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Deep Reinforcement Learning setting 
• Neural network policies  
• Model-free  
• On-policy 

THIS LECTURE
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Overview 
• Deriving REINFORCE 
• Actor-critic 
• Advanced methods 
• TRPO, PPO 
• Soft Actor-Critic 
• World models 

THIS LECTURE
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    CNN policy network 
<latexit sha1_base64="nfi9SmFy8d5udS4HKyngRVb/rHE="></latexit>

⇡✓(a|s)

ATARI POLICY

4

Left

<latexit sha1_base64="waUnr2Aq8dArVtVjOAboSaAlUwM="> MzzRwpMd8AzdyyNfdlKQb1fCapHyTC5Ps7kOcQJqen6byGWCE16TPTFHAmS6F0qm/B/VMw04JHEk8hSKk4kPpJKuTyw0u2AAbGYHdILNINqcYSqfV5oNvYPyWLt2r6c5RPKiwtBreQJ6K0/XQB44f5ATYn4YyAnJv5PDrLXLCJYPRtnal5cmW70i1RvXx0d2+8i2f2ofvOxs7k+PjW+N74zvDdvoGi+NV8aZcWlA41fjN+N344/Wn62/Wn+3/llbH+1txnxjVJ7Wv/8DASs5Vg==</latexit>s <latexit sha1_base64="tu4dC4JjNNVWy9U2qYJ6CpDY5rg="></latexit>a

Mnih, V., Kavukcuoglu, K., Silver, 
D. et al. Human-level control 
through deep reinforcement 
learning. Nature 518, 529–533 
(2015).



• Components of RL: 
• Actions  
• States   
• Rewards   
• These are random variables! 

• Trajectories  
• Initial state  
• Terminal state 

<latexit sha1_base64="+LzeGFZxpTjAKZV/HNGMwJ8Fw9M="></latexit>at

<latexit sha1_base64="/pzW3Mv4fuxhZwPDsc7BaKD9MQQ="></latexit>st
<latexit sha1_base64="JCho6RHVaZ12zLSSoSGaNUMc/P8="></latexit>rt

<latexit sha1_base64="nyvr2I+1rJ5Zdc1PSdcTqOSsGX4="></latexit>

⌧ = s0,a0, r1, s1,a1, r2, s2 . . .aT-1, rT , sT
<latexit sha1_base64="GEr+u/sGsjmjWJOBOSadRWZ5rCM="></latexit>s0

<latexit sha1_base64="mT6OGDXD2gX+Wm6tE1qKZ8PXC3g="></latexit>sT

TRAJECTORIES
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ATARI TRAJECTORY
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 = Left
<latexit sha1_base64="5c7YI5DF4pFOIUZakFvff7LcCFY="></latexit>at+1

https://
becominghuman.ai/
lets-build-an-atari-ai-
part-0-intro-to-
rl-9b2c5336e0ec

 = Left
<latexit sha1_base64="+LzeGFZxpTjAKZV/HNGMwJ8Fw9M="></latexit>at

Credit assignment: 
What action causes reward?

<latexit sha1_base64="gfi6SL5j681Wde1MvJUNdF/DmQ4="></latexit>

⇡✓(at|st)

<latexit sha1_base64="/pzW3Mv4fuxhZwPDsc7BaKD9MQQ="></latexit>st

<latexit sha1_base64="6BZVX3qWN3a5GYVMCDT6XJYIKOY="></latexit>

rt+1 = 0

<latexit sha1_base64="PlwOklHMGJBk/GATo+aTkqmNU+g="></latexit>st+1
<latexit sha1_base64="9Fg4jXwGbDbUAdJrMoo6ifvIsd8="></latexit>st+2

<latexit sha1_base64="0Xz+aHDaXnZyuOfTbAOjKslbg60="></latexit>

rt+2 = 1

<latexit sha1_base64="LQ65ew/VbtFCIOFTc/0FK50zRhc="></latexit>

⇡✓(at+1|st+1)



Trajectories  
Markov decision processes (MDPs): 

 
• Policy  
• State transition distribution  
• Initial state distribution 

<latexit sha1_base64="nyvr2I+1rJ5Zdc1PSdcTqOSsGX4="></latexit>

⌧ = s0,a0, r1, s1,a1, r2, s2 . . .aT-1, rT , sT

<latexit sha1_base64="q+zu+qOySWKNgXCi+xVWreMKZs0="></latexit>

p(⌧|✓) = p(s0)
T-1Y

t=0

⇡✓(at|st)p(st+1, rt+1|st,at)

<latexit sha1_base64="gfi6SL5j681Wde1MvJUNdF/DmQ4="></latexit>

⇡✓(at|st)
<latexit sha1_base64="SYCfd0d/aUDyf9x/Pic/Ian8kLo="></latexit>

p(st+1, rt+1|st,at)
<latexit sha1_base64="CZu97J0BQEi9bXmmD2bQ3YcmuT4="></latexit>

p(s0)

MARKOV DECISION PROCESSES
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MARKOV DECISION PROCESSES
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<latexit sha1_base64="1XD/drTWwzJ56XWvUlFI4PIcB5s="></latexit>

p(s0)
<latexit sha1_base64="YHkXKgzGtE9903LLKx5hW4i+GOE="></latexit>

p(s1, r1|a0, s0)
<latexit sha1_base64="TtotXtVyiolaey0Pj34Znxjw2ao="></latexit>

p(s2, r2|a1, s1)
<latexit sha1_base64="dlBFF7y4eqn9g3p0iFNRijY0e0s="></latexit>

p(s3, r3|a2, s2)

<latexit sha1_base64="v7EdJ+ThHXgJX0gdR//dSzJOt1g="> 3gjDVSy8GZ4r4fk2eFL3k6Z4oggnjTBExUKa4YkSnmyBZ+hObPmynYJ4uxJWi1wdHXId4gTU9PxAkcsEJ1FNXp1AMt0NBFP+z2orQrOTA8B6tvMmWPfD9eak8t2k2cwZFPvVlXvFP0DiBMLQK7G1eSO2zUDsJL8VpMwLfEEq/joHWbXNCBb3RlHtiNOQKZ996sXV0aHZOjTNH1r7L75bH4weaV9qX2vPNFPraC+0l9qpdqFB7RftN+137Y/dX3f/3P1r9++V9eGD9ZwvtMq1+8//ia4zmg==</latexit>

⇡✓(a0|s0)
<latexit sha1_base64="4j85n+ya1RERqomaZORIgNwngbY="></latexit>

⇡✓(a1|s1)
<latexit sha1_base64="y2/EBqPf66V+UZmCJQzpbqka44c="></latexit>

⇡✓(a2|s2)

<latexit sha1_base64="KIzHNcLYbod1+x/KccCLlzNOPGI="></latexit>s0

<latexit sha1_base64="M8sqRzeDFh3Mi1iBGtqcTbyBm/Y="></latexit>a0

~
<latexit sha1_base64="9xsJmqaI6QVO7aNPEsbsg9BoZ44="></latexit>r1

<latexit sha1_base64="OzSwNdQHk8BIaE6qZCRw39GSBas="></latexit>s1

<latexit sha1_base64="faCoi3suTLeizhRJ44TVzLkE1Ww="></latexit>a1

~
<latexit sha1_base64="pd3L+wPVTqb/6ceddXPUL+1bOrE="></latexit>r2~

~ ~

Environment

~

~

<latexit sha1_base64="1RcFirdzOoS5tyEl3SzBljfwnaY="></latexit>s2

<latexit sha1_base64="MJSdrcnRCn4KhDzKoML3O8YiGsk="></latexit>a2

Agent <latexit sha1_base64="JYRotR/AW1We/S2YX7ncehvQmNA="></latexit>

✓

Environment

Agent

<latexit sha1_base64="0ikfrFZg78atJ8tLBb9MSbBADcA="></latexit>r3

<latexit sha1_base64="y2/EBqPf66V+UZmCJQzpbqka44c="></latexit>

⇡✓(a2|s2)

<latexit sha1_base64="yadDSl6u/Z0oEAShEoO9Io7EzIg="></latexit>s3



• Full observability of state 

• Partial observability: POMDP 
• Out of scope!

OBSERVABILITY

9

<latexit sha1_base64="KIzHNcLYbod1+x/KccCLlzNOPGI="></latexit>s0
<latexit sha1_base64="M8sqRzeDFh3Mi1iBGtqcTbyBm/Y="></latexit>a0

~
<latexit sha1_base64="9xsJmqaI6QVO7aNPEsbsg9BoZ44="></latexit>r1

<latexit sha1_base64="OzSwNdQHk8BIaE6qZCRw39GSBas="></latexit>s1
<latexit sha1_base64="faCoi3suTLeizhRJ44TVzLkE1Ww="></latexit>a1

~
<latexit sha1_base64="pd3L+wPVTqb/6ceddXPUL+1bOrE="></latexit>r2

~

~ ~

~

~

<latexit sha1_base64="1RcFirdzOoS5tyEl3SzBljfwnaY="></latexit>s2
<latexit sha1_base64="MJSdrcnRCn4KhDzKoML3O8YiGsk="></latexit>a2

<latexit sha1_base64="QERxgNakkv/TH9ixu1baowQUq7c="></latexit>

⇡✓
<latexit sha1_base64="QERxgNakkv/TH9ixu1baowQUq7c="></latexit>

⇡✓
<latexit sha1_base64="QERxgNakkv/TH9ixu1baowQUq7c="></latexit>

⇡✓



 independent of history 
given : 

 
• Used to derive strong 

algorithms! 
• Fundamental assumption 

behind RL 
• No RL is completely 

“model-free"!

<latexit sha1_base64="hFxcxLt2af6z65PzziqJZ9qXfU0="></latexit>st
<latexit sha1_base64="+i+xB44Y0hcRWpnFl3QGzjOKgDk="> EU4aYYiKhTTDEyU82QHP0L1o+bJOQbxdCatFip5cdLO5DnECanp+pshlgpOoJrt8hjjIdDcQTPk/61aEZicHgPWs8yZY98NNc1L5btJs5RyKfnXtXvM7SJxAGHorWpv3om0GopP8XpAyL/AFqfg7PshGu4xg+WAUoz1xGjLls099cHV0aLYPTfOn9v7rzuZg9ET7RvtW+04zta72WnujnWoXGtSo9pv2u/ZH69fWn62/Wn+vrY8fbdZ8rVWu1j//Az0sK6I=</latexit>st-1

<latexit sha1_base64="09xIn/l5oG3MK3LZwLHHoihf5iw="></latexit>

p(st|at-1, s1, ..., st-1) = p(st|at-1, st-1)

MARKOV ASSUMPTION

10

<latexit sha1_base64="KIzHNcLYbod1+x/KccCLlzNOPGI="></latexit>s0
<latexit sha1_base64="M8sqRzeDFh3Mi1iBGtqcTbyBm/Y="></latexit>a0

~
<latexit sha1_base64="9xsJmqaI6QVO7aNPEsbsg9BoZ44="></latexit>r1

<latexit sha1_base64="OzSwNdQHk8BIaE6qZCRw39GSBas="></latexit>s1
<latexit sha1_base64="faCoi3suTLeizhRJ44TVzLkE1Ww="></latexit>a1

~
<latexit sha1_base64="pd3L+wPVTqb/6ceddXPUL+1bOrE="></latexit>r2

~

~ ~

~

~

<latexit sha1_base64="1RcFirdzOoS5tyEl3SzBljfwnaY="></latexit>s2
<latexit sha1_base64="MJSdrcnRCn4KhDzKoML3O8YiGsk="></latexit>a2

<latexit sha1_base64="QERxgNakkv/TH9ixu1baowQUq7c="></latexit>

⇡✓
<latexit sha1_base64="QERxgNakkv/TH9ixu1baowQUq7c="></latexit>

⇡✓
<latexit sha1_base64="QERxgNakkv/TH9ixu1baowQUq7c="></latexit>

⇡✓



Total discounted reward  
 

• Rewards and states are stochastic! 
• Goal: Maximize expected return 

 
 

      

<latexit sha1_base64="HjJc7PKHsJyg8rTub5MneKi4BH0="></latexit>

0 6 � 6 1
<latexit sha1_base64="mFWMPbZtkcP/WzEwCBfWOSfltVc="></latexit>

R� = r1 + �r2 + �2r3 + · · ·+ �T-1rT

<latexit sha1_base64="TiVJ9OGn/h7kAOyG3yMK5v3AT8g="></latexit>

J(✓) = Ep(⌧|✓)[R�]
<latexit sha1_base64="bXnJqj0zFD7qRndUfNZuXhjS+jM="> UzyvCeeNMLyOhTfD81p4vg2eVP2kKZ7UhJNGGFLHQprhSS082QLP0INo+ZJOITkhsEqk6MlFN5vqEEegogcccJTKBEdBRV4fNxLd9gRT+kP2TNwAktDnaQrFkeUAocTrjoUmBwyA1aRBJ1h1/ayHKX1eabJ0DkVbu3avb3OIxEGFobeiA3ovumsgGs5X6cnIc8UNJSekg2S0zShOUJlRjHbFoUmXj0jVwfXRod4+1PWf2vuvO9n56anyrfKd8lLRla7yWnmjnCmXClR+U35X/lD+bP3V+qf1b+u/tfXJTrbmG6V0PVP+Bw2XSHw=</latexit>

✓⇤ = argmax✓J(✓)

EXPECTED RETURN
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<latexit sha1_base64="KIzHNcLYbod1+x/KccCLlzNOPGI="></latexit>s0
<latexit sha1_base64="M8sqRzeDFh3Mi1iBGtqcTbyBm/Y="></latexit>a0

~
<latexit sha1_base64="9xsJmqaI6QVO7aNPEsbsg9BoZ44="></latexit>r1

<latexit sha1_base64="OzSwNdQHk8BIaE6qZCRw39GSBas="></latexit>s1
<latexit sha1_base64="faCoi3suTLeizhRJ44TVzLkE1Ww="></latexit>a1

~
<latexit sha1_base64="pd3L+wPVTqb/6ceddXPUL+1bOrE="></latexit>r2

~

~ ~

<latexit sha1_base64="1RcFirdzOoS5tyEl3SzBljfwnaY="></latexit>s2

<latexit sha1_base64="QERxgNakkv/TH9ixu1baowQUq7c="></latexit>

⇡✓
<latexit sha1_base64="QERxgNakkv/TH9ixu1baowQUq7c="></latexit>

⇡✓
<latexit sha1_base64="QERxgNakkv/TH9ixu1baowQUq7c="></latexit>

⇡✓



 
Expectation over trajectories by 
following policy  
Requires summing (or integrating) over 
all trajectories! 
→Monte Carlo (sampling) estimation 

<latexit sha1_base64="TiVJ9OGn/h7kAOyG3yMK5v3AT8g="></latexit>

J(✓) = Ep(⌧|✓)[R�]

<latexit sha1_base64="OFVdZgNlJf9zFZcA/y+6jnOW0PU="></latexit>

⇡✓

EXPECTED RETURN

12

<latexit sha1_base64="KIzHNcLYbod1+x/KccCLlzNOPGI="></latexit>s0
<latexit sha1_base64="M8sqRzeDFh3Mi1iBGtqcTbyBm/Y="></latexit>a0

~
<latexit sha1_base64="9xsJmqaI6QVO7aNPEsbsg9BoZ44="></latexit>r1

<latexit sha1_base64="OzSwNdQHk8BIaE6qZCRw39GSBas="></latexit>s1
<latexit sha1_base64="faCoi3suTLeizhRJ44TVzLkE1Ww="></latexit>a1

~
<latexit sha1_base64="pd3L+wPVTqb/6ceddXPUL+1bOrE="></latexit>r2

~

~ ~

<latexit sha1_base64="1RcFirdzOoS5tyEl3SzBljfwnaY="></latexit>s2

<latexit sha1_base64="QERxgNakkv/TH9ixu1baowQUq7c="></latexit>

⇡✓
<latexit sha1_base64="QERxgNakkv/TH9ixu1baowQUq7c="></latexit>

⇡✓
<latexit sha1_base64="QERxgNakkv/TH9ixu1baowQUq7c="></latexit>

⇡✓



 
How to find ? 

→Policy gradient methods: Use  in gradient ascent

<latexit sha1_base64="TiVJ9OGn/h7kAOyG3yMK5v3AT8g="></latexit>

J(✓) = Ep(⌧|✓)[R�]
<latexit sha1_base64="bXnJqj0zFD7qRndUfNZuXhjS+jM="></latexit>

✓⇤ = argmax✓J(✓)
<latexit sha1_base64="o5GAbZzkXTS46Vj7G4bTnaIGpf4="></latexit>

r✓J(✓)
<latexit sha1_base64="nRUMS05VMtYzLdEIwt+hn6g1tIA="></latexit>

✓i+1 = ✓i + ↵r✓iJ(✓i)

MAXIMIZING EXPECTED RETURN

13



MARKOV DECISION PROCESSES

14

<latexit sha1_base64="1XD/drTWwzJ56XWvUlFI4PIcB5s="></latexit>

p(s0)
<latexit sha1_base64="YHkXKgzGtE9903LLKx5hW4i+GOE="></latexit>

p(s1, r1|a0, s0)
<latexit sha1_base64="TtotXtVyiolaey0Pj34Znxjw2ao="></latexit>

p(s2, r2|a1, s1)
<latexit sha1_base64="dlBFF7y4eqn9g3p0iFNRijY0e0s="></latexit>

p(s3, r3|a2, s2)

<latexit sha1_base64="v7EdJ+ThHXgJX0gdR//dSzJOt1g="></latexit>

⇡✓(a0|s0)
<latexit sha1_base64="4j85n+ya1RERqomaZORIgNwngbY="></latexit>

⇡✓(a1|s1)
<latexit sha1_base64="y2/EBqPf66V+UZmCJQzpbqka44c="></latexit>

⇡✓(a2|s2)

<latexit sha1_base64="KIzHNcLYbod1+x/KccCLlzNOPGI="></latexit>s0

<latexit sha1_base64="M8sqRzeDFh3Mi1iBGtqcTbyBm/Y="></latexit>a0

~
<latexit sha1_base64="9xsJmqaI6QVO7aNPEsbsg9BoZ44="></latexit>r1

<latexit sha1_base64="OzSwNdQHk8BIaE6qZCRw39GSBas="></latexit>s1

<latexit sha1_base64="faCoi3suTLeizhRJ44TVzLkE1Ww="></latexit>a1

~
<latexit sha1_base64="pd3L+wPVTqb/6ceddXPUL+1bOrE="></latexit>r2~

~ ~

~

~

<latexit sha1_base64="1RcFirdzOoS5tyEl3SzBljfwnaY="></latexit>s2

<latexit sha1_base64="MJSdrcnRCn4KhDzKoML3O8YiGsk="></latexit>a2

Agent <latexit sha1_base64="JYRotR/AW1We/S2YX7ncehvQmNA="></latexit>

✓

<latexit sha1_base64="0ikfrFZg78atJ8tLBb9MSbBADcA="></latexit>r3

<latexit sha1_base64="y2/EBqPf66V+UZmCJQzpbqka44c="></latexit>

⇡✓(a2|s2)

<latexit sha1_base64="yadDSl6u/Z0oEAShEoO9Io7EzIg="></latexit>s3

How to compute ? 
Gradient estimation!

<latexit sha1_base64="o5GAbZzkXTS46Vj7G4bTnaIGpf4="></latexit>

r✓J(✓)



Simple REINFORCE: 
1.  
2.   

Let’s derive algorithm!

<latexit sha1_base64="SoGZ+HdYsbbenfP+QovWVhqqXZE="></latexit>

⌧ ⇠ p(⌧|✓)

SIMPLE REINFORCE

15

Sample trajectory 

Gradient ascent

<latexit sha1_base64="7hE5kK6cYV0J+Rq5uwgO1533hnI="></latexit>

✓ ✓+ ↵R�

T-1X

t=0

r✓ log⇡✓(at|st)



 
Expectation is over all trajectories  :( 

To sample, we need an expression like 

Solution: The score function!

<latexit sha1_base64="V94a1rmN00BZAOsNJWV/v3Cf5kA="></latexit>

r✓J(✓) = r✓Ep(⌧|✓)[R�]

<latexit sha1_base64="tUC8aEd9SL1MjT6TyR974uZxXQ4="></latexit>

⌧

JOINT DISTRIBUTION OF MDP

16

<latexit sha1_base64="YvMQ+ScIH1Lk+rrLO/ZFtn1H69o="></latexit>X

⌧

p(⌧|✓)f(⌧)

<latexit sha1_base64="w3D1YAruoyiXwnUwZKWQQQScaAE="></latexit>

r✓J(✓) =
X

⌧

R�r✓p(⌧|✓)



            

This is an expression like                 !

THE SCORE FUNCTION

17

Multiply by 1

<latexit sha1_base64="YvMQ+ScIH1Lk+rrLO/ZFtn1H69o="></latexit>X

⌧

p(⌧|✓)f(⌧)

<latexit sha1_base64="vJo4jzbBWAJMjcNmkrvqihZCp28="></latexit>

r✓J(✓) =
X

⌧

R�r✓p(⌧|✓)

=
X

⌧

R�r✓p(⌧|✓)
p(⌧|✓)

p(⌧|✓)

=
X

⌧

R�p(⌧|✓)
r✓p(⌧|✓)

p(⌧|✓)

=
X

⌧

p(⌧|✓)R�r✓ log p(⌧|✓)

= Ep(⌧|✓)[R�r✓ log p(⌧|✓)]



           

THE SCORE FUNCTION

18

?

Score function:
<latexit sha1_base64="vJo4jzbBWAJMjcNmkrvqihZCp28="></latexit>

r✓J(✓) =
X

⌧

R�r✓p(⌧|✓)

=
X

⌧

R�r✓p(⌧|✓)
p(⌧|✓)

p(⌧|✓)

=
X

⌧

R�p(⌧|✓)
r✓p(⌧|✓)

p(⌧|✓)

=
X

⌧

p(⌧|✓)R�r✓ log p(⌧|✓)

= Ep(⌧|✓)[R�r✓ log p(⌧|✓)]

<latexit sha1_base64="K8pVCEQq3EJgWXPuUMXbTOyCU9c="></latexit>

r✓ log p(⌧|✓)

=
@ log p(⌧|✓)

@p(⌧|✓)

@p(⌧|✓)

@✓

=
1

p(⌧|✓)
r✓p(⌧|✓)



 
How to compute ? 
MDP distribution over trajectories:

<latexit sha1_base64="8O3qtABy0P3Fkil1AsZUKWM4Rz4="></latexit>

r✓J(✓) = Ep(⌧|✓)[R�r✓ log p(⌧|✓)]
<latexit sha1_base64="sacn+9sntJwdnRn9kXqZPkjKjig="></latexit>

r✓ log p(⌧|✓)

WORKING OUT MDP

19

<latexit sha1_base64="80Zb8J6SEWfrL4Q7Rb72xv70Zg8="></latexit>

p(⌧|✓) = p(s0)
T-1Y

t=0

⇡✓(at|st)p(st+1, rt+1|st,at) <latexit sha1_base64="KIzHNcLYbod1+x/KccCLlzNOPGI="></latexit>s0
<latexit sha1_base64="M8sqRzeDFh3Mi1iBGtqcTbyBm/Y="></latexit>a0

~
<latexit sha1_base64="9xsJmqaI6QVO7aNPEsbsg9BoZ44="></latexit>r1

<latexit sha1_base64="OzSwNdQHk8BIaE6qZCRw39GSBas="></latexit>s1
<latexit sha1_base64="faCoi3suTLeizhRJ44TVzLkE1Ww="></latexit>a1

~
<latexit sha1_base64="pd3L+wPVTqb/6ceddXPUL+1bOrE="></latexit>r2

~

~ ~

<latexit sha1_base64="1RcFirdzOoS5tyEl3SzBljfwnaY="></latexit>s2

<latexit sha1_base64="QERxgNakkv/TH9ixu1baowQUq7c="></latexit>

⇡✓
<latexit sha1_base64="QERxgNakkv/TH9ixu1baowQUq7c="></latexit>

⇡✓
<latexit sha1_base64="QERxgNakkv/TH9ixu1baowQUq7c="></latexit>

⇡✓



WORKING OUT MDP

20

<latexit sha1_base64="uYjYt/uuu2HEd6uZCYSBVQ9UdEQ="></latexit>

p(⌧|✓) = p(s0)
T-1Y

t=0

⇡✓(at|st)p(st+1, rt+1|st,at)

log p(⌧|✓) = log p(s0) +
T-1X

t=0

log⇡✓(at|st) + log p(st+1, rt+1|st,at)

<latexit sha1_base64="OEhv9+wa+eTwFIVpWZ+plvbJWQI="></latexit>

r✓ log p(⌧|✓) = r✓ log p(s0) +
T-1X

t=0

r✓ log⇡✓(at|st)

+r✓ log p(st+1, rt+1|st,at)

r✓ log p(⌧|✓) =
T-1X

t=0

r✓ log⇡✓(at|st)
Gradient of environment wrt 
policy parameters  is 0!

<latexit sha1_base64="PJRypNmaWObVdaJOCcHo9uHG0zo="></latexit>

✓



BASIC REINFORCE

21

<latexit sha1_base64="tYG1LUh9ZhiVeJr5rMaGHKIgQN4="></latexit>

r✓J(✓) = Ep(⌧|✓)[R�

T-1X

t=0

r✓ log⇡✓(at|st)]

<latexit sha1_base64="MUBwUlZhd5Oe24ZoK1vEHiLDUpA="></latexit>

⇡ R�

T-1X

t=0

r✓ log⇡✓(at|st), ⌧ ⇠ p(⌧|✓) Monte Carlo 
(sample) estimate

<latexit sha1_base64="+BVeB0h2rbRMEP9ZjpfeD2GO/YY="></latexit>

r✓ log p(⌧|✓) =
T-1X

t=0

r✓ log⇡✓(at|st)



Reinforce actions with high total return 
• Reinforce  when  is high? 
• Only reinforce actions with good consequences!

<latexit sha1_base64="D3QeuD0TaT5R0e0KVecWK/RRFjc="></latexit>aT-1
<latexit sha1_base64="cMEvqefOIj4N4G00cthp1Waxs10="></latexit>r1

CREDIT ASSIGNMENT

22

<latexit sha1_base64="tYG1LUh9ZhiVeJr5rMaGHKIgQN4="></latexit>

r✓J(✓) = Ep(⌧|✓)[R�

T-1X

t=0

r✓ log⇡✓(at|st)]



Gradient of reward at : 

Only influenced by actions until 

<latexit sha1_base64="D3RwoSqmlhdpI3n1idNRMWypLRc="></latexit>

t 0 + 1

<latexit sha1_base64="PhDCm1hi6TQRs7YSOLmhz/ykrow="></latexit>

t 0

CREDIT ASSIGNMENT
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<latexit sha1_base64="7jTNceGqOxA6oQx+dcGd9Nb5QjY="></latexit>

r✓Ep(⌧|✓)[�
t0
rt0+1] = Ep(⌧|✓)[�

t0
rt0+1

T-1X

t=0

r✓ log⇡✓(at|st)]

= Ep(⌧|✓)[�
t0
rt0+1

t0X

t=0

r✓ log⇡✓(at|st)]



Sum over timesteps: 

Equivalent: Update actions based on following rewards 
• Discounted reward to go 

Gradient estimate:

BETTER REINFORCE

24

<latexit sha1_base64="y4rJ5T0Ip9mHnRxKdsy3imVVGeM="> 1ANdjWPZLDaabE723toseXGFGde7K+3b/NUDcC18eaYQ1sXDinBYCwOrWGA9PKyEh9vgnbLfqYt3KsKdWhinisWph3cq4Z1t8LTsp3XxtCKc1sLQKhZaD08r4ek2eF7287p4XhHOa2F4FQuvh+eV8HwbPCn7SV08qQgntTCkioXUw5NKeLIFfnkvSE4KyW2KlSKXV41UhzgCJT29gKQywVFQkpc3lkS3PcGU/lP2gDBziKasr28y6VsojiwHCCVenmhocgEBWE0O8ASrrr864xR+fmkydArFsXfpXpahh8RFhqGX4oT0Wpy+gTiQ/igmzBzPFRMWf63DpLXNCOZro2jtikuVLl+hyo3r4yO9caTrvzUOnjdX96v7yrfK98oTRVdaynPlhXKmXCpw56+df3b+vafsPdr7Ze/3vcul9d7Oasw3SuHZe/sf1nvLzw==</latexit>

r✓Ep(⌧|✓)[R�] = Ep(⌧|✓)[
T-1X

t0=0

�t0
rt0+1

t0X

t=0

r✓ log⇡✓(at|st)]

= Ep(⌧|✓)[
T-1X

t=0

r✓ log⇡✓(at|st)
T-1X

t0=t

�t0
rt0+1]

<latexit sha1_base64="YBuoKOy9cK4UEyGD6qqBudmOzR4="> xULr4WklPN0EL8p+URcvKsJFLYyoYhH18KISXmyCJ2U/qYsnFeGkFoZUsZB6eFIJTzbAL24F8Ukhvk6wUqQ8k8vTbKJDHIKSzgUQKJEJDnlJtsUYCRDrtieZkn+KntVNJUmhOLQcIJVocWKh8QUDYDU+oBOsuv7yDJP7vNJ46ATKY+3CvZhmD8mLCkNv5AnonTxdA3ng/ElOiDmeKyck/1pHcWuTEcxWRtnakZcmvXhFKjduT471xrGu/9Y4fNVc3p+2le+U75UfFV1pKa+U18qFcq1A5Q/lT+Uv5e/df3b/23u+t72wPttajvlWyT17B/8D/qxMdg==</latexit>

Gt =
T-1X

t0=t

�t0-trt0+1

<latexit sha1_base64="59UGCyusojdLxVCiBoNqxLXqpQ8="></latexit>

r✓Ep(⌧|✓)[R�] = Ep(⌧|✓)[
T-1X

t=0

�tGtr✓ log⇡✓(at|st)]



REINFORCE: 
1.  
2.  

 

<latexit sha1_base64="SoGZ+HdYsbbenfP+QovWVhqqXZE="></latexit>

⌧ ⇠ p(⌧|✓)

REINFORCE

25

Sample trajectory 

Gradient ascent

<latexit sha1_base64="XGafOMVHScycbbFGjl+Cs9TqUS0="></latexit>

✓ ✓+ ↵
T-1X

t=0

�tGtr✓ log⇡✓(at|st)

<latexit sha1_base64="YBuoKOy9cK4UEyGD6qqBudmOzR4="></latexit>

Gt =
T-1X

t0=t

�t0-trt0+1



ACTOR-CRITIC



Variance: 

High variance  
→More samples needed  
→Unstable training

VARIANCE

27

<latexit sha1_base64="E24oqXoqiD72+q1+qRub6fYuq4I="></latexit>

V[g] = Ep✓

"
DX

i=1

(gi - Ep✓
[gi])

2

#



REINFORCE 
• Simplest method to approximate policy gradient 
• General and unbiased :) 
• Very high variance! :( 
• Not sample efficient

REINFORCE

28



REINFORCE: 

Reduce variance with baseline :  
<latexit sha1_base64="OQ/n2IY4ZA9VyFacLT/v+Vy2ee4="></latexit>

bt

BASELINES

29

baseline

<latexit sha1_base64="59UGCyusojdLxVCiBoNqxLXqpQ8="></latexit>

r✓Ep(⌧|✓)[R�] = Ep(⌧|✓)[
T-1X

t=0

�tGtr✓ log⇡✓(at|st)]

<latexit sha1_base64="qvGhPZ1zSZ04y7pi6XbmKx1JkmA="></latexit>

r✓Ep(⌧|✓)[R�] = Ep(⌧|✓)[
T-1X

t=0

�t(Gt - bt)r✓ log⇡✓(at|st)]



<latexit sha1_base64="OSEhme8jHL3ob/Erq/iF60/El04="></latexit>

E⇡✓(at|st)[btr✓ log⇡✓(at|st)]

=
X

at

bt⇡✓(at|st)
r✓⇡✓(at|st)

⇡✓(at|st)

BASELINES

30



BASELINES
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<latexit sha1_base64="a3uT4LGU8fuR9U8iokPJr4X49vQ="></latexit>

E⇡✓(at|st)[btr✓ log⇡✓(at|st)]

=
X

at

bt⇡✓(at|st)
r✓⇡✓(at|st)

⇡✓(at|st)

=
X

at

btr✓⇡✓(at|st) = btr✓

X

at

⇡✓(at|st)

= btr✓1 = 0



REINFORCE with baseline: 

Value function: 
 

Value function baseline:

<latexit sha1_base64="3eQ3SU31GcAw8U5NTeYmmQWuuaA="></latexit>

V⇡(st) = Ep(⌧|⇡,st)[Gt]

WHAT BASELINE?

32

<latexit sha1_base64="qvGhPZ1zSZ04y7pi6XbmKx1JkmA="></latexit>

r✓Ep(⌧|✓)[R�] = Ep(⌧|✓)[
T-1X

t=0

�t(Gt - bt)r✓ log⇡✓(at|st)]

<latexit sha1_base64="L3/d0+DEbWAaZK2tphWuTbwEVO8="></latexit>

r✓Ep(⌧|✓)[R�] = Ep(⌧|✓)[
T-1X

t=0

�t(Gt - V⇡(st))r✓ log⇡✓(at|st)]



REINFORCE VS ACTOR-CRITIC

33

REINFORCE: 
I won!

REINFORCE + 
baseline: 
I won. That result is 
37% better than 
expected!

Random reward
Increase of random 
reward wrt expected 
reward

Act, receive reward. 
How to reinforce?

<latexit sha1_base64="sFO2tRI2/eXlT7/BwGbwttESOB0="></latexit>

V⇡(st) = 0.63



Like Deep Q-Learning, train neural network  with 
regression.  
1. Use rollouts: 

2. Use bootstrapping (lower variance, biased): 

<latexit sha1_base64="SZ29KT0cPlDeO0BNl7nVgiXRCb8="></latexit>

V�

TRAINING VALUE FUNCTION

34

target: reward-to-go

target: bootstrapped 
expected reward-to-go

<latexit sha1_base64="VkMThVLpjGd4a9P3GHgHZNssTEI="></latexit>

� �- ↵
T-1X

t=0

(V�(st)-Gt)
2

<latexit sha1_base64="GGeIsgsP1/EzcGEmQ8x8KJm7xVQ="></latexit>

� �- ↵
T-1X

t=0

(V�(st)-?(rt+1 + �V�(st+1)))
2



REINFORCE with baseline: 
1.  
2.  

 

3.

<latexit sha1_base64="SoGZ+HdYsbbenfP+QovWVhqqXZE="></latexit>

⌧ ⇠ p(⌧|✓)

RECAP
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<latexit sha1_base64="t0lq6IkyKhQgX1G/ve2tH8kNT/g="></latexit>

✓ ✓+ ↵a

T-1X

t=0

�t(Gt - V�(st))r✓ log⇡✓(at|st)

<latexit sha1_base64="6+NHwTvlcjpZkqFZFOWKm6MHmuQ="></latexit>

� �- ↵c

T-1X

t=0

(V�(st)-?(rt+1 + �V�(st)))
2



Discounted reward to-go 

Q-function (state-action value function): 

Q-FUNCTION

36

<latexit sha1_base64="SHKwr0Qi0BYaWcDv5zHb2OVAGR0="></latexit>

G =
T-1X

t0=t

�t0-trt0+1

<latexit sha1_base64="UmWzHUmloutJ5b8vQWLGM+a5FCo="></latexit>

Q⇡(s,a) = Ep(⌧|⇡,s,a)[G]



 
Policy gradient: 

Much lower variance!

<latexit sha1_base64="UmWzHUmloutJ5b8vQWLGM+a5FCo="></latexit>

Q⇡(s,a) = Ep(⌧|⇡,s,a)[G]

Q-FUNCTIONS IN POLICY GRADIENTS

37

<latexit sha1_base64="59UGCyusojdLxVCiBoNqxLXqpQ8="></latexit>

r✓Ep(⌧|✓)[R�] = Ep(⌧|✓)[
T-1X

t=0

�tGtr✓ log⇡✓(at|st)]

<latexit sha1_base64="W4HVZhxkVRm9VjV2qOhJGuTEnGo="></latexit>

= Ep(⌧|✓)[
T-1X

t=0

�tQ⇡(st,at)r✓ log⇡✓(at|st)]

critic actor



• Declutter notation:  
• Current timestep :  

 
• Next timestep :  

<latexit sha1_base64="HTjRZP7fE/SeS4oJwNRzMC16icE="></latexit>

t
<latexit sha1_base64="uokOKwU3FgPlwkr0simGVDKBsLk="></latexit>

rt = r,at = a, st = s,Gt = G
<latexit sha1_base64="dEyOD6+VVfJmMYZ68aHd8rEjiFE="></latexit>

t+ 1
<latexit sha1_base64="cSrbDiMm4jnbrsVYTGxpBFffWno="></latexit>

rt+1 = r 0,at+1 = a 0, st+1 = s 0,Gt+1 = G 0

NOTATION UPDATE

38



BOOTSTRAP ERROR

39

Minimize bootstrapped error using regression:

prediction target

<latexit sha1_base64="l2MW1jG44+NDGEdmo8/DWWwfMVw="></latexit>

argmin
✓

✓
Q✓(st,at)- Ep(st+1,rt+1|st,at)[rt+1 + �max

at+1

Q✓(st+1,at+1)]

◆2



REINFORCE VS ACTOR-CRITIC

40

REINFORCE: 
I won!

Actor-critic: 
I think I'll win 
with 0.63 
probability!

Random reward Expected reward

Act, receive 
reward. 

How to reinforce?



Actor-critic: 

Reduce variance even more with value function baseline:  

Advantage actor-critic

BASELINES

41

advantage actor

<latexit sha1_base64="zwQSRNJ54qQ3fG83+aCmDzbb+Nw="></latexit>

r✓Ep(⌧|✓)[R�] = Ep(⌧|✓)[
T-1X

t=0

�tQ⇡(st,at)r✓ log⇡✓(at|st)]

<latexit sha1_base64="rz5HAQgnjbZVYJOTLvf6LZSGGEA="></latexit>

r✓Ep(⌧|✓)[R�] = Ep(⌧|✓)[
T-1X

t=0

�t(Q⇡(st,at)- V⇡(st))r✓ log⇡✓(at|st)]



ADVANTAGE VS Q-FUNCTION

42

Advantage 
actor-critic: 
I think I’ll be 3% 
more likely to 
win. 

Actor-critic: 
I think I'll win 
with 63% 
probability!

Expected increase 
in reward

Expected reward

Act, receive 
reward. 

How to reinforce?



Advantage actor-critic: 

Estimate  with  (biased) 
Estimate  with  

<latexit sha1_base64="q/x5bk6GuFSwJWNkzruqREBTbdQ="></latexit>

V⇡
<latexit sha1_base64="SZ29KT0cPlDeO0BNl7nVgiXRCb8="></latexit>

V�
<latexit sha1_base64="z6B826nW+k06BcuUXMUklu+AAgo="></latexit>

Q⇡(st,at)
<latexit sha1_base64="2nq7w8zUaqe6syW7vCxfxwNG4ok="></latexit>

rt+1 + �V�(st+1)

<latexit sha1_base64="kwC7BBEXFp+b7G4qEJ6AEL1noyg="></latexit>

A�(st, rt+1, st+1) = rt+1 + �V�(st+1)- V�(st)

COMPUTING THE ADVANTAGE

43

<latexit sha1_base64="rz5HAQgnjbZVYJOTLvf6LZSGGEA="></latexit>

r✓Ep(⌧|✓)[R�] = Ep(⌧|✓)[
T-1X

t=0

�t(Q⇡(st,at)- V⇡(st))r✓ log⇡✓(at|st)]
advantage 

<latexit sha1_base64="JjkpLmWf9fU5Dk7COOC9mP7wDUk="></latexit>

A⇡



Advantage actor-critic: 
• Estimate advantage for current policy 
• Use estimate to get improved policy 
Like policy iteration, but with gentle steps

SUMMARY

44



Online Actor-Critic: 
1.  
2.  
3.  
4.  
5.

<latexit sha1_base64="8xv3tWgzw4aOYn9sA9sg3qD6BT4="></latexit>

a ⇠ ⇡✓(a|s)
<latexit sha1_base64="sbx0I8dglkWxpt0WzeX21OdYp/k="></latexit>

s 0, r 0 ⇠ p(s 0, r 0|s,a)
<latexit sha1_base64="CnZxq/KSRPygVYRgjEXbBz+X844="></latexit>

� �- ↵c(V�(s)-?(r 0 + �V�(s 0)))2
<latexit sha1_base64="bmr/mdV5E7DP+EfmIe5zqr2Ea0E="></latexit>

✓ ✓+ ↵aA�(s, r 0, s 0)r✓ log⇡✓(a|s)
<latexit sha1_base64="yTKB63SUq0oThlZPftps0rtvJeI="></latexit>

s s 0

ONLINE ACTOR-CRITIC

45

Select actions according to policy

Update critic

Update actor



Uses only a single sample 
And batching over time would give correlated minibatches 

A2C: Multiple online agents 
Collect experiences at each step for minibatch. 
Efficient method!

A2C

46



A3C

47



ADVANCED POLICY GRADIENT METHODS



• Take small steps in policy space 
• Policy is close to another if KL-divergence is low 
• Normal policy gradient: Difference in parameter space 

• How to ensure closeness?

TRUST REGIONS

49

<latexit sha1_base64="g1oHYBGRXJwlrI1NVxayXSuMVeg="></latexit>

✓k+1 = argmax
✓

Ā (✓k, ✓)

s.t. D̄KL (✓k✓k) 6 ✏



• How to ensure closeness? 
• TRPO: 
• Uses Natural Gradient 
• Rescale AC-gradient by Fisher Information Matrix 
• Optimized using conjugate gradient 
• Complex to understand & implement well

TRPO

50

<latexit sha1_base64="g1oHYBGRXJwlrI1NVxayXSuMVeg="></latexit>

✓k+1 = argmax
✓

Ā (✓k, ✓)

s.t. D̄KL (✓k✓k) 6 ✏



• How to ensure closeness? 
• PPO Clip: 

• Clipped 'importance weights’ between old and new policy 
• Discourages large policy changes  
• Simple to implement & popular!

PPO

51

<latexit sha1_base64="g1oHYBGRXJwlrI1NVxayXSuMVeg="></latexit>

✓k+1 = argmax
✓

Ā (✓k, ✓)

s.t. D̄KL (✓k✓k) 6 ✏



Policy gradient methods: 
Estimate gradient of expected return 

Gradient estimation: 
Estimate gradient of any expectation

GRADIENT ESTIMATION

52

<latexit sha1_base64="IVji3a96ysOSHc8GAl0AbhpmMj0="></latexit>

argmax
✓

Ep✓(z)[f(z)]



Recall score function: 

• All distributions  
• All functions  
• But very high 

variance

<latexit sha1_base64="/mpHnbc6UrcMwHv01CGcLvhpgb8="></latexit>

p✓(z)
<latexit sha1_base64="dSa//P/biN8T0p7UDtRAa3DR8qw="></latexit>

f

SCORE FUNCTION

53

~

<latexit sha1_base64="JYRotR/AW1We/S2YX7ncehvQmNA="></latexit>

✓
<latexit sha1_base64="T8FmzHO54kPteUaY1WhvZp8nAKY="></latexit>p✓

×

<latexit sha1_base64="ytaGjQ3HxJR6GVJlezzzjEx+HxU="></latexit>z

<latexit sha1_base64="R6z8TG0QwliEYM/f2YnOnQGLmEk="></latexit>

log p✓(z)

<latexit sha1_base64="dSa//P/biN8T0p7UDtRAa3DR8qw="></latexit>

f

<latexit sha1_base64="8yXyhlDvM2p/v1QGHZPnlj0wrRU="></latexit>

SL

<latexit sha1_base64="xOiEwEJybV+SMihDCH1/bzGKjdI="></latexit>

r✓Ep✓(z)[f(z)] = Ep✓(z)[f(z)
r✓p✓(z)

p✓(z)
]

= Ep✓(z)[f(z)r✓ log p✓(z)]



Score function has high variance… 
Can we do better? 

CAN WE DO BETTER?

54

~

<latexit sha1_base64="JYRotR/AW1We/S2YX7ncehvQmNA="></latexit>

✓
<latexit sha1_base64="T8FmzHO54kPteUaY1WhvZp8nAKY="></latexit>p✓

<latexit sha1_base64="ytaGjQ3HxJR6GVJlezzzjEx+HxU="></latexit>z
<latexit sha1_base64="dSa//P/biN8T0p7UDtRAa3DR8qw="></latexit>

f

Stochastic node



Reparameterization: 

• Noise distribution  
 

Pathwise derivative (=backprop):  
 

<latexit sha1_base64="XJx6yTR/c6jkd3UXTeCqFR3WGEU="></latexit>

p(✏)
<latexit sha1_base64="GvKYDiZSGuyEGAgfrnliSPLOFCI="></latexit>

z = g(✓,✏) ⇠ p✓(z)

PATHWISE DERIVATIVE

55

<latexit sha1_base64="JYRotR/AW1We/S2YX7ncehvQmNA="></latexit>

✓

~

<latexit sha1_base64="BRpqmjUu9VUXHozRBk4PwnIRiEQ="></latexit>

p(✏)
<latexit sha1_base64="jP+88+J5EambS0r9WjxZ5v5gh3s="></latexit>✏

<latexit sha1_base64="ytaGjQ3HxJR6GVJlezzzjEx+HxU="></latexit>z
<latexit sha1_base64="IEo9R4zn4kfotJN/50Rri/5e8ZA="></latexit>g <latexit sha1_base64="dSa//P/biN8T0p7UDtRAa3DR8qw="></latexit>

f

~

<latexit sha1_base64="JYRotR/AW1We/S2YX7ncehvQmNA="></latexit>

✓
<latexit sha1_base64="T8FmzHO54kPteUaY1WhvZp8nAKY="></latexit>p✓

<latexit sha1_base64="ytaGjQ3HxJR6GVJlezzzjEx+HxU="></latexit>z
<latexit sha1_base64="dSa//P/biN8T0p7UDtRAa3DR8qw="></latexit>

f

<latexit sha1_base64="DdJNsEp34u8IRqy4Kx09oRq+3wc="></latexit>

Ep✓(z)[f(z)] = Ep(✏)[f(g(✓,✏))]

<latexit sha1_base64="nF8Z1UrThKxfAieV76Yt+FTIJg8="></latexit>

gPD =
@f

@z

@z

@✓
, ✏ ⇠ p(✏)



Low variance :) 
• Uses extra info:  

Requires: 
• Differentiable function  :( 
• Appropriate continuous distribution  :( 

No reparameterization for discrete distributions

<latexit sha1_base64="dSa//P/biN8T0p7UDtRAa3DR8qw="></latexit>

f
<latexit sha1_base64="l3K4jq2dkmrGyf0anK8516tlUYk="></latexit>

p✓(z)

PATHWISE DERIVATIVE
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<latexit sha1_base64="JYRotR/AW1We/S2YX7ncehvQmNA="></latexit>

✓

~

<latexit sha1_base64="BRpqmjUu9VUXHozRBk4PwnIRiEQ="></latexit>

p(✏)
<latexit sha1_base64="jP+88+J5EambS0r9WjxZ5v5gh3s="></latexit>✏

<latexit sha1_base64="ytaGjQ3HxJR6GVJlezzzjEx+HxU="></latexit>z
<latexit sha1_base64="IEo9R4zn4kfotJN/50Rri/5e8ZA="></latexit>g <latexit sha1_base64="dSa//P/biN8T0p7UDtRAa3DR8qw="></latexit>

f
<latexit sha1_base64="B/YwSoY9opyj7zWp1UtSE4IyV2Y="></latexit>

@f

@z



REPARAMETERIZATION IN RL?

57

Environment
<latexit sha1_base64="1XD/drTWwzJ56XWvUlFI4PIcB5s="></latexit>

p(s0)

<latexit sha1_base64="v7EdJ+ThHXgJX0gdR//dSzJOt1g="></latexit>

⇡✓(a0|s0)

<latexit sha1_base64="KIzHNcLYbod1+x/KccCLlzNOPGI="></latexit>s0

<latexit sha1_base64="M8sqRzeDFh3Mi1iBGtqcTbyBm/Y="></latexit>a0

~
<latexit sha1_base64="9xsJmqaI6QVO7aNPEsbsg9BoZ44="></latexit>r1~

~
<latexit sha1_base64="JYRotR/AW1We/S2YX7ncehvQmNA="></latexit>

✓

<latexit sha1_base64="nHYTn8zcrIspPDPFYAY/eEDvzmw="></latexit>

p(r1|a0, s0)



REPARAMETERIZATION IN RL?
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<latexit sha1_base64="1XD/drTWwzJ56XWvUlFI4PIcB5s="></latexit>

p(s0)

<latexit sha1_base64="KIzHNcLYbod1+x/KccCLlzNOPGI="></latexit>s0

<latexit sha1_base64="M8sqRzeDFh3Mi1iBGtqcTbyBm/Y="></latexit>a0

~
<latexit sha1_base64="9xsJmqaI6QVO7aNPEsbsg9BoZ44="></latexit>r1~

<latexit sha1_base64="nHYTn8zcrIspPDPFYAY/eEDvzmw="></latexit>

p(r1|a0, s0)

~

<latexit sha1_base64="BRpqmjUu9VUXHozRBk4PwnIRiEQ="></latexit>

p(✏)
<latexit sha1_base64="jP+88+J5EambS0r9WjxZ5v5gh3s="></latexit>✏

Still no differentiable 
path from  to !

<latexit sha1_base64="ch1NQVmILmHb69zi5BmIgLmlnNE="></latexit>r1
<latexit sha1_base64="UxFu6bt6MHIcMG5kg7mdvIpbOf8="></latexit>

✓
<latexit sha1_base64="IEo9R4zn4kfotJN/50Rri/5e8ZA="></latexit>g

<latexit sha1_base64="JYRotR/AW1We/S2YX7ncehvQmNA="></latexit>

✓



REPARAMETERIZATION IN RL!
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<latexit sha1_base64="1XD/drTWwzJ56XWvUlFI4PIcB5s="></latexit>

p(s0)

<latexit sha1_base64="KIzHNcLYbod1+x/KccCLlzNOPGI="></latexit>s0

<latexit sha1_base64="M8sqRzeDFh3Mi1iBGtqcTbyBm/Y="></latexit>a0

~

~

<latexit sha1_base64="BRpqmjUu9VUXHozRBk4PwnIRiEQ="></latexit>

p(✏)
<latexit sha1_base64="jP+88+J5EambS0r9WjxZ5v5gh3s="></latexit>✏

Use learned Q-function!

<latexit sha1_base64="IEo9R4zn4kfotJN/50Rri/5e8ZA="></latexit>g
<latexit sha1_base64="JYRotR/AW1We/S2YX7ncehvQmNA="></latexit>

✓

<latexit sha1_base64="ao8YaE0u8h0Z1JB0/dIQTnTx2Vw="></latexit>

Q�(at, st)



Probabilities , temperature  
 

<latexit sha1_base64="EsEnuX5FoMFWwQdj/1F+LCwp+7Y="></latexit>⇡1, ...,⇡K
<latexit sha1_base64="SkG7TCRf01UKGl8g5KnI5kEWxU8="></latexit>

⌧ > 0
<latexit sha1_base64="PlqAUZXtSC35Pnj91freVBvb4ng="></latexit>

✏1, ..., ✏K ⇠ Gumbel(0, 1)
<latexit sha1_base64="dsDndegRp6mghq77Qu4vHvM4YZE="></latexit>

z = g⌧(✏,⇡) = Softmax((log⇡+ ✏)/⌧)

GUMBEL SOFTMAX

60

~ <latexit sha1_base64="jP+88+J5EambS0r9WjxZ5v5gh3s="></latexit>✏

<latexit sha1_base64="ytaGjQ3HxJR6GVJlezzzjEx+HxU="></latexit>z<latexit sha1_base64="T0QtDMwuTx+3LLD9eredKPOaxhM="></latexit>

⇡

<latexit sha1_base64="8A1rC81NtEPScRgnEx/cyxTbwvY="></latexit>

Gumbel(0, 1)

<latexit sha1_base64="l0y5LMtdVe+ZLM+5zZZspw78VC4="></latexit>g⌧
<latexit sha1_base64="dSa//P/biN8T0p7UDtRAa3DR8qw="></latexit>

f



Storchastic: Define computation graph with sampling 
steps. 
Compute gradient estimators automatically! 

• PyTorch library with easy API 
• Many low-variance estimators implemented 
• Focus on discrete distributions

STORCHASTIC

61
https://github.com/HEmile/storchastic



• Off-policy algorithm 
• Uses reparameterization to maximize through critic 
• Adds entropy-regularization 
• Encourage exploration 

• Similar algorithms 
• Deep Deterministic Policy Gradient (DDPG) 
• Twin Delayed DDPG (TD3)

SOFT ACTOR CRITIC

62



Actor-critic methods 
•Model actor: Policy NN 
•Model rewards: Value function NN 

What about 3rd RL component: environment? 

ENVIRONMENT

63



World Models 
•Model environment using 
neural networks! 

WORLD MODEL

64

McCloud, Scott. Understanding 
Comics:The Invisible Art.Tundra 
Publishing, 1993. 
Ha, David, and Jürgen 
Schmidhuber. "World models."



Components of our World Model: 
• Reward model  
• Transition model  
• State encoder  

<latexit sha1_base64="eE1UJiTdip+2Ixw30HqrDXw0s9c="></latexit>

p (r|z)
<latexit sha1_base64="FV1nZcZeGS0BsG1WeCkN2Zxn/x8="></latexit>

p (z
0|z,a)

<latexit sha1_base64="GK/nW9vr0kW5PMPLHackBzTFSUI="></latexit>

q (z|s)

WORLD MODEL COMPONENTS

65

Hafner, Danijar, et al. "Dream to 
Control: Learning Behaviors by 
Latent Imagination." 
International Conference on 
Learning Representations. 2019. 

Action inputs



VARIATIONAL AUTO-ENCODER

66

TRANSITION DYNAMICS

66

<latexit sha1_base64="Jg7VBeUJOzNSW4oZzRQUHiu+c8s="></latexit>zt-1

<latexit sha1_base64="AWU8/W9VSBqKRZzM3rH2PevPZTY="></latexit>at-1
<latexit sha1_base64="1I0nTl5VQjUk1iK9LrtmSM1s4Ac="></latexit>

p (zt|zt-1,at-1)

~
<latexit sha1_base64="sJeNUEvFFJ4rLd7wOoixPrHPZIg="></latexit>zt

<latexit sha1_base64="YIyjmJlyxfKu+6CflMu+j+3b/nQ="></latexit>

p (rt|zt)

~

<latexit sha1_base64="dlv4y5cRRfXixZOkff4+Swm6BJQ="></latexit>rt

~

<latexit sha1_base64="C8M3hBGIJjlwvDBVeqIzmteg2x0="></latexit>at
<latexit sha1_base64="z1wtjlX58MQjhDSLy9GWXbKkw8g="></latexit>

p (zt+1|zt,at)

<latexit sha1_base64="YIyjmJlyxfKu+6CflMu+j+3b/nQ="></latexit>

p (rt|zt)

<latexit sha1_base64="z1wtjlX58MQjhDSLy9GWXbKkw8g="></latexit>

p (zt+1|zt,at)

<latexit sha1_base64="SJVWR710zXHYP3fTk13/9tKHVv4="></latexit>zt+1

<latexit sha1_base64="QH53jmP3KXxv2S13kPpnVmb4FNw="></latexit>at+1

Transition model (MLP)

Reward model (MLP)



World models can be used to dream trajectories 
(more formally, latent imagination) 

Use to train RL agents  without interaction with 
environment 

<latexit sha1_base64="ZUPRqn/XQ0Xc7Z8sXQ8/4CYPN3Q="></latexit>

⇡✓(a|z)

DREAMING

67

Hafner, Danijar, et al. "Dream to 
Control: Learning Behaviors by 
Latent Imagination." 
International Conference on 
Learning Representations. 2019. 



DREAMING

68
Ha, David, and Jürgen 
Schmidhuber. "World models."



VARIATIONAL AUTO-ENCODER

69

TRAINING BY DREAMING

69

~
~

~

<latexit sha1_base64="CHQt27Bv3oNLVHo3EVXfHXV9VJ0="></latexit>s0

<latexit sha1_base64="+kr8uqGG6ARFicvK9CcioODpD/c="></latexit>

q (z0|s0)

~

<latexit sha1_base64="3bR6qN2NSTpYeNL/VWEL43C74eY="></latexit>z0

<latexit sha1_base64="HJvOSX6J4I28L6+n57r3BkpVTIs="></latexit>

⇡✓(a0|z0)
~

<latexit sha1_base64="bYl+5CVG27ZtzehN/bQIbWZDXJo="></latexit>a0

<latexit sha1_base64="hhZGs8rGXN9fo4i/6DfQ2oDUWzI="></latexit>

p (z1|z0,a0)

<latexit sha1_base64="qQ7W36P0FpwoGfs/Ctb+mjh5bsE="></latexit>z1

<latexit sha1_base64="hMBxt1qynGpQTFS0UsJccWTwtis="></latexit>

V�(s0)

~
<latexit sha1_base64="tMOMxbT7cfpn3v5do/QOuDXHFLM="></latexit>

⇡✓(a1|z1)
<latexit sha1_base64="IDkN+vCaAEKOdhTDhJ2P8SoW578="></latexit>

p (r1|z1)
<latexit sha1_base64="N5LwOjnq8FJAGCSC2bUl/FagJI0="></latexit>r1

<latexit sha1_base64="TP1x25nwKHtKAxwzm9CCtJ9sH44="></latexit>

p (z2|z1,a1)

<latexit sha1_base64="Wu33ipei6A7zHUBoNxyC+J3ZPtQ="></latexit>

V�(s1)

<latexit sha1_base64="7ulAb2bAAr4f5ckwn1Bny14pBUM="></latexit>a1



VARIATIONAL AUTO-ENCODER

70

TRAINING BY BACKPROPAGATING THROUGH DREAM

70

~
~

<latexit sha1_base64="CHQt27Bv3oNLVHo3EVXfHXV9VJ0="></latexit>s0

<latexit sha1_base64="+kr8uqGG6ARFicvK9CcioODpD/c="></latexit>

q (z0|s0)

~

<latexit sha1_base64="3bR6qN2NSTpYeNL/VWEL43C74eY="></latexit>z0

<latexit sha1_base64="HJvOSX6J4I28L6+n57r3BkpVTIs="></latexit>

⇡✓(a0|z0)

<latexit sha1_base64="bYl+5CVG27ZtzehN/bQIbWZDXJo="></latexit>a0

<latexit sha1_base64="hhZGs8rGXN9fo4i/6DfQ2oDUWzI="></latexit>

p (z1|z0,a0)

<latexit sha1_base64="qQ7W36P0FpwoGfs/Ctb+mjh5bsE="></latexit>z1

<latexit sha1_base64="hMBxt1qynGpQTFS0UsJccWTwtis="></latexit>

V�(s0)

<latexit sha1_base64="tMOMxbT7cfpn3v5do/QOuDXHFLM="></latexit>

⇡✓(a1|z1)
<latexit sha1_base64="IDkN+vCaAEKOdhTDhJ2P8SoW578="></latexit>

p (r1|z1)
<latexit sha1_base64="N5LwOjnq8FJAGCSC2bUl/FagJI0="></latexit>r1

<latexit sha1_base64="TP1x25nwKHtKAxwzm9CCtJ9sH44="></latexit>

p (z2|z1,a1)

<latexit sha1_base64="Wu33ipei6A7zHUBoNxyC+J3ZPtQ="></latexit>

V�(s1)

<latexit sha1_base64="7ulAb2bAAr4f5ckwn1Bny14pBUM="></latexit>a1

~
<latexit sha1_base64="BRpqmjUu9VUXHozRBk4PwnIRiEQ="></latexit>

p(✏)

<latexit sha1_base64="jP+88+J5EambS0r9WjxZ5v5gh3s="></latexit>✏

~

<latexit sha1_base64="BRpqmjUu9VUXHozRBk4PwnIRiEQ="></latexit>

p(✏)
<latexit sha1_base64="jP+88+J5EambS0r9WjxZ5v5gh3s="></latexit>✏ ~

<latexit sha1_base64="BRpqmjUu9VUXHozRBk4PwnIRiEQ="></latexit>

p(✏)
<latexit sha1_base64="jP+88+J5EambS0r9WjxZ5v5gh3s="></latexit>✏



DREAMER

71

Hafner, Danijar, et al. "Dream to 
Control: Learning Behaviors by 
Latent Imagination." 
International Conference on 
Learning Representations. 2019. 



SUMMARY

72

• REINFORCE: Basic policy gradient algorithm 

• Actor-critic: Add critic to reduce variance 

• TRPO/PPO: Ensure small and controlled learning steps 

• SAC: Use reparameterization and entropy regularization 

• World Models: Train policy inside learned model 

e.van.krieken@vu.nl 
@EmilevanKrieken  

mailto:e.van.krieken@vu.nl
https://twitter.com/EmilevanKrieken/


e.van.krieken@vu.nl 
https://github.com/HEmile/storchastic  

THANK YOU!

73
https://github.com/HEmile/storchastic

mailto:e.van.krieken@vu.nl
https://github.com/HEmile/storchastic

