
Deep	Reinforcement	Learning		
through	

	Policy	Op7miza7on	
	

Pieter	Abbeel	
Open	AI		/	Berkeley	AI	Research	Lab	

	
Slides	made	in	collabora<on	with	John	Schulman	

	



Reinforcement	Learning	
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Policy	Op<miza<on	

⇡✓(u|s)

n  Consider	control	policy	parameterized	
by	parameter	vector	

	

n  OEen	stochas<c	policy	class	(smooths	
out	the	problem):	
																				:	probability	of	ac<on	u	in	state	s		

✓

max

✓
E[

HX

t=0

R(st)|⇡✓]

⇡✓(u|s)



n  OEen						can	be	simpler	than	Q	or	V	
n  E.g.,	robo<c	grasp	

n  V:	doesn’t	prescribe	ac<ons	
n  Would	need	dynamics	model	(+	compute	1	Bellman	back-up)	

n  Q:	need	to	be	able	to	efficiently	solve	
n  Challenge	for	con<nuous	/	high-dimensional	ac<on	spaces	

Why	Policy	Op<miza<on	
⇡

argmax

a
Q✓(s, a)



Kohl	and	Stone,	2004	

Example	Policy	Op<miza<on	Success	Stories	

Tedrake	et	al,	2005	 Kober	and	Peters,	2009	Ng	et	al,	2004	

Silver	et	al,	2014	(DPG)	
Lillicrap	et	al,	2015	

(DDPG)	

Schulman	et	al,	2016	
(TRPO	+	GAE)	

Levine*,	Finn*,	et	al,	2016	
(GPS)	

Schulman	et	al,	2015	
(TRPO)	

Mnih	et	al,	2015	(A3C)	

Cheetah?	Atari	



Policy	Op<miza<on	in	the	RL	Landscape	



n  Deriva<ve	free	methods	

n  Cross	Entropy	Method	(CEM)	/	Finite	Differences	/	Fixing	Random	Seed	

n  Likelihood	Ra<o	(LR)	Policy	Gradient	

n  Deriva<on	/	Connec<on	w/Importance	Sampling	

n  Natural	Gradient	/	Trust	Regions	(->	TRPO)	

n  Actor-Cri<c																			(->	GAE,	A3C)	

n  Path	Deriva<ves	(PD)		(->	DPG,	DDPG,	SVG)	

n  Stochas<c	Computa<on	Graphs	(generalizes	LR	/	PD)	

n  Guided	Policy	Search	(GPS)	

n  Inverse	Reinforcement	Learning	

Outline		
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n  Views	U	as	a	black	box	

n  Ignores	all	other	informa<on	
other	than	U	collec<ng	during	
episode		

Cross-Entropy	Method	

max

✓
U(✓) = max

✓
E[

HX

t=0

R(st)|⇡✓]

CEM:	
		for	iter	i	=	1,	2,	…	
						for	popula<on	member	e	=	1,	2,	...	
										sample	
										execute	roll-outs	under	
										store	
							endfor	
	
		

												where					indexes	over	top		p	%	
				endfor	
										 					

✓(e) ⇠ Pµ(i)(✓)
⇡✓(e)

(✓(e), u(e))

µ(i+1)
= argmax

µ

X

ē

logPµ(✓
(ē)

)

ē
		=	evolu<onary	algorithm	

					popula<on:		

	

Pµ(i)(✓)



n  Works	embarrassingly	well	

Cross-Entropy	Method	

[NIPS	2013]	



n  Covariance	Matrix	Adapta<on	(CMA)	has	become	standard	in	
graphics	[Hansen,	Ostermeier,	1996]	

Cross-Entropy	Method	



n  Caveat:	best	when	number	of	parameters	is	rela<vely	small	
n  i.e.,	number	of	popula<on	members	comparable	to	or	larger	than	

number	of	parameters	

	

	à	in	prac<ce	OK	if	low-dimensional	θ	and	willing	to	do	do	many	runs	

	

à	Easy	to	implement	baseline	to	compare	with!	

Cross-Entropy	Method	



Black	Box	Gradient	Computa<on	



Challenge:	Noise	Can	Dominate	



Solu<on	1:		Average	over	many	samples	



Solu<on	2:	Fix	random	seed	

fixed	random	
seed	sample	



n  Randomness	in	policy	and	dynamics	
n  But	can	oEen	only	control	randomness	in	policy..	

n  Example:		wind	influence	on	a	helicopter	is	stochas<c,	but	if	
we	assume	the	same	wind	paqern	across	trials,	this	will	make	
the	different	choices	of	θ	more	readily	comparable	

	

[Ng	&	Jordan,	2000]	provide	theore<cal	analysis	of	gains	from	fixing	
randomness	(“pegasus”)	

Solu<on	2:	Fix	random	seed	



[Ng + al, ISER 2004] [Policy search was done in simulation] 



Learning	to	Hover	



n  Deriva<ve	free	methods	

n  Cross	Entropy	Method	(CEM)	/	Finite	Differences	/	Fixing	Random	Seed	

n  Likelihood	Ra'o	(LR)	Policy	Gradient	

n  Deriva'on	/	Connec'on	w/Importance	Sampling	

n  Natural	Gradient	/	Trust	Regions	(->	TRPO)	
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Likelihood	Ra<o	Policy	Gradient	



Deriva<on	from	Importance	Sampling	
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Note:	Suggests	we	can	also	look	at	more	than	just	gradient!	 [Tang&Abbeel,	2011]	
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[Tang&Abbeel,	2011]	Note:	Suggests	we	can	also	look	at	more	than	just	gradient!	
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n  Valid	even	if	R	is	discon<nuous,	and	
unknown,	or	sample	space	(of	paths)	
is	a	discrete	set		

Likelihood	Ra<o	Gradient:	Validity	

rU(✓) ⇡ ĝ =

1

m

mX

i=1

r✓ logP (⌧ (i); ✓)R(⌧ (i))



n  Gradient	tries	to:	
n  Increase	probability	of	paths	with	

posi<ve	R	

n  Decrease	probability	of	paths	with	
nega<ve	R	

Likelihood	Ra<o	Gradient:	Intui<on	

rU(✓) ⇡ ĝ =

1

m

mX

i=1

r✓ logP (⌧ (i); ✓)R(⌧ (i))

!	Likelihood	ra<o	changes	probabili<es	of	experienced	paths,	
does	not	try	to	change	the	paths	(see	Path	Deriva<ve	later)	



Let’s	Decompose	Path	into	States	and	Ac<ons	
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Likelihood	Ra<o	Gradient	Es<mate	



n  As	formulated	thus	far:	unbiased	but	very	noisy	

n  Fixes	that	lead	to	real-world	prac<cality	
n  Baseline	

n  Temporal	structure	

n  Also:	KL-divergence	trust	region	/	natural	gradient	(=	general	trick,	
equally	applicable	to	perturba<on	analysis	and	finite	differences)	

Likelihood	Ra<o	Gradient	Es<mate	



n  To	build	intui<on,	let’s	assume	R	>	0	

n  Then	tries	to	increase	probabili<es	of	all	paths	

à  Consider	baseline	b:	

						Good	choice	for	b?	

	 	 	[in	prac<ce	es<mate]	

Likelihood	Ra<o	Gradient:	Baseline	
rU(✓) ⇡ ĝ =

1

m

mX

i=1

r✓ logP (⌧ (i); ✓)R(⌧ (i))

rU(✓) ⇡ ĝ =

1

m

mX

i=1

r✓ logP (⌧ (i); ✓)(R(⌧ (i))� b)

U(✓)

s<ll	unbiased	



n  	Current	es<mate:	

n  Future	ac<ons	do	not	depend	on	past	rewards,	hence	can	
lower	variance	by	instead	using:	

Likelihood	Ra<o	and	Temporal	Structure	

ĝ =

1

m

mX

i=1

r✓ logP (⌧ (i); ✓)(R(⌧ (i))� b)

=

1

m

mX

i=1

 
H�1X
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(i)
t |s(i)t )
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H�1X

t=0
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t )� b

!

1

m

mX
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H�1X
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r✓ log ⇡✓(u
(i)
t |s(i)t )

 
H�1X
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!
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n  Step-sizing	necessary	as	gradient	is	only	first-order	
approxima<on	

Step-sizing	and	Trust	Regions	



n  Terrible	step	sizes,	always	an	issue,	but	how	about	just	not	so	
great	ones?	

n  Supervised	learning	
n  Step	too	far	à	next	update	will	correct	for	it	

n  Reinforcement	learning	
n  Step	too	far	à	terrible	policy		

n  Next	mini-batch:	collected	under	this	terrible	policy!	

n  Not	clear	how	to	recover	short	of	going	back	and	shrinking	the	step	size	

What’s	in	a	step-size?	



n  Simple	step-sizing:	Line	search	in	direc<on	of	gradient	
n  Simple,	but	expensive	(evalua<ons	along	the	line)	

n  Naïve:	ignores	where	the	first-order	approxima<on	is	good/poor	

Step-sizing	and	Trust	Regions	



n  Advanced	step-sizing:	Trust	regions	

n  First-order	approxima<on	from	gradient	is	a	good	
approxima<on	within	“trust	region”	

à	Solve	for	best	point	within	trust	region:	

Step-sizing	and	Trust	Regions	

max

�✓
ĝ>�✓

s.t. KL(P (⌧ ; ✓)||P (⌧ ; ✓ + �✓))  "



n  Our	problem:	

n  Recall:	

n  Hence:	
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ĝ>�✓

s.t. KL(P (⌧ ; ✓)||P (⌧ ; ✓ + �✓))  "

max

�✓
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n  Our	problem:	
	

	

n  If	constraint	moved	to	objec<ve	à	natural	policy	gradient	
n  [Kakade	2002,	Bagnell	&	Schneider	2003,	Peters	&	Schaal	2003]	

n  But	keeping	as	constraint	tends	to	be	beneficial	[Schulman	et	al	2015]	
n  Can	be	done	through	dual	gradient	descent	on	Lagrangian	
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n  Our	problem:	
	

	

n  Done?	
n  Deep	RL	à										high-dimensional,	and	building	/	inver<ng								imprac<cal	

n  Efficient	scheme	through	conjugate	gradient	[Schulman	et	al,	2015,	TRPO]	

n  Can	we	do	beqer?	
n  Replace	objec<ve	by	surrogate	loss	that’s	higher	order	approxima<on	yet	equally	
efficient	to	evaluate	[Schulman	et	al,	2015,	TRPO]	

n  Note:	surrogate	loss	idea	is	generally	applicable	when	likelihood	ra<o	gradients	are	
used	
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ĝ>�✓

s.t. �✓>F✓�✓  "

✓ F✓



n  Our	problem:	
	

	

n  Done?	
n  Deep	RL	à										high-dimensional,	and	building	/	inver<ng								imprac<cal	

n  Efficient	scheme	through	conjugate	gradient	[Schulman	et	al,	2015,	TRPO]	

n  Can	we	do	beqer?	
n  Replace	objec<ve	by	surrogate	loss	that’s	higher	order	approxima<on	yet	equally	
efficient	to	evaluate	[Schulman	et	al,	2015,	TRPO]	

n  Note:	surrogate	loss	idea	is	generally	applicable	when	likelihood	ra<o	gradients	are	
used	

Evalua<ng	the	KL	
max

�✓
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[Schulman,	Levine,	Moritz,	Jordan,	Abbeel,	2014]	

Experiments	in	Locomo<on	



Learning	Curves	--	Comparison	



Learning	Curves	--	Comparison	



n  Deep	Q-Network	(DQN)	[Mnih	et	al,	2013/2015]	

n  Dagger	with	Monte	Carlo	Tree	Search	[Xiao-Xiao	et	al,	2014]	

n  Trust	Region	Policy	Op<miza<on	[Schulman,	Levine,	Moritz,	Jordan,	Abbeel,	2015]	

n  …	

Atari	Games	

Pong	 Enduro	 Beamrider	 Q*bert	



n  Deriva<ve	free	methods	

n  Cross	Entropy	Method	(CEM)	/	Finite	Differences	/	Fixing	Random	Seed	

n  Likelihood	Ra<o	(LR)	Policy	Gradient	

n  Deriva<on	/	Connec<on	w/Importance	Sampling	

n  Natural	Gradient	/	Trust	Regions	(->	TRPO)	

n  Actor-Cri'c																			(->	GAE,	A3C)	

n  Path	Deriva<ves	(PD)		(->	DPG,	DDPG,	SVG)	

n  Stochas<c	Computa<on	Graphs	(generalizes	LR	/	PD)	

n  Guided	Policy	Search	(GPS)	

n  Inverse	Reinforcement	Learning	

Outline		



n  Es<ma<on	of	Q	from	single	roll-out	

Recall	Our	Likelihood	Ra<o	PG	Es<mator	

Q⇡(s, u) = E[r0 + r1 + r2 + · · · |s0 = s, a0 = a]
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n  Reduce	variance	by	func<on	approxima<on	(=cri<c)				
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à	introduce	discount	factor	as	a	hyperparameter	to	improve	
es<mate	of	Q:	

Variance	Reduc<on	by	Discoun<ng	

Q⇡(s, u) = E[r0 + r1 + r2 + · · · |s0 = s, a0 = a]

Q⇡,�(s, u) = E[r0 + �r1 + �2r2 + · · · |s0 = s, a0 = a]



n  Generalized	Advantage	Es'ma'on	uses	an	exponen<ally	
weighted	average	of	these	

n  ~	TD(lambda)	

Reducing	Variance	by	Func<on	Approxima<on	
Q⇡,�(s, u) = E[r0 + �r1 + �2r2 + · · · | s0 = s, u0 = u]

= E[r0 + �V ⇡(s1) | s0 = s, u0 = u]

= E[r0 + �r1 + �2V ⇡(s2) | s0 = s, u0 = u]

= E[r0 + �r1 ++�2r2 + �3V ⇡(s3) | s0 = s, u0 = u]

= · · ·
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n  Generalized	Advantage	Es'ma'on	uses	an	exponen<ally	
weighted	average	of	sample	es<mates	of	these	

n  ~	TD(lambda)	
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n  Generalized	Advantage	Es'ma'on	uses	an	exponen<ally	
weighted	average	of	sample	es<mates	of	these	

n  ~	TD(lambda)	/	eligibility	traces	(Suqon	and	Barto,	1990)	

Reducing	Variance	by	Func<on	Approxima<on	
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Illustrate	effect	of	gamma	and	kappa	

[Schulman	et	al,	2016	--	GAE]	



Learning	Locomo<on	(TRPO	+	GAE)	

[Schulman,	Moritz,	Levine,	Jordan,	Abbeel,	2016]	



In	Contrast:	Darpa	Robo<cs	Challenge	



n  [Mnih	et	al,	2015]	
n  Likelihood	Ra<o	Policy	Gradient	

n  Generalized	Advantage	Es<ma<on	

Async	Advantage	Actor	Cri<c	(A3C)	



n  Deriva<ve	free	methods	

n  Cross	Entropy	Method	(CEM)	/	Finite	Differences	/	Fixing	Random	Seed	

n  Likelihood	Ra<o	(LR)	Policy	Gradient	

n  Deriva<on	/	Connec<on	w/Importance	Sampling	

n  Natural	Gradient	/	Trust	Regions	(->	TRPO)	

n  Actor-Cri<c																			(->	GAE,	A3C)	

n  Path	Deriva'ves	(PD)		(->	DPG,	DDPG,	SVG)	

n  Stochas<c	Computa<on	Graphs	(generalizes	LR	/	PD)	

n  Guided	Policy	Search	(GPS)	

n  Inverse	Reinforcement	Learning	

Outline		



Gradient-Based	Policy	Op<miza<on	
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n  Reminder	of	op<miza<on	objec<ve:	

n  Can	compute	gradient	es<mate	along	current	roll-out:	

Path	Deriva<ve	
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n  Reminder	of	op<miza<on	objec<ve:	

n  Can	compute	gradient	es<mate	along	current	roll-out:	
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	à	for	any	sample	trajectory,	can	backsolve	for	
	the	value	of	wt		and	then	apply	same	idea	as	
	for	determinis<c	f	for	each	sample	trajectory	

Path	Deriva<ve	for	Stochas<c	f	–	Addi<ve	Noise	

st+1 = f(st, ut) + wt



n  Turn	

n  Into:			

n  E.g.	

à		

Path	Deriva<ve	for	Stochas<c	f	–	Reparameteriza<on	Trick	

st+1 = fSTOCH(st, ut, ✓)

st+1 = fDET(st, ut, ✓, ⇠STOCH)

st+1 ⇠ N (g(st, ut, ✓),�
2)

st+1 = g(st, ut, ✓) + �⇠



n  Original:	

n  Reparameterized:			

n  E.g.	

à		

Path	Deriva<ve	for	Stochas<c	f	–	Reparameteriza<on	Trick	

st+1 = fSTOCH(st, ut, ✓)

st+1 = fDET(st, ut, ✓, ⇠STOCH)

st+1 ⇠ N (g(st, ut, ✓),�
2)

st+1 = g(st, ut, ✓) + �⇠



n  Original:	

n  Reparameterized:			

n  E.g.	

à		

Path	Deriva<ve	for	Stochas<c	f	–	Reparameteriza<on	Trick	

st+1 = fSTOCH(st, ut, ✓)

st+1 = fDET(st, ut, ✓, ⇠STOCH)

st+1 ⇠ N (g(st, ut, ✓),�
2)

st+1 = g(st, ut, ✓) + �⇠



n  Original:	

n  Reparameterized:			

n  E.g.	

à		

Path	Deriva<ve	for	Stochas<c	f	–	Reparameteriza<on	Trick	

st+1 = fSTOCH(st, ut, ✓)

st+1 = fDET(st, ut, ✓, ⇠STOCH)

st+1 ⇠ N (g(st, ut, ✓),�
2)

st+1 = g(st, ut, ✓) + �⇠



n  SVG:	

n  Computes	gradient	es<mate	along	current	roll-out:	

n  DPG,	DDPG	replace	sum	of	future	rewards	by	fiqed	Q	

	 			says	how	to	improve	ac<on		

[SVG:	Heess	et	al,	2015;	DPG:	Silver,	2014,	DDPG	Lillicrap	et	al,	2015	]	
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n  SVG:	

n  Computes	gradient	es<mate	along	current	roll-out:	

n  DPG,	DDPG	replace	sum	of	future	rewards	by	fiqed	Q	

	 			says	how	to	improve	ac<on		

[SVG:	Heess	et	al,	2015;	DPG:	Silver,	2014,	DDPG	Lillicrap	et	al,	2015	]	
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d

du
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n  Deriva<ve	free	methods	

n  Cross	Entropy	Method	(CEM)	/	Finite	Differences	/	Fixing	Random	Seed	

n  Likelihood	Ra<o	(LR)	Policy	Gradient	

n  Deriva<on	/	Connec<on	w/Importance	Sampling	

n  Natural	Gradient	/	Trust	Regions	(->	TRPO)	

n  Actor-Cri<c																			(->	GAE,	A3C)	

n  Path	Deriva<ves	(PD)		(->	DPG,	DDPG,	SVG)	

n  Stochas'c	Computa'on	Graphs	(generalizes	LR	/	PD)	

n  Guided	Policy	Search	(GPS)	

n  Inverse	Reinforcement	Learning	

Outline		



n  For	any	stochas<c	neural	net	
n  Can	mix	and	match	likelihood	ra<o	and	path	deriva<ve	

n  If	black-box	node:	might	need	to	place	stochas<c	node	in	front	of	it	and	
use	likelihood	ra<o	

n  This	includes	recurrent	neural	net	policies	etc.	

n  Details:	Schulman,	Heess,	Weber,	Abbeel,	NIPS	2015		

Stochas<c	Computa<on	Graphs	





Benchmarking	[Duan	et	al,	ICML	2016]	



rllab	

[Duan et al] 



Open	AI	Gym	



n  Deriva<ve	free	methods	

n  Cross	Entropy	Method	(CEM)	/	Finite	Differences	/	Fixing	Random	Seed	

n  Likelihood	Ra<o	(LR)	Policy	Gradient	

n  Deriva<on	/	Connec<on	w/Importance	Sampling	

n  Natural	Gradient	/	Trust	Regions	(->	TRPO)	

n  Actor-Cri<c																			(->	GAE,	A3C)	

n  Path	Deriva<ves	(PD)		(->	DPG,	DDPG,	SVG)	

n  Stochas<c	Computa<on	Graphs	(generalizes	LR	/	PD)	

n  Guided	Policy	Search	(GPS)	

n  Inverse	Reinforcement	Learning	

Outline		



n  Find	parameterized	policy																				that	op<mizes:	

n  Nota<on:		

n  RL	takes	lots	of	data…	Can	we	reduce	to	supervised	learning?	

Goal	
⇡✓(ut|xt)

J(✓) =
TX

t=1

E⇡✓(xt,ut)[l(xt,ut)]

⇡✓(⌧) = p(x1)
TY

t=1

p(xt+1|xt,ut)⇡✓(ut|xt)

⌧ = {x1,u1, . . . ,xT ,uT }



n  Step	1:	
n  Consider	sampled	problem	instances		

n  Find	a	trajectory-centric	controller																					for	each	problem	instance		

n  Step	2:	
n  Supervised	training	of	neural	net	to	match	all		

n  ISSUES:	
n  Compounding	error	(Ross,	Gordon,	Bagnell	JMLR	2011	“Dagger”)	

n  Mismatch	train	vs.	test			E.g.,	Blind	peg,	Vision,…	

Naïve	Solu<on	

⇡i(ut|xt)

i = 1, 2, . . . , I

⇡i(ut|xt)

⇡✓  argmin
✓

X

i

DKL(pi(⌧)||⇡✓(⌧))



n  Op<miza<on	formula<on:	

(Generic)	Guided	Policy	Search	

Par<cular	form	of	the	constraint	varies	depending	on	the	specific	method:	
Dual	gradient	descent:	Levine	and	Abbeel,	NIPS	2014	
Penalty	methods:	Mordatch,	Lowrey,	Andrew,	Popovic,	Todorov,	NIPS	2016	
ADMM:	Mordatch	and	Todorov,	RSS	2014	
Bregman	ADMM:Levine,	Finn,	Darrell,	Abbeel,	JMLR	2016	



[Levine	&	Abbeel,	NIPS	2014]	



[Levine	&	Abbeel,	NIPS	2014]	



Comparison	



Block	Stacking	–	Learning	the	Controller	for	a	Single	Instance	



Linear-Gaussian	Controller	Learning	Curves	



Instrumented Training 
training time test time 



Architecture	(92,000	parameters)	

[Levine*,	Finn*,	Darrell,	Abbeel,	JMLR	2016	



Deep	Spa<al	Neural	Net	Architecture	

(92,000	parameters)	

⇡✓

[Levine*,	Finn*,	Darrell,	Abbeel,	JMLR	2016	



Experimental Tasks 

[Levine*,	Finn*,	Darrell,	Abbeel,	JMLR	2016	



Learning	

[Levine*,	Finn*,	Darrell,	Abbeel,	JMLR	2016	



Learned	Skills	

[Levine*,	Finn*,	Darrell,	Abbeel,	JMLR	2016	



n  Deriva<ve	free	methods	

n  Cross	Entropy	Method	(CEM)	/	Finite	Differences	/	Fixing	Random	Seed	

n  Likelihood	Ra<o	(LR)	Policy	Gradient	

n  Deriva<on	/	Connec<on	w/Importance	Sampling	

n  Natural	Gradient	/	Trust	Regions	(->	TRPO)	

n  Actor-Cri<c																			(->	GAE,	A3C)	

n  Path	Deriva<ves	(PD)		(->	DPG,	DDPG,	SVG)	

n  Stochas<c	Computa<on	Graphs	(generalizes	LR	/	PD)	

n  Guided	Policy	Search	(GPS)	

n  Inverse	Reinforcement	Learning	

Outline		



High-level	picture	

Dynamics	
Model	P			

			Reward	
Func<on	R	

Reinforcement	
Learning	/	Op<mal	

Control	

Controller/
Policy	π*	

Prescribes	ac<on	to	
take	for	each	state	

Probability	distribu<on	
over	next	states	given	
current	state	and	

ac<on	Describes	desirability	of	
being	in	a	state.			

Inverse	RL:		
	Given	π*and	P,	can	we	recover	R?	
	More	generally,	given	execu<on	traces,	can	we	recover	R?	



n  Scien<fic	inquiry	
n  Model	animal	and	human	behavior	

n  E.g.,	bee	foraging,	songbird	vocaliza<on.		[See	intro	of	Ng	and	Russell,	2000	
for	a	brief	overview.]	

n  Appren<ceship	learning/Imita<on	learning	through	inverse	RL	
n  Presupposi<on:	reward	func<on	provides	the	most	succinct	and	

transferable	defini<on	of	the	task	

n  Has	enabled	advancing	the	state	of	the	art	in	various	robo<c	domains	

n  Modeling	of	other	agents,	both	adversarial	and	coopera<ve	

Mo<va<on	for	inverse	RL	



n  Example	applica<ons	

n  Inverse	RL	vs.	behavioral	cloning	

n  Historical	sketch	of	inverse	RL	

n  Mathema<cal	formula<ons	for	inverse	RL	

n  Case	studies	

Outline	



n  Simulated	highway	driving	

n  Abbeel	and	Ng,	ICML	2004,	

n  Syed	and	Schapire,	NIPS	2007	

n  Aerial	imagery	based	naviga<on		

n  Ratliff,	Bagnell	and	Zinkevich,	ICML	2006	

n  Parking	lot	naviga<on	

n  Abbeel,	Dolgov,	Ng	and	Thrun,	IROS	2008	

n  Urban	naviga<on	

n  Ziebart,	Maas,	Bagnell	and	Dey,	AAAI	2008	

Examples	



n  Human	path	planning	

n  Mombaur,	Truong	and	Laumond,	AURO	2009	

n  Human	goal	inference	

n  Baker,	Saxe	and	Tenenbaum,	Cogni<on	2009	

n  Quadruped	locomo<on	

n  Ratliff,	Bradley,	Bagnell	and	Chestnuq,	NIPS	2007	

n  Kolter,	Abbeel	and	Ng,	NIPS	2008	

Examples	(ctd)	



n  Example	applica<ons	

n  Inverse	RL	vs.	behavioral	cloning	

n  Historical	sketch	of	inverse	RL	

n  Mathema<cal	formula<ons	for	inverse	RL	

n  Case	studies	

Lecture	outline	



n  Input:		
n  State	space,	ac<on	space	

n  No	reward	func<on	

n  Inverse	RL:		
n  Can	we	recover	R	?	

n  Appren:ceship	learning	via	inverse	RL	
n  Can	we	then	use	this	R	to	find	a	good	policy	?	

n  Behavioral	cloning	
n  Can	we	directly	learn	the	teacher’s	policy	using	supervised	learning?	

		
	

	

Problem	setup	
			

n  Transi<on	model			Psa(st+1	|	st,	at)	

n  Teacher’s	demonstra<on:	s0,	a0,	s1,	a1,	s2,	a2,	…	

(=	trace	of	the	teacher’s	policy	π*)	



n  Formulate	as	standard	machine	learning	problem	
n  Fix	a	policy	class	

n  E.g.,	support	vector	machine,	neural	network,	decision	tree,	deep	belief	net,	…		

n  Es<mate	a	policy	(=mapping	from	states	to	ac<ons)	from	the	training	
examples		(s0,	a0),	(s1,	a1),	(s2,	a2),	…	

	

n  Some	of	the	most	notable	success	stories:	
n  Pomerleau,		NIPS	1989:	ALVINN		

n  Sammut	et	al.,	ICML	1992:	Learning	to	fly	(flight	sim)	

n  Ross,	Gordon,	Bagnell	2011:	DAgger	

Behavioral	cloning	



n  Which	has	the	most	succinct	descrip7on:	π*	vs.	R*?	

n  Especially	in	planning	oriented	tasks,	the	reward	func<on	is	
oEen	much	more	succinct	than	the	op<mal	policy.	

Inverse	RL	vs.	Behavioral	cloning	



n  Example	applica<ons	

n  Inverse	RL	vs.	behavioral	cloning	

n  Historical	sketch	of	inverse	RL	

n  Mathema<cal	formula<ons	for	inverse	RL	

n  Case	studies	

Lecture	outline	



n  1964,	Kalman	posed	the	inverse	op<mal	control	problem	and	
solved	it	in	the	1D	input	case	

n  1994,	Boyd+al.:	a	linear	matrix	inequality	(LMI)	
characteriza<on	for	the	general	linear	quadra<c	se�ng		

n  2000,	Ng	and	Russell:	first	MDP	formula<on,	reward	func<on	
ambiguity	pointed	out	and	a	few	solu<ons	suggested	

n  2004,	Abbeel	and	Ng:	inverse	RL	for	appren<ceship	learning---
reward	feature	matching	

n  2006,	Ratliff+al:	max	margin	formula<on	

Inverse	RL	history	



n  2007,	Ratliff+al:	max	margin	with	boos<ng---enables	large	vocabulary	of	reward	
features	

n  2007,	Ramachandran	and	Amir	[R&A],	and	Neu	and	Szepesvari:	reward	func<on	as	
characteriza<on	of	policy	class	

n  2008,	Kolter,	Abbeel	and	Ng:	hierarchical	max-margin	
n  2008,	Syed	and	Schapire:	feature	matching	+	game	theore<c	formula<on	
n  2008,	Ziebart+al:	feature	matching	+	max	entropy	
n  2008,	Abbeel+al:	feature	matching	--	applica<on	to	learning	parking	lot	naviga<on	

style	
n  2009,	Baker,	Saxe,	Tenenbaum:	same	formula<on	as	[R&A],	inves<ga<on	of	

understanding	of	human	inverse	planning	inference	
n  2009,	Mombaur,	Truong,	Laumond:	human	path	planning	
n  …	

Inverse	RL	history	



n  Example	applica<ons	

n  Inverse	RL	vs.	behavioral	cloning	

n  Historical	sketch	of	inverse	RL	

n  Mathema:cal	formula:ons	for	inverse	RL	

n  Case	studies	

Lecture	outline	



n  Find	a	reward	func<on	R*	which	explains	the	expert	behavior.	

n  Find	R*	such	that	

n  In	fact	a	convex	feasibility	problem,	but	many	challenges:	
n  R=0	is	a	solu<on,	more	generally:	reward	func<on	ambiguity	

n  We	typically	only	observe	expert	traces	rather	than	the	en<re	expert	policy	π*	---	how	to	compute	
leE-hand	side?	

n  Assumes	the	expert	is	indeed	op<mal	---	otherwise	infeasible	

n  Computa<onally:	assumes	we	can	enumerate	all	policies	

Basic	principle	

E[
1X

t=0

�tR⇤(st)|⇥⇤] � E[
1X

t=0

�tR⇤(st)|⇥] ⇥⇥



n  Assume	following	noise	model	for	demonstrator:	

à  can	run	maximum	likelihood	(with	regulariza<on)	to	es<mate	R	

à  can	have	a	deep	net	represent	R	

Es<ma<ng	Z	is	tricky!	

	Ho	et	al,	ICML	2016,	Finn	et	all,	ICML	2016	

Maxent	Inverse	RL	

[Ziebart	et	al,	2008]	P (⌧) =
1

Z
eR(⌧)



Update cost using 
samples & demos 

generate policy 
samples from q 

update q w.r.t. cost 
policy q cost c 

Guided	Cost	Learning	 [Finn,	Levine,	Abbeel,	ICML	2016]	



Update cost using 
samples & demos 

generate policy 
samples from q 

update q w.r.t. cost 
      (partially optimize) 

generator 

policy q cost c 

discriminator 

update cost in inner loop of policy optimization 

Guided	Cost	Learning	 [Finn,	Levine,	Abbeel,	ICML	2016]	



Update cost using 
samples & demos 

generate policy 
samples from q 

generator 

Ho et al., ICML ’16, arXiv ‘16 

policy q cost c 

discriminator 
update q w.r.t. cost 
     (partially optimize) 

Kim & Bengio, arXiv ‘16 

Guided	Cost	Learning	 [Finn,	Levine,	Abbeel,	ICML	2016]	



n  Example	applica<ons	

n  Inverse	RL	vs.	behavioral	cloning	

n  Sketch	of	history	of	inverse	RL	

n  Mathema<cal	formula<ons	for	inverse	RL	

n  Open	direc<ons:	Ac<ve	inverse	RL,	Inverse	RL	w.r.t.	minmax	control,	par<al	
observability,	learning	stage	(rather	than	observing	op<mal	policy),	…	?	

Inverse	RL	Summary	



n  Deriva<ve	free	methods	

n  Cross	Entropy	Method	(CEM)	/	Finite	Differences	/	Fixing	Random	Seed	

n  Likelihood	Ra<o	(LR)	Policy	Gradient	

n  Deriva<on	/	Connec<on	w/Importance	Sampling	

n  Natural	Gradient	/	Trust	Regions	(->	TRPO)	

n  Actor-Cri<c																			(->	GAE,	A3C)	

n  Path	Deriva<ves	(PD)		(->	DPG,	DDPG,	SVG)	

n  Stochas<c	Computa<on	Graphs	(generalizes	LR	/	PD)	

n  Guided	Policy	Search	(GPS)	

n  Inverse	Reinforcement	Learning	

Outline		



n  Shared	and	transfer	learning	

Fron<ers	
n  Memory	

n  Es<ma<on	

n  Temporal	hierarchy	/	goal	
se�ng	

n  Applica<ons	

n  Explora<on	

n  Model-based	RL	



Thank	you	
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