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Tasks often formalised as MDP

States:  x 2 Rn
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Both tasks formalised as reinforcement learning 
problems

a 2 RmActions:

States:  x 2 Rn

x a



Czech Technical University in Prague
Faculty of Electrical Engineering, Department of Cybernetics

Both tasks formalised as reinforcement learning 
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a 2 RmActions:
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Model: p(x0|x,a)
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Both tasks formalised as reinforcement learning 
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a 2 RmActions:

States:  x 2 Rn

Model: p(x0|x,a)

Rewards: r(x,a,x0) 2 R
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Both tasks formalised as reinforcement learning 
problems

a 2 RmActions:

States:  x 2 Rn

Model: p(x0|x,a)

Rewards: r(x,a,x0) 2 R

Policy: ⇡(a|x)
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Both tasks formalised as reinforcement learning 
problems

a 2 RmActions:

States:  x 2 Rn

Model: p(x0|x,a)

Rewards: r(x,a,x0) 2 R

Policy: ⇡(a|x)

Goal: ⇡⇤ = argmax
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Challenges in real tasks

incomplete, noisy

continuous high-dimensional

hard to engineer

a 2 RmActions:

States:  x 2 Rn

Model: p(x0|x,a)

Rewards: r(x,a,x0) 2 R

Policy: ⇡(a|x)

Goal: ⇡⇤ = argmax
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Challenges in real tasks

• Can I learn something without the model  
just from interactions?

p(x0|x,a)
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Taxonomy of policy search methods

• Direct policy search (primal task) 
⇡⇤ = argmax

⇡
J⇡e.g. gradient ascent for

⇡⇤ = argmax
a

Q(x,a)

e.g. search for Q(x,a) = r(x,a,x0) + �max
a0

Q(x0,a0)

• Value-based methods (dual function [Kober, 2013])

Episodic REPS [Peters, 2010]
PILCO [Deisenroth, ICML 2011]
Actor-critic (e.g. DPG [Silver,JMLR 2014])

Deep Q-learning (e.g. [Mnih,Nature 2015])gr
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Value-based methods: Q-learning

States
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Value-based methods: Q-learning

Actions R-right

D-down



Czech Technical University in Prague
Faculty of Electrical Engineering, Department of Cybernetics

Value-based methods: Q-learning
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a b c

d e

Q(x,u) : X ⇥ U ! R
<latexit sha1_base64="SiBp39dZ493ZD4/1ILNjR43WPW4=">AAACIXicbVBNS8NAEN34WetX1aOXxSJUkJKIYPFU9OKxFdMWmlI22027dPPB7kQtIX/Fi3/FiwdFehP/jNs2grY+GHi8N8PMPDcSXIFpfhpLyyura+u5jfzm1vbObmFvv6HCWFJm01CEsuUSxQQPmA0cBGtFkhHfFazpDq8nfvOeScXD4A5GEev4pB9wj1MCWuoWKvWS4xMYuF7ymJ7+0Dg9uWw5wH2msO1I3h8AkTJ8wLMGN7lNu4WiWTanwIvEykgRZah1C2OnF9LYZwFQQZRqW2YEnYRI4FSwNO/EikWEDkmftTUNiF7eSaYfpvhYKz3shVJXAHiq/p5IiK/UyHd15+RCNe9NxP+8dgxepZPwIIqBBXS2yIsFhhBP4sI9LhkFMdKEUMn1rZgOiCQUdKh5HYI1//IiaZyVLbNs1c+L1assjhw6REeohCx0garoBtWQjSh6Qi/oDb0bz8ar8WGMZ61LRjZzgP7A+PoGwYukgA==</latexit><latexit sha1_base64="SiBp39dZ493ZD4/1ILNjR43WPW4=">AAACIXicbVBNS8NAEN34WetX1aOXxSJUkJKIYPFU9OKxFdMWmlI22027dPPB7kQtIX/Fi3/FiwdFehP/jNs2grY+GHi8N8PMPDcSXIFpfhpLyyura+u5jfzm1vbObmFvv6HCWFJm01CEsuUSxQQPmA0cBGtFkhHfFazpDq8nfvOeScXD4A5GEev4pB9wj1MCWuoWKvWS4xMYuF7ymJ7+0Dg9uWw5wH2msO1I3h8AkTJ8wLMGN7lNu4WiWTanwIvEykgRZah1C2OnF9LYZwFQQZRqW2YEnYRI4FSwNO/EikWEDkmftTUNiF7eSaYfpvhYKz3shVJXAHiq/p5IiK/UyHd15+RCNe9NxP+8dgxepZPwIIqBBXS2yIsFhhBP4sI9LhkFMdKEUMn1rZgOiCQUdKh5HYI1//IiaZyVLbNs1c+L1assjhw6REeohCx0garoBtWQjSh6Qi/oDb0bz8ar8WGMZ61LRjZzgP7A+PoGwYukgA==</latexit><latexit sha1_base64="SiBp39dZ493ZD4/1ILNjR43WPW4=">AAACIXicbVBNS8NAEN34WetX1aOXxSJUkJKIYPFU9OKxFdMWmlI22027dPPB7kQtIX/Fi3/FiwdFehP/jNs2grY+GHi8N8PMPDcSXIFpfhpLyyura+u5jfzm1vbObmFvv6HCWFJm01CEsuUSxQQPmA0cBGtFkhHfFazpDq8nfvOeScXD4A5GEev4pB9wj1MCWuoWKvWS4xMYuF7ymJ7+0Dg9uWw5wH2msO1I3h8AkTJ8wLMGN7lNu4WiWTanwIvEykgRZah1C2OnF9LYZwFQQZRqW2YEnYRI4FSwNO/EikWEDkmftTUNiF7eSaYfpvhYKz3shVJXAHiq/p5IiK/UyHd15+RCNe9NxP+8dgxepZPwIIqBBXS2yIsFhhBP4sI9LhkFMdKEUMn1rZgOiCQUdKh5HYI1//IiaZyVLbNs1c+L1assjhw6REeohCx0garoBtWQjSh6Qi/oDb0bz8ar8WGMZ61LRjZzgP7A+PoGwYukgA==</latexit><latexit sha1_base64="SiBp39dZ493ZD4/1ILNjR43WPW4=">AAACIXicbVBNS8NAEN34WetX1aOXxSJUkJKIYPFU9OKxFdMWmlI22027dPPB7kQtIX/Fi3/FiwdFehP/jNs2grY+GHi8N8PMPDcSXIFpfhpLyyura+u5jfzm1vbObmFvv6HCWFJm01CEsuUSxQQPmA0cBGtFkhHfFazpDq8nfvOeScXD4A5GEev4pB9wj1MCWuoWKvWS4xMYuF7ymJ7+0Dg9uWw5wH2msO1I3h8AkTJ8wLMGN7lNu4WiWTanwIvEykgRZah1C2OnF9LYZwFQQZRqW2YEnYRI4FSwNO/EikWEDkmftTUNiF7eSaYfpvhYKz3shVJXAHiq/p5IiK/UyHd15+RCNe9NxP+8dgxepZPwIIqBBXS2yIsFhhBP4sI9LhkFMdKEUMn1rZgOiCQUdKh5HYI1//IiaZyVLbNs1c+L1assjhw6REeohCx0garoBtWQjSh6Qi/oDb0bz8ar8WGMZ61LRjZzgP7A+PoGwYukgA==</latexit>

The best sum of rewards I 
can get, when following 

action u in state x and then 
controlling optimally

State-action value function

• Search for the Q, which satisfies Bellman equation
Q(x,u) = r(x,u,x0) + max

u0
Q(x0,u0)
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• Once we find it, we can control optimally as follows:
⇡⇤(x) = argmax

u
Q(x,u) = argmax

⇡
J⇡
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• Once we find it, we can control optimally as follows:

• Search without model is based on collecting trajectories
⇡⇤(x) = argmax

u
Q(x,u) = argmax

⇡
J⇡
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Having a trajectory, each 
transition gives one equation  

Q R - right D - down

a ? ?

b ? ?

c ? ?

d ? ?

e ? ?
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(a,R, -1), (b,D, -1),

(d,R, -1), (e,R, -10)
<latexit sha1_base64="5S0BWPLRxSvl6w/JGnOgS2V0YkM="></latexit><latexit sha1_base64="5S0BWPLRxSvl6w/JGnOgS2V0YkM="></latexit><latexit sha1_base64="5S0BWPLRxSvl6w/JGnOgS2V0YkM="></latexit><latexit sha1_base64="5S0BWPLRxSvl6w/JGnOgS2V0YkM="></latexit>

⌧2 :
<latexit sha1_base64="/4zpBistiTw6kzRWdLIzLm8+RpA="></latexit><latexit sha1_base64="/4zpBistiTw6kzRWdLIzLm8+RpA="></latexit><latexit sha1_base64="/4zpBistiTw6kzRWdLIzLm8+RpA="></latexit><latexit sha1_base64="/4zpBistiTw6kzRWdLIzLm8+RpA="></latexit>

Q(e,R) = r(e)
<latexit sha1_base64="XGj0xAT7mFQgvVuJZC+AROtLoOI="></latexit><latexit sha1_base64="XGj0xAT7mFQgvVuJZC+AROtLoOI="></latexit><latexit sha1_base64="XGj0xAT7mFQgvVuJZC+AROtLoOI="></latexit><latexit sha1_base64="XGj0xAT7mFQgvVuJZC+AROtLoOI="></latexit>

Having a trajectory, each 
transition gives one equation  

Q R - right D - down

a ? ?

b ? ?

c ? ?

d ? ?

e ? ?



Czech Technical University in Prague
Faculty of Electrical Engineering, Department of Cybernetics

a b c

d e

(a,R, -1), (b,D, -1),

(d,R, -1), (e,R, -10)
<latexit sha1_base64="5S0BWPLRxSvl6w/JGnOgS2V0YkM="></latexit><latexit sha1_base64="5S0BWPLRxSvl6w/JGnOgS2V0YkM="></latexit><latexit sha1_base64="5S0BWPLRxSvl6w/JGnOgS2V0YkM="></latexit><latexit sha1_base64="5S0BWPLRxSvl6w/JGnOgS2V0YkM="></latexit>

⌧2 :
<latexit sha1_base64="/4zpBistiTw6kzRWdLIzLm8+RpA="></latexit><latexit sha1_base64="/4zpBistiTw6kzRWdLIzLm8+RpA="></latexit><latexit sha1_base64="/4zpBistiTw6kzRWdLIzLm8+RpA="></latexit><latexit sha1_base64="/4zpBistiTw6kzRWdLIzLm8+RpA="></latexit>

Q(b,R) = r(b) + max
u

Q(d,u)
<latexit sha1_base64="sgIKw2x6sQ70zd5ueuSkwaIF6qE="></latexit><latexit sha1_base64="sgIKw2x6sQ70zd5ueuSkwaIF6qE="></latexit><latexit sha1_base64="sgIKw2x6sQ70zd5ueuSkwaIF6qE="></latexit><latexit sha1_base64="sgIKw2x6sQ70zd5ueuSkwaIF6qE="></latexit>

Q(e,R) = r(e)
<latexit sha1_base64="XGj0xAT7mFQgvVuJZC+AROtLoOI="></latexit><latexit sha1_base64="XGj0xAT7mFQgvVuJZC+AROtLoOI="></latexit><latexit sha1_base64="XGj0xAT7mFQgvVuJZC+AROtLoOI="></latexit><latexit sha1_base64="XGj0xAT7mFQgvVuJZC+AROtLoOI="></latexit>

Having a trajectory, each 
transition gives one equation  

Q R - right D - down

a ? ?

b ? ?

c ? ?

d ? ?

e ? ?



Czech Technical University in Prague
Faculty of Electrical Engineering, Department of Cybernetics

a b c

d e

Q(a,R) = r(a) + max
u

Q(b,u)
<latexit sha1_base64="zEYdlqrXULBR+qw24DMCe3UjhVU="></latexit><latexit sha1_base64="zEYdlqrXULBR+qw24DMCe3UjhVU="></latexit><latexit sha1_base64="zEYdlqrXULBR+qw24DMCe3UjhVU="></latexit><latexit sha1_base64="zEYdlqrXULBR+qw24DMCe3UjhVU="></latexit>

(a,R, -1), (b,D, -1),

(d,R, -1), (e,R, -10)
<latexit sha1_base64="5S0BWPLRxSvl6w/JGnOgS2V0YkM="></latexit><latexit sha1_base64="5S0BWPLRxSvl6w/JGnOgS2V0YkM="></latexit><latexit sha1_base64="5S0BWPLRxSvl6w/JGnOgS2V0YkM="></latexit><latexit sha1_base64="5S0BWPLRxSvl6w/JGnOgS2V0YkM="></latexit>

⌧2 :
<latexit sha1_base64="/4zpBistiTw6kzRWdLIzLm8+RpA="></latexit><latexit sha1_base64="/4zpBistiTw6kzRWdLIzLm8+RpA="></latexit><latexit sha1_base64="/4zpBistiTw6kzRWdLIzLm8+RpA="></latexit><latexit sha1_base64="/4zpBistiTw6kzRWdLIzLm8+RpA="></latexit>

Q(b,R) = r(b) + max
u

Q(d,u)
<latexit sha1_base64="sgIKw2x6sQ70zd5ueuSkwaIF6qE="></latexit><latexit sha1_base64="sgIKw2x6sQ70zd5ueuSkwaIF6qE="></latexit><latexit sha1_base64="sgIKw2x6sQ70zd5ueuSkwaIF6qE="></latexit><latexit sha1_base64="sgIKw2x6sQ70zd5ueuSkwaIF6qE="></latexit>

Q(d,R) = r(d) + max
u

Q(e,u)
<latexit sha1_base64="r+AyDguoXzf9DgKmrMlMKREBdtE="></latexit><latexit sha1_base64="r+AyDguoXzf9DgKmrMlMKREBdtE="></latexit><latexit sha1_base64="r+AyDguoXzf9DgKmrMlMKREBdtE="></latexit><latexit sha1_base64="r+AyDguoXzf9DgKmrMlMKREBdtE="></latexit>

Q(e,R) = r(e)
<latexit sha1_base64="XGj0xAT7mFQgvVuJZC+AROtLoOI="></latexit><latexit sha1_base64="XGj0xAT7mFQgvVuJZC+AROtLoOI="></latexit><latexit sha1_base64="XGj0xAT7mFQgvVuJZC+AROtLoOI="></latexit><latexit sha1_base64="XGj0xAT7mFQgvVuJZC+AROtLoOI="></latexit>

Having a trajectory, each 
transition gives one equation  

Q R - right D - down

a ? ?

b ? ?

c ? ?

d ? ?

e ? ?



Czech Technical University in Prague
Faculty of Electrical Engineering, Department of Cybernetics

a b c

d e

Q(a,R) = r(a) + max
u

Q(b,u)
<latexit sha1_base64="zEYdlqrXULBR+qw24DMCe3UjhVU="></latexit><latexit sha1_base64="zEYdlqrXULBR+qw24DMCe3UjhVU="></latexit><latexit sha1_base64="zEYdlqrXULBR+qw24DMCe3UjhVU="></latexit><latexit sha1_base64="zEYdlqrXULBR+qw24DMCe3UjhVU="></latexit>

(a,R, -1), (b,D, -1),

(d,R, -1), (e,R, -10)
<latexit sha1_base64="5S0BWPLRxSvl6w/JGnOgS2V0YkM="></latexit><latexit sha1_base64="5S0BWPLRxSvl6w/JGnOgS2V0YkM="></latexit><latexit sha1_base64="5S0BWPLRxSvl6w/JGnOgS2V0YkM="></latexit><latexit sha1_base64="5S0BWPLRxSvl6w/JGnOgS2V0YkM="></latexit>

⌧2 :
<latexit sha1_base64="/4zpBistiTw6kzRWdLIzLm8+RpA="></latexit><latexit sha1_base64="/4zpBistiTw6kzRWdLIzLm8+RpA="></latexit><latexit sha1_base64="/4zpBistiTw6kzRWdLIzLm8+RpA="></latexit><latexit sha1_base64="/4zpBistiTw6kzRWdLIzLm8+RpA="></latexit>

Q(b,R) = r(b) + max
u

Q(d,u)
<latexit sha1_base64="sgIKw2x6sQ70zd5ueuSkwaIF6qE="></latexit><latexit sha1_base64="sgIKw2x6sQ70zd5ueuSkwaIF6qE="></latexit><latexit sha1_base64="sgIKw2x6sQ70zd5ueuSkwaIF6qE="></latexit><latexit sha1_base64="sgIKw2x6sQ70zd5ueuSkwaIF6qE="></latexit>

Q(d,R) = r(d) + max
u

Q(e,u)
<latexit sha1_base64="r+AyDguoXzf9DgKmrMlMKREBdtE="></latexit><latexit sha1_base64="r+AyDguoXzf9DgKmrMlMKREBdtE="></latexit><latexit sha1_base64="r+AyDguoXzf9DgKmrMlMKREBdtE="></latexit><latexit sha1_base64="r+AyDguoXzf9DgKmrMlMKREBdtE="></latexit>

Q(e,R) = r(e)
<latexit sha1_base64="XGj0xAT7mFQgvVuJZC+AROtLoOI="></latexit><latexit sha1_base64="XGj0xAT7mFQgvVuJZC+AROtLoOI="></latexit><latexit sha1_base64="XGj0xAT7mFQgvVuJZC+AROtLoOI="></latexit><latexit sha1_base64="XGj0xAT7mFQgvVuJZC+AROtLoOI="></latexit>

unknowns

Having a trajectory, each 
transition gives one equation  

Q R - right D - down

a ? ?

b ? ?

c ? ?

d ? ?

e ? ?



Czech Technical University in Prague
Faculty of Electrical Engineering, Department of Cybernetics

a b c

d e

Q(a,R) = r(a) + max
u

Q(b,u)
<latexit sha1_base64="zEYdlqrXULBR+qw24DMCe3UjhVU="></latexit><latexit sha1_base64="zEYdlqrXULBR+qw24DMCe3UjhVU="></latexit><latexit sha1_base64="zEYdlqrXULBR+qw24DMCe3UjhVU="></latexit><latexit sha1_base64="zEYdlqrXULBR+qw24DMCe3UjhVU="></latexit>

(a,R, -1), (b,D, -1),

(d,R, -1), (e,R, -10)
<latexit sha1_base64="5S0BWPLRxSvl6w/JGnOgS2V0YkM="></latexit><latexit sha1_base64="5S0BWPLRxSvl6w/JGnOgS2V0YkM="></latexit><latexit sha1_base64="5S0BWPLRxSvl6w/JGnOgS2V0YkM="></latexit><latexit sha1_base64="5S0BWPLRxSvl6w/JGnOgS2V0YkM="></latexit>

⌧2 :
<latexit sha1_base64="/4zpBistiTw6kzRWdLIzLm8+RpA="></latexit><latexit sha1_base64="/4zpBistiTw6kzRWdLIzLm8+RpA="></latexit><latexit sha1_base64="/4zpBistiTw6kzRWdLIzLm8+RpA="></latexit><latexit sha1_base64="/4zpBistiTw6kzRWdLIzLm8+RpA="></latexit>

Q(b,R) = r(b) + max
u

Q(d,u)
<latexit sha1_base64="sgIKw2x6sQ70zd5ueuSkwaIF6qE="></latexit><latexit sha1_base64="sgIKw2x6sQ70zd5ueuSkwaIF6qE="></latexit><latexit sha1_base64="sgIKw2x6sQ70zd5ueuSkwaIF6qE="></latexit><latexit sha1_base64="sgIKw2x6sQ70zd5ueuSkwaIF6qE="></latexit>

Q(d,R) = r(d) + max
u

Q(e,u)
<latexit sha1_base64="r+AyDguoXzf9DgKmrMlMKREBdtE="></latexit><latexit sha1_base64="r+AyDguoXzf9DgKmrMlMKREBdtE="></latexit><latexit sha1_base64="r+AyDguoXzf9DgKmrMlMKREBdtE="></latexit><latexit sha1_base64="r+AyDguoXzf9DgKmrMlMKREBdtE="></latexit>

Q(e,R) = r(e)
<latexit sha1_base64="XGj0xAT7mFQgvVuJZC+AROtLoOI="></latexit><latexit sha1_base64="XGj0xAT7mFQgvVuJZC+AROtLoOI="></latexit><latexit sha1_base64="XGj0xAT7mFQgvVuJZC+AROtLoOI="></latexit><latexit sha1_base64="XGj0xAT7mFQgvVuJZC+AROtLoOI="></latexit>

(1) Substitute transitions and 
current Q-values to the right 
side and solve for left side. 

Q R - right D - down

a 0 0

b 0 0

c 0 0

d 0 0

e 0 0



Czech Technical University in Prague
Faculty of Electrical Engineering, Department of Cybernetics

a b c

d e

Q(a,R) = r(a) + max
u

Q(b,u)
<latexit sha1_base64="zEYdlqrXULBR+qw24DMCe3UjhVU="></latexit><latexit sha1_base64="zEYdlqrXULBR+qw24DMCe3UjhVU="></latexit><latexit sha1_base64="zEYdlqrXULBR+qw24DMCe3UjhVU="></latexit><latexit sha1_base64="zEYdlqrXULBR+qw24DMCe3UjhVU="></latexit>

(a,R, -1), (b,D, -1),

(d,R, -1), (e,R, -10)
<latexit sha1_base64="5S0BWPLRxSvl6w/JGnOgS2V0YkM="></latexit><latexit sha1_base64="5S0BWPLRxSvl6w/JGnOgS2V0YkM="></latexit><latexit sha1_base64="5S0BWPLRxSvl6w/JGnOgS2V0YkM="></latexit><latexit sha1_base64="5S0BWPLRxSvl6w/JGnOgS2V0YkM="></latexit>

⌧2 :
<latexit sha1_base64="/4zpBistiTw6kzRWdLIzLm8+RpA="></latexit><latexit sha1_base64="/4zpBistiTw6kzRWdLIzLm8+RpA="></latexit><latexit sha1_base64="/4zpBistiTw6kzRWdLIzLm8+RpA="></latexit><latexit sha1_base64="/4zpBistiTw6kzRWdLIzLm8+RpA="></latexit>

Q(b,R) = r(b) + max
u

Q(d,u)
<latexit sha1_base64="sgIKw2x6sQ70zd5ueuSkwaIF6qE="></latexit><latexit sha1_base64="sgIKw2x6sQ70zd5ueuSkwaIF6qE="></latexit><latexit sha1_base64="sgIKw2x6sQ70zd5ueuSkwaIF6qE="></latexit><latexit sha1_base64="sgIKw2x6sQ70zd5ueuSkwaIF6qE="></latexit>

Q(d,R) = r(d) + max
u

Q(e,u)
<latexit sha1_base64="r+AyDguoXzf9DgKmrMlMKREBdtE="></latexit><latexit sha1_base64="r+AyDguoXzf9DgKmrMlMKREBdtE="></latexit><latexit sha1_base64="r+AyDguoXzf9DgKmrMlMKREBdtE="></latexit><latexit sha1_base64="r+AyDguoXzf9DgKmrMlMKREBdtE="></latexit>

Q(e,R) = r(e)
<latexit sha1_base64="XGj0xAT7mFQgvVuJZC+AROtLoOI="></latexit><latexit sha1_base64="XGj0xAT7mFQgvVuJZC+AROtLoOI="></latexit><latexit sha1_base64="XGj0xAT7mFQgvVuJZC+AROtLoOI="></latexit><latexit sha1_base64="XGj0xAT7mFQgvVuJZC+AROtLoOI="></latexit>

(1) Substitute transitions and 
current Q-values to the right 
side and solve for left side. 

-10

Q R - right D - down

a 0 0

b 0 0

c 0 0

d 0 0

e -10 0



Czech Technical University in Prague
Faculty of Electrical Engineering, Department of Cybernetics

a b c

d e

Q(a,R) = r(a) + max
u

Q(b,u)
<latexit sha1_base64="zEYdlqrXULBR+qw24DMCe3UjhVU="></latexit><latexit sha1_base64="zEYdlqrXULBR+qw24DMCe3UjhVU="></latexit><latexit sha1_base64="zEYdlqrXULBR+qw24DMCe3UjhVU="></latexit><latexit sha1_base64="zEYdlqrXULBR+qw24DMCe3UjhVU="></latexit>

(a,R, -1), (b,D, -1),

(d,R, -1), (e,R, -10)
<latexit sha1_base64="5S0BWPLRxSvl6w/JGnOgS2V0YkM="></latexit><latexit sha1_base64="5S0BWPLRxSvl6w/JGnOgS2V0YkM="></latexit><latexit sha1_base64="5S0BWPLRxSvl6w/JGnOgS2V0YkM="></latexit><latexit sha1_base64="5S0BWPLRxSvl6w/JGnOgS2V0YkM="></latexit>

⌧2 :
<latexit sha1_base64="/4zpBistiTw6kzRWdLIzLm8+RpA="></latexit><latexit sha1_base64="/4zpBistiTw6kzRWdLIzLm8+RpA="></latexit><latexit sha1_base64="/4zpBistiTw6kzRWdLIzLm8+RpA="></latexit><latexit sha1_base64="/4zpBistiTw6kzRWdLIzLm8+RpA="></latexit>

Q(b,R) = r(b) + max
u

Q(d,u)
<latexit sha1_base64="sgIKw2x6sQ70zd5ueuSkwaIF6qE="></latexit><latexit sha1_base64="sgIKw2x6sQ70zd5ueuSkwaIF6qE="></latexit><latexit sha1_base64="sgIKw2x6sQ70zd5ueuSkwaIF6qE="></latexit><latexit sha1_base64="sgIKw2x6sQ70zd5ueuSkwaIF6qE="></latexit>

Q(d,R) = r(d) + max
u

Q(e,u)
<latexit sha1_base64="r+AyDguoXzf9DgKmrMlMKREBdtE="></latexit><latexit sha1_base64="r+AyDguoXzf9DgKmrMlMKREBdtE="></latexit><latexit sha1_base64="r+AyDguoXzf9DgKmrMlMKREBdtE="></latexit><latexit sha1_base64="r+AyDguoXzf9DgKmrMlMKREBdtE="></latexit>

Q(e,R) = r(e)
<latexit sha1_base64="XGj0xAT7mFQgvVuJZC+AROtLoOI="></latexit><latexit sha1_base64="XGj0xAT7mFQgvVuJZC+AROtLoOI="></latexit><latexit sha1_base64="XGj0xAT7mFQgvVuJZC+AROtLoOI="></latexit><latexit sha1_base64="XGj0xAT7mFQgvVuJZC+AROtLoOI="></latexit>

(1) Substitute transitions and 
current Q-values to the right 
side and solve for left side. 

-10
-1

Q R - right D - down

a 0 0

b 0 -1

c 0 0

d 0 0

e -10 0



Czech Technical University in Prague
Faculty of Electrical Engineering, Department of Cybernetics

a b c

d e

Q(a,R) = r(a) + max
u

Q(b,u)
<latexit sha1_base64="zEYdlqrXULBR+qw24DMCe3UjhVU="></latexit><latexit sha1_base64="zEYdlqrXULBR+qw24DMCe3UjhVU="></latexit><latexit sha1_base64="zEYdlqrXULBR+qw24DMCe3UjhVU="></latexit><latexit sha1_base64="zEYdlqrXULBR+qw24DMCe3UjhVU="></latexit>

(a,R, -1), (b,D, -1),

(d,R, -1), (e,R, -10)
<latexit sha1_base64="5S0BWPLRxSvl6w/JGnOgS2V0YkM="></latexit><latexit sha1_base64="5S0BWPLRxSvl6w/JGnOgS2V0YkM="></latexit><latexit sha1_base64="5S0BWPLRxSvl6w/JGnOgS2V0YkM="></latexit><latexit sha1_base64="5S0BWPLRxSvl6w/JGnOgS2V0YkM="></latexit>

⌧2 :
<latexit sha1_base64="/4zpBistiTw6kzRWdLIzLm8+RpA="></latexit><latexit sha1_base64="/4zpBistiTw6kzRWdLIzLm8+RpA="></latexit><latexit sha1_base64="/4zpBistiTw6kzRWdLIzLm8+RpA="></latexit><latexit sha1_base64="/4zpBistiTw6kzRWdLIzLm8+RpA="></latexit>

Q(b,R) = r(b) + max
u

Q(d,u)
<latexit sha1_base64="sgIKw2x6sQ70zd5ueuSkwaIF6qE="></latexit><latexit sha1_base64="sgIKw2x6sQ70zd5ueuSkwaIF6qE="></latexit><latexit sha1_base64="sgIKw2x6sQ70zd5ueuSkwaIF6qE="></latexit><latexit sha1_base64="sgIKw2x6sQ70zd5ueuSkwaIF6qE="></latexit>

Q(d,R) = r(d) + max
u

Q(e,u)
<latexit sha1_base64="r+AyDguoXzf9DgKmrMlMKREBdtE="></latexit><latexit sha1_base64="r+AyDguoXzf9DgKmrMlMKREBdtE="></latexit><latexit sha1_base64="r+AyDguoXzf9DgKmrMlMKREBdtE="></latexit><latexit sha1_base64="r+AyDguoXzf9DgKmrMlMKREBdtE="></latexit>

Q(e,R) = r(e)
<latexit sha1_base64="XGj0xAT7mFQgvVuJZC+AROtLoOI="></latexit><latexit sha1_base64="XGj0xAT7mFQgvVuJZC+AROtLoOI="></latexit><latexit sha1_base64="XGj0xAT7mFQgvVuJZC+AROtLoOI="></latexit><latexit sha1_base64="XGj0xAT7mFQgvVuJZC+AROtLoOI="></latexit>

(1) Substitute transitions and 
current Q-values to the right 
side and solve for left side. 

Q R - right D - down

a 0 0

b 0 -1

c 0 0

d 0 -1

e -10 0

-10
-1
-1



Czech Technical University in Prague
Faculty of Electrical Engineering, Department of Cybernetics

a b c

d e

Q(a,R) = r(a) + max
u

Q(b,u)
<latexit sha1_base64="zEYdlqrXULBR+qw24DMCe3UjhVU="></latexit><latexit sha1_base64="zEYdlqrXULBR+qw24DMCe3UjhVU="></latexit><latexit sha1_base64="zEYdlqrXULBR+qw24DMCe3UjhVU="></latexit><latexit sha1_base64="zEYdlqrXULBR+qw24DMCe3UjhVU="></latexit>

(a,R, -1), (b,D, -1),

(d,R, -1), (e,R, -10)
<latexit sha1_base64="5S0BWPLRxSvl6w/JGnOgS2V0YkM="></latexit><latexit sha1_base64="5S0BWPLRxSvl6w/JGnOgS2V0YkM="></latexit><latexit sha1_base64="5S0BWPLRxSvl6w/JGnOgS2V0YkM="></latexit><latexit sha1_base64="5S0BWPLRxSvl6w/JGnOgS2V0YkM="></latexit>

⌧2 :
<latexit sha1_base64="/4zpBistiTw6kzRWdLIzLm8+RpA="></latexit><latexit sha1_base64="/4zpBistiTw6kzRWdLIzLm8+RpA="></latexit><latexit sha1_base64="/4zpBistiTw6kzRWdLIzLm8+RpA="></latexit><latexit sha1_base64="/4zpBistiTw6kzRWdLIzLm8+RpA="></latexit>

Q(b,R) = r(b) + max
u

Q(d,u)
<latexit sha1_base64="sgIKw2x6sQ70zd5ueuSkwaIF6qE="></latexit><latexit sha1_base64="sgIKw2x6sQ70zd5ueuSkwaIF6qE="></latexit><latexit sha1_base64="sgIKw2x6sQ70zd5ueuSkwaIF6qE="></latexit><latexit sha1_base64="sgIKw2x6sQ70zd5ueuSkwaIF6qE="></latexit>

Q(d,R) = r(d) + max
u

Q(e,u)
<latexit sha1_base64="r+AyDguoXzf9DgKmrMlMKREBdtE="></latexit><latexit sha1_base64="r+AyDguoXzf9DgKmrMlMKREBdtE="></latexit><latexit sha1_base64="r+AyDguoXzf9DgKmrMlMKREBdtE="></latexit><latexit sha1_base64="r+AyDguoXzf9DgKmrMlMKREBdtE="></latexit>

Q(e,R) = r(e)
<latexit sha1_base64="XGj0xAT7mFQgvVuJZC+AROtLoOI="></latexit><latexit sha1_base64="XGj0xAT7mFQgvVuJZC+AROtLoOI="></latexit><latexit sha1_base64="XGj0xAT7mFQgvVuJZC+AROtLoOI="></latexit><latexit sha1_base64="XGj0xAT7mFQgvVuJZC+AROtLoOI="></latexit>

(1) Substitute transitions and 
current Q-values to the right 
side and solve for left side. 

-10
-1
-1
-1

Q R - right D - down

a 0 -1

b 0 -1

c 0 0

d 0 -1

e -10 0
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a b c

d e

Q(a,R) = r(a) + max
u

Q(b,u)
<latexit sha1_base64="zEYdlqrXULBR+qw24DMCe3UjhVU="></latexit><latexit sha1_base64="zEYdlqrXULBR+qw24DMCe3UjhVU="></latexit><latexit sha1_base64="zEYdlqrXULBR+qw24DMCe3UjhVU="></latexit><latexit sha1_base64="zEYdlqrXULBR+qw24DMCe3UjhVU="></latexit>

(a,R, -1), (b,D, -1),

(d,R, -1), (e,R, -10)
<latexit sha1_base64="5S0BWPLRxSvl6w/JGnOgS2V0YkM="></latexit><latexit sha1_base64="5S0BWPLRxSvl6w/JGnOgS2V0YkM="></latexit><latexit sha1_base64="5S0BWPLRxSvl6w/JGnOgS2V0YkM="></latexit><latexit sha1_base64="5S0BWPLRxSvl6w/JGnOgS2V0YkM="></latexit>

⌧2 :
<latexit sha1_base64="/4zpBistiTw6kzRWdLIzLm8+RpA="></latexit><latexit sha1_base64="/4zpBistiTw6kzRWdLIzLm8+RpA="></latexit><latexit sha1_base64="/4zpBistiTw6kzRWdLIzLm8+RpA="></latexit><latexit sha1_base64="/4zpBistiTw6kzRWdLIzLm8+RpA="></latexit>

Q(b,R) = r(b) + max
u

Q(d,u)
<latexit sha1_base64="sgIKw2x6sQ70zd5ueuSkwaIF6qE="></latexit><latexit sha1_base64="sgIKw2x6sQ70zd5ueuSkwaIF6qE="></latexit><latexit sha1_base64="sgIKw2x6sQ70zd5ueuSkwaIF6qE="></latexit><latexit sha1_base64="sgIKw2x6sQ70zd5ueuSkwaIF6qE="></latexit>

Q(d,R) = r(d) + max
u

Q(e,u)
<latexit sha1_base64="r+AyDguoXzf9DgKmrMlMKREBdtE="></latexit><latexit sha1_base64="r+AyDguoXzf9DgKmrMlMKREBdtE="></latexit><latexit sha1_base64="r+AyDguoXzf9DgKmrMlMKREBdtE="></latexit><latexit sha1_base64="r+AyDguoXzf9DgKmrMlMKREBdtE="></latexit>

Q(e,R) = r(e)
<latexit sha1_base64="XGj0xAT7mFQgvVuJZC+AROtLoOI="></latexit><latexit sha1_base64="XGj0xAT7mFQgvVuJZC+AROtLoOI="></latexit><latexit sha1_base64="XGj0xAT7mFQgvVuJZC+AROtLoOI="></latexit><latexit sha1_base64="XGj0xAT7mFQgvVuJZC+AROtLoOI="></latexit>

(1) Substitute transitions and 
current Q-values to the right 
side and solve for left side. 
(2) Repeat several times  

Q R - right D - down

a 0 -1

b 0 -1

c 0 0

d 0 -1

e -10 0
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a b c

d e

Q(a,R) = r(a) + max
u

Q(b,u)
<latexit sha1_base64="zEYdlqrXULBR+qw24DMCe3UjhVU="></latexit><latexit sha1_base64="zEYdlqrXULBR+qw24DMCe3UjhVU="></latexit><latexit sha1_base64="zEYdlqrXULBR+qw24DMCe3UjhVU="></latexit><latexit sha1_base64="zEYdlqrXULBR+qw24DMCe3UjhVU="></latexit>

(a,R, -1), (b,D, -1),

(d,R, -1), (e,R, -10)
<latexit sha1_base64="5S0BWPLRxSvl6w/JGnOgS2V0YkM="></latexit><latexit sha1_base64="5S0BWPLRxSvl6w/JGnOgS2V0YkM="></latexit><latexit sha1_base64="5S0BWPLRxSvl6w/JGnOgS2V0YkM="></latexit><latexit sha1_base64="5S0BWPLRxSvl6w/JGnOgS2V0YkM="></latexit>

⌧2 :
<latexit sha1_base64="/4zpBistiTw6kzRWdLIzLm8+RpA="></latexit><latexit sha1_base64="/4zpBistiTw6kzRWdLIzLm8+RpA="></latexit><latexit sha1_base64="/4zpBistiTw6kzRWdLIzLm8+RpA="></latexit><latexit sha1_base64="/4zpBistiTw6kzRWdLIzLm8+RpA="></latexit>

Q(b,R) = r(b) + max
u

Q(d,u)
<latexit sha1_base64="sgIKw2x6sQ70zd5ueuSkwaIF6qE="></latexit><latexit sha1_base64="sgIKw2x6sQ70zd5ueuSkwaIF6qE="></latexit><latexit sha1_base64="sgIKw2x6sQ70zd5ueuSkwaIF6qE="></latexit><latexit sha1_base64="sgIKw2x6sQ70zd5ueuSkwaIF6qE="></latexit>

Q(d,R) = r(d) + max
u

Q(e,u)
<latexit sha1_base64="r+AyDguoXzf9DgKmrMlMKREBdtE="></latexit><latexit sha1_base64="r+AyDguoXzf9DgKmrMlMKREBdtE="></latexit><latexit sha1_base64="r+AyDguoXzf9DgKmrMlMKREBdtE="></latexit><latexit sha1_base64="r+AyDguoXzf9DgKmrMlMKREBdtE="></latexit>

Q(e,R) = r(e)
<latexit sha1_base64="XGj0xAT7mFQgvVuJZC+AROtLoOI="></latexit><latexit sha1_base64="XGj0xAT7mFQgvVuJZC+AROtLoOI="></latexit><latexit sha1_base64="XGj0xAT7mFQgvVuJZC+AROtLoOI="></latexit><latexit sha1_base64="XGj0xAT7mFQgvVuJZC+AROtLoOI="></latexit>

(1) Substitute transitions and 
current Q-values to the right 
side and solve for left side. 
(2) Repeat several times 
(search for the fixed point 
of the Bellman operator) 

Q = B(Q)
<latexit sha1_base64="qQUJSJPDzgMoZGfa+P7fu3mUvQs="></latexit><latexit sha1_base64="qQUJSJPDzgMoZGfa+P7fu3mUvQs="></latexit><latexit sha1_base64="qQUJSJPDzgMoZGfa+P7fu3mUvQs="></latexit><latexit sha1_base64="qQUJSJPDzgMoZGfa+P7fu3mUvQs="></latexit>

Q R - right D - down

a 0 -1

b 0 -1

c 0 0

d 0 -1

e -10 0
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a b c

d e

Q(a,R) = r(a) + max
u

Q(b,u)
<latexit sha1_base64="zEYdlqrXULBR+qw24DMCe3UjhVU="></latexit><latexit sha1_base64="zEYdlqrXULBR+qw24DMCe3UjhVU="></latexit><latexit sha1_base64="zEYdlqrXULBR+qw24DMCe3UjhVU="></latexit><latexit sha1_base64="zEYdlqrXULBR+qw24DMCe3UjhVU="></latexit>

(a,R, -1), (b,D, -1),

(d,R, -1), (e,R, -10)
<latexit sha1_base64="5S0BWPLRxSvl6w/JGnOgS2V0YkM="></latexit><latexit sha1_base64="5S0BWPLRxSvl6w/JGnOgS2V0YkM="></latexit><latexit sha1_base64="5S0BWPLRxSvl6w/JGnOgS2V0YkM="></latexit><latexit sha1_base64="5S0BWPLRxSvl6w/JGnOgS2V0YkM="></latexit>

⌧2 :
<latexit sha1_base64="/4zpBistiTw6kzRWdLIzLm8+RpA="></latexit><latexit sha1_base64="/4zpBistiTw6kzRWdLIzLm8+RpA="></latexit><latexit sha1_base64="/4zpBistiTw6kzRWdLIzLm8+RpA="></latexit><latexit sha1_base64="/4zpBistiTw6kzRWdLIzLm8+RpA="></latexit>

Q(b,R) = r(b) + max
u

Q(d,u)
<latexit sha1_base64="sgIKw2x6sQ70zd5ueuSkwaIF6qE="></latexit><latexit sha1_base64="sgIKw2x6sQ70zd5ueuSkwaIF6qE="></latexit><latexit sha1_base64="sgIKw2x6sQ70zd5ueuSkwaIF6qE="></latexit><latexit sha1_base64="sgIKw2x6sQ70zd5ueuSkwaIF6qE="></latexit>

Q(d,R) = r(d) + max
u

Q(e,u)
<latexit sha1_base64="r+AyDguoXzf9DgKmrMlMKREBdtE="></latexit><latexit sha1_base64="r+AyDguoXzf9DgKmrMlMKREBdtE="></latexit><latexit sha1_base64="r+AyDguoXzf9DgKmrMlMKREBdtE="></latexit><latexit sha1_base64="r+AyDguoXzf9DgKmrMlMKREBdtE="></latexit>

Q(e,R) = r(e)
<latexit sha1_base64="XGj0xAT7mFQgvVuJZC+AROtLoOI="></latexit><latexit sha1_base64="XGj0xAT7mFQgvVuJZC+AROtLoOI="></latexit><latexit sha1_base64="XGj0xAT7mFQgvVuJZC+AROtLoOI="></latexit><latexit sha1_base64="XGj0xAT7mFQgvVuJZC+AROtLoOI="></latexit>

(2) Repeat several times 
(search for the fixed point 
of the Bellman operator) 

Q = B(Q)
<latexit sha1_base64="qQUJSJPDzgMoZGfa+P7fu3mUvQs="></latexit><latexit sha1_base64="qQUJSJPDzgMoZGfa+P7fu3mUvQs="></latexit><latexit sha1_base64="qQUJSJPDzgMoZGfa+P7fu3mUvQs="></latexit><latexit sha1_base64="qQUJSJPDzgMoZGfa+P7fu3mUvQs="></latexit>

(1) Substitute transitions and 
current Q-values to the right 
side and solve for left side. Iterations of the Bellman 

operator always converge to 
a fixed point !!!
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Bellman equation

Q(x,u) = r(x,u,x0) + max
u0

Q(x0,u0)
<latexit sha1_base64="HVBWS+IDVbxnR8XPp/Idjq48lrM="></latexit><latexit sha1_base64="HVBWS+IDVbxnR8XPp/Idjq48lrM="></latexit><latexit sha1_base64="HVBWS+IDVbxnR8XPp/Idjq48lrM="></latexit><latexit sha1_base64="HVBWS+IDVbxnR8XPp/Idjq48lrM="></latexit>

reward for transition the best you can do from 
the following state

0 0 0 0 0 0

0 0

+1 0 0 0 0 0

Which path is better?
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Bellman equation

reward for transition the best you can do from 
the following state

0 0 0 0 0 0

0 0

+1 0 0 0 0 0

discount factor   

Q(x,u) = r(x,u,x0) + �max
u0

Q(x0,u0)
<latexit sha1_base64="4bQsPEpmZJFLU1hBUHf11UrAx1M="></latexit><latexit sha1_base64="4bQsPEpmZJFLU1hBUHf11UrAx1M="></latexit><latexit sha1_base64="4bQsPEpmZJFLU1hBUHf11UrAx1M="></latexit><latexit sha1_base64="4bQsPEpmZJFLU1hBUHf11UrAx1M="></latexit>

� 2 [0; 1]
<latexit sha1_base64="ncQYALpikAM/AnmX9eyeH3Ulffk="></latexit><latexit sha1_base64="ncQYALpikAM/AnmX9eyeH3Ulffk="></latexit><latexit sha1_base64="ncQYALpikAM/AnmX9eyeH3Ulffk="></latexit><latexit sha1_base64="ncQYALpikAM/AnmX9eyeH3Ulffk="></latexit>
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Q-learning

1. Collect trajectories 
2. Solve 
3. Repeat from 1

Q(x,u) = r(x,u,x0) + �max
u0

Q(x0,u0)
<latexit sha1_base64="4bQsPEpmZJFLU1hBUHf11UrAx1M="></latexit><latexit sha1_base64="4bQsPEpmZJFLU1hBUHf11UrAx1M="></latexit><latexit sha1_base64="4bQsPEpmZJFLU1hBUHf11UrAx1M="></latexit><latexit sha1_base64="4bQsPEpmZJFLU1hBUHf11UrAx1M="></latexit>

⌧1, ⌧2, ⌧3, . . .
<latexit sha1_base64="GDIojasoGLo3KMdZaEDUdmR3gsU="></latexit><latexit sha1_base64="GDIojasoGLo3KMdZaEDUdmR3gsU="></latexit><latexit sha1_base64="GDIojasoGLo3KMdZaEDUdmR3gsU="></latexit><latexit sha1_base64="GDIojasoGLo3KMdZaEDUdmR3gsU="></latexit>
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Q-learning

1. Collect trajectories 
2. Solve 
3. Repeat from 1
• Curse of dimensionality

Q(x,u) = r(x,u,x0) + �max
u0

Q(x0,u0)
<latexit sha1_base64="4bQsPEpmZJFLU1hBUHf11UrAx1M="></latexit><latexit sha1_base64="4bQsPEpmZJFLU1hBUHf11UrAx1M="></latexit><latexit sha1_base64="4bQsPEpmZJFLU1hBUHf11UrAx1M="></latexit><latexit sha1_base64="4bQsPEpmZJFLU1hBUHf11UrAx1M="></latexit>

⌧1, ⌧2, ⌧3, . . .
<latexit sha1_base64="GDIojasoGLo3KMdZaEDUdmR3gsU="></latexit><latexit sha1_base64="GDIojasoGLo3KMdZaEDUdmR3gsU="></latexit><latexit sha1_base64="GDIojasoGLo3KMdZaEDUdmR3gsU="></latexit><latexit sha1_base64="GDIojasoGLo3KMdZaEDUdmR3gsU="></latexit>
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Q-learning

1. Collect trajectories 
2. Solve 
3. Repeat from 1
• Curse of dimensionality

Q✓(x,u)
<latexit sha1_base64="TM1uKbX/JUpduIq7KZns2DpEWSI="></latexit><latexit sha1_base64="TM1uKbX/JUpduIq7KZns2DpEWSI="></latexit><latexit sha1_base64="TM1uKbX/JUpduIq7KZns2DpEWSI="></latexit><latexit sha1_base64="TM1uKbX/JUpduIq7KZns2DpEWSI="></latexit>

• Replace table              by functionQ(x,u)
<latexit sha1_base64="JkC7QOSGzUIwfdycPP4yh0t3oOU="></latexit><latexit sha1_base64="JkC7QOSGzUIwfdycPP4yh0t3oOU="></latexit><latexit sha1_base64="JkC7QOSGzUIwfdycPP4yh0t3oOU="></latexit><latexit sha1_base64="JkC7QOSGzUIwfdycPP4yh0t3oOU="></latexit>

Q(x,u) = r(x,u,x0) + �max
u0

Q(x0,u0)
<latexit sha1_base64="4bQsPEpmZJFLU1hBUHf11UrAx1M="></latexit><latexit sha1_base64="4bQsPEpmZJFLU1hBUHf11UrAx1M="></latexit><latexit sha1_base64="4bQsPEpmZJFLU1hBUHf11UrAx1M="></latexit><latexit sha1_base64="4bQsPEpmZJFLU1hBUHf11UrAx1M="></latexit>

⌧1, ⌧2, ⌧3, . . .
<latexit sha1_base64="GDIojasoGLo3KMdZaEDUdmR3gsU="></latexit><latexit sha1_base64="GDIojasoGLo3KMdZaEDUdmR3gsU="></latexit><latexit sha1_base64="GDIojasoGLo3KMdZaEDUdmR3gsU="></latexit><latexit sha1_base64="GDIojasoGLo3KMdZaEDUdmR3gsU="></latexit>
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1. Collect trajectories                     , initialize 
2. Estimate 
3. Update parameters by learning 
 

4. Repeat from 2 
5. Repeat from 1

Q-learning

⌧1, ⌧2, ⌧3, . . .
<latexit sha1_base64="GDIojasoGLo3KMdZaEDUdmR3gsU="></latexit><latexit sha1_base64="GDIojasoGLo3KMdZaEDUdmR3gsU="></latexit><latexit sha1_base64="GDIojasoGLo3KMdZaEDUdmR3gsU="></latexit><latexit sha1_base64="GDIojasoGLo3KMdZaEDUdmR3gsU="></latexit>

1. Collect trajectories 
2. Solve 
3. Repeat from 1
• Curse of dimensionality

Q✓(x,u)
<latexit sha1_base64="TM1uKbX/JUpduIq7KZns2DpEWSI="></latexit><latexit sha1_base64="TM1uKbX/JUpduIq7KZns2DpEWSI="></latexit><latexit sha1_base64="TM1uKbX/JUpduIq7KZns2DpEWSI="></latexit><latexit sha1_base64="TM1uKbX/JUpduIq7KZns2DpEWSI="></latexit>

• Replace table              by functionQ(x,u)
<latexit sha1_base64="JkC7QOSGzUIwfdycPP4yh0t3oOU="></latexit><latexit sha1_base64="JkC7QOSGzUIwfdycPP4yh0t3oOU="></latexit><latexit sha1_base64="JkC7QOSGzUIwfdycPP4yh0t3oOU="></latexit><latexit sha1_base64="JkC7QOSGzUIwfdycPP4yh0t3oOU="></latexit>

Q(x,u) = r(x,u,x0) + �max
u0

Q(x0,u0)
<latexit sha1_base64="4bQsPEpmZJFLU1hBUHf11UrAx1M="></latexit><latexit sha1_base64="4bQsPEpmZJFLU1hBUHf11UrAx1M="></latexit><latexit sha1_base64="4bQsPEpmZJFLU1hBUHf11UrAx1M="></latexit><latexit sha1_base64="4bQsPEpmZJFLU1hBUHf11UrAx1M="></latexit>

✓ = rand
<latexit sha1_base64="V9WfTwxHsFIK5ezXTPIV77CkBJ8="></latexit><latexit sha1_base64="V9WfTwxHsFIK5ezXTPIV77CkBJ8="></latexit><latexit sha1_base64="V9WfTwxHsFIK5ezXTPIV77CkBJ8="></latexit><latexit sha1_base64="V9WfTwxHsFIK5ezXTPIV77CkBJ8="></latexit>

y = r(x,u,x0) + �max
u0

Q✓(x
0,u0)

<latexit sha1_base64="zyya9kmUcR3qjOuDwwsaBPhqumU="></latexit><latexit sha1_base64="zyya9kmUcR3qjOuDwwsaBPhqumU="></latexit><latexit sha1_base64="zyya9kmUcR3qjOuDwwsaBPhqumU="></latexit><latexit sha1_base64="zyya9kmUcR3qjOuDwwsaBPhqumU="></latexit>

⌧1, ⌧2, ⌧3, . . .
<latexit sha1_base64="GDIojasoGLo3KMdZaEDUdmR3gsU="></latexit><latexit sha1_base64="GDIojasoGLo3KMdZaEDUdmR3gsU="></latexit><latexit sha1_base64="GDIojasoGLo3KMdZaEDUdmR3gsU="></latexit><latexit sha1_base64="GDIojasoGLo3KMdZaEDUdmR3gsU="></latexit>

argmin
✓

X

x,u,y

kQ✓(x,u)� yk
<latexit sha1_base64="HmgcMsPZdWJl1SJ8ZHpMublf4g0="></latexit><latexit sha1_base64="HmgcMsPZdWJl1SJ8ZHpMublf4g0="></latexit><latexit sha1_base64="HmgcMsPZdWJl1SJ8ZHpMublf4g0="></latexit><latexit sha1_base64="HmgcMsPZdWJl1SJ8ZHpMublf4g0="></latexit>

Approximate Q-learning
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1. Collect trajectories                     , initialize 
2. Estimate 
3. Update parameters by learning 
 

4. Repeat from 2 
5. Repeat from 1

Q-learning

⌧1, ⌧2, ⌧3, . . .
<latexit sha1_base64="GDIojasoGLo3KMdZaEDUdmR3gsU="></latexit><latexit sha1_base64="GDIojasoGLo3KMdZaEDUdmR3gsU="></latexit><latexit sha1_base64="GDIojasoGLo3KMdZaEDUdmR3gsU="></latexit><latexit sha1_base64="GDIojasoGLo3KMdZaEDUdmR3gsU="></latexit>

1. Collect trajectories 
2. Solve 
3. Repeat from 1
• Curse of dimensionality

Q✓(x,u)
<latexit sha1_base64="TM1uKbX/JUpduIq7KZns2DpEWSI="></latexit><latexit sha1_base64="TM1uKbX/JUpduIq7KZns2DpEWSI="></latexit><latexit sha1_base64="TM1uKbX/JUpduIq7KZns2DpEWSI="></latexit><latexit sha1_base64="TM1uKbX/JUpduIq7KZns2DpEWSI="></latexit>

• Replace table              by functionQ(x,u)
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Approximate Q-learning

Approximated Q-learning does not 
have to converges to a fixed-point !!!
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• 2600 atari games 
• state space: pixels (e.g. VGA resolution) 
• action space: discrete joystic actions (8 direction +  

8 direction with button + neutral action) 
• replay buffer (decorrelates samples to be “more i.i.d”) 
• two Q-networks (suppress oscilations)

difficult and engaging for human players. We used the same network
architecture, hyperparameter values (see Extended Data Table 1) and
learning procedure throughout—taking high-dimensional data (210|160
colour video at 60 Hz) as input—to demonstrate that our approach
robustly learns successful policies over a variety of games based solely
on sensory inputs with only very minimal prior knowledge (that is, merely
the input data were visual images, and the number of actions available
in each game, but not their correspondences; see Methods). Notably,
our method was able to train large neural networks using a reinforce-
ment learning signal and stochastic gradient descent in a stable manner—
illustrated by the temporal evolution of two indices of learning (the
agent’s average score-per-episode and average predicted Q-values; see
Fig. 2 and Supplementary Discussion for details).

We compared DQN with the best performing methods from the
reinforcement learning literature on the 49 games where results were
available12,15. In addition to the learned agents, we also report scores for
a professional human games tester playing under controlled conditions
and a policy that selects actions uniformly at random (Extended Data
Table 2 and Fig. 3, denoted by 100% (human) and 0% (random) on y
axis; see Methods). Our DQN method outperforms the best existing
reinforcement learning methods on 43 of the games without incorpo-
rating any of the additional prior knowledge about Atari 2600 games
used by other approaches (for example, refs 12, 15). Furthermore, our
DQN agent performed at a level that was comparable to that of a pro-
fessional human games tester across the set of 49 games, achieving more
than 75% of the human score on more than half of the games (29 games;

Convolution Convolution Fully connected Fully connected

No input

Figure 1 | Schematic illustration of the convolutional neural network. The
details of the architecture are explained in the Methods. The input to the neural
network consists of an 84 3 84 3 4 image produced by the preprocessing
map w, followed by three convolutional layers (note: snaking blue line

symbolizes sliding of each filter across input image) and two fully connected
layers with a single output for each valid action. Each hidden layer is followed
by a rectifier nonlinearity (that is, max 0,xð Þ).
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Figure 2 | Training curves tracking the agent’s average score and average
predicted action-value. a, Each point is the average score achieved per episode
after the agent is run with e-greedy policy (e 5 0.05) for 520 k frames on Space
Invaders. b, Average score achieved per episode for Seaquest. c, Average
predicted action-value on a held-out set of states on Space Invaders. Each point

on the curve is the average of the action-value Q computed over the held-out
set of states. Note that Q-values are scaled due to clipping of rewards (see
Methods). d, Average predicted action-value on Seaquest. See Supplementary
Discussion for details.
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• 2600 atari games 
• state space: pixels (e.g. VGA resolution) 
• action space: discrete joystic actions (8 directions + 

8 directions with button) 
• collection of control tasks: https://gym.openai.com

Mnih et al. Nature 2015

https://gym.openai.com
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see Fig. 3, Supplementary Discussion and Extended Data Table 2). In
additional simulations (see Supplementary Discussion and Extended
Data Tables 3 and 4), we demonstrate the importance of the individual
core components of the DQN agent—the replay memory, separate target
Q-network and deep convolutional network architecture—by disabling
them and demonstrating the detrimental effects on performance.

We next examined the representations learned by DQN that under-
pinned the successful performance of the agent in the context of the game
Space Invaders (see Supplementary Video 1 for a demonstration of the
performance of DQN), by using a technique developed for the visual-
ization of high-dimensional data called ‘t-SNE’25 (Fig. 4). As expected,
the t-SNE algorithm tends to map the DQN representation of percep-
tually similar states to nearby points. Interestingly, we also found instances
in which the t-SNE algorithm generated similar embeddings for DQN
representations of states that are close in terms of expected reward but

perceptually dissimilar (Fig. 4, bottom right, top left and middle), con-
sistent with the notion that the network is able to learn representations
that support adaptive behaviour from high-dimensional sensory inputs.
Furthermore, we also show that the representations learned by DQN
are able to generalize to data generated from policies other than its
own—in simulations where we presented as input to the network game
states experienced during human and agent play, recorded the repre-
sentations of the last hidden layer, and visualized the embeddings gen-
erated by the t-SNE algorithm (Extended Data Fig. 1 and Supplementary
Discussion). Extended Data Fig. 2 provides an additional illustration of
how the representations learned by DQN allow it to accurately predict
state and action values.

It is worth noting that the games in which DQN excels are extremely
varied in their nature, from side-scrolling shooters (River Raid) to box-
ing games (Boxing) and three-dimensional car-racing games (Enduro).

Montezuma's Revenge
Private Eye

Gravitar
Frostbite
Asteroids

Ms. Pac-Man
Bowling

Double Dunk
Seaquest

Venture
Alien

Amidar

River Raid
Bank Heist

Zaxxon

Centipede
Chopper Command

Wizard of Wor
Battle Zone

Asterix
H.E.R.O.

Q*bert
Ice Hockey

Up and Down
Fishing Derby

Enduro
Time Pilot

Freeway
Kung-Fu Master

Tutankham
Beam Rider

Space Invaders
Pong

James Bond
Tennis

Kangaroo
Road Runner

Assault
Krull

Name This Game
Demon Attack

Gopher
Crazy Climber

Atlantis
Robotank

Star Gunner
Breakout

Boxing
Video Pinball

At human-level or above

Below human-level

0 100 200 300 400 4,500%500 1,000600

Best linear learner

DQN

Figure 3 | Comparison of the DQN agent with the best reinforcement
learning methods15 in the literature. The performance of DQN is normalized
with respect to a professional human games tester (that is, 100% level) and
random play (that is, 0% level). Note that the normalized performance of DQN,
expressed as a percentage, is calculated as: 100 3 (DQN score 2 random play
score)/(human score 2 random play score). It can be seen that DQN

outperforms competing methods (also see Extended Data Table 2) in almost all
the games, and performs at a level that is broadly comparable with or superior
to a professional human games tester (that is, operationalized as a level of
75% or above) in the majority of games. Audio output was disabled for both
human players and agents. Error bars indicate s.d. across the 30 evaluation
episodes, starting with different initial conditions.
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Reward shaping

• Sparse rewards are easier to design correctly 
• Dense rewards are easier to learn
• Half cheetah:  

• sparse rewards (for reaching the goal position fast) 
• dense rewards (for velocity)
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Reward shaping

• Sparse rewards are easier to design correctly 
• Dense rewards are easier to learn
• Half cheetah:  

• sparse rewards (for reaching the goal position fast) 
• dense rewards (for velocity)
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Faculty of Electrical Engineering, Department of Cybernetics

Reward shaping

• Sparse rewards are easier to design correctly 
• Dense rewards are easier to learn
• Half cheetah:  

• sparse rewards (for reaching the goal position fast) 
• dense rewards (for velocity)

J⇡
<latexit sha1_base64="Tn8UrKeyWCBsQWBDOXJpIPObymk=">AAAB7HicbZBNS8NAEIYn9avWr6pHL4tF8FQSEfRY9CKeKpi20Iay2W7apZtN2J0IJfQ3ePGgiFd/kDf/jds2B219YeHhnRl25g1TKQy67rdTWlvf2Nwqb1d2dvf2D6qHRy2TZJpxnyUy0Z2QGi6F4j4KlLyTak7jUPJ2OL6d1dtPXBuRqEecpDyI6VCJSDCK1vLv+71U9Ks1t+7ORVbBK6AGhZr96ldvkLAs5gqZpMZ0PTfFIKcaBZN8WullhqeUjemQdy0qGnMT5PNlp+TMOgMSJdo+hWTu/p7IaWzMJA5tZ0xxZJZrM/O/WjfD6DrIhUoz5IotPooySTAhs8vJQGjOUE4sUKaF3ZWwEdWUoc2nYkPwlk9ehdZF3bP8cFlr3BRxlOEETuEcPLiCBtxBE3xgIOAZXuHNUc6L8+58LFpLTjFzDH/kfP4AnAmOig==</latexit><latexit sha1_base64="Tn8UrKeyWCBsQWBDOXJpIPObymk=">AAAB7HicbZBNS8NAEIYn9avWr6pHL4tF8FQSEfRY9CKeKpi20Iay2W7apZtN2J0IJfQ3ePGgiFd/kDf/jds2B219YeHhnRl25g1TKQy67rdTWlvf2Nwqb1d2dvf2D6qHRy2TZJpxnyUy0Z2QGi6F4j4KlLyTak7jUPJ2OL6d1dtPXBuRqEecpDyI6VCJSDCK1vLv+71U9Ks1t+7ORVbBK6AGhZr96ldvkLAs5gqZpMZ0PTfFIKcaBZN8WullhqeUjemQdy0qGnMT5PNlp+TMOgMSJdo+hWTu/p7IaWzMJA5tZ0xxZJZrM/O/WjfD6DrIhUoz5IotPooySTAhs8vJQGjOUE4sUKaF3ZWwEdWUoc2nYkPwlk9ehdZF3bP8cFlr3BRxlOEETuEcPLiCBtxBE3xgIOAZXuHNUc6L8+58LFpLTjFzDH/kfP4AnAmOig==</latexit><latexit sha1_base64="Tn8UrKeyWCBsQWBDOXJpIPObymk=">AAAB7HicbZBNS8NAEIYn9avWr6pHL4tF8FQSEfRY9CKeKpi20Iay2W7apZtN2J0IJfQ3ePGgiFd/kDf/jds2B219YeHhnRl25g1TKQy67rdTWlvf2Nwqb1d2dvf2D6qHRy2TZJpxnyUy0Z2QGi6F4j4KlLyTak7jUPJ2OL6d1dtPXBuRqEecpDyI6VCJSDCK1vLv+71U9Ks1t+7ORVbBK6AGhZr96ldvkLAs5gqZpMZ0PTfFIKcaBZN8WullhqeUjemQdy0qGnMT5PNlp+TMOgMSJdo+hWTu/p7IaWzMJA5tZ0xxZJZrM/O/WjfD6DrIhUoz5IotPooySTAhs8vJQGjOUE4sUKaF3ZWwEdWUoc2nYkPwlk9ehdZF3bP8cFlr3BRxlOEETuEcPLiCBtxBE3xgIOAZXuHNUc6L8+58LFpLTjFzDH/kfP4AnAmOig==</latexit><latexit sha1_base64="Tn8UrKeyWCBsQWBDOXJpIPObymk=">AAAB7HicbZBNS8NAEIYn9avWr6pHL4tF8FQSEfRY9CKeKpi20Iay2W7apZtN2J0IJfQ3ePGgiFd/kDf/jds2B219YeHhnRl25g1TKQy67rdTWlvf2Nwqb1d2dvf2D6qHRy2TZJpxnyUy0Z2QGi6F4j4KlLyTak7jUPJ2OL6d1dtPXBuRqEecpDyI6VCJSDCK1vLv+71U9Ks1t+7ORVbBK6AGhZr96ldvkLAs5gqZpMZ0PTfFIKcaBZN8WullhqeUjemQdy0qGnMT5PNlp+TMOgMSJdo+hWTu/p7IaWzMJA5tZ0xxZJZrM/O/WjfD6DrIhUoz5IotPooySTAhs8vJQGjOUE4sUKaF3ZWwEdWUoc2nYkPwlk9ehdZF3bP8cFlr3BRxlOEETuEcPLiCBtxBE3xgIOAZXuHNUc6L8+58LFpLTjFzDH/kfP4AnAmOig==</latexit>

⇡
<latexit sha1_base64="BD88AXvjS3lujLi2A79/yugFl1Y=">AAAB6nicbZBNS8NAEIYn9avWr6hHL4tF8FQSEfRY9OKxov2ANpTNdtMu3WzC7kQooT/BiwdFvPqLvPlv3LY5aOsLCw/vzLAzb5hKYdDzvp3S2vrG5lZ5u7Kzu7d/4B4etUySacabLJGJ7oTUcCkUb6JAyTup5jQOJW+H49tZvf3EtRGJesRJyoOYDpWIBKNorYdeKvpu1at5c5FV8AuoQqFG3/3qDRKWxVwhk9SYru+lGORUo2CSTyu9zPCUsjEd8q5FRWNugny+6pScWWdAokTbp5DM3d8TOY2NmcSh7YwpjsxybWb+V+tmGF0HuVBphlyxxUdRJgkmZHY3GQjNGcqJBcq0sLsSNqKaMrTpVGwI/vLJq9C6qPmW7y+r9ZsijjKcwCmcgw9XUIc7aEATGAzhGV7hzZHOi/PufCxaS04xcwx/5Hz+AE+/jc0=</latexit><latexit sha1_base64="BD88AXvjS3lujLi2A79/yugFl1Y=">AAAB6nicbZBNS8NAEIYn9avWr6hHL4tF8FQSEfRY9OKxov2ANpTNdtMu3WzC7kQooT/BiwdFvPqLvPlv3LY5aOsLCw/vzLAzb5hKYdDzvp3S2vrG5lZ5u7Kzu7d/4B4etUySacabLJGJ7oTUcCkUb6JAyTup5jQOJW+H49tZvf3EtRGJesRJyoOYDpWIBKNorYdeKvpu1at5c5FV8AuoQqFG3/3qDRKWxVwhk9SYru+lGORUo2CSTyu9zPCUsjEd8q5FRWNugny+6pScWWdAokTbp5DM3d8TOY2NmcSh7YwpjsxybWb+V+tmGF0HuVBphlyxxUdRJgkmZHY3GQjNGcqJBcq0sLsSNqKaMrTpVGwI/vLJq9C6qPmW7y+r9ZsijjKcwCmcgw9XUIc7aEATGAzhGV7hzZHOi/PufCxaS04xcwx/5Hz+AE+/jc0=</latexit><latexit sha1_base64="BD88AXvjS3lujLi2A79/yugFl1Y=">AAAB6nicbZBNS8NAEIYn9avWr6hHL4tF8FQSEfRY9OKxov2ANpTNdtMu3WzC7kQooT/BiwdFvPqLvPlv3LY5aOsLCw/vzLAzb5hKYdDzvp3S2vrG5lZ5u7Kzu7d/4B4etUySacabLJGJ7oTUcCkUb6JAyTup5jQOJW+H49tZvf3EtRGJesRJyoOYDpWIBKNorYdeKvpu1at5c5FV8AuoQqFG3/3qDRKWxVwhk9SYru+lGORUo2CSTyu9zPCUsjEd8q5FRWNugny+6pScWWdAokTbp5DM3d8TOY2NmcSh7YwpjsxybWb+V+tmGF0HuVBphlyxxUdRJgkmZHY3GQjNGcqJBcq0sLsSNqKaMrTpVGwI/vLJq9C6qPmW7y+r9ZsijjKcwCmcgw9XUIc7aEATGAzhGV7hzZHOi/PufCxaS04xcwx/5Hz+AE+/jc0=</latexit><latexit sha1_base64="BD88AXvjS3lujLi2A79/yugFl1Y=">AAAB6nicbZBNS8NAEIYn9avWr6hHL4tF8FQSEfRY9OKxov2ANpTNdtMu3WzC7kQooT/BiwdFvPqLvPlv3LY5aOsLCw/vzLAzb5hKYdDzvp3S2vrG5lZ5u7Kzu7d/4B4etUySacabLJGJ7oTUcCkUb6JAyTup5jQOJW+H49tZvf3EtRGJesRJyoOYDpWIBKNorYdeKvpu1at5c5FV8AuoQqFG3/3qDRKWxVwhk9SYru+lGORUo2CSTyu9zPCUsjEd8q5FRWNugny+6pScWWdAokTbp5DM3d8TOY2NmcSh7YwpjsxybWb+V+tmGF0HuVBphlyxxUdRJgkmZHY3GQjNGcqJBcq0sLsSNqKaMrTpVGwI/vLJq9C6qPmW7y+r9ZsijjKcwCmcgw9XUIc7aEATGAzhGV7hzZHOi/PufCxaS04xcwx/5Hz+AE+/jc0=</latexit>

⇡⇤
<latexit sha1_base64="X0qPvu1l8NdBrY3kv/+8CtLViL0=">AAAB7HicbZBNS8NAEIYnftb6VfXoZbEI4qEkIuix6MVjBdMW2lg22027dLMJuxOhhP4GLx4U8eoP8ua/cdvmoK0vLDy8M8POvGEqhUHX/XZWVtfWNzZLW+Xtnd29/crBYdMkmWbcZ4lMdDukhkuhuI8CJW+nmtM4lLwVjm6n9dYT10Yk6gHHKQ9iOlAiEoyitfxuKh7Pe5WqW3NnIsvgFVCFQo1e5avbT1gWc4VMUmM6nptikFONgkk+KXczw1PKRnTAOxYVjbkJ8tmyE3JqnT6JEm2fQjJzf0/kNDZmHIe2M6Y4NIu1qflfrZNhdB3kQqUZcsXmH0WZJJiQ6eWkLzRnKMcWKNPC7krYkGrK0OZTtiF4iycvQ/Oi5lm+v6zWb4o4SnAMJ3AGHlxBHe6gAT4wEPAMr/DmKOfFeXc+5q0rTjFzBH/kfP4AaoiOaQ==</latexit><latexit sha1_base64="X0qPvu1l8NdBrY3kv/+8CtLViL0=">AAAB7HicbZBNS8NAEIYnftb6VfXoZbEI4qEkIuix6MVjBdMW2lg22027dLMJuxOhhP4GLx4U8eoP8ua/cdvmoK0vLDy8M8POvGEqhUHX/XZWVtfWNzZLW+Xtnd29/crBYdMkmWbcZ4lMdDukhkuhuI8CJW+nmtM4lLwVjm6n9dYT10Yk6gHHKQ9iOlAiEoyitfxuKh7Pe5WqW3NnIsvgFVCFQo1e5avbT1gWc4VMUmM6nptikFONgkk+KXczw1PKRnTAOxYVjbkJ8tmyE3JqnT6JEm2fQjJzf0/kNDZmHIe2M6Y4NIu1qflfrZNhdB3kQqUZcsXmH0WZJJiQ6eWkLzRnKMcWKNPC7krYkGrK0OZTtiF4iycvQ/Oi5lm+v6zWb4o4SnAMJ3AGHlxBHe6gAT4wEPAMr/DmKOfFeXc+5q0rTjFzBH/kfP4AaoiOaQ==</latexit><latexit sha1_base64="X0qPvu1l8NdBrY3kv/+8CtLViL0=">AAAB7HicbZBNS8NAEIYnftb6VfXoZbEI4qEkIuix6MVjBdMW2lg22027dLMJuxOhhP4GLx4U8eoP8ua/cdvmoK0vLDy8M8POvGEqhUHX/XZWVtfWNzZLW+Xtnd29/crBYdMkmWbcZ4lMdDukhkuhuI8CJW+nmtM4lLwVjm6n9dYT10Yk6gHHKQ9iOlAiEoyitfxuKh7Pe5WqW3NnIsvgFVCFQo1e5avbT1gWc4VMUmM6nptikFONgkk+KXczw1PKRnTAOxYVjbkJ8tmyE3JqnT6JEm2fQjJzf0/kNDZmHIe2M6Y4NIu1qflfrZNhdB3kQqUZcsXmH0WZJJiQ6eWkLzRnKMcWKNPC7krYkGrK0OZTtiF4iycvQ/Oi5lm+v6zWb4o4SnAMJ3AGHlxBHe6gAT4wEPAMr/DmKOfFeXc+5q0rTjFzBH/kfP4AaoiOaQ==</latexit><latexit sha1_base64="X0qPvu1l8NdBrY3kv/+8CtLViL0=">AAAB7HicbZBNS8NAEIYnftb6VfXoZbEI4qEkIuix6MVjBdMW2lg22027dLMJuxOhhP4GLx4U8eoP8ua/cdvmoK0vLDy8M8POvGEqhUHX/XZWVtfWNzZLW+Xtnd29/crBYdMkmWbcZ4lMdDukhkuhuI8CJW+nmtM4lLwVjm6n9dYT10Yk6gHHKQ9iOlAiEoyitfxuKh7Pe5WqW3NnIsvgFVCFQo1e5avbT1gWc4VMUmM6nptikFONgkk+KXczw1PKRnTAOxYVjbkJ8tmyE3JqnT6JEm2fQjJzf0/kNDZmHIe2M6Y4NIu1qflfrZNhdB3kQqUZcsXmH0WZJJiQ6eWkLzRnKMcWKNPC7krYkGrK0OZTtiF4iycvQ/Oi5lm+v6zWb4o4SnAMJ3AGHlxBHe6gAT4wEPAMr/DmKOfFeXc+5q0rTjFzBH/kfP4AaoiOaQ==</latexit>

well-chosen dense rewards



Czech Technical University in Prague
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Reward shaping

• Sparse rewards are easier to design correctly 
• Dense rewards are easier to learn
• Half cheetah:  

• sparse rewards (for reaching the goal position fast) 
• dense rewards (for velocity)

J⇡
<latexit sha1_base64="Tn8UrKeyWCBsQWBDOXJpIPObymk=">AAAB7HicbZBNS8NAEIYn9avWr6pHL4tF8FQSEfRY9CKeKpi20Iay2W7apZtN2J0IJfQ3ePGgiFd/kDf/jds2B219YeHhnRl25g1TKQy67rdTWlvf2Nwqb1d2dvf2D6qHRy2TZJpxnyUy0Z2QGi6F4j4KlLyTak7jUPJ2OL6d1dtPXBuRqEecpDyI6VCJSDCK1vLv+71U9Ks1t+7ORVbBK6AGhZr96ldvkLAs5gqZpMZ0PTfFIKcaBZN8WullhqeUjemQdy0qGnMT5PNlp+TMOgMSJdo+hWTu/p7IaWzMJA5tZ0xxZJZrM/O/WjfD6DrIhUoz5IotPooySTAhs8vJQGjOUE4sUKaF3ZWwEdWUoc2nYkPwlk9ehdZF3bP8cFlr3BRxlOEETuEcPLiCBtxBE3xgIOAZXuHNUc6L8+58LFpLTjFzDH/kfP4AnAmOig==</latexit><latexit sha1_base64="Tn8UrKeyWCBsQWBDOXJpIPObymk=">AAAB7HicbZBNS8NAEIYn9avWr6pHL4tF8FQSEfRY9CKeKpi20Iay2W7apZtN2J0IJfQ3ePGgiFd/kDf/jds2B219YeHhnRl25g1TKQy67rdTWlvf2Nwqb1d2dvf2D6qHRy2TZJpxnyUy0Z2QGi6F4j4KlLyTak7jUPJ2OL6d1dtPXBuRqEecpDyI6VCJSDCK1vLv+71U9Ks1t+7ORVbBK6AGhZr96ldvkLAs5gqZpMZ0PTfFIKcaBZN8WullhqeUjemQdy0qGnMT5PNlp+TMOgMSJdo+hWTu/p7IaWzMJA5tZ0xxZJZrM/O/WjfD6DrIhUoz5IotPooySTAhs8vJQGjOUE4sUKaF3ZWwEdWUoc2nYkPwlk9ehdZF3bP8cFlr3BRxlOEETuEcPLiCBtxBE3xgIOAZXuHNUc6L8+58LFpLTjFzDH/kfP4AnAmOig==</latexit><latexit sha1_base64="Tn8UrKeyWCBsQWBDOXJpIPObymk=">AAAB7HicbZBNS8NAEIYn9avWr6pHL4tF8FQSEfRY9CKeKpi20Iay2W7apZtN2J0IJfQ3ePGgiFd/kDf/jds2B219YeHhnRl25g1TKQy67rdTWlvf2Nwqb1d2dvf2D6qHRy2TZJpxnyUy0Z2QGi6F4j4KlLyTak7jUPJ2OL6d1dtPXBuRqEecpDyI6VCJSDCK1vLv+71U9Ks1t+7ORVbBK6AGhZr96ldvkLAs5gqZpMZ0PTfFIKcaBZN8WullhqeUjemQdy0qGnMT5PNlp+TMOgMSJdo+hWTu/p7IaWzMJA5tZ0xxZJZrM/O/WjfD6DrIhUoz5IotPooySTAhs8vJQGjOUE4sUKaF3ZWwEdWUoc2nYkPwlk9ehdZF3bP8cFlr3BRxlOEETuEcPLiCBtxBE3xgIOAZXuHNUc6L8+58LFpLTjFzDH/kfP4AnAmOig==</latexit><latexit sha1_base64="Tn8UrKeyWCBsQWBDOXJpIPObymk=">AAAB7HicbZBNS8NAEIYn9avWr6pHL4tF8FQSEfRY9CKeKpi20Iay2W7apZtN2J0IJfQ3ePGgiFd/kDf/jds2B219YeHhnRl25g1TKQy67rdTWlvf2Nwqb1d2dvf2D6qHRy2TZJpxnyUy0Z2QGi6F4j4KlLyTak7jUPJ2OL6d1dtPXBuRqEecpDyI6VCJSDCK1vLv+71U9Ks1t+7ORVbBK6AGhZr96ldvkLAs5gqZpMZ0PTfFIKcaBZN8WullhqeUjemQdy0qGnMT5PNlp+TMOgMSJdo+hWTu/p7IaWzMJA5tZ0xxZJZrM/O/WjfD6DrIhUoz5IotPooySTAhs8vJQGjOUE4sUKaF3ZWwEdWUoc2nYkPwlk9ehdZF3bP8cFlr3BRxlOEETuEcPLiCBtxBE3xgIOAZXuHNUc6L8+58LFpLTjFzDH/kfP4AnAmOig==</latexit>

⇡
<latexit sha1_base64="BD88AXvjS3lujLi2A79/yugFl1Y=">AAAB6nicbZBNS8NAEIYn9avWr6hHL4tF8FQSEfRY9OKxov2ANpTNdtMu3WzC7kQooT/BiwdFvPqLvPlv3LY5aOsLCw/vzLAzb5hKYdDzvp3S2vrG5lZ5u7Kzu7d/4B4etUySacabLJGJ7oTUcCkUb6JAyTup5jQOJW+H49tZvf3EtRGJesRJyoOYDpWIBKNorYdeKvpu1at5c5FV8AuoQqFG3/3qDRKWxVwhk9SYru+lGORUo2CSTyu9zPCUsjEd8q5FRWNugny+6pScWWdAokTbp5DM3d8TOY2NmcSh7YwpjsxybWb+V+tmGF0HuVBphlyxxUdRJgkmZHY3GQjNGcqJBcq0sLsSNqKaMrTpVGwI/vLJq9C6qPmW7y+r9ZsijjKcwCmcgw9XUIc7aEATGAzhGV7hzZHOi/PufCxaS04xcwx/5Hz+AE+/jc0=</latexit><latexit sha1_base64="BD88AXvjS3lujLi2A79/yugFl1Y=">AAAB6nicbZBNS8NAEIYn9avWr6hHL4tF8FQSEfRY9OKxov2ANpTNdtMu3WzC7kQooT/BiwdFvPqLvPlv3LY5aOsLCw/vzLAzb5hKYdDzvp3S2vrG5lZ5u7Kzu7d/4B4etUySacabLJGJ7oTUcCkUb6JAyTup5jQOJW+H49tZvf3EtRGJesRJyoOYDpWIBKNorYdeKvpu1at5c5FV8AuoQqFG3/3qDRKWxVwhk9SYru+lGORUo2CSTyu9zPCUsjEd8q5FRWNugny+6pScWWdAokTbp5DM3d8TOY2NmcSh7YwpjsxybWb+V+tmGF0HuVBphlyxxUdRJgkmZHY3GQjNGcqJBcq0sLsSNqKaMrTpVGwI/vLJq9C6qPmW7y+r9ZsijjKcwCmcgw9XUIc7aEATGAzhGV7hzZHOi/PufCxaS04xcwx/5Hz+AE+/jc0=</latexit><latexit sha1_base64="BD88AXvjS3lujLi2A79/yugFl1Y=">AAAB6nicbZBNS8NAEIYn9avWr6hHL4tF8FQSEfRY9OKxov2ANpTNdtMu3WzC7kQooT/BiwdFvPqLvPlv3LY5aOsLCw/vzLAzb5hKYdDzvp3S2vrG5lZ5u7Kzu7d/4B4etUySacabLJGJ7oTUcCkUb6JAyTup5jQOJW+H49tZvf3EtRGJesRJyoOYDpWIBKNorYdeKvpu1at5c5FV8AuoQqFG3/3qDRKWxVwhk9SYru+lGORUo2CSTyu9zPCUsjEd8q5FRWNugny+6pScWWdAokTbp5DM3d8TOY2NmcSh7YwpjsxybWb+V+tmGF0HuVBphlyxxUdRJgkmZHY3GQjNGcqJBcq0sLsSNqKaMrTpVGwI/vLJq9C6qPmW7y+r9ZsijjKcwCmcgw9XUIc7aEATGAzhGV7hzZHOi/PufCxaS04xcwx/5Hz+AE+/jc0=</latexit><latexit sha1_base64="BD88AXvjS3lujLi2A79/yugFl1Y=">AAAB6nicbZBNS8NAEIYn9avWr6hHL4tF8FQSEfRY9OKxov2ANpTNdtMu3WzC7kQooT/BiwdFvPqLvPlv3LY5aOsLCw/vzLAzb5hKYdDzvp3S2vrG5lZ5u7Kzu7d/4B4etUySacabLJGJ7oTUcCkUb6JAyTup5jQOJW+H49tZvf3EtRGJesRJyoOYDpWIBKNorYdeKvpu1at5c5FV8AuoQqFG3/3qDRKWxVwhk9SYru+lGORUo2CSTyu9zPCUsjEd8q5FRWNugny+6pScWWdAokTbp5DM3d8TOY2NmcSh7YwpjsxybWb+V+tmGF0HuVBphlyxxUdRJgkmZHY3GQjNGcqJBcq0sLsSNqKaMrTpVGwI/vLJq9C6qPmW7y+r9ZsijjKcwCmcgw9XUIc7aEATGAzhGV7hzZHOi/PufCxaS04xcwx/5Hz+AE+/jc0=</latexit>

⇡⇤
<latexit sha1_base64="X0qPvu1l8NdBrY3kv/+8CtLViL0=">AAAB7HicbZBNS8NAEIYnftb6VfXoZbEI4qEkIuix6MVjBdMW2lg22027dLMJuxOhhP4GLx4U8eoP8ua/cdvmoK0vLDy8M8POvGEqhUHX/XZWVtfWNzZLW+Xtnd29/crBYdMkmWbcZ4lMdDukhkuhuI8CJW+nmtM4lLwVjm6n9dYT10Yk6gHHKQ9iOlAiEoyitfxuKh7Pe5WqW3NnIsvgFVCFQo1e5avbT1gWc4VMUmM6nptikFONgkk+KXczw1PKRnTAOxYVjbkJ8tmyE3JqnT6JEm2fQjJzf0/kNDZmHIe2M6Y4NIu1qflfrZNhdB3kQqUZcsXmH0WZJJiQ6eWkLzRnKMcWKNPC7krYkGrK0OZTtiF4iycvQ/Oi5lm+v6zWb4o4SnAMJ3AGHlxBHe6gAT4wEPAMr/DmKOfFeXc+5q0rTjFzBH/kfP4AaoiOaQ==</latexit><latexit sha1_base64="X0qPvu1l8NdBrY3kv/+8CtLViL0=">AAAB7HicbZBNS8NAEIYnftb6VfXoZbEI4qEkIuix6MVjBdMW2lg22027dLMJuxOhhP4GLx4U8eoP8ua/cdvmoK0vLDy8M8POvGEqhUHX/XZWVtfWNzZLW+Xtnd29/crBYdMkmWbcZ4lMdDukhkuhuI8CJW+nmtM4lLwVjm6n9dYT10Yk6gHHKQ9iOlAiEoyitfxuKh7Pe5WqW3NnIsvgFVCFQo1e5avbT1gWc4VMUmM6nptikFONgkk+KXczw1PKRnTAOxYVjbkJ8tmyE3JqnT6JEm2fQjJzf0/kNDZmHIe2M6Y4NIu1qflfrZNhdB3kQqUZcsXmH0WZJJiQ6eWkLzRnKMcWKNPC7krYkGrK0OZTtiF4iycvQ/Oi5lm+v6zWb4o4SnAMJ3AGHlxBHe6gAT4wEPAMr/DmKOfFeXc+5q0rTjFzBH/kfP4AaoiOaQ==</latexit><latexit sha1_base64="X0qPvu1l8NdBrY3kv/+8CtLViL0=">AAAB7HicbZBNS8NAEIYnftb6VfXoZbEI4qEkIuix6MVjBdMW2lg22027dLMJuxOhhP4GLx4U8eoP8ua/cdvmoK0vLDy8M8POvGEqhUHX/XZWVtfWNzZLW+Xtnd29/crBYdMkmWbcZ4lMdDukhkuhuI8CJW+nmtM4lLwVjm6n9dYT10Yk6gHHKQ9iOlAiEoyitfxuKh7Pe5WqW3NnIsvgFVCFQo1e5avbT1gWc4VMUmM6nptikFONgkk+KXczw1PKRnTAOxYVjbkJ8tmyE3JqnT6JEm2fQjJzf0/kNDZmHIe2M6Y4NIu1qflfrZNhdB3kQqUZcsXmH0WZJJiQ6eWkLzRnKMcWKNPC7krYkGrK0OZTtiF4iycvQ/Oi5lm+v6zWb4o4SnAMJ3AGHlxBHe6gAT4wEPAMr/DmKOfFeXc+5q0rTjFzBH/kfP4AaoiOaQ==</latexit><latexit sha1_base64="X0qPvu1l8NdBrY3kv/+8CtLViL0=">AAAB7HicbZBNS8NAEIYnftb6VfXoZbEI4qEkIuix6MVjBdMW2lg22027dLMJuxOhhP4GLx4U8eoP8ua/cdvmoK0vLDy8M8POvGEqhUHX/XZWVtfWNzZLW+Xtnd29/crBYdMkmWbcZ4lMdDukhkuhuI8CJW+nmtM4lLwVjm6n9dYT10Yk6gHHKQ9iOlAiEoyitfxuKh7Pe5WqW3NnIsvgFVCFQo1e5avbT1gWc4VMUmM6nptikFONgkk+KXczw1PKRnTAOxYVjbkJ8tmyE3JqnT6JEm2fQjJzf0/kNDZmHIe2M6Y4NIu1qflfrZNhdB3kQqUZcsXmH0WZJJiQ6eWkLzRnKMcWKNPC7krYkGrK0OZTtiF4iycvQ/Oi5lm+v6zWb4o4SnAMJ3AGHlxBHe6gAT4wEPAMr/DmKOfFeXc+5q0rTjFzBH/kfP4AaoiOaQ==</latexit>

badly chosen dense rewards
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Faculty of Electrical Engineering, Department of Cybernetics

Reward shaping

• Sparse rewards are easier to design correctly 
• Dense rewards are easier to learn
• Half cheetah:  

• sparse rewards (for reaching the goal position fast) 
• dense rewards (for velocity)

J⇡
<latexit sha1_base64="Tn8UrKeyWCBsQWBDOXJpIPObymk=">AAAB7HicbZBNS8NAEIYn9avWr6pHL4tF8FQSEfRY9CKeKpi20Iay2W7apZtN2J0IJfQ3ePGgiFd/kDf/jds2B219YeHhnRl25g1TKQy67rdTWlvf2Nwqb1d2dvf2D6qHRy2TZJpxnyUy0Z2QGi6F4j4KlLyTak7jUPJ2OL6d1dtPXBuRqEecpDyI6VCJSDCK1vLv+71U9Ks1t+7ORVbBK6AGhZr96ldvkLAs5gqZpMZ0PTfFIKcaBZN8WullhqeUjemQdy0qGnMT5PNlp+TMOgMSJdo+hWTu/p7IaWzMJA5tZ0xxZJZrM/O/WjfD6DrIhUoz5IotPooySTAhs8vJQGjOUE4sUKaF3ZWwEdWUoc2nYkPwlk9ehdZF3bP8cFlr3BRxlOEETuEcPLiCBtxBE3xgIOAZXuHNUc6L8+58LFpLTjFzDH/kfP4AnAmOig==</latexit><latexit sha1_base64="Tn8UrKeyWCBsQWBDOXJpIPObymk=">AAAB7HicbZBNS8NAEIYn9avWr6pHL4tF8FQSEfRY9CKeKpi20Iay2W7apZtN2J0IJfQ3ePGgiFd/kDf/jds2B219YeHhnRl25g1TKQy67rdTWlvf2Nwqb1d2dvf2D6qHRy2TZJpxnyUy0Z2QGi6F4j4KlLyTak7jUPJ2OL6d1dtPXBuRqEecpDyI6VCJSDCK1vLv+71U9Ks1t+7ORVbBK6AGhZr96ldvkLAs5gqZpMZ0PTfFIKcaBZN8WullhqeUjemQdy0qGnMT5PNlp+TMOgMSJdo+hWTu/p7IaWzMJA5tZ0xxZJZrM/O/WjfD6DrIhUoz5IotPooySTAhs8vJQGjOUE4sUKaF3ZWwEdWUoc2nYkPwlk9ehdZF3bP8cFlr3BRxlOEETuEcPLiCBtxBE3xgIOAZXuHNUc6L8+58LFpLTjFzDH/kfP4AnAmOig==</latexit><latexit sha1_base64="Tn8UrKeyWCBsQWBDOXJpIPObymk=">AAAB7HicbZBNS8NAEIYn9avWr6pHL4tF8FQSEfRY9CKeKpi20Iay2W7apZtN2J0IJfQ3ePGgiFd/kDf/jds2B219YeHhnRl25g1TKQy67rdTWlvf2Nwqb1d2dvf2D6qHRy2TZJpxnyUy0Z2QGi6F4j4KlLyTak7jUPJ2OL6d1dtPXBuRqEecpDyI6VCJSDCK1vLv+71U9Ks1t+7ORVbBK6AGhZr96ldvkLAs5gqZpMZ0PTfFIKcaBZN8WullhqeUjemQdy0qGnMT5PNlp+TMOgMSJdo+hWTu/p7IaWzMJA5tZ0xxZJZrM/O/WjfD6DrIhUoz5IotPooySTAhs8vJQGjOUE4sUKaF3ZWwEdWUoc2nYkPwlk9ehdZF3bP8cFlr3BRxlOEETuEcPLiCBtxBE3xgIOAZXuHNUc6L8+58LFpLTjFzDH/kfP4AnAmOig==</latexit><latexit sha1_base64="Tn8UrKeyWCBsQWBDOXJpIPObymk=">AAAB7HicbZBNS8NAEIYn9avWr6pHL4tF8FQSEfRY9CKeKpi20Iay2W7apZtN2J0IJfQ3ePGgiFd/kDf/jds2B219YeHhnRl25g1TKQy67rdTWlvf2Nwqb1d2dvf2D6qHRy2TZJpxnyUy0Z2QGi6F4j4KlLyTak7jUPJ2OL6d1dtPXBuRqEecpDyI6VCJSDCK1vLv+71U9Ks1t+7ORVbBK6AGhZr96ldvkLAs5gqZpMZ0PTfFIKcaBZN8WullhqeUjemQdy0qGnMT5PNlp+TMOgMSJdo+hWTu/p7IaWzMJA5tZ0xxZJZrM/O/WjfD6DrIhUoz5IotPooySTAhs8vJQGjOUE4sUKaF3ZWwEdWUoc2nYkPwlk9ehdZF3bP8cFlr3BRxlOEETuEcPLiCBtxBE3xgIOAZXuHNUc6L8+58LFpLTjFzDH/kfP4AnAmOig==</latexit>

⇡
<latexit sha1_base64="BD88AXvjS3lujLi2A79/yugFl1Y=">AAAB6nicbZBNS8NAEIYn9avWr6hHL4tF8FQSEfRY9OKxov2ANpTNdtMu3WzC7kQooT/BiwdFvPqLvPlv3LY5aOsLCw/vzLAzb5hKYdDzvp3S2vrG5lZ5u7Kzu7d/4B4etUySacabLJGJ7oTUcCkUb6JAyTup5jQOJW+H49tZvf3EtRGJesRJyoOYDpWIBKNorYdeKvpu1at5c5FV8AuoQqFG3/3qDRKWxVwhk9SYru+lGORUo2CSTyu9zPCUsjEd8q5FRWNugny+6pScWWdAokTbp5DM3d8TOY2NmcSh7YwpjsxybWb+V+tmGF0HuVBphlyxxUdRJgkmZHY3GQjNGcqJBcq0sLsSNqKaMrTpVGwI/vLJq9C6qPmW7y+r9ZsijjKcwCmcgw9XUIc7aEATGAzhGV7hzZHOi/PufCxaS04xcwx/5Hz+AE+/jc0=</latexit><latexit sha1_base64="BD88AXvjS3lujLi2A79/yugFl1Y=">AAAB6nicbZBNS8NAEIYn9avWr6hHL4tF8FQSEfRY9OKxov2ANpTNdtMu3WzC7kQooT/BiwdFvPqLvPlv3LY5aOsLCw/vzLAzb5hKYdDzvp3S2vrG5lZ5u7Kzu7d/4B4etUySacabLJGJ7oTUcCkUb6JAyTup5jQOJW+H49tZvf3EtRGJesRJyoOYDpWIBKNorYdeKvpu1at5c5FV8AuoQqFG3/3qDRKWxVwhk9SYru+lGORUo2CSTyu9zPCUsjEd8q5FRWNugny+6pScWWdAokTbp5DM3d8TOY2NmcSh7YwpjsxybWb+V+tmGF0HuVBphlyxxUdRJgkmZHY3GQjNGcqJBcq0sLsSNqKaMrTpVGwI/vLJq9C6qPmW7y+r9ZsijjKcwCmcgw9XUIc7aEATGAzhGV7hzZHOi/PufCxaS04xcwx/5Hz+AE+/jc0=</latexit><latexit sha1_base64="BD88AXvjS3lujLi2A79/yugFl1Y=">AAAB6nicbZBNS8NAEIYn9avWr6hHL4tF8FQSEfRY9OKxov2ANpTNdtMu3WzC7kQooT/BiwdFvPqLvPlv3LY5aOsLCw/vzLAzb5hKYdDzvp3S2vrG5lZ5u7Kzu7d/4B4etUySacabLJGJ7oTUcCkUb6JAyTup5jQOJW+H49tZvf3EtRGJesRJyoOYDpWIBKNorYdeKvpu1at5c5FV8AuoQqFG3/3qDRKWxVwhk9SYru+lGORUo2CSTyu9zPCUsjEd8q5FRWNugny+6pScWWdAokTbp5DM3d8TOY2NmcSh7YwpjsxybWb+V+tmGF0HuVBphlyxxUdRJgkmZHY3GQjNGcqJBcq0sLsSNqKaMrTpVGwI/vLJq9C6qPmW7y+r9ZsijjKcwCmcgw9XUIc7aEATGAzhGV7hzZHOi/PufCxaS04xcwx/5Hz+AE+/jc0=</latexit><latexit sha1_base64="BD88AXvjS3lujLi2A79/yugFl1Y=">AAAB6nicbZBNS8NAEIYn9avWr6hHL4tF8FQSEfRY9OKxov2ANpTNdtMu3WzC7kQooT/BiwdFvPqLvPlv3LY5aOsLCw/vzLAzb5hKYdDzvp3S2vrG5lZ5u7Kzu7d/4B4etUySacabLJGJ7oTUcCkUb6JAyTup5jQOJW+H49tZvf3EtRGJesRJyoOYDpWIBKNorYdeKvpu1at5c5FV8AuoQqFG3/3qDRKWxVwhk9SYru+lGORUo2CSTyu9zPCUsjEd8q5FRWNugny+6pScWWdAokTbp5DM3d8TOY2NmcSh7YwpjsxybWb+V+tmGF0HuVBphlyxxUdRJgkmZHY3GQjNGcqJBcq0sLsSNqKaMrTpVGwI/vLJq9C6qPmW7y+r9ZsijjKcwCmcgw9XUIc7aEATGAzhGV7hzZHOi/PufCxaS04xcwx/5Hz+AE+/jc0=</latexit>

⇡⇤
<latexit sha1_base64="X0qPvu1l8NdBrY3kv/+8CtLViL0=">AAAB7HicbZBNS8NAEIYnftb6VfXoZbEI4qEkIuix6MVjBdMW2lg22027dLMJuxOhhP4GLx4U8eoP8ua/cdvmoK0vLDy8M8POvGEqhUHX/XZWVtfWNzZLW+Xtnd29/crBYdMkmWbcZ4lMdDukhkuhuI8CJW+nmtM4lLwVjm6n9dYT10Yk6gHHKQ9iOlAiEoyitfxuKh7Pe5WqW3NnIsvgFVCFQo1e5avbT1gWc4VMUmM6nptikFONgkk+KXczw1PKRnTAOxYVjbkJ8tmyE3JqnT6JEm2fQjJzf0/kNDZmHIe2M6Y4NIu1qflfrZNhdB3kQqUZcsXmH0WZJJiQ6eWkLzRnKMcWKNPC7krYkGrK0OZTtiF4iycvQ/Oi5lm+v6zWb4o4SnAMJ3AGHlxBHe6gAT4wEPAMr/DmKOfFeXc+5q0rTjFzBH/kfP4AaoiOaQ==</latexit><latexit sha1_base64="X0qPvu1l8NdBrY3kv/+8CtLViL0=">AAAB7HicbZBNS8NAEIYnftb6VfXoZbEI4qEkIuix6MVjBdMW2lg22027dLMJuxOhhP4GLx4U8eoP8ua/cdvmoK0vLDy8M8POvGEqhUHX/XZWVtfWNzZLW+Xtnd29/crBYdMkmWbcZ4lMdDukhkuhuI8CJW+nmtM4lLwVjm6n9dYT10Yk6gHHKQ9iOlAiEoyitfxuKh7Pe5WqW3NnIsvgFVCFQo1e5avbT1gWc4VMUmM6nptikFONgkk+KXczw1PKRnTAOxYVjbkJ8tmyE3JqnT6JEm2fQjJzf0/kNDZmHIe2M6Y4NIu1qflfrZNhdB3kQqUZcsXmH0WZJJiQ6eWkLzRnKMcWKNPC7krYkGrK0OZTtiF4iycvQ/Oi5lm+v6zWb4o4SnAMJ3AGHlxBHe6gAT4wEPAMr/DmKOfFeXc+5q0rTjFzBH/kfP4AaoiOaQ==</latexit><latexit sha1_base64="X0qPvu1l8NdBrY3kv/+8CtLViL0=">AAAB7HicbZBNS8NAEIYnftb6VfXoZbEI4qEkIuix6MVjBdMW2lg22027dLMJuxOhhP4GLx4U8eoP8ua/cdvmoK0vLDy8M8POvGEqhUHX/XZWVtfWNzZLW+Xtnd29/crBYdMkmWbcZ4lMdDukhkuhuI8CJW+nmtM4lLwVjm6n9dYT10Yk6gHHKQ9iOlAiEoyitfxuKh7Pe5WqW3NnIsvgFVCFQo1e5avbT1gWc4VMUmM6nptikFONgkk+KXczw1PKRnTAOxYVjbkJ8tmyE3JqnT6JEm2fQjJzf0/kNDZmHIe2M6Y4NIu1qflfrZNhdB3kQqUZcsXmH0WZJJiQ6eWkLzRnKMcWKNPC7krYkGrK0OZTtiF4iycvQ/Oi5lm+v6zWb4o4SnAMJ3AGHlxBHe6gAT4wEPAMr/DmKOfFeXc+5q0rTjFzBH/kfP4AaoiOaQ==</latexit><latexit sha1_base64="X0qPvu1l8NdBrY3kv/+8CtLViL0=">AAAB7HicbZBNS8NAEIYnftb6VfXoZbEI4qEkIuix6MVjBdMW2lg22027dLMJuxOhhP4GLx4U8eoP8ua/cdvmoK0vLDy8M8POvGEqhUHX/XZWVtfWNzZLW+Xtnd29/crBYdMkmWbcZ4lMdDukhkuhuI8CJW+nmtM4lLwVjm6n9dYT10Yk6gHHKQ9iOlAiEoyitfxuKh7Pe5WqW3NnIsvgFVCFQo1e5avbT1gWc4VMUmM6nptikFONgkk+KXczw1PKRnTAOxYVjbkJ8tmyE3JqnT6JEm2fQjJzf0/kNDZmHIe2M6Y4NIu1qflfrZNhdB3kQqUZcsXmH0WZJJiQ6eWkLzRnKMcWKNPC7krYkGrK0OZTtiF4iycvQ/Oi5lm+v6zWb4o4SnAMJ3AGHlxBHe6gAT4wEPAMr/DmKOfFeXc+5q0rTjFzBH/kfP4AaoiOaQ==</latexit>

badly chosen dense rewards
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• Sparse rewards are easier to design correctly 
• Dense rewards are easier to learn
• Boat racing (bad dense rewards):  

• sparse rewards (winning the race) 
• dense rewards (collecting powerups, checkpoints …)

Reward shaping



Czech Technical University in Prague
Faculty of Electrical Engineering, Department of Cybernetics

Levine
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Learning from expert demonstrations
• Sometimes easier to provide good trajectories  

than good rewards.
• Imitation learning setup
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Learning from expert demonstrations
• Sometimes easier to provide good trajectories  

than good rewards.
• Imitation learning setup

1. Collect expert trajectories 
2. Find policy

⌧⇤1 , ⌧
⇤
2 , ⌧

⇤
3 , . . .

<latexit sha1_base64="dTlE1XPpxfJJDV0DbF8sZkXL9RU="></latexit><latexit sha1_base64="dTlE1XPpxfJJDV0DbF8sZkXL9RU="></latexit><latexit sha1_base64="dTlE1XPpxfJJDV0DbF8sZkXL9RU="></latexit><latexit sha1_base64="dTlE1XPpxfJJDV0DbF8sZkXL9RU="></latexit>

argmin
✓

X

(xi,ai)2⌧⇤

k⇡✓(xi)� aik22
<latexit sha1_base64="fM5I6HLI1JjmFiRbwgqIPaxicHs="></latexit><latexit sha1_base64="fM5I6HLI1JjmFiRbwgqIPaxicHs="></latexit><latexit sha1_base64="fM5I6HLI1JjmFiRbwgqIPaxicHs="></latexit><latexit sha1_base64="fM5I6HLI1JjmFiRbwgqIPaxicHs="></latexit>
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Learning from expert demonstrations
• Sometimes easier to provide good trajectories  

than good rewards.

• Inverse reinforcement learning setup 

• Imitation learning setup (statistically inconsistent+ blackbox)
1. Collect expert trajectories 
2. Find policy

⌧⇤1 , ⌧
⇤
2 , ⌧

⇤
3 , . . .

<latexit sha1_base64="dTlE1XPpxfJJDV0DbF8sZkXL9RU="></latexit><latexit sha1_base64="dTlE1XPpxfJJDV0DbF8sZkXL9RU="></latexit><latexit sha1_base64="dTlE1XPpxfJJDV0DbF8sZkXL9RU="></latexit><latexit sha1_base64="dTlE1XPpxfJJDV0DbF8sZkXL9RU="></latexit>

argmin
✓

X

(xi,ai)2⌧⇤

k⇡✓(xi)� aik22
<latexit sha1_base64="fM5I6HLI1JjmFiRbwgqIPaxicHs="></latexit><latexit sha1_base64="fM5I6HLI1JjmFiRbwgqIPaxicHs="></latexit><latexit sha1_base64="fM5I6HLI1JjmFiRbwgqIPaxicHs="></latexit><latexit sha1_base64="fM5I6HLI1JjmFiRbwgqIPaxicHs="></latexit>
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Learning from expert demonstrations
• Sometimes easier to provide good trajectories  

than good rewards.

1. Collect expert trajectories 
2. Find reward function  
 

subject to:
X

(x,u,x0)2⌧⇤

rw(x,u,x0) 
X

(x,u,x0)2{T \⌧⇤}

rw(x,u,x0)

<latexit sha1_base64="s2YYW0VpphE/Dc83OY3tdg56qXM="></latexit><latexit sha1_base64="s2YYW0VpphE/Dc83OY3tdg56qXM="></latexit><latexit sha1_base64="s2YYW0VpphE/Dc83OY3tdg56qXM="></latexit><latexit sha1_base64="s2YYW0VpphE/Dc83OY3tdg56qXM="></latexit>

argmin
w

kwk22
<latexit sha1_base64="B5ivkSypQ8NoPppkBR6IhPQE5oU="></latexit><latexit sha1_base64="B5ivkSypQ8NoPppkBR6IhPQE5oU="></latexit><latexit sha1_base64="B5ivkSypQ8NoPppkBR6IhPQE5oU="></latexit><latexit sha1_base64="B5ivkSypQ8NoPppkBR6IhPQE5oU="></latexit>

⌧⇤1 , ⌧
⇤
2 , ⌧

⇤
3 , . . .

<latexit sha1_base64="dTlE1XPpxfJJDV0DbF8sZkXL9RU="></latexit><latexit sha1_base64="dTlE1XPpxfJJDV0DbF8sZkXL9RU="></latexit><latexit sha1_base64="dTlE1XPpxfJJDV0DbF8sZkXL9RU="></latexit><latexit sha1_base64="dTlE1XPpxfJJDV0DbF8sZkXL9RU="></latexit>

rw
<latexit sha1_base64="lLMRA4SehrNrw8XTOn+j4eHoJMc="></latexit><latexit sha1_base64="lLMRA4SehrNrw8XTOn+j4eHoJMc="></latexit><latexit sha1_base64="lLMRA4SehrNrw8XTOn+j4eHoJMc="></latexit><latexit sha1_base64="lLMRA4SehrNrw8XTOn+j4eHoJMc="></latexit>

• Inverse reinforcement learning setup 

• Imitation learning setup (statistically inconsistent+ blackbox)
1. Collect expert trajectories 
2. Find policy

⌧⇤1 , ⌧
⇤
2 , ⌧

⇤
3 , . . .

<latexit sha1_base64="dTlE1XPpxfJJDV0DbF8sZkXL9RU="></latexit><latexit sha1_base64="dTlE1XPpxfJJDV0DbF8sZkXL9RU="></latexit><latexit sha1_base64="dTlE1XPpxfJJDV0DbF8sZkXL9RU="></latexit><latexit sha1_base64="dTlE1XPpxfJJDV0DbF8sZkXL9RU="></latexit>

argmin
✓

X

(xi,ai)2⌧⇤

k⇡✓(xi)� aik22
<latexit sha1_base64="fM5I6HLI1JjmFiRbwgqIPaxicHs="></latexit><latexit sha1_base64="fM5I6HLI1JjmFiRbwgqIPaxicHs="></latexit><latexit sha1_base64="fM5I6HLI1JjmFiRbwgqIPaxicHs="></latexit><latexit sha1_base64="fM5I6HLI1JjmFiRbwgqIPaxicHs="></latexit>
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Learning from expert demonstrations
• Sometimes easier to provide good trajectories  

than good rewards.

1. Collect expert trajectories 
2. Find reward function  
 

3. Solve underlying RL task

subject to:
X

(x,u,x0)2⌧⇤

rw(x,u,x0) 
X

(x,u,x0)2{T \⌧⇤}

rw(x,u,x0)
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• Inverse reinforcement learning setup 

• Imitation learning setup (statistically inconsistent+ blackbox)
1. Collect expert trajectories 
2. Find policy
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⇤
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⇤
3 , . . .
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• inverse reinforcement learning  
• state space: angular and euclidean position, 

velocity, acceleration  
• action space: motor torques 
• learning reward function from expert pilot

Abbeel et al. IJRR 2010
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Abbeel et al. IJRR 2010
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Silver et al. IJRR 2010

http://www.dtic.mil/dtic/tr/fulltext/u2/a525288.pdf
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Silver et al. IJRR 2010

http://www.dtic.mil/dtic/tr/fulltext/u2/a525288.pdf

input image (state) learned reward function  
(traversability map)



Czech Technical University in Prague
Faculty of Electrical Engineering, Department of Cybernetics

Taxonomy of policy search methods

• Direct policy search (primal task) 
⇡⇤ = argmax

⇡
J⇡e.g. gradient ascent for

⇡⇤ = argmax
a

Q(x,a)

e.g. search for Q(x,a) = r(x,a,x0) + �max
a0

Q(x0,a0)

• Value-based methods (dual function [Kober, 2013])

Episodic REPS [Peters, 2010]
PILCO [Deisenroth, ICML 2011]
Actor-critic (e.g. DPG [Silver,JMLR 2014])

Deep Q-learning (e.g. [Mnih,Nature 2015])gr
ey

 z
on

e
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Primal task

1. Randomly initialize policy ⇡✓
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Primal task

1. Randomly initialize policy  
2. Collect trajectories     with policy⌧
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Primal task

1. Randomly initialize policy  
2. Collect trajectories     with policy 
3. Denote             probability of     occurs when following

⌧
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Primal task

1. Randomly initialize policy  
2. Collect trajectories     with policy 
3. Denote             probability of     occurs when following 
4. Define criterion  
 
 

⌧
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Primal task

1. Randomly initialize policy  
2. Collect trajectories     with policy 
3. Denote             probability of     occurs when following 
4. Define criterion  
 
 

5. Optimize criterion (e.g. gradient descent)  
 

6. Repeat from 2
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Primal task
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Primal task
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Primal task
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1. Randomly initialize 

2. Collect trajectories randomly perturbed policy  

3. Compute gradient            using pseudo-inverse  
 
 
 
 

4. Update parameters 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Primal task
REINFORCE: better gradient approximation 

• stochastic policy  
 
 

• gradient of the criterion  
 
 
 

• likelihood ratio trick express gradient of the prob distr.
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Primal task
• after substitution  
 
 
 
 
 

• where prob distribution simplified using MDP assumption  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Primal task
REINFORCE algorithm: 
• collect N trajectories  
 
 
 
 

• compute gradient  
 

 

• update parameters
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• No motion model required 
• Converges to local optima (good initialization needed) 
• High-dimensional parameters are requires many samples 
• Imitation learning from expert trajectories  

• There are better gradient approximations [Deisenroth 2013]  
(e.g. REINFORCE, GPREPS, …)  
[Deisenroth 2013] M. Deisenroth, G. Neumann and J. Peters, 
A Survey on Policy Search for Robotics, NOW, 2013

Primal task
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• imitation learning from human demonstration 
• state space: joint positions, velocities, acceler. 
• action space: motor torques 
• gradient minimization in policy parameter space

Peters et al. NOW 2013
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• No motion model required 
• Converges to local optima (good initialization needed) 
• High-dimensional parameters are requires many samples 
• Imitation learning from expert trajectories  

• There are better gradient approximations [Deisenroth 2013]  
(e.g. REINFORCE, GPREPS, …)  
[Deisenroth 2013] M. Deisenroth, G. Neumann and J. Peters, 
A Survey on Policy Search for Robotics, NOW, 2013  

• If motion model is available then trajectory optimization  
[Tassa 2013] Tassa, Synthesis and Stabilization of Complex 
Behaviors through Online Trajectory Optimization, IROS2013  

Primal task
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Taxonomy of policy search methods

• Direct policy search (primal task) 
⇡⇤ = argmax

⇡
J⇡e.g. gradient ascent for

⇡⇤ = argmax
a

Q(x,a)

e.g. search for Q(x,a) = r(x,a,x0) + �max
a0

Q(x0,a0)

• Value-based methods (dual function [Kober, 2013])

Episodic REPS [Peters, 2010]
PILCO [Deisenroth, ICML 2011]
Actor-critic (e.g. DPG [Silver,JMLR 2014])

Deep Q-learning (e.g. [Mnih,Nature 2015])gr
ey

 z
on

e
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1. Collect trajectories                     , initialize 
2. Estimate 
3. Update parameters by learning 
 

Actor-critic methods

⌧1, ⌧2, ⌧3, . . .
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Approximated Q-learning
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1. Collect trajectories                     , initialize 
2. Estimate 
3. Update parameters by learning 
 

4. Learn policy         which do actions maximizing the 
state-action value function on the collected trajectories

Actor-critic methods

⌧1, ⌧2, ⌧3, . . .
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1. Collect trajectories                        , ini:              ,   
2. Estimate motion model  
 
 

3. Learn policy maximizing the rewards on model-based 
trajectories

Unrolling in time

⌧1, ⌧2, ⌧3, . . .
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• penalizing distance from training trajectories
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[Tassa IROS 2013] https://homes.cs.washington.edu/~todorov/papers/TassaIROS12.pdf

https://homes.cs.washington.edu/~todorov/papers/TassaIROS12.pdf
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[Heess 2017] https://arxiv.org/abs/1707.02286

https://arxiv.org/abs/1707.02286
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• guides policy gradient method by optimal trajectories 
• state space: RGB camera images  
• action space: motor torques

Levine et al JMLR 2016

End-to-End Training of Deep Visuomotor Policies
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Figure 2: Visuomotor policy architecture. The network contains three convolutional lay-
ers, followed by a spatial softmax and an expected position layer that converts pixel-wise
features to feature points, which are better suited for spatial computations. The points are
concatenated with the robot configuration, then passed through three fully connected layers
to produce the torques.

architectures rely on large datasets and focus on semantic tasks such as classification, often
intentionally discarding spatial information. Our architecture, illustrated in Figure 2, uses
a fixed transformation from the last convolutional layer to a set of spatial feature points,
which form a concise representation of the visual scene suitable for feedback control. Our
network has 7 layers and around 92,000 parameters, which presents a major challenge for
standard policy search methods (Deisenroth et al., 2013).

pi

pi pi
⇡✓

{⌧ ji }

Figure 3: Diagram of our ap-
proach, including the main guided
policy search phase and initializa-
tion phases.

To reduce the amount of experience needed to train
visuomotor policies, we also introduce a pretraining
scheme that allows us to train e↵ective policies with
a relatively small number of iterations. The pretraining
steps are illustrated in Figure 3. The intuition behind
our pretraining is that, although we ultimately seek to
obtain sensorimotor policies that combine both vision
and control, low-level aspects of vision can be initialized
independently. To that end, we pretrain the convolu-
tional layers of our network by predicting elements of xt

that are not provided in the observation ot, such as the
positions of objects in the scene. We also initially train
the guiding trajectory distributions pi(ut|xt) indepen-
dently of the convolutional network until the trajecto-
ries achieve a basic level of competence at the task, and
then switch to full guided policy search with end-to-end
training of ⇡✓(ut|ot). In our implementation, we also
initialize the first layer filters from the model of Szegedy
et al. (2014), which is trained on ImageNet (Deng et al.,
2009) classification. The initialization and pretraining
scheme is described in Section 5.2.

4. Guided Policy Search with BADMM

Guided policy search transforms policy search into a supervised learning problem, where
the training set is generated by a simple trajectory-centric RL algorithm. This algorithm
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(a) hanger (b) cube (c) hammer (d) bottle

Figure 8: Illustration of the tasks in our visuomotor policy experiments, showing the vari-
ation in the position of the target for the hanger, cube, and bottle tasks, as well as two of
the three grasps for the hammer, which also included variation in position (not shown).

6.4 Deep Visuomotor Policy Evaluation

In this section, we present an evaluation of our full visuomotor policy training algorithm on
a PR2 robot. The aim of this evaluation is to answer the following question: does training
the perception and control systems in a visuomotor policy jointly end-to-end provide better
performance than training each component separately?

Experimental tasks. We trained policies for hanging a coat hanger on a clothes rack,
inserting a block into a shape sorting cube, fitting the claw of a toy hammer under a nail with
various grasps, and screwing on a bottle cap. The cost function for these tasks encourages
low distance between three points on the end-e↵ector and corresponding target points, low
torques, and, for the bottle task, spinning the wrist. The equations for these cost functions
and the details of each task are presented in Appendix B.2. The tasks are illustrated in
Figure 8. Each task involved variation of 10-20 cm in each direction in the position of the
target object (the rack, shape sorting cube, nail, and bottle). In addition, the coat hanger
and hammer tasks were trained with two and three grasps, respectively. The current angle
of the grasp was not provided to the policy, but had to be inferred from observing the
robot’s gripper in the camera images. All tasks used the same policy architecture and
model parameters.

Experimental conditions. We evaluated the visuomotor policies in three conditions: (1)
the training target positions and grasps, (2) new target positions not seen during training
and, for the hammer, new grasps (spatial test), and (3) training positions with visual
distractors (visual test). A selection of these experiments is shown in the supplementary
video.3 For the visual test, the shape sorting cube was placed on a table rather than held in

3. The video can be viewed at http://sites.google.com/site/visuomotorpolicy
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Boston dynamics - Atlas - NO RL AT ALL
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Known RL successes

• AlphaGo/Alpha Zero https://en.wikipedia.org/wiki/AlphaZero 
• SearchTrees has no chance in huge state-action spaces 

• AlphaGo:  
• beat professional Go player 
• 9 dan professional ranking 

• Alpha Zero: Top Chess Engine Championship 2017 
• 9h of self-play, no openingbooks nor endgames tables 
• 1 minute per move, 1GB RAM 
• 28 wins, 72 withdraws 

• DOTA 2 openAI+ bot https://blog.openai.com/dota-2/ 
• AutoML https://cloud.google.com/automl/ 

• [Zoph 2016] REINFORCE learns RCNN policy which  
generates deep CNN architectures.

https://en.wikipedia.org/wiki/AlphaZero
https://blog.openai.com/dota-2/
https://cloud.google.com/automl/
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Summary

• If accurate differentiable motion model and reward functions 
are known, than optimal control in MDP is straightforward  
optimization problem (efficiently tackled by DP or DDP) 

• State-action value function is dual variable wrt policy. It 
serves as auxiliary function in the policy optimization: 
• actor-critic methods 
• heuristic in planning methods (LQR trees)

• Holy grail is to efficiently combine motion 
model, state-action value function and the 
policy optimization with efficient exploration 

• RL will be much more useful for motion 
control, when accurate domain transfer 
methods (from simulators to reality) become 
available.


