></latexit>
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Xt, RtAt

Agent (Planner)

Environment 
(Real World)

Internal Model

Ã X̃, R̃

<latexit sha1_base64="cyKyJNRBAeBC5Z1Ncis5J06sUYY=">AAACVXicdVDLSsNAFJ3E+qqPtrpw4SZYFFclEUGXxW4ENxXsA5pSJpPbdug8wsxEKCFf41a/R/wYwWnsQlt6YOBwzj13LidKGNXG978cd6u0vbO7t18+ODw6rlRrJ10tU0WgQySTqh9hDYwK6BhqGPQTBZhHDHrRrLXwe6+gNJXixcwTGHI8EXRMCTZWGlXPwmJHpiDOw/YTKAHsRaUwqtb9hl/AWyfBktTREu1RzbkKY0lSDsIQhrUeBH5ihhlWhhIGeTlMNSSYzPAEBpYKzEEPs+L33Lu0SuyNpbJPGK9Q/yYyzLWe88hOcmymetVbiJs8M+X5f41NpKJWpmSDsXKtGd8PMyqS1IAgv8eOU+YZ6S0q9WKqgBg2twQTm6fEI1OsMDG2+HJYBLOW5ByLWOe22WC1x3XSvWkEfiN4vq03H5Yd76FzdIGuUYDuUBM9ojbqIIJy9Ibe0Yfz6Xy7JXfnd9R1lplT9A9u5Qfb97bt</latexit>

<latexit sha1_base64="eP1/UcnNFfBoelFelcBNT4LClYI="></latexit>
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Xt, RtAt

Agent (Planner)

Environment 
(Real World)

Internal Model

Ã X̃, R̃

<latexit sha1_base64="cyKyJNRBAeBC5Z1Ncis5J06sUYY=">AAACVXicdVDLSsNAFJ3E+qqPtrpw4SZYFFclEUGXxW4ENxXsA5pSJpPbdug8wsxEKCFf41a/R/wYwWnsQlt6YOBwzj13LidKGNXG978cd6u0vbO7t18+ODw6rlRrJ10tU0WgQySTqh9hDYwK6BhqGPQTBZhHDHrRrLXwe6+gNJXixcwTGHI8EXRMCTZWGlXPwmJHpiDOw/YTKAHsRaUwqtb9hl/AWyfBktTREu1RzbkKY0lSDsIQhrUeBH5ihhlWhhIGeTlMNSSYzPAEBpYKzEEPs+L33Lu0SuyNpbJPGK9Q/yYyzLWe88hOcmymetVbiJs8M+X5f41NpKJWpmSDsXKtGd8PMyqS1IAgv8eOU+YZ6S0q9WKqgBg2twQTm6fEI1OsMDG2+HJYBLOW5ByLWOe22WC1x3XSvWkEfiN4vq03H5Yd76FzdIGuUYDuUBM9ojbqIIJy9Ibe0Yfz6Xy7JXfnd9R1lplT9A9u5Qfb97bt</latexit>

<latexit sha1_base64="eP1/UcnNFfBoelFelcBNT4LClYI="></latexit>



What kind of Planner?

Variety of Planners

Value-based, Policy Gradient, TRPO, etc.


Let’s focus on Bellman operator-based ones:

T ⇤
PQ(x, a) = r(x, a) + �

Z
P(dx0|x, a)max

a02A
Q(x0, a0)

<latexit sha1_base64="SS1WmMttiPEel1i8yf03MxiMWPM="></latexit><latexit sha1_base64="SS1WmMttiPEel1i8yf03MxiMWPM="></latexit><latexit sha1_base64="SS1WmMttiPEel1i8yf03MxiMWPM="></latexit><latexit sha1_base64="SS1WmMttiPEel1i8yf03MxiMWPM="></latexit>
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Value-Aware Model Learning (VAML)

24

Policy

Model

Value

AMF, Barreto, Nikovski, “Value-Aware Loss Function for Model Learning in Reinforcement 
Learning,” European Workshop on Reinforcement Learning (EWRL), 2016.

AMF, Barreto, Nikovski, “Value-Aware Loss Function for Model-Based Reinforcement 
Learning,” Artificial Intelligence and Statistics (AISTATS), 2017.

AMF, “Iterative Value-Aware Model Learning,” Neural Information Processing Systems  
(NeurIPS), 2018.

VAML and IterVAML

http://sologen.net/papers/VAML(EWRL2016).pdf
http://www.sologen.net/papers/VAML(AISTATS2017).pdf
http://www.sologen.net/papers/IterVAML(NeurIPS2018)(extended).pdf


Value-Aware Model Learning
Goal: 

Finding a model that “preserves” the effect of the Bellman operator  
as much as possible.

<latexit sha1_base64="bl6muuxPzjDow3fyV8nDvAuwnOU="></latexit>
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T ⇤
PQ(x, a) = r(x, a) + �

Z
P(dx0|x, a)max

a02A
Q(x0, a0)

<latexit sha1_base64="SS1WmMttiPEel1i8yf03MxiMWPM="></latexit><latexit sha1_base64="SS1WmMttiPEel1i8yf03MxiMWPM="></latexit><latexit sha1_base64="SS1WmMttiPEel1i8yf03MxiMWPM="></latexit><latexit sha1_base64="SS1WmMttiPEel1i8yf03MxiMWPM="></latexit>

Bellman operator w.r.t. 
the true model

Bellman operator w.r.t. 
the learned model



Value-Aware Model Learning
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Let us construct a new loss function …

<latexit sha1_base64="bl6muuxPzjDow3fyV8nDvAuwnOU="></latexit>



Value-Aware Model Learning

c(P̂,P⇤;V )(x, a) =
���
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Z
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a02A
Q(x0, a0)
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P̂Q(x, a) = r(x, a) + �

Z
P̂(dx0|x, a)max

a02A
Q(x0, a0)
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Maximum Likelihood Estimator
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VAML vs. MLE

MLE ignores any possible 
information about the decision 

problem.

P̂  argmin
P2M

KL(P⇤
n||P) = argmax

P2M

1

n

X

(Xi,Ai,X0
i)2Dn

logP(X 0
i|Xi, Ai)
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29Joseph, Geramifard, Roberts, How, Roy, ICRA, 2013 — Silver, van Hasselt, Hessel, et al., ICML, 2017 — Farquhar, Rocktaeschel Igl, 
Whiteson, ICLR, 2018 — Oh, Singh, Lee, NIPS, 2017



No need to accurately (in the KL sense) estimate 

the true model.


Any model is sufficient.


MLE is an overkill for this reward (value) function.
30



Pointwise to expectation

c2(P̂,P⇤;V )(x, a) =

����
Z h

P⇤(dx0|x, a)� P̂(dx0|x, a)
i
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����
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Value-Aware Model Learning (VAML)

VAML

P̂VAML  argmin
P̂2M

1

n

X

(Xi,Ai,X0
i)2Dn

sup
V 2F

����V (X 0
i)�

Z
P̂(dx0|Xi, Ai)V (x0)

����
2
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Remarks:


For linear value function spaces, the 
inner optimization problem can be 
solved efficiently.

We have finite-sample error upper 
bound for VAML.

34
AMF, Barreto, Nikovski, AISTATS, 2017



Matched Mismatched
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Domain: 10-dim Gaussian/Exponential

Model: Gaussian  
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Domain: Finite-state random walk MDP

Model: State aggregation
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Solving VAML optimization problem might be difficult

for arbitrary function space!
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Iterative VAML

39
AMF, “Iterative Value-Aware Model Learning,” Neural Information Processing Systems 
(NeurIPS), 2018

http://www.sologen.net/papers/IterVAML(NeurIPS2018)(extended).pdf


Value Iteration

Qk+1  T ⇤
P⇤Qk , r + �P⇤Vk
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Iterative VAML
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Policy-Aware Model Learning (PAML)

43

Policy

Model

Value

PAML

Abachi, Ghavamzadeh, AMF, “Policy-Aware Model Learning for Policy Gradient Methods,” 
preprint, 2020.

https://arxiv.org/abs/2003.00030


Policy Gradient

44
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Policy Gradient
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Discounted future-state stationary distribution



Policy-Aware Model Learning
Goal: 

Finding a model that computes the Policy Gradient  
as accurate as possible.
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PAML vs MLE
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Convergence for Model-based PG
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Experiment: Closed-loop Performance 
with Exact Gradients
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Integral Probability Metric & Model Learning
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IPM: Müller, 1997 — Asadi et al., 2018.



Other DAML Approaches
Several methods in the RL literature might be interpreted as doing some 
form of DAML, though sometimes it is not explicitly mentioned. 
Some examples: 

Joseph et al., ICRA, 2013. 

Predictron (Silver et al., 2017) 

VPN (Oh et al., 2017) 

TreeQN (Farquhar et al., 2018) 

Gradient-Aware Model-based Policy Search (D’Oro et al., 2020) 

muZero (Schrittwieser et al., 2019) 

Value-targeted regression (Ayoub et al., 2020) 

Value equivalence viewpoint (Grimm et al., 2020) 

A few others in non-RL context (Tulabandhula and Rudin, 2013; Kao and 
Van Roy, 2014; Elmachtoub and Grigas, 2017, Donti et al., 2017)

51



Take-Home Message

We should incorporate the structure of the 
decision problem into model learning.

Unsupervised learning 
should be guided by the 
decision problem that 

we want to solve 52
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