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Reinforcement	Learning	(RL)

• Introduction	to	RL	

• Model-based	RL	

• Model-free	RL		

• Open	problems	in	RL

• Introduction	to	Machine	
Learning
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Big picture
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Reinforcement learning

Reinforcement Learning: Today’s lecture

Reinforcement Learning

Sutton and Barto: http://incompleteideas.net/book/bookdraft2017nov5.pdf 
Good overview: https://arxiv.org/pdf/1806.09460.pdf 

http://incompleteideas.net/book/bookdraft2017nov5.pdf
https://arxiv.org/pdf/1806.09460.pdf
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Reinforcement Learning

Reinforcement Learning: Today’s lecture

Reinforcement Learning

Sutton and Barto: http://incompleteideas.net/book/bookdraft2017nov5.pdf 
Good overview: https://arxiv.org/pdf/1806.09460.pdf 

http://incompleteideas.net/book/bookdraft2017nov5.pdf
https://arxiv.org/pdf/1806.09460.pdf
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Example of Reinforcement Learning
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Example: Learning to walk 
You move muscles, observe outcome and try to 

improve the movements as you gain more experience.

https://en.wikipedia.org/wiki/Carrot_and_stick#/media/File:Carrot_and_stick.svg

https://en.wikipedia.org/wiki/Carrot_and_stick#/media/File:Carrot_and_stick.svg
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The learning cake analogy by LeCun
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Slide by Yann Lecun, 2016 NIPS Keynote Presentation, 

Y LeCun
How Much Information Does the Machine Need to Predict?

“Pure” Reinforcement Learning (cherry)
The machine predicts a scalar 

reward given once in a while.

A few bits for some samples

Supervised Learning (icing)
The machine predicts a category 

or a few numbers for each input

Predicting human-supplied data

10 10,000 bits per sample→

Unsupervised/Predictive Learning (cake)
The machine predicts any part of 

its input for any observed part.

Predicts future frames in videos

Millions of bits per sample

(Yes, I know, this picture is slightly offensive to RL folks. But I’ll make it up)
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Why reinforcement learning?

• How	can	agents	learn	to	interact	
with	the	world	by	maximizing	
rewards?	

• Possible	path	to	true	autonomy	

• Subject	of	a	lot	of	research	since	the	
middle	of	the	20th	century
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http://people.idsia.ch/~juergen/robbyraus.jpg
https://de.wikipedia.org/wiki/M%C3%BCnchhausen-Trilemma#/media/File:M%C3%BCnchhausen-Sumpf-Hosemann.png
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Reinforcement Learning
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Sutton and Barto: http://incompleteideas.net/book/the-book-2nd.html 
Good overview: https://arxiv.org/pdf/1806.09460.pdf 

Agent

Environment

Observation 

Reward r

Actionmax
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reward given state s, action a

]
<latexit sha1_base64="XJUSEW1KiNwMkqmhcixT+NDrc1o="></latexit><latexit sha1_base64="XJUSEW1KiNwMkqmhcixT+NDrc1o="></latexit><latexit sha1_base64="XJUSEW1KiNwMkqmhcixT+NDrc1o="></latexit><latexit sha1_base64="XJUSEW1KiNwMkqmhcixT+NDrc1o="></latexit>

http://incompleteideas.net/book/the-book-2nd.html
https://arxiv.org/pdf/1806.09460.pdf
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Elements of Reinforcement Learning
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1.Cost	function	approximation	(value	based,	policy	based) 

2.Dynamics	approximation	(model-based	vs.	model-free) 

3.Policy	(exploration,	exploitation) 

4.Learning	(on	or	off-policy) 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Cost function approximation
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• Supervised	learning:	

• No	feedback	

• Only	consider	current	cost	

• Reinforcement	learning:	

• Take	into	account	path	through	new	states	

• Planning	required	

• Example	using	object	classification	setting	for	supervised	learning:	

• The	next	image	you	see	depends	on	the	last	image	class	you	predicted
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What is special?  
Cost function
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The	true	cost	function	is	unknown.	Only	rewards	are	provided.
• Supervised	learning:	

• Often	relies	on	gradient	descent	

• Assumes	that	true	cost	function	is	known	

• Reinforcement	learning:	

• Unclear	how	to	calculate	gradients	reliably	

• Need	to	approximate	cost	function	

• May	have	delayed	rewards
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Cost function approximation
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• Value	function	determines	optimal	future	cost	/	rewards		

• Bellman	principle:	“An	optimal	policy	has	the	property	that	
whatever	the	initial	state	and	initial	decision	are,	the	remaining	
decisions	must	constitute	an	optimal	policy	with	regard	to	the	
state	resulting	from	the	first	decision.”	(Bellman,	1957,	Chap.	III.3.)

https://medium.com/@jonathan_hui/rl-model-based-reinforcement-learning-3c2b6f0aa323

Bellman equation

V ⇤(s)
value fct.

= max
a

( r(s, a)
intermediate cost L(s,a)

+ �
X

s0

P (s0|s, a) V ⇤(s0)
value fct.

)
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What is special?  
Dynamics and Feedback
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The	effect	of	actions	on	states	may	be	unknown.	

Supervised

Reinforcement Environment

Input Output

Action

Reward + Observation

• Supervised	learning	-	(Feedforward	learning)	-	no	interaction	

• Reinforcement	learning	-	(Feedback	learning)	-	interactive
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Dynamics approximation
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P (s0|s, a)
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• Modeling	of	transition	probabilities	

• Becomes	important	for	problems	where	the	greedy-best	action	is	
not	the	overall	best	action
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Policy (exploration / exploitation)
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• Based	on	what	has	been	learned:	

• Do	we	try	unexplored	states	and	actions?	

• Do	we	follow	and	exploit	what	we	have	learned	so	far?	

• Example:	  
Restaurants	in	a	city.	Do	we	go	to	our	favorite	place	or	try	a	new	
restaurant?
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Learning (on or off-policy)
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• 1)	Changing	the	policy	leads	to	changes	in	data	distribution.		

• 2)	But	want	experience	for	the	policy	we	are	using.	

• On	policy:	  
Update	the	same	exploration	policy	while	collecting	more	
experience.	 

• Off	policy:	  
Use	an	exploration	policy.	Collect	experience.	Learn	an	exploitation	
policy	based	on	collected	experience.	Exploitation	policy	is	not	used	
to	collect	experience.
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Recap: Contrast to supervised learning

1. Cost	function	known	-	can	
compute	gradients	easily	

2. We	know	(state,	action)-
dynamics	(usually	static)	

3. Updates	to	learned	function	
do	not	affect	observed	data	
afterwards	

4. Exploration	is	not	needed.	
Gradients	provide	necessary	
update	information
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1. Cost	function	unknown	-	very	
random	gradients	if	any	

2. We	might	not	know	(state,	
action)-dynamics	

3. Updates	to	model	affect	which	
data	is	observed 

4. Exploration	is	often	random	
and	random	exploration	is	
unlikely	to	work	in	high	
dimensions

Supervised learning Reinforcement learning
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• Model	

• Policy	/	controller	

• Objective	
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https://medium.com/@jonathan_hui/rl-model-based-reinforcement-learning-3c2b6f0aa323

Model-based vs. model-free 
reinforcement learning
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Model-based reinforcement learning

• Model	

• Policy	/	controller	

• Objective	
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<latexit sha1_base64="9h57iSTy525FjAYi1WDQpi9wRAg=">AAAB/nicbVBNS8NAEN3Ur1q/ouLJy2IR6qUkIuix6MVjBfsBTQib7aZdutmE3YlQYsG/4sWDIl79Hd78N27bHLT1wcDjvRlm5oWp4Boc59sqrayurW+UNytb2zu7e/b+QVsnmaKsRRORqG5INBNcshZwEKybKkbiULBOOLqZ+p0HpjRP5D2MU+bHZCB5xCkBIwX2kZfywIMhA1IjAeBHrAM4C+yqU3dmwMvELUgVFWgG9pfXT2gWMwlUEK17rpOCnxMFnAo2qXiZZimhIzJgPUMliZn289n5E3xqlD6OEmVKAp6pvydyEms9jkPTGRMY6kVvKv7n9TKIrvycyzQDJul8UZQJDAmeZoH7XDEKYmwIoYqbWzEdEkUomMQqJgR38eVl0j6vu07dvbuoNq6LOMroGJ2gGnLRJWqgW9RELURRjp7RK3qznqwX6936mLeWrGLmEP2B9fkDTiaVCg==</latexit><latexit sha1_base64="9h57iSTy525FjAYi1WDQpi9wRAg=">AAAB/nicbVBNS8NAEN3Ur1q/ouLJy2IR6qUkIuix6MVjBfsBTQib7aZdutmE3YlQYsG/4sWDIl79Hd78N27bHLT1wcDjvRlm5oWp4Boc59sqrayurW+UNytb2zu7e/b+QVsnmaKsRRORqG5INBNcshZwEKybKkbiULBOOLqZ+p0HpjRP5D2MU+bHZCB5xCkBIwX2kZfywIMhA1IjAeBHrAM4C+yqU3dmwMvELUgVFWgG9pfXT2gWMwlUEK17rpOCnxMFnAo2qXiZZimhIzJgPUMliZn289n5E3xqlD6OEmVKAp6pvydyEms9jkPTGRMY6kVvKv7n9TKIrvycyzQDJul8UZQJDAmeZoH7XDEKYmwIoYqbWzEdEkUomMQqJgR38eVl0j6vu07dvbuoNq6LOMroGJ2gGnLRJWqgW9RELURRjp7RK3qznqwX6936mLeWrGLmEP2B9fkDTiaVCg==</latexit><latexit sha1_base64="9h57iSTy525FjAYi1WDQpi9wRAg=">AAAB/nicbVBNS8NAEN3Ur1q/ouLJy2IR6qUkIuix6MVjBfsBTQib7aZdutmE3YlQYsG/4sWDIl79Hd78N27bHLT1wcDjvRlm5oWp4Boc59sqrayurW+UNytb2zu7e/b+QVsnmaKsRRORqG5INBNcshZwEKybKkbiULBOOLqZ+p0HpjRP5D2MU+bHZCB5xCkBIwX2kZfywIMhA1IjAeBHrAM4C+yqU3dmwMvELUgVFWgG9pfXT2gWMwlUEK17rpOCnxMFnAo2qXiZZimhIzJgPUMliZn289n5E3xqlD6OEmVKAp6pvydyEms9jkPTGRMY6kVvKv7n9TKIrvycyzQDJul8UZQJDAmeZoH7XDEKYmwIoYqbWzEdEkUomMQqJgR38eVl0j6vu07dvbuoNq6LOMroGJ2gGnLRJWqgW9RELURRjp7RK3qznqwX6936mLeWrGLmEP2B9fkDTiaVCg==</latexit><latexit sha1_base64="9h57iSTy525FjAYi1WDQpi9wRAg=">AAAB/nicbVBNS8NAEN3Ur1q/ouLJy2IR6qUkIuix6MVjBfsBTQib7aZdutmE3YlQYsG/4sWDIl79Hd78N27bHLT1wcDjvRlm5oWp4Boc59sqrayurW+UNytb2zu7e/b+QVsnmaKsRRORqG5INBNcshZwEKybKkbiULBOOLqZ+p0HpjRP5D2MU+bHZCB5xCkBIwX2kZfywIMhA1IjAeBHrAM4C+yqU3dmwMvELUgVFWgG9pfXT2gWMwlUEK17rpOCnxMFnAo2qXiZZimhIzJgPUMliZn289n5E3xqlD6OEmVKAp6pvydyEms9jkPTGRMY6kVvKv7n9TKIrvycyzQDJul8UZQJDAmeZoH7XDEKYmwIoYqbWzEdEkUomMQqJgR38eVl0j6vu07dvbuoNq6LOMroGJ2gGnLRJWqgW9RELURRjp7RK3qznqwX6936mLeWrGLmEP2B9fkDTiaVCg==</latexit>

p(st+1|st, at)
<latexit sha1_base64="pdEz8ZLcsfJjuUUCWCMrweFW9Ho=">AAAB/HicbVBNS8NAEN3Ur1q/qj16WSxCRSmJCHosevFYwX5AG8Jmu2mXbjZhdyKEWP+KFw+KePWHePPfuG1z0NYHA4/3ZpiZ58eCa7Dtb6uwsrq2vlHcLG1t7+zulfcP2jpKFGUtGolIdX2imeCStYCDYN1YMRL6gnX88c3U7zwwpXkk7yGNmRuSoeQBpwSM5JUrcU17GZw6k0ftwRkmHpx45apdt2fAy8TJSRXlaHrlr/4goknIJFBBtO45dgxuRhRwKtik1E80iwkdkyHrGSpJyLSbzY6f4GOjDHAQKVMS8Ez9PZGRUOs09E1nSGCkF72p+J/XSyC4cjMu4wSYpPNFQSIwRHiaBB5wxSiI1BBCFTe3YjoiilAweZVMCM7iy8ukfV537Lpzd1FtXOdxFNEhOkI15KBL1EC3qIlaiKIUPaNX9GY9WS/Wu/Uxby1Y+UwF/YH1+QOGWZQG</latexit><latexit sha1_base64="pdEz8ZLcsfJjuUUCWCMrweFW9Ho=">AAAB/HicbVBNS8NAEN3Ur1q/qj16WSxCRSmJCHosevFYwX5AG8Jmu2mXbjZhdyKEWP+KFw+KePWHePPfuG1z0NYHA4/3ZpiZ58eCa7Dtb6uwsrq2vlHcLG1t7+zulfcP2jpKFGUtGolIdX2imeCStYCDYN1YMRL6gnX88c3U7zwwpXkk7yGNmRuSoeQBpwSM5JUrcU17GZw6k0ftwRkmHpx45apdt2fAy8TJSRXlaHrlr/4goknIJFBBtO45dgxuRhRwKtik1E80iwkdkyHrGSpJyLSbzY6f4GOjDHAQKVMS8Ez9PZGRUOs09E1nSGCkF72p+J/XSyC4cjMu4wSYpPNFQSIwRHiaBB5wxSiI1BBCFTe3YjoiilAweZVMCM7iy8ukfV537Lpzd1FtXOdxFNEhOkI15KBL1EC3qIlaiKIUPaNX9GY9WS/Wu/Uxby1Y+UwF/YH1+QOGWZQG</latexit><latexit sha1_base64="pdEz8ZLcsfJjuUUCWCMrweFW9Ho=">AAAB/HicbVBNS8NAEN3Ur1q/qj16WSxCRSmJCHosevFYwX5AG8Jmu2mXbjZhdyKEWP+KFw+KePWHePPfuG1z0NYHA4/3ZpiZ58eCa7Dtb6uwsrq2vlHcLG1t7+zulfcP2jpKFGUtGolIdX2imeCStYCDYN1YMRL6gnX88c3U7zwwpXkk7yGNmRuSoeQBpwSM5JUrcU17GZw6k0ftwRkmHpx45apdt2fAy8TJSRXlaHrlr/4goknIJFBBtO45dgxuRhRwKtik1E80iwkdkyHrGSpJyLSbzY6f4GOjDHAQKVMS8Ez9PZGRUOs09E1nSGCkF72p+J/XSyC4cjMu4wSYpPNFQSIwRHiaBB5wxSiI1BBCFTe3YjoiilAweZVMCM7iy8ukfV537Lpzd1FtXOdxFNEhOkI15KBL1EC3qIlaiKIUPaNX9GY9WS/Wu/Uxby1Y+UwF/YH1+QOGWZQG</latexit><latexit sha1_base64="pdEz8ZLcsfJjuUUCWCMrweFW9Ho=">AAAB/HicbVBNS8NAEN3Ur1q/qj16WSxCRSmJCHosevFYwX5AG8Jmu2mXbjZhdyKEWP+KFw+KePWHePPfuG1z0NYHA4/3ZpiZ58eCa7Dtb6uwsrq2vlHcLG1t7+zulfcP2jpKFGUtGolIdX2imeCStYCDYN1YMRL6gnX88c3U7zwwpXkk7yGNmRuSoeQBpwSM5JUrcU17GZw6k0ftwRkmHpx45apdt2fAy8TJSRXlaHrlr/4goknIJFBBtO45dgxuRhRwKtik1E80iwkdkyHrGSpJyLSbzY6f4GOjDHAQKVMS8Ez9PZGRUOs09E1nSGCkF72p+J/XSyC4cjMu4wSYpPNFQSIwRHiaBB5wxSiI1BBCFTe3YjoiilAweZVMCM7iy8ukfV537Lpzd1FtXOdxFNEhOkI15KBL1EC3qIlaiKIUPaNX9GY9WS/Wu/Uxby1Y+UwF/YH1+QOGWZQG</latexit>

max
⇡✓

E[
X

t

�tr(st, at)]
<latexit sha1_base64="ib+O0pVQhm1Jf+qJHXFnyaPA0DE="></latexit><latexit sha1_base64="ib+O0pVQhm1Jf+qJHXFnyaPA0DE="></latexit><latexit sha1_base64="ib+O0pVQhm1Jf+qJHXFnyaPA0DE="></latexit><latexit sha1_base64="ib+O0pVQhm1Jf+qJHXFnyaPA0DE="></latexit>

https://medium.com/@jonathan_hui/rl-model-based-reinforcement-learning-3c2b6f0aa323

Focus on system dynamics
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Model-based reinforcement learning

• Uses	prior	knowledge	on	system	dynamics	and	cost	function	

• Usual	workflow:	

• 1.	Collect	data	and	fit	model		

• 2.	Compute	actions	based	on	model	and	cost	

• 3.	Run	controller	and	collect	data	->	Repeat	steps	

• MPC,	LQR,	iLQC,	…

�20
https://medium.com/@jonathan_hui/rl-model-based-reinforcement-learning-3c2b6f0aa323
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Model-based reinforcement learning
• Often	applied	in	robotics	because	of	sample	efficiency	

• Hehn	(IDSC),	Schöllig	(IDSC),	Trajectory	optimization	1.,	2.		

• Jan	Peters	(MPI,	Darmstadt),	Ball	in	the	cup

�21

Hehn, Markus, and Raffaello D’Andrea. "A frequency domain iterative learning algorithm for high-performance, periodic quadrocopter 
maneuvers." Mechatronics 24.8 (2014): 954-965.

https://www.youtube.com/watch?v=sWilGsWQ1jo&index=19&list=PLCFEA331BA502D696&t=0s
https://www.youtube.com/watch?v=zHTCsSkmADo&index=26&list=PLCFEA331BA502D696&t=0s
https://www.youtube.com/watch?v=qtqubguikMk
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Model-based reinforcement learning

• Discrete	Time	Linear	Quadratic	Regulator	(LQR)	

• Linear	

• Regulator

�22

xn+1 = Anxn +Bnun
<latexit sha1_base64="k+MBffGlW71DRYlh6IdXfCPxxBY=">AAACBHicbVDLSgMxFL3js9ZX1WU3wSIIhTIjgm6EWjcuK9gHtMOQSTNtaCYzJBlpGbpw46+4caGIWz/CnX9j2s5CWw/ccDjnXm7u8WPOlLbtb2tldW19YzO3ld/e2d3bLxwcNlWUSEIbJOKRbPtYUc4EbWimOW3HkuLQ57TlD2+mfuuBSsUica/HMXVD3BcsYARrI3mF4shLRdmZoCt07Qk0MlVGNfMmnnFLdsWeAS0TJyMlyFD3Cl/dXkSSkApNOFaq49ixdlMsNSOcTvLdRNEYkyHu046hAodUuensiAk6MUoPBZE0JTSaqb8nUhwqNQ590xliPVCL3lT8z+skOrh0UybiRFNB5ouChCMdoWkiqMckJZqPDcFEMvNXRAZYYqJNbnkTgrN48jJpnlUcu+LcnZeqtSyOHBThGE7BgQuowi3UoQEEHuEZXuHNerJerHfrY966YmUzR/AH1ucPk9OWHg==</latexit><latexit sha1_base64="k+MBffGlW71DRYlh6IdXfCPxxBY=">AAACBHicbVDLSgMxFL3js9ZX1WU3wSIIhTIjgm6EWjcuK9gHtMOQSTNtaCYzJBlpGbpw46+4caGIWz/CnX9j2s5CWw/ccDjnXm7u8WPOlLbtb2tldW19YzO3ld/e2d3bLxwcNlWUSEIbJOKRbPtYUc4EbWimOW3HkuLQ57TlD2+mfuuBSsUica/HMXVD3BcsYARrI3mF4shLRdmZoCt07Qk0MlVGNfMmnnFLdsWeAS0TJyMlyFD3Cl/dXkSSkApNOFaq49ixdlMsNSOcTvLdRNEYkyHu046hAodUuensiAk6MUoPBZE0JTSaqb8nUhwqNQ590xliPVCL3lT8z+skOrh0UybiRFNB5ouChCMdoWkiqMckJZqPDcFEMvNXRAZYYqJNbnkTgrN48jJpnlUcu+LcnZeqtSyOHBThGE7BgQuowi3UoQEEHuEZXuHNerJerHfrY966YmUzR/AH1ucPk9OWHg==</latexit><latexit sha1_base64="k+MBffGlW71DRYlh6IdXfCPxxBY=">AAACBHicbVDLSgMxFL3js9ZX1WU3wSIIhTIjgm6EWjcuK9gHtMOQSTNtaCYzJBlpGbpw46+4caGIWz/CnX9j2s5CWw/ccDjnXm7u8WPOlLbtb2tldW19YzO3ld/e2d3bLxwcNlWUSEIbJOKRbPtYUc4EbWimOW3HkuLQ57TlD2+mfuuBSsUica/HMXVD3BcsYARrI3mF4shLRdmZoCt07Qk0MlVGNfMmnnFLdsWeAS0TJyMlyFD3Cl/dXkSSkApNOFaq49ixdlMsNSOcTvLdRNEYkyHu046hAodUuensiAk6MUoPBZE0JTSaqb8nUhwqNQ590xliPVCL3lT8z+skOrh0UybiRFNB5ouChCMdoWkiqMckJZqPDcFEMvNXRAZYYqJNbnkTgrN48jJpnlUcu+LcnZeqtSyOHBThGE7BgQuowi3UoQEEHuEZXuHNerJerHfrY966YmUzR/AH1ucPk9OWHg==</latexit><latexit sha1_base64="k+MBffGlW71DRYlh6IdXfCPxxBY=">AAACBHicbVDLSgMxFL3js9ZX1WU3wSIIhTIjgm6EWjcuK9gHtMOQSTNtaCYzJBlpGbpw46+4caGIWz/CnX9j2s5CWw/ccDjnXm7u8WPOlLbtb2tldW19YzO3ld/e2d3bLxwcNlWUSEIbJOKRbPtYUc4EbWimOW3HkuLQ57TlD2+mfuuBSsUica/HMXVD3BcsYARrI3mF4shLRdmZoCt07Qk0MlVGNfMmnnFLdsWeAS0TJyMlyFD3Cl/dXkSSkApNOFaq49ixdlMsNSOcTvLdRNEYkyHu046hAodUuensiAk6MUoPBZE0JTSaqb8nUhwqNQ590xliPVCL3lT8z+skOrh0UybiRFNB5ouChCMdoWkiqMckJZqPDcFEMvNXRAZYYqJNbnkTgrN48jJpnlUcu+LcnZeqtSyOHBThGE7BgQuowi3UoQEEHuEZXuHNerJerHfrY966YmUzR/AH1ucPk9OWHg==</latexit>

�xn =: xn

�un =: un
<latexit sha1_base64="uRHPtGhF8SHtzciA6bA9xQ7YeTU=">AAACEXicbVDLSsNAFJ3UV42vqEs3g0XpqiQiKIJQdOOygn1AE8JkMmmHTiZhZiKW0F9w46+4caGIW3fu/BunaRbaemC4h3Pu5c49QcqoVLb9bVSWlldW16rr5sbm1vaOtbvXkUkmMGnjhCWiFyBJGOWkrahipJcKguKAkW4wup763XsiJE34nRqnxIvRgNOIYqS05Ft1NyRMIfjgc3h8eVFU1zVLNStVXX2rZjfsAnCROCWpgRIt3/pywwRnMeEKMyRl37FT5eVIKIoZmZhuJkmK8AgNSF9TjmIivby4aAKPtBLCKBH6cQUL9fdEjmIpx3GgO2OkhnLem4r/ef1MRedeTnmaKcLxbFGUMagSOI0HhlQQrNhYE4QF1X+FeIgEwkqHaOoQnPmTF0nnpOHYDef2tNa8KuOoggNwCOrAAWegCW5AC7QBBo/gGbyCN+PJeDHejY9Za8UoZ/bBHxifP5KPmvE=</latexit><latexit sha1_base64="uRHPtGhF8SHtzciA6bA9xQ7YeTU=">AAACEXicbVDLSsNAFJ3UV42vqEs3g0XpqiQiKIJQdOOygn1AE8JkMmmHTiZhZiKW0F9w46+4caGIW3fu/BunaRbaemC4h3Pu5c49QcqoVLb9bVSWlldW16rr5sbm1vaOtbvXkUkmMGnjhCWiFyBJGOWkrahipJcKguKAkW4wup763XsiJE34nRqnxIvRgNOIYqS05Ft1NyRMIfjgc3h8eVFU1zVLNStVXX2rZjfsAnCROCWpgRIt3/pywwRnMeEKMyRl37FT5eVIKIoZmZhuJkmK8AgNSF9TjmIivby4aAKPtBLCKBH6cQUL9fdEjmIpx3GgO2OkhnLem4r/ef1MRedeTnmaKcLxbFGUMagSOI0HhlQQrNhYE4QF1X+FeIgEwkqHaOoQnPmTF0nnpOHYDef2tNa8KuOoggNwCOrAAWegCW5AC7QBBo/gGbyCN+PJeDHejY9Za8UoZ/bBHxifP5KPmvE=</latexit><latexit sha1_base64="uRHPtGhF8SHtzciA6bA9xQ7YeTU=">AAACEXicbVDLSsNAFJ3UV42vqEs3g0XpqiQiKIJQdOOygn1AE8JkMmmHTiZhZiKW0F9w46+4caGIW3fu/BunaRbaemC4h3Pu5c49QcqoVLb9bVSWlldW16rr5sbm1vaOtbvXkUkmMGnjhCWiFyBJGOWkrahipJcKguKAkW4wup763XsiJE34nRqnxIvRgNOIYqS05Ft1NyRMIfjgc3h8eVFU1zVLNStVXX2rZjfsAnCROCWpgRIt3/pywwRnMeEKMyRl37FT5eVIKIoZmZhuJkmK8AgNSF9TjmIivby4aAKPtBLCKBH6cQUL9fdEjmIpx3GgO2OkhnLem4r/ef1MRedeTnmaKcLxbFGUMagSOI0HhlQQrNhYE4QF1X+FeIgEwkqHaOoQnPmTF0nnpOHYDef2tNa8KuOoggNwCOrAAWegCW5AC7QBBo/gGbyCN+PJeDHejY9Za8UoZ/bBHxifP5KPmvE=</latexit><latexit sha1_base64="uRHPtGhF8SHtzciA6bA9xQ7YeTU=">AAACEXicbVDLSsNAFJ3UV42vqEs3g0XpqiQiKIJQdOOygn1AE8JkMmmHTiZhZiKW0F9w46+4caGIW3fu/BunaRbaemC4h3Pu5c49QcqoVLb9bVSWlldW16rr5sbm1vaOtbvXkUkmMGnjhCWiFyBJGOWkrahipJcKguKAkW4wup763XsiJE34nRqnxIvRgNOIYqS05Ft1NyRMIfjgc3h8eVFU1zVLNStVXX2rZjfsAnCROCWpgRIt3/pywwRnMeEKMyRl37FT5eVIKIoZmZhuJkmK8AgNSF9TjmIivby4aAKPtBLCKBH6cQUL9fdEjmIpx3GgO2OkhnLem4r/ef1MRedeTnmaKcLxbFGUMagSOI0HhlQQrNhYE4QF1X+FeIgEwkqHaOoQnPmTF0nnpOHYDef2tNa8KuOoggNwCOrAAWegCW5AC7QBBo/gGbyCN+PJeDHejY9Za8UoZ/bBHxifP5KPmvE=</latexit>

Optimal Learning Control, Lecture 5: http://www.adrlab.org/doku.php/
adrl:education:lecture:fs2015
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Model-based reinforcement learning

• Control:	Linear	state	feedback	

• Cost:	Quadratic

�23

Optimal Learning Control, Lecture 5: http://www.adrlab.org/doku.php/
adrl:education:lecture:fs2015

J =
1X

n=0

r(s, a)
reward

=
1X

n=0

L(x, u)
intermediate cost

<latexit sha1_base64="vdlWwuuiYmAZRRSEiaKwH4n9d8U="></latexit><latexit sha1_base64="vdlWwuuiYmAZRRSEiaKwH4n9d8U="></latexit><latexit sha1_base64="vdlWwuuiYmAZRRSEiaKwH4n9d8U="></latexit><latexit sha1_base64="vdlWwuuiYmAZRRSEiaKwH4n9d8U="></latexit>

u
action

= �K x
state

<latexit sha1_base64="jTQq5PN2+VIon7e+CALcMFBvcCM=">AAACJXicbVDLSgMxFM34rPVVdekmWAQ3lhkRdKFQdCO4qWAf0JaSSW/b0ExmSO5IyzA/48ZfcePCIoIrf8X0sdDWA4HDOedyc48fSWHQdb+cpeWV1bX1zEZ2c2t7Zze3t18xYaw5lHkoQ13zmQEpFJRRoIRapIEFvoSq378d+9Un0EaE6hGHETQD1lWiIzhDK7VyV41Yta0PmDQQBpgwPjbSNIlTek1P6T2dTxhkCDYwSFu5vFtwJ6CLxJuRPJmh1MqNGu2QxwEo5JIZU/fcCJsJ0yi4hDTbiA1EjPdZF+qWKhaAaSaTK1N6bJU27YTaPoV0ov6eSFhgzDDwbTJg2DPz3lj8z6vH2LlsJkJFMYLi00WdWFIM6bgy2hYaOMqhJYxrYf9KeY9p25StJWtL8OZPXiSVs4LnFryH83zxZlZHhhySI3JCPHJBiuSOlEiZcPJMXsk7GTkvzpvz4XxOo0vObOaA/IHz/QP1C6di</latexit><latexit sha1_base64="jTQq5PN2+VIon7e+CALcMFBvcCM=">AAACJXicbVDLSgMxFM34rPVVdekmWAQ3lhkRdKFQdCO4qWAf0JaSSW/b0ExmSO5IyzA/48ZfcePCIoIrf8X0sdDWA4HDOedyc48fSWHQdb+cpeWV1bX1zEZ2c2t7Zze3t18xYaw5lHkoQ13zmQEpFJRRoIRapIEFvoSq378d+9Un0EaE6hGHETQD1lWiIzhDK7VyV41Yta0PmDQQBpgwPjbSNIlTek1P6T2dTxhkCDYwSFu5vFtwJ6CLxJuRPJmh1MqNGu2QxwEo5JIZU/fcCJsJ0yi4hDTbiA1EjPdZF+qWKhaAaSaTK1N6bJU27YTaPoV0ov6eSFhgzDDwbTJg2DPz3lj8z6vH2LlsJkJFMYLi00WdWFIM6bgy2hYaOMqhJYxrYf9KeY9p25StJWtL8OZPXiSVs4LnFryH83zxZlZHhhySI3JCPHJBiuSOlEiZcPJMXsk7GTkvzpvz4XxOo0vObOaA/IHz/QP1C6di</latexit><latexit sha1_base64="jTQq5PN2+VIon7e+CALcMFBvcCM=">AAACJXicbVDLSgMxFM34rPVVdekmWAQ3lhkRdKFQdCO4qWAf0JaSSW/b0ExmSO5IyzA/48ZfcePCIoIrf8X0sdDWA4HDOedyc48fSWHQdb+cpeWV1bX1zEZ2c2t7Zze3t18xYaw5lHkoQ13zmQEpFJRRoIRapIEFvoSq378d+9Un0EaE6hGHETQD1lWiIzhDK7VyV41Yta0PmDQQBpgwPjbSNIlTek1P6T2dTxhkCDYwSFu5vFtwJ6CLxJuRPJmh1MqNGu2QxwEo5JIZU/fcCJsJ0yi4hDTbiA1EjPdZF+qWKhaAaSaTK1N6bJU27YTaPoV0ov6eSFhgzDDwbTJg2DPz3lj8z6vH2LlsJkJFMYLi00WdWFIM6bgy2hYaOMqhJYxrYf9KeY9p25StJWtL8OZPXiSVs4LnFryH83zxZlZHhhySI3JCPHJBiuSOlEiZcPJMXsk7GTkvzpvz4XxOo0vObOaA/IHz/QP1C6di</latexit><latexit sha1_base64="jTQq5PN2+VIon7e+CALcMFBvcCM=">AAACJXicbVDLSgMxFM34rPVVdekmWAQ3lhkRdKFQdCO4qWAf0JaSSW/b0ExmSO5IyzA/48ZfcePCIoIrf8X0sdDWA4HDOedyc48fSWHQdb+cpeWV1bX1zEZ2c2t7Zze3t18xYaw5lHkoQ13zmQEpFJRRoIRapIEFvoSq378d+9Un0EaE6hGHETQD1lWiIzhDK7VyV41Yta0PmDQQBpgwPjbSNIlTek1P6T2dTxhkCDYwSFu5vFtwJ6CLxJuRPJmh1MqNGu2QxwEo5JIZU/fcCJsJ0yi4hDTbiA1EjPdZF+qWKhaAaSaTK1N6bJU27YTaPoV0ov6eSFhgzDDwbTJg2DPz3lj8z6vH2LlsJkJFMYLi00WdWFIM6bgy2hYaOMqhJYxrYf9KeY9p25StJWtL8OZPXiSVs4LnFryH83zxZlZHhhySI3JCPHJBiuSOlEiZcPJMXsk7GTkvzpvz4XxOo0vObOaA/IHz/QP1C6di</latexit>

J =
1X

n=0

1

2
xT
nQxn +

1

2
uT
nRun + uT

nPxn

<latexit sha1_base64="v9zKDtGjMw1wX217XzNOpfnYzx8="></latexit><latexit sha1_base64="v9zKDtGjMw1wX217XzNOpfnYzx8="></latexit><latexit sha1_base64="v9zKDtGjMw1wX217XzNOpfnYzx8="></latexit><latexit sha1_base64="v9zKDtGjMw1wX217XzNOpfnYzx8="></latexit>



Duckietown

Model-based reinforcement learning

• Ansatz:	

• Next	steps:		

• u*	is	found	by	taking	derivative	of	right	hand	side	and	setting	to	0

�24

Optimal Learning Control, Lecture 5: http://www.adrlab.org/doku.php/
adrl:education:lecture:fs2015

V ⇤(xn) =
1

2
xT
nSnxn

<latexit sha1_base64="tlkWLUBTcQAM8vG+GGCdylubbD0=">AAACDXicbZC7TsMwFIadcivlFmBksShIhaFKKiRYkCpYGIvoTWrTyHGd1qrjRLaDqKK8AAuvwsIAQqzsbLwNTtsBWn7J0qf/nKPj83sRo1JZ1reRW1peWV3Lrxc2Nre2d8zdvaYMY4FJA4csFG0PScIoJw1FFSPtSBAUeIy0vNF1Vm/dEyFpyOtqHBEnQANOfYqR0pZrHjV7p6UHl5/AS9j1BcKJnSaVFGqrV4d3Ls/INYtW2ZoILoI9gyKYqeaaX91+iOOAcIUZkrJjW5FyEiQUxYykhW4sSYTwCA1IRyNHAZFOMrkmhcfa6UM/FPpxBSfu74kEBVKOA093BkgN5XwtM/+rdWLlXzgJ5VGsCMfTRX7MoAphFg3sU0GwYmMNCAuq/wrxEOlMlA6woEOw509ehGalbFtl+/asWL2axZEHB+AQlIANzkEV3IAaaAAMHsEzeAVvxpPxYrwbH9PWnDGb2Qd/ZHz+AKjnmgs=</latexit><latexit sha1_base64="tlkWLUBTcQAM8vG+GGCdylubbD0=">AAACDXicbZC7TsMwFIadcivlFmBksShIhaFKKiRYkCpYGIvoTWrTyHGd1qrjRLaDqKK8AAuvwsIAQqzsbLwNTtsBWn7J0qf/nKPj83sRo1JZ1reRW1peWV3Lrxc2Nre2d8zdvaYMY4FJA4csFG0PScIoJw1FFSPtSBAUeIy0vNF1Vm/dEyFpyOtqHBEnQANOfYqR0pZrHjV7p6UHl5/AS9j1BcKJnSaVFGqrV4d3Ls/INYtW2ZoILoI9gyKYqeaaX91+iOOAcIUZkrJjW5FyEiQUxYykhW4sSYTwCA1IRyNHAZFOMrkmhcfa6UM/FPpxBSfu74kEBVKOA093BkgN5XwtM/+rdWLlXzgJ5VGsCMfTRX7MoAphFg3sU0GwYmMNCAuq/wrxEOlMlA6woEOw509ehGalbFtl+/asWL2axZEHB+AQlIANzkEV3IAaaAAMHsEzeAVvxpPxYrwbH9PWnDGb2Qd/ZHz+AKjnmgs=</latexit><latexit sha1_base64="tlkWLUBTcQAM8vG+GGCdylubbD0=">AAACDXicbZC7TsMwFIadcivlFmBksShIhaFKKiRYkCpYGIvoTWrTyHGd1qrjRLaDqKK8AAuvwsIAQqzsbLwNTtsBWn7J0qf/nKPj83sRo1JZ1reRW1peWV3Lrxc2Nre2d8zdvaYMY4FJA4csFG0PScIoJw1FFSPtSBAUeIy0vNF1Vm/dEyFpyOtqHBEnQANOfYqR0pZrHjV7p6UHl5/AS9j1BcKJnSaVFGqrV4d3Ls/INYtW2ZoILoI9gyKYqeaaX91+iOOAcIUZkrJjW5FyEiQUxYykhW4sSYTwCA1IRyNHAZFOMrkmhcfa6UM/FPpxBSfu74kEBVKOA093BkgN5XwtM/+rdWLlXzgJ5VGsCMfTRX7MoAphFg3sU0GwYmMNCAuq/wrxEOlMlA6woEOw509ehGalbFtl+/asWL2axZEHB+AQlIANzkEV3IAaaAAMHsEzeAVvxpPxYrwbH9PWnDGb2Qd/ZHz+AKjnmgs=</latexit><latexit sha1_base64="tlkWLUBTcQAM8vG+GGCdylubbD0=">AAACDXicbZC7TsMwFIadcivlFmBksShIhaFKKiRYkCpYGIvoTWrTyHGd1qrjRLaDqKK8AAuvwsIAQqzsbLwNTtsBWn7J0qf/nKPj83sRo1JZ1reRW1peWV3Lrxc2Nre2d8zdvaYMY4FJA4csFG0PScIoJw1FFSPtSBAUeIy0vNF1Vm/dEyFpyOtqHBEnQANOfYqR0pZrHjV7p6UHl5/AS9j1BcKJnSaVFGqrV4d3Ls/INYtW2ZoILoI9gyKYqeaaX91+iOOAcIUZkrJjW5FyEiQUxYykhW4sSYTwCA1IRyNHAZFOMrkmhcfa6UM/FPpxBSfu74kEBVKOA093BkgN5XwtM/+rdWLlXzgJ5VGsCMfTRX7MoAphFg3sU0GwYmMNCAuq/wrxEOlMlA6woEOw509ehGalbFtl+/asWL2axZEHB+AQlIANzkEV3IAaaAAMHsEzeAVvxpPxYrwbH9PWnDGb2Qd/ZHz+AKjnmgs=</latexit>

Sn = Sn+1 =: S
<latexit sha1_base64="3s29s7ecRYOKz/t9I1qsph1yl7k=">AAAB+3icbZDLSsNAFIZPvNZ6i3XpZrAIglASERShUHTjslJ7gTaUyXTSDp1MwsxELCGv4saFIm59EXe+jdM2C239YeDjP+dwzvx+zJnSjvNtrayurW9sFraK2zu7e/v2QamlokQS2iQRj2THx4pyJmhTM81pJ5YUhz6nbX98O623H6lULBIPehJTL8RDwQJGsDZW3y41+gJVUaOfijM3Q9Vrg3bZqTgzoWVwcyhDrnrf/uoNIpKEVGjCsVJd14m1l2KpGeE0K/YSRWNMxnhIuwYFDqny0tntGToxzgAFkTRPaDRzf0+kOFRqEvqmM8R6pBZrU/O/WjfRwZWXMhEnmgoyXxQkHOkITYNAAyYp0XxiABPJzK2IjLDERJu4iiYEd/HLy9A6r7hOxb2/KNdu8jgKcATHcAouXEIN7qAOTSDwBM/wCm9WZr1Y79bHvHXFymcO4Y+szx8IB5J6</latexit><latexit sha1_base64="3s29s7ecRYOKz/t9I1qsph1yl7k=">AAAB+3icbZDLSsNAFIZPvNZ6i3XpZrAIglASERShUHTjslJ7gTaUyXTSDp1MwsxELCGv4saFIm59EXe+jdM2C239YeDjP+dwzvx+zJnSjvNtrayurW9sFraK2zu7e/v2QamlokQS2iQRj2THx4pyJmhTM81pJ5YUhz6nbX98O623H6lULBIPehJTL8RDwQJGsDZW3y41+gJVUaOfijM3Q9Vrg3bZqTgzoWVwcyhDrnrf/uoNIpKEVGjCsVJd14m1l2KpGeE0K/YSRWNMxnhIuwYFDqny0tntGToxzgAFkTRPaDRzf0+kOFRqEvqmM8R6pBZrU/O/WjfRwZWXMhEnmgoyXxQkHOkITYNAAyYp0XxiABPJzK2IjLDERJu4iiYEd/HLy9A6r7hOxb2/KNdu8jgKcATHcAouXEIN7qAOTSDwBM/wCm9WZr1Y79bHvHXFymcO4Y+szx8IB5J6</latexit><latexit sha1_base64="3s29s7ecRYOKz/t9I1qsph1yl7k=">AAAB+3icbZDLSsNAFIZPvNZ6i3XpZrAIglASERShUHTjslJ7gTaUyXTSDp1MwsxELCGv4saFIm59EXe+jdM2C239YeDjP+dwzvx+zJnSjvNtrayurW9sFraK2zu7e/v2QamlokQS2iQRj2THx4pyJmhTM81pJ5YUhz6nbX98O623H6lULBIPehJTL8RDwQJGsDZW3y41+gJVUaOfijM3Q9Vrg3bZqTgzoWVwcyhDrnrf/uoNIpKEVGjCsVJd14m1l2KpGeE0K/YSRWNMxnhIuwYFDqny0tntGToxzgAFkTRPaDRzf0+kOFRqEvqmM8R6pBZrU/O/WjfRwZWXMhEnmgoyXxQkHOkITYNAAyYp0XxiABPJzK2IjLDERJu4iiYEd/HLy9A6r7hOxb2/KNdu8jgKcATHcAouXEIN7qAOTSDwBM/wCm9WZr1Y79bHvHXFymcO4Y+szx8IB5J6</latexit><latexit sha1_base64="3s29s7ecRYOKz/t9I1qsph1yl7k=">AAAB+3icbZDLSsNAFIZPvNZ6i3XpZrAIglASERShUHTjslJ7gTaUyXTSDp1MwsxELCGv4saFIm59EXe+jdM2C239YeDjP+dwzvx+zJnSjvNtrayurW9sFraK2zu7e/v2QamlokQS2iQRj2THx4pyJmhTM81pJ5YUhz6nbX98O623H6lULBIPehJTL8RDwQJGsDZW3y41+gJVUaOfijM3Q9Vrg3bZqTgzoWVwcyhDrnrf/uoNIpKEVGjCsVJd14m1l2KpGeE0K/YSRWNMxnhIuwYFDqny0tntGToxzgAFkTRPaDRzf0+kOFRqEvqmM8R6pBZrU/O/WjfRwZWXMhEnmgoyXxQkHOkITYNAAyYp0XxiABPJzK2IjLDERJu4iiYEd/HLy9A6r7hOxb2/KNdu8jgKcATHcAouXEIN7qAOTSDwBM/wCm9WZr1Y79bHvHXFymcO4Y+szx8IB5J6</latexit>

xn+1 = Axn +Bun
<latexit sha1_base64="694B7LHVJofqsaUTw4FSzrxzr+A=">AAACAHicbVBNS8NAEJ3Ur1q/qh48eFksglAoiQh6EWq9eKxgP6ANYbPdtks3m7C7kZaQi3/FiwdFvPozvPlv3LY5aOuDgcd7M8zM8yPOlLbtbyu3srq2vpHfLGxt7+zuFfcPmiqMJaENEvJQtn2sKGeCNjTTnLYjSXHgc9ryR7dTv/VIpWKheNCTiLoBHgjWZwRrI3nFo7GXiLKTomt0g8aeQGVUQ7FnnJJdsWdAy8TJSAky1L3iV7cXkjigQhOOleo4dqTdBEvNCKdpoRsrGmEywgPaMVTggCo3mT2QolOj9FA/lKaERjP190SCA6UmgW86A6yHatGbiv95nVj3r9yEiSjWVJD5on7MkQ7RNA3UY5ISzSeGYCKZuRWRIZaYaJNZwYTgLL68TJrnFceuOPcXpWotiyMPx3ACZ+DAJVThDurQAAIpPMMrvFlP1ov1bn3MW3NWNnMIf2B9/gBwzpRc</latexit><latexit sha1_base64="694B7LHVJofqsaUTw4FSzrxzr+A=">AAACAHicbVBNS8NAEJ3Ur1q/qh48eFksglAoiQh6EWq9eKxgP6ANYbPdtks3m7C7kZaQi3/FiwdFvPozvPlv3LY5aOuDgcd7M8zM8yPOlLbtbyu3srq2vpHfLGxt7+zuFfcPmiqMJaENEvJQtn2sKGeCNjTTnLYjSXHgc9ryR7dTv/VIpWKheNCTiLoBHgjWZwRrI3nFo7GXiLKTomt0g8aeQGVUQ7FnnJJdsWdAy8TJSAky1L3iV7cXkjigQhOOleo4dqTdBEvNCKdpoRsrGmEywgPaMVTggCo3mT2QolOj9FA/lKaERjP190SCA6UmgW86A6yHatGbiv95nVj3r9yEiSjWVJD5on7MkQ7RNA3UY5ISzSeGYCKZuRWRIZaYaJNZwYTgLL68TJrnFceuOPcXpWotiyMPx3ACZ+DAJVThDurQAAIpPMMrvFlP1ov1bn3MW3NWNnMIf2B9/gBwzpRc</latexit><latexit sha1_base64="694B7LHVJofqsaUTw4FSzrxzr+A=">AAACAHicbVBNS8NAEJ3Ur1q/qh48eFksglAoiQh6EWq9eKxgP6ANYbPdtks3m7C7kZaQi3/FiwdFvPozvPlv3LY5aOuDgcd7M8zM8yPOlLbtbyu3srq2vpHfLGxt7+zuFfcPmiqMJaENEvJQtn2sKGeCNjTTnLYjSXHgc9ryR7dTv/VIpWKheNCTiLoBHgjWZwRrI3nFo7GXiLKTomt0g8aeQGVUQ7FnnJJdsWdAy8TJSAky1L3iV7cXkjigQhOOleo4dqTdBEvNCKdpoRsrGmEywgPaMVTggCo3mT2QolOj9FA/lKaERjP190SCA6UmgW86A6yHatGbiv95nVj3r9yEiSjWVJD5on7MkQ7RNA3UY5ISzSeGYCKZuRWRIZaYaJNZwYTgLL68TJrnFceuOPcXpWotiyMPx3ACZ+DAJVThDurQAAIpPMMrvFlP1ov1bn3MW3NWNnMIf2B9/gBwzpRc</latexit><latexit sha1_base64="694B7LHVJofqsaUTw4FSzrxzr+A=">AAACAHicbVBNS8NAEJ3Ur1q/qh48eFksglAoiQh6EWq9eKxgP6ANYbPdtks3m7C7kZaQi3/FiwdFvPozvPlv3LY5aOuDgcd7M8zM8yPOlLbtbyu3srq2vpHfLGxt7+zuFfcPmiqMJaENEvJQtn2sKGeCNjTTnLYjSXHgc9ryR7dTv/VIpWKheNCTiLoBHgjWZwRrI3nFo7GXiLKTomt0g8aeQGVUQ7FnnJJdsWdAy8TJSAky1L3iV7cXkjigQhOOleo4dqTdBEvNCKdpoRsrGmEywgPaMVTggCo3mT2QolOj9FA/lKaERjP190SCA6UmgW86A6yHatGbiv95nVj3r9yEiSjWVJD5on7MkQ7RNA3UY5ISzSeGYCKZuRWRIZaYaJNZwYTgLL68TJrnFceuOPcXpWotiyMPx3ACZ+DAJVThDurQAAIpPMMrvFlP1ov1bn3MW3NWNnMIf2B9/gBwzpRc</latexit>

V (xn) = min
un

(L(xn, un) + V (xn+1))
<latexit sha1_base64="9tSGOEvT37XIymjjVEXGAp2E7+w=">AAACF3icbVDLSsNAFJ3UV62vqEs3g0VoqZREBN0IRTcuXFSwD2hDmEwn7dDJJMxMxBLyF278FTcuFHGrO//GSZuFth4YOJxzLnfu8SJGpbKsb6OwtLyyulZcL21sbm3vmLt7bRnGApMWDlkouh6ShFFOWooqRrqRICjwGOl446vM79wTIWnI79QkIk6Ahpz6FCOlJdestysPLq/CC9gPKHeT2OUprNxk4jGMM6cGs0jCa3Zarbpm2apbU8BFYuekDHI0XfOrPwhxHBCuMENS9mwrUk6ChKKYkbTUjyWJEB6jIelpylFApJNM70rhkVYG0A+FflzBqfp7IkGBlJPA08kAqZGc9zLxP68XK//cSSiPYkU4ni3yYwZVCLOS4IAKghWbaIKwoPqvEI+QQFjpKku6BHv+5EXSPqnbVt2+PS03LvM6iuAAHIIKsMEZaIBr0AQtgMEjeAav4M14Ml6Md+NjFi0Y+cw++APj8wf3zZyl</latexit><latexit sha1_base64="9tSGOEvT37XIymjjVEXGAp2E7+w=">AAACF3icbVDLSsNAFJ3UV62vqEs3g0VoqZREBN0IRTcuXFSwD2hDmEwn7dDJJMxMxBLyF278FTcuFHGrO//GSZuFth4YOJxzLnfu8SJGpbKsb6OwtLyyulZcL21sbm3vmLt7bRnGApMWDlkouh6ShFFOWooqRrqRICjwGOl446vM79wTIWnI79QkIk6Ahpz6FCOlJdestysPLq/CC9gPKHeT2OUprNxk4jGMM6cGs0jCa3Zarbpm2apbU8BFYuekDHI0XfOrPwhxHBCuMENS9mwrUk6ChKKYkbTUjyWJEB6jIelpylFApJNM70rhkVYG0A+FflzBqfp7IkGBlJPA08kAqZGc9zLxP68XK//cSSiPYkU4ni3yYwZVCLOS4IAKghWbaIKwoPqvEI+QQFjpKku6BHv+5EXSPqnbVt2+PS03LvM6iuAAHIIKsMEZaIBr0AQtgMEjeAav4M14Ml6Md+NjFi0Y+cw++APj8wf3zZyl</latexit><latexit sha1_base64="9tSGOEvT37XIymjjVEXGAp2E7+w=">AAACF3icbVDLSsNAFJ3UV62vqEs3g0VoqZREBN0IRTcuXFSwD2hDmEwn7dDJJMxMxBLyF278FTcuFHGrO//GSZuFth4YOJxzLnfu8SJGpbKsb6OwtLyyulZcL21sbm3vmLt7bRnGApMWDlkouh6ShFFOWooqRrqRICjwGOl446vM79wTIWnI79QkIk6Ahpz6FCOlJdestysPLq/CC9gPKHeT2OUprNxk4jGMM6cGs0jCa3Zarbpm2apbU8BFYuekDHI0XfOrPwhxHBCuMENS9mwrUk6ChKKYkbTUjyWJEB6jIelpylFApJNM70rhkVYG0A+FflzBqfp7IkGBlJPA08kAqZGc9zLxP68XK//cSSiPYkU4ni3yYwZVCLOS4IAKghWbaIKwoPqvEI+QQFjpKku6BHv+5EXSPqnbVt2+PS03LvM6iuAAHIIKsMEZaIBr0AQtgMEjeAav4M14Ml6Md+NjFi0Y+cw++APj8wf3zZyl</latexit><latexit sha1_base64="9tSGOEvT37XIymjjVEXGAp2E7+w=">AAACF3icbVDLSsNAFJ3UV62vqEs3g0VoqZREBN0IRTcuXFSwD2hDmEwn7dDJJMxMxBLyF278FTcuFHGrO//GSZuFth4YOJxzLnfu8SJGpbKsb6OwtLyyulZcL21sbm3vmLt7bRnGApMWDlkouh6ShFFOWooqRrqRICjwGOl446vM79wTIWnI79QkIk6Ahpz6FCOlJdestysPLq/CC9gPKHeT2OUprNxk4jGMM6cGs0jCa3Zarbpm2apbU8BFYuekDHI0XfOrPwhxHBCuMENS9mwrUk6ChKKYkbTUjyWJEB6jIelpylFApJNM70rhkVYG0A+FflzBqfp7IkGBlJPA08kAqZGc9zLxP68XK//cSSiPYkU4ni3yYwZVCLOS4IAKghWbaIKwoPqvEI+QQFjpKku6BHv+5EXSPqnbVt2+PS03LvM6iuAAHIIKsMEZaIBr0AQtgMEjeAav4M14Ml6Md+NjFi0Y+cw++APj8wf3zZyl</latexit>



Duckietown

Model-based reinforcement learning

• Discrete	time	algebraic	Riccati	equation:	

• Optimal	control

�25

Optimal Learning Control, Lecture 5: http://www.adrlab.org/doku.php/
adrl:education:lecture:fs2015

S = Q+ATSA� (PT +ATSB)(R+BTSB)�1(P +BTSA)
<latexit sha1_base64="6ukkhRInzmkzI+eixzoOGDmKqxM="></latexit><latexit sha1_base64="6ukkhRInzmkzI+eixzoOGDmKqxM="></latexit><latexit sha1_base64="6ukkhRInzmkzI+eixzoOGDmKqxM="></latexit><latexit sha1_base64="6ukkhRInzmkzI+eixzoOGDmKqxM="></latexit>

u⇤ = �Kx = �(R+BTSB)�1(P +BTSA)x
<latexit sha1_base64="++sYxGDqSEw3rXfhFdgiPxqhMd8=">AAACFHicbVDLSgMxFM34rPU16tJNsAitpWVGBN0ItW4EN9U+oS8yaaYNzTxIMtIy9CPc+CtuXCji1oU7/8Z0OgttPRBycs693Nxj+YwKaRjf2tLyyuraemIjubm1vbOr7+3XhBdwTKrYYx5vWEgQRl1SlVQy0vA5QY7FSN0aXk/9+gPhgnpuRY590nZQ36U2xUgqqatng84JvIQ5eDuKrvR9ttiplIuZTpgzJ+kSzEL1hmV4lRl19ZSRNyLARWLGJAVilLr6V6vn4cAhrsQMCdE0DV+2Q8QlxYxMkq1AEB/hIeqTpqIucohoh9FSE3islB60Pa6OK2Gk/u4IkSPE2LFUpYPkQMx7U/E/rxlI+6IdUtcPJHHxbJAdMCg9OE0I9ignWLKxIghzqv4K8QBxhKXKMalCMOdXXiS107xp5M27s1ShGMeRAIfgCKSBCc5BAdyAEqgCDB7BM3gFb9qT9qK9ax+z0iUt7jkAf6B9/gDHw5kE</latexit><latexit sha1_base64="++sYxGDqSEw3rXfhFdgiPxqhMd8=">AAACFHicbVDLSgMxFM34rPU16tJNsAitpWVGBN0ItW4EN9U+oS8yaaYNzTxIMtIy9CPc+CtuXCji1oU7/8Z0OgttPRBycs693Nxj+YwKaRjf2tLyyuraemIjubm1vbOr7+3XhBdwTKrYYx5vWEgQRl1SlVQy0vA5QY7FSN0aXk/9+gPhgnpuRY590nZQ36U2xUgqqatng84JvIQ5eDuKrvR9ttiplIuZTpgzJ+kSzEL1hmV4lRl19ZSRNyLARWLGJAVilLr6V6vn4cAhrsQMCdE0DV+2Q8QlxYxMkq1AEB/hIeqTpqIucohoh9FSE3islB60Pa6OK2Gk/u4IkSPE2LFUpYPkQMx7U/E/rxlI+6IdUtcPJHHxbJAdMCg9OE0I9ignWLKxIghzqv4K8QBxhKXKMalCMOdXXiS107xp5M27s1ShGMeRAIfgCKSBCc5BAdyAEqgCDB7BM3gFb9qT9qK9ax+z0iUt7jkAf6B9/gDHw5kE</latexit><latexit sha1_base64="++sYxGDqSEw3rXfhFdgiPxqhMd8=">AAACFHicbVDLSgMxFM34rPU16tJNsAitpWVGBN0ItW4EN9U+oS8yaaYNzTxIMtIy9CPc+CtuXCji1oU7/8Z0OgttPRBycs693Nxj+YwKaRjf2tLyyuraemIjubm1vbOr7+3XhBdwTKrYYx5vWEgQRl1SlVQy0vA5QY7FSN0aXk/9+gPhgnpuRY590nZQ36U2xUgqqatng84JvIQ5eDuKrvR9ttiplIuZTpgzJ+kSzEL1hmV4lRl19ZSRNyLARWLGJAVilLr6V6vn4cAhrsQMCdE0DV+2Q8QlxYxMkq1AEB/hIeqTpqIucohoh9FSE3islB60Pa6OK2Gk/u4IkSPE2LFUpYPkQMx7U/E/rxlI+6IdUtcPJHHxbJAdMCg9OE0I9ignWLKxIghzqv4K8QBxhKXKMalCMOdXXiS107xp5M27s1ShGMeRAIfgCKSBCc5BAdyAEqgCDB7BM3gFb9qT9qK9ax+z0iUt7jkAf6B9/gDHw5kE</latexit><latexit sha1_base64="++sYxGDqSEw3rXfhFdgiPxqhMd8=">AAACFHicbVDLSgMxFM34rPU16tJNsAitpWVGBN0ItW4EN9U+oS8yaaYNzTxIMtIy9CPc+CtuXCji1oU7/8Z0OgttPRBycs693Nxj+YwKaRjf2tLyyuraemIjubm1vbOr7+3XhBdwTKrYYx5vWEgQRl1SlVQy0vA5QY7FSN0aXk/9+gPhgnpuRY590nZQ36U2xUgqqatng84JvIQ5eDuKrvR9ttiplIuZTpgzJ+kSzEL1hmV4lRl19ZSRNyLARWLGJAVilLr6V6vn4cAhrsQMCdE0DV+2Q8QlxYxMkq1AEB/hIeqTpqIucohoh9FSE3islB60Pa6OK2Gk/u4IkSPE2LFUpYPkQMx7U/E/rxlI+6IdUtcPJHHxbJAdMCg9OE0I9ignWLKxIghzqv4K8QBxhKXKMalCMOdXXiS107xp5M27s1ShGMeRAIfgCKSBCc5BAdyAEqgCDB7BM3gFb9qT9qK9ax+z0iUt7jkAf6B9/gDHw5kE</latexit>
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Break

• What	questions	do	you	have?	

• Robotic	ping	pong:	https://www.youtube.com/watch?
v=Fhb26WdqVuE	

• Learning	to	throw	a	pendulum:	https://robohub.org/
video-throwing-and-catching-an-inverted-pendulum-
with-quadrocopters/
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https://www.youtube.com/watch?v=Fhb26WdqVuE
https://www.youtube.com/watch?v=Fhb26WdqVuE
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https://robohub.org/video-throwing-and-catching-an-inverted-pendulum-with-quadrocopters/
https://robohub.org/video-throwing-and-catching-an-inverted-pendulum-with-quadrocopters/
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Summary - first section

• Reinforcement	learning	(RL)	asks	an	agent	to	maximize	
rewards	

• Different	to	supervised	learning:	
• State	dynamics	unknown	
• Feedback	dynamics	
• No	cost	function	
• Exploration	vs.	exploitation	

• Model-based	RL	uses	data	to	estimate	a	dynamics	model,	then	
optimizes	behavior	directly	with	dynamics	model

�27
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Model-free reinforcement learning

• Model	

• Policy	/	controller	

• Objective	

�28
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https://medium.com/@jonathan_hui/rl-model-based-reinforcement-learning-3c2b6f0aa323

Focus on policy



Duckietown

Model-free reinforcement learning

• The	headlines	started	with	
Deepmind	

• Deep-Q	learning	-	Atari	

• AlphaGo		-	Go	

• Alpha	Zero	-	Chess	

• Replaced	years	of	hand-crafted	
algorithms	and	features	to	play	
with	a	computer	

• Achieved	in	simulation	domain

�29

https://www.youtube.com/watch?v=V1eYniJ0Rnk
https://www.youtube.com/watch?v=g-dKXOlsf98
https://www.youtube.com/watch?v=Wujy7OzvdJk
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Model-free reinforcement learning
• Starting	to	be	applied	to	robots

�30
Finn, Chelsea, and Sergey Levine. "Deep visual foresight for planning robot motion." Robotics and Automation (ICRA), 2017 IEEE International Conference on. 
IEEE, 2017.

https://youtu.be/TyOooJC_bLY?t=1694
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Q-learning and value functions
• State-action	pairs	

• Markov	assumption

�31
https://en.wikipedia.org/wiki/Q-learning

Sutton and Barto: http://incompleteideas.net/book/the-book-2nd.html, p.132
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Q-learning and value functions

• Q-learning	state-action	value	estimates	are	updated	with	new	
experience	

• Exploration	required	to	get	new	relevant	experiences
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Q-learning and value functions

• Example	applications	-	Tic,	tac,	toe	and	grid-worlds	

• Large	state-action	spaces	would	be	prohibitive

�33

Sutton and Barto: http://incompleteideas.net/book/the-book-2nd.html, p.137 
For complete tic, tac, toe solution: https://xkcd.com/832/

http://incompleteideas.net/book/the-book-2nd.html
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Deep reinforcement learning

• Learning	to	drive	in	a	simulator	using	evolutionary	algorithms

Koutník, Jan, et al. "Evolving large-scale neural networks for vision-based reinforcement learning." Proceedings of the 15th annual conference on 
Genetic and evolutionary computation. ACM, 2013.
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Deep Q-learning for human-level Atari

• Playing	Atari	games	with	Deep	Q-networks

�35

Mnih, Volodymyr, et al. "Human-level control through deep reinforcement learning." Nature 518.7540 (2015): 529.
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Training Deep Q-networks
• For	episode	=	1,	M	do	

• For	t=1,T	do	

• Select	epsilon-greedy	action	

• Execute	action,	observe	reward	and	image,	store	transition	

• Sample	batch	of	saved	transitions	

• Perform	gradient	descent	step	w.r.t.	network	parameters		

• Every	C	steps	reset	fixed	target	network	

• End	For	

• End	For

�36

Mnih, Volodymyr, et al. "Human-level control through deep reinforcement learning." Nature 518.7540 (2015): 529.



Duckietown

Training DeepQ and similar networks

• Memory	replay	buffer	-	OFF	POLICY	LEARNING:	

• Each	transition	(s,	a,	r,	s’)	gets	stored	

• Batches	of	transitions	get	sampled	uniformly	

• Avoids	correlating	updates	along	a	trajectory	

• Inspired	by	what	may	happen	during	“dreaming”	in	humans	

�37

Mnih, Volodymyr, et al. "Human-level control through deep reinforcement learning." Nature 518.7540 (2015): 529.
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Training DeepQ and similar networks

• Loss	function:	

• One	fixed	target	network		

• Tries	to	approximate	reward	+	future	value	function

�38

Mnih, Volodymyr, et al. "Human-level control through deep reinforcement learning." Nature 518.7540 (2015): 529.
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Training DeepQ and similar networks

• Results:	

• Better	performance	than	
reference	game	testers	in	
some	games	

• Not	good	at	long-term	
planning	

• Especially	good	at	“reflex”	
games

�39

Mnih, Volodymyr, et al. "Human-level control through deep reinforcement learning." Nature 518.7540 (2015): 529.
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Robotic priors

• How	to	make	the	best	of	the	model-based	and	model-
free	world?	

• Model-free	where	structure	is	unknown	
• Model-based	where	structure	is	known	

• Depends	on	data	availability	-	more	constraints	for	
less	data

�40

Jonschkowski, Rico, and Oliver Brock. "Learning state representations with robotic priors." Autonomous Robots 39.3 (2015): 407-428.
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Combining model-based and model-free 
aspects
• Auxiliary	loss	functions	to	improve	learning

�41

Jaderberg, Max, et al. "Reinforcement learning with unsupervised auxiliary tasks." arXiv preprint arXiv:1611.05397(2016).
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Words of caution: Deep RL

• https://xkcd.com/1838/	

• https://imgs.xkcd.com/
comics/machine_learning.png

�42

https://xkcd.com/1838/
https://imgs.xkcd.com/comics/machine_learning.png
https://imgs.xkcd.com/comics/machine_learning.png
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Words of caution: Sample complexity

• Random	search	can	
compete	with	Deep	RL	
methods

�43

Mania, Horia, Aurelia Guy, and Benjamin Recht. "Simple random search provides a competitive approach to reinforcement learning." arXiv preprint arXiv:
1803.07055(2018).

Todorov, Emanuel, Tom Erez, and Yuval Tassa. "Mujoco: A physics engine for model-based control." Intelligent Robots and Systems (IROS), 2012 IEEE/RSJ International 
Conference on. IEEE, 2012.



Duckietown

Words of caution: Non-reproducibility

• Random	seeds	change	
solution	

• Performance	changes	
across	environments
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Henderson, Peter, et al. "Deep reinforcement learning that matters." arXiv preprint arXiv:1709.06560 (2017).
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Words of caution: Non-reproducibility

• Different	code	bases	-	
same	algorithm,	same	
hyperparameter	settings
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Words of caution: Adversarial attacks
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Huang, Sandy, et al. "Adversarial attacks on neural network policies." arXiv preprint arXiv:1702.02284 (2017).
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Takeaway

• What	is	reinforcement	learning?	Why	is	it	important?	

• Model-based	vs.	model-free	reinforcement	learning	

• Different	sample	complexity	regimes	and	application	areas	

• Words	of	caution	

• Key	difficulties	still	to	overcome	

• Further	study:	Deep	Mind	youtube	series
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https://www.youtube.com/playlist?list=PLqYmG7hTraZDNJre23vqCGIVpfZ_K2RZs

