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Reinforcement	Learning	
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Policy	OpRmizaRon	
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Policy	OpRmizaRon	
n  Consider	control	policy	parameterized	

by	parameter	vector	

	

n  OUen	stochasRc	policy	class	(smooths	
out	the	problem):	
																				:	probability	of	acRon	u	in	state	s		

✓

max

✓
E[

HX
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ut

[Figure	source:	SuIon	&	Barto,	1998]	 John	Schulman	&	Pieter	Abbeel	–	OpenAI	+	UC	Berkeley	



n  OUen						can	be	simpler	than	Q	or	V	
n  E.g.,	roboRc	grasp	

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

n  Q:	need	to	be	able	to	efficiently	solve	
n  Challenge	for	conRnuous	/	high-dimensional	acRon	spaces*	

Why	Policy	OpRmizaRon	
⇡

*some	recent	work	(parRally)	addressing	this:		
	NAF:	Gu,	Lillicrap,	Sutskever,	Levine	ICML	2016	
	Input	Convex	NNs:	Amos,	Xu,	Kolter	arXiv	2016	
	Deep	Energy	Q:	Haarnoja,	Tang,	Abbeel,	Levine,	ICML	2017		

argmax

u
Q✓(s, u)

John	Schulman	&	Pieter	Abbeel	–	OpenAI	+	UC	Berkeley	



Kohl	and	Stone,	2004	

Example	Policy	OpRmizaRon	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)	

Mnih	et	al,	2015	
(A3C)	

Silver*,	Huang*,	et	
al,	2016	

(AlphaGo**)	
John	Schulman	&	Pieter	Abbeel	–	OpenAI	+	UC	Berkeley	



Policy	OpRmizaRon	in	the	RL	Landscape	
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Policy	OpRmizaRon	in	the	RL	Landscape	

DQN:	Mnih	et	al,	Nature	2015	
Double	DQN:	Van	Hasselt	et	al,	AAAI	2015	
Dueling	Architecture:	Wang	et	al,	ICML	2016	
PrioriRzed	Replay:	Schaul	et	al,	ICLR	2016	
David	Silver	ICML	2016	tutorial	



n  Model-based	

n  Pathwise	Deriva-ves	(PD)	/	BackPropaga-on	Through	Time	(BPTT)		
n  DeterminisRc	dynamics	
n  StochasRc	dynamics	/	ReparameterizaRon	trick	
n  Variance	reducRon		(->	SVG)		(->	model-free:	DDPG)	

n  Model-free	

n  Parameter	Perturba-on	/	Evolu-onary	Strategies	

n  Likelihood	Ra-o	(LR)	Policy	Gradient	
n  DerivaRon	
n  ConnecRon	w/Importance	Sampling	
n  Variance	reducRon	
n  Step-sizing	/	Natural	Gradient	/	Trust	Regions	(TRPO)	
n  Generalized	Advantage	EsRmaRon	(GAE)	/	Asynchronous	Actor	CriRc	(A3C)	

n  Stochas5c	Computa5on	Graphs:		general	framework	for	PD	/	LR	gradients	

Outline		
Assumes:	
•  f			known,	differenRable	
•  R		known,	differenRable	
•  					(known),	differenRable	⇡✓

Assumes:	
•  f			--	no	assumpRons	
•  R		--	no	assumpRons	
•  					--		(known),	stochasRc	⇡✓
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Pathwise	DerivaRves	(PD)	/	BackPropagaRon	Through	Time	(BPTT)		

r0	 r1	 r2	

f f

R R R

⇡✓ ⇡✓ ⇡✓

u2	u1	u0	

s2	s1	s0	

rt = R(st)

ut = ⇡✓(st)

st+1 = f(st, ut)



Pathwise	DerivaRves	(PD)	/	BackPropagaRon	Through	Time	(BPTT)		
•  f			known,	det.,	diff.	
•  R		known,	det.,	diff.	
•  					(known),	det.,	diff.	⇡✓max

✓
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✓
E
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#
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n  Can	compute	gradient	esRmate	along	roll-out	from	s0:	
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n  Roll-out	=	forward	prop	

n  Gradient	=	back-prop	through	Rme	

n  MulRple	s0	à	mulRple	roll-outs	/	
bpI	
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*	Roll-out	=	forward	prop	
*	Gradient	=	back-prop	through	Rme	
*	MulRple	s0	à	mulRple	roll-outs	/	bpI	



for	any	given	roll-out,	simply	consider	w0,	w1,…,	wH	
fixed	(just	like	we	considered	s0	fixed)	

à  run	backpropagaRon	through	Rme	just	like	for	
determinisRc	f	

	

Path	DerivaRve	for	StochasRc	f	–	AddiRve	Noise	

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



n  Turn	

n  Into:			

n  E.g.	

à		

Path	DerivaRve	for	StochasRc	f	–	ReparameterizaRon	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	DerivaRve	for	StochasRc	f	–	ReparameterizaRon	Trick	

st+1 = fSTOCH(st, ut)

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

st+1 ⇠ N (g(st, ut),�
2)

st+1 = g(st, ut) + �wt wt ⇠ N (0, I)



StochasRc	Dynamics	f	

r0	 r1	 r2	

f f

R R R

⇡✓ ⇡✓ ⇡✓

u2	u1	u0	

s2	s1	s0	

rt = R(st)

ut = ⇡✓(st)

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

w0	 w1	

•  f			known,	det.,	diff.	
•  R		known,	det.,	diff.	
•  					(known),	det.,	diff.	⇡✓



StochasRc	f,	R	and		

r0	 r1	 r2	

f f

R R R

⇡✓ ⇡✓ ⇡✓

u2	u1	u0	

s2	s1	s0	

w0	 w1	

•  f			known,	det.,	diff.	
•  R		known,	det.,	diff.	
•  					(known),	det.,	diff.	⇡✓

⇡✓

rt = R(st, zt)

ut = ⇡✓(st, vt)

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

v0	 v1	

z0	 z1	



StochasRc	f,	R	and						and	s0		

r0	 r1	 r2	

f f

R R R

⇡✓ ⇡✓ ⇡✓

u2	u1	u0	

s2	s1	

w0	 w1	

•  f			known,	det.,	diff.	
•  R		known,	det.,	diff.	
•  					(known),	det.,	diff.	⇡✓

⇡✓

rt = R(st, zt)

ut = ⇡✓(st, vt)

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

v0	 v1	

z0	 z1	

s0	



PD/BPTT	Policy	Gradients:	Complete	Algorithm	
•  f			known,	det.,	diff.	
•  R		known,	det.,	diff.	
•  					(known),	det.,	diff.	⇡✓

rt = R(st, zt)

ut = ⇡✓(st, vt)

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

Algorithm	
•  for	iter	=	1,	2,	…		

•  for	roll-out	r	=	1,	2,	…	
•  sample	s0,	w0,	w1,...,	v0,	v1,…,	z0,	z1,	...	
•  Forward-pass	(=execute	roll-out)	
•  Backprop	to	compute	gradient	esRmate	

•  average	all	gradient	esRmates	
•  take	step	in	gradient	direcRon	

f,	R	not	known	
à	could	learn	from	roll-outs	(=	model-based	RL)	



SVG(inf)	

rt+1	 rt+2	

f f

R R

⇡✓ ⇡✓ ⇡✓

ut+2	ut+1	ut	

st+2	st+1	st	

rH	

f

R

⇡✓

uH	

sH	… 

… 

… 

[dropping	the	noise	variables	to	reduce	cluIer,	but	they	sRll	exist	just	like	before]	



n  SVG(inf)	

SVG	variants	

n  SVG(k)	

n  SVG(1)	

n  SVG(0)	/	(D)DPG	

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



SVG(1)	
•  f			unknown,	det.,	diff.	
•  R		known,	det.,	diff.	
•  					(known),	det.,	diff.	⇡✓

Algorithm	SVG(1)		
•  for	iter	=	1,	2,	…		

Roll-outs:	
•  Forward-pass	(=execute	roll-out),	store	vt	
	

Policy	update:	
•  Solve	for		
•  Backprop	to	compute	gradient	esRmates	for	all	t:	

	
Value	funcRon	update	(e.g.	TD(0)):	
	
		
Dynamics	model	update:	
	
	

rt = R(st)

ut = ⇡✓(st, vt)

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

g / r�

X

t

(V�(st)� V̂ (st))
2 with V̂ (st) = rt + �V�(st+1)

g /
X

t

r (st+1 � f (st, ut))
2

wt such that : st+1 = f (st, ut, wt)

g /
X

t

r✓[R(st) + �V�(f (st,⇡✓(st, vt), wt)]



SVG(0)	
•  f			unknown,	det.,	diff.	
•  R		known,	det.,	diff.	
•  					(known),	det.,	diff.	⇡✓

Algorithm	SVG(0)		
•  for	iter	=	1,	2,	…		

Roll-outs:	
•  Forward-pass	(=execute	roll-out),	store	vt	
	

Policy	update:	
•  Backprop	to	compute	gradient	esRmates	for	all	t:	

	
Q	funcRon	update	(e.g.	TD(0)):	
	
		
	
No	dynamics	model	needs	to	be	learned	
	
	

rt = R(st)

ut = ⇡✓(st, vt)

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

g /
X

t

r✓Q�(st,⇡✓(st, vt))

g / r�

X

t

(Q�(st, ut)� Q̂(st, ut))
2 with Q̂(st, ut) = rt + �Q�(st+1, ut+1)



n  Applied	to	2-D	roboRcs	tasks	

n  Different	gradient	esRmators	behave	similarly	

SVG(k)	



n  SVG(0)	
n  Problem:	can	drive	variance	of	policy	to	zero	->	no	exploraRon	

n  SoluRon	
n  Add	noise	to	policy,	but	esRmate	Q	with	TD(0),	so	it’s	valid	off-policy	

SVG(0)	->	DPG	



n  Incorporate	replay	buffer	and	target	network	ideas	from	DQN	
for	increased	stability	

n  Use	lagged	(Polyak-averaging)	version	of													and										for	
target	values	

Deep	DeterminisRc	Policy	Gradient	(DDPG)	

Q� ⇡✓

Q̂t = rt + �Q�0(st+1,⇡✓0(st+1))

Q̂t



n  Applied	to	2D	and	3D	roboRcs	tasks	and	driving	with	pixel	input	

DDPG	Results	



n  Model-based	

n  Pathwise	Deriva-ves	(PD)	/	BackPropaga-on	Through	Time	(BPTT)		
n  DeterminisRc	dynamics	
n  StochasRc	dynamics	/	ReparameterizaRon	trick	
n  Variance	reducRon		(->	SVG,	DDPG)	

n  Model-free	

n  Parameter	Perturba-on	/	Evolu-onary	Strategies	

n  Likelihood	Ra-o	(LR)	Policy	Gradient	
n  DerivaRon	
n  ConnecRon	w/Importance	Sampling	
n  Variance	reducRon	
n  Step-sizing	/	Natural	Gradient	/	Trust	Regions	(TRPO)	
n  Generalized	Advantage	EsRmaRon	(GAE)	/	Asynchronous	Actor	CriRc	(A3C)	

n  Stochas5c	Computa5on	Graphs:		general	framework	for	PD	/	LR	gradients	

Outline		
Assumes:	
•  f			known,	differenRable	
•  R		known,	differenRable	
•  					(known),	differenRable	⇡✓

Assumes:	
•  f			--	no	assumpRons	
•  R		--	no	assumpRons	
•  					--		(known),	stochasRc	⇡✓



Black	Box	Gradient	ComputaRon	

John	Schulman	&	Pieter	Abbeel	–	OpenAI	+	UC	Berkeley	



Challenge:	Noise	Can	Dominate	

John	Schulman	&	Pieter	Abbeel	–	OpenAI	+	UC	Berkeley	



SoluRon	1:		Average	over	many	samples	

John	Schulman	&	Pieter	Abbeel	–	OpenAI	+	UC	Berkeley	



SoluRon	2:	Fix	random	seed	

fixed	random	
seed	sample	

John	Schulman	&	Pieter	Abbeel	–	OpenAI	+	UC	Berkeley	



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

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

n  Note:	equally	applicable	to	evolu-onary	methods	

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

SoluRon	2:	Fix	random	seed	

John	Schulman	&	Pieter	Abbeel	–	OpenAI	+	UC	Berkeley	



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



Learning	to	Hover	

John	Schulman	&	Pieter	Abbeel	–	OpenAI	+	UC	Berkeley	



n  Cross-Entropy	Method	(CEM)	

n  Covariance	Matrix	AdaptaRon	(CMA)	

Gradient-Free	Methods	

max

✓
U(✓) = max

✓
E[

HX

t=0

R(st)|⇡✓]



n  Views	U	as	a	black	box	

n  Ignores	all	other	informaRon	
other	than	U	collected	during	
episode		

Cross-Entropy	Method	

max

✓
U(✓) = max

✓
E[

HX

t=0

R(st)|⇡✓]

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

												where					indexes	over	top		p	%	
				endfor	
										 					

✓(e) ⇠ Pµ(i)(✓)
⇡✓(e)

µ(i+1)
= argmax

µ

X

ē

logPµ(✓
(ē)

)

ē
		=	evoluRonary	algorithm	

					populaRon:		

	

Pµ(i)(✓)

(✓(e), U(e))



n  Can	work	embarrassingly	well	

Cross-Entropy	Method	

[NIPS	2013]	

John	Schulman	&	Pieter	Abbeel	–	OpenAI	+	UC	Berkeley	



n  Reward	Weighted	Regression	(RWR)	

n  Dayan	&	Hinton,	NC	1997;	Peters	&	Schaal,	ICML	2007	

n  Policy	Improvement	with	Path	Integrals	(PI2)	

n  PI2:	Theodorou,	Buchli,	Schaal	JMLR2010;	Kappen,	2007;	(PI2-CMA:	Stulp	&	Sigaud	ICML2012)	

n  Covariance	Matrix	AdaptaRon	EvoluRonary	Strategy	(CMA-ES)	

n  CMA:	Hansen	&	Ostermeier	1996;		(CMA-ES:	Hansen,	Muller,	Koumoutsakos	2003)	

	

n  PoWER	

n  Kober	&	Peters,	NIPS	2007	(also	applies	importance	sampling	for	sample	re-use)	

Closely	Related	Approaches	

µ(i+1)
= argmax

µ

X

e

exp(�U(e)) logPµ(✓
(e)

)

(µ(i+1),⌃(i+1)
) = argmax

µ,⌃

X

ē

w(U(ē)) logN (✓(ē);µ,⌃)

µ(i+1)
= argmax

µ

X

e

q(U(e), Pµ(✓
(e)

)) logPµ(✓
(e)

)

µ(i+1) = µ(i) +

 
X

e

(✓(e) � µ(i))U(e)

!
/

 
X

e

U(e)

!

(✓(e), U(e))



Covariance	Matrix	AdaptaRon	(CMA)	has	
become	standard	in	graphics	[Hansen,	
Ostermeier,	1996]	

ApplicaRons	
PoWER	[Kober&Peters,	MLJ	2011]	

John	Schulman	&	Pieter	Abbeel	–	OpenAI	+	UC	Berkeley	



n  Full	episode	evaluaRon,	parameter	perturbaRon	

n  Simple	

n  Main	caveat:	best	when	intrinsic	dimensionality	not	too	high	

n  i.e.,	number	of	populaRon	members	comparable	to	or	larger	than	number	of	
(effecRve)	parameters	

	à	in	pracRce	OK	if	low-dimensional	θ	and	willing	to	do	do	many	runs	

à	Easy-to-implement	baseline,	great	for	comparisons!	

Cross-Entropy	/	EvoluRonary	Methods	

John	Schulman	&	Pieter	Abbeel	–	OpenAI	+	UC	Berkeley	



[Salimans,	Ho,	Chen,	Sutskever,	2017]	

ConsideraRons	
n  Pros:	

n  Work	with	arbitrary	
parameterizaRon,	even	non-
differenRable	

n  Embarrassingly	easy	to	parallelize	

n  Cons:	

n  Not	very	sample	efficient	since	
ignores	temporal	structure	



n  Model-based	

n  Pathwise	Deriva-ves	(PD)	/	BackPropaga-on	Through	Time	(BPTT)		
n  DeterminisRc	dynamics	
n  StochasRc	dynamics	/	ReparameterizaRon	trick	
n  Variance	reducRon		(->	SVG,	DDPG)	

n  Model-free	

n  Parameter	Perturba-on	/	Evolu-onary	Strategies	

n  Likelihood	Ra-o	(LR)	Policy	Gradient	
n  DerivaRon	
n  ConnecRon	w/Importance	Sampling	
n  Variance	reducRon	
n  Step-sizing	/	Natural	Gradient	/	Trust	Regions	(TRPO)	
n  Generalized	Advantage	EsRmaRon	(GAE)	/	Asynchronous	Actor	CriRc	(A3C)	

n  Stochas5c	Computa5on	Graphs:		general	framework	for	PD	/	LR	gradients	

Outline		
Assumes:	
•  f			known,	differenRable	
•  R		known,	differenRable	
•  					(known),	differenRable	⇡✓

Assumes:	
•  f			--	no	assumpRons	
•  R		--	no	assumpRons	
•  					--		(known),	stochasRc	⇡✓



Likelihood	RaRo	Policy	Gradient	

John	Schulman	&	Pieter	Abbeel	–	OpenAI	+	UC	Berkeley	



Likelihood	RaRo	Policy	Gradient	

[Aleksandrov,	Sysoyev,	&	Shemeneva,	1968]	
[Rubinstein,	1969]	
[Glynn,	1986]	
[Reinforce,	Williams	1992]	
[GPOMDP,	Baxter	&	BartleI,	2001]	 John	Schulman	&	Pieter	Abbeel	–	OpenAI	+	UC	Berkeley	
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Suggests	we	can	also	look	at	more	than	just	gradient!	
E.g.,	can	use	importance	sampled	objecRve	as	“surrogate	loss”	(locally)	

[Tang&Abbeel,	NIPS	2011]	 John	Schulman	&	Pieter	Abbeel	–	OpenAI	+	UC	Berkeley	



n  Valid	even	if	R	is	disconRnuous,	and	
unknown,	or	sample	space	(of	paths)	
is	a	discrete	set		

Likelihood	RaRo	Gradient:	Validity	

rU(✓) ⇡ ĝ =

1

m

mX

i=1

r✓ logP (⌧ (i); ✓)R(⌧ (i))

John	Schulman	&	Pieter	Abbeel	–	OpenAI	+	UC	Berkeley	



n  Gradient	tries	to:	
n  Increase	probability	of	paths	with	

posiRve	R	

n  Decrease	probability	of	paths	with	
negaRve	R	

Likelihood	RaRo	Gradient:	IntuiRon	

rU(✓) ⇡ ĝ =

1

m

mX

i=1

r✓ logP (⌧ (i); ✓)R(⌧ (i))

!	Likelihood	raRo	changes	probabiliRes	of	experienced	paths,	
does	not	try	to	change	the	paths	(<->	Path	DerivaRve)	

John	Schulman	&	Pieter	Abbeel	–	OpenAI	+	UC	Berkeley	



Let’s	Decompose	Path	into	States	and	AcRons	

John	Schulman	&	Pieter	Abbeel	–	OpenAI	+	UC	Berkeley	
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Let’s	Decompose	Path	into	States	and	AcRons	

John	Schulman	&	Pieter	Abbeel	–	OpenAI	+	UC	Berkeley	



Likelihood	RaRo	Gradient	EsRmate	

John	Schulman	&	Pieter	Abbeel	–	OpenAI	+	UC	Berkeley	



n  As	formulated	thus	far:	unbiased	but	very	noisy	

n  Fixes	that	lead	to	real-world	pracRcality	
n  Baseline	

n  Temporal	structure	

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

Likelihood	RaRo	Gradient	EsRmate	

John	Schulman	&	Pieter	Abbeel	–	OpenAI	+	UC	Berkeley	



n  To	build	intuiRon,	let’s	assume	R	>	0	

n  Then	tries	to	increase	probabiliRes	of	all	paths	

à  Consider	baseline	b:	

						Good	choices	for	b?	

Likelihood	RaRo	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)

sRll	unbiased	
[Williams	1992]	
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!
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m

mX
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[See:	Greensmith,	BartleI,	Baxter,	JMLR	2004	
for	variance	reducRon	techniques.]		



n  	Current	esRmate:	
	

	

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

n  Good	choice	for	b?		

	Expected	return:		

à	Increase	logprob	of	acRon	proporRonally	to	how	much	its	returns	are	beIer	than	the	
expected	return	under	the	current	policy	

Likelihood	RaRo	and	Temporal	Structure	
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!

b(st) = E [rt + rt+1 + rt+2 + . . .+ rH�1]

[Policy	Gradient	Theorem:	SuIon	et	al,	NIPS	1999;	GPOMDP:	BartleI	&	
Baxter,	JAIR	2001;	Survey:	Peters	&	Schaal,	IROS	2006]		 John	Schulman	&	Pieter	Abbeel	–	OpenAI	+	UC	Berkeley	



Pseudo-code	Reinforce	aka	Vanilla	Policy	Gradient	

~	[Williams,	1992]	 John	Schulman	&	Pieter	Abbeel	–	OpenAI	+	UC	Berkeley	



n  Model-based	

n  Pathwise	Deriva-ves	(PD)	/	BackPropaga-on	Through	Time	(BPTT)		
n  DeterminisRc	dynamics	
n  StochasRc	dynamics	/	ReparameterizaRon	trick	
n  Variance	reducRon		(->	SVG,	DDPG)	

n  Model-free	

n  Parameter	Perturba-on	/	Evolu-onary	Strategies	

n  Likelihood	Ra-o	(LR)	Policy	Gradient	
n  DerivaRon	
n  ConnecRon	w/Importance	Sampling	
n  Variance	reducRon	
n  Step-sizing	/	Natural	Gradient	/	Trust	Regions	(TRPO)	
n  Generalized	Advantage	EsRmaRon	(GAE)	/	Asynchronous	Actor	CriRc	(A3C)	

n  Stochas5c	Computa5on	Graphs:		general	framework	for	PD	/	LR	gradients	

Outline		
Assumes:	
•  f			known,	differenRable	
•  R		known,	differenRable	
•  					(known),	differenRable	⇡✓

Assumes:	
•  f			--	no	assumpRons	
•  R		--	no	assumpRons	
•  					--		(known),	stochasRc	⇡✓



n  Step-sizing	necessary	as	gradient	is	only	first-order	
approximaRon	

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	direcRon	of	gradient	
n  Simple,	but	expensive	(evaluaRons	along	the	line)	

n  Naïve:	ignores	where	the	first-order	approximaRon	is	good/poor	

Step-sizing	and	Trust	Regions	



n  Advanced	step-sizing:	Trust	regions	

n  First-order	approximaRon	from	gradient	is	a	good	
approximaRon	within	“trust	region”	

à	Solve	for	best	point	within	trust	region:	

Step-sizing	and	Trust	Regions	

max
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n  Our	problem:	

n  Recall:	

n  Hence:	
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n  Our	problem:	
	

	

n  If	constraint	moved	to	objecRve	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	/	inverRng								impracRcal	

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

n  Can	we	do	beIer?	
n  Replace	objecRve	by	surrogate	loss	that’s	higher	order	approximaRon	yet	equally	
efficient	to	evaluate	[Schulman	et	al,	2015,	TRPO]	

n  Note:	surrogate	loss	idea	is	generally	applicable	when	likelihood	raRo	gradients	are	
used	
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[Schulman,	Levine,	Moritz,	Jordan,	Abbeel,	2014]	

Experiments	in	LocomoRon	



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	OpRmizaRon	[Schulman,	Levine,	Moritz,	Jordan,	Abbeel,	2015]	

n  …	

Atari	Games	

Pong	 Enduro	 Beamrider	 Q*bert	



n  Model-based	

n  Pathwise	Deriva-ves	(PD)	/	BackPropaga-on	Through	Time	(BPTT)		
n  DeterminisRc	dynamics	
n  StochasRc	dynamics	/	ReparameterizaRon	trick	
n  Variance	reducRon		(->	SVG,	DDPG)	

n  Model-free	

n  Parameter	Perturba-on	/	Evolu-onary	Strategies	

n  Likelihood	Ra-o	(LR)	Policy	Gradient	
n  DerivaRon	
n  ConnecRon	w/Importance	Sampling	
n  Variance	reducRon	
n  Step-sizing	/	Natural	Gradient	/	Trust	Regions	(TRPO)	
n  Generalized	Advantage	Es-ma-on	(GAE)	/	Asynchronous	Actor	Cri-c	(A3C)	

n  Stochas5c	Computa5on	Graphs:		general	framework	for	PD	/	LR	gradients	

Outline		
Assumes:	
•  f			known,	differenRable	
•  R		known,	differenRable	
•  					(known),	differenRable	⇡✓

Assumes:	
•  f			--	no	assumpRons	
•  R		--	no	assumpRons	
•  					--		(known),	stochasRc	⇡✓
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How to estimate? 



n  Bellman	EquaRon	for		

n  FiIed	V	iteraRon:	
n  Init		

n  Collect	data	{s,	u,	s’,	r}	

n  			
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n  EsRmaRon	of	Q	from	single	roll-out	

Recall	Our	Likelihood	RaRo	PG	EsRmator	

Q⇡(s, u) = E[r0 + r1 + r2 + · · · |s0 = s, a0 = a]
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n  =	high	variance	per	sample	based	/	no	generalizaRon	used	
n  Reduce	variance	by	discounRng	

n  Reduce	variance	by	funcRon	approximaRon	(=criRc)				
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n  EsRmaRon	of	Q	from	single	roll-out	

Further	Refinements	
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à	introduce	discount	factor	as	a	hyperparameter	to	improve	
esRmate	of	Q:	

Variance	ReducRon	by	DiscounRng	

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	exponenRally	
weighted	average	of	these	

n  ~	TD(lambda)	
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= · · ·



n  Generalized	Advantage	Es-ma-on	uses	an	exponenRally	
weighted	average	of	these	

n  ~	TD(lambda)	

Reducing	Variance	by	FuncRon	ApproximaRon	
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]

= · · ·



n  Async	Advantage	Actor	Cri-c	(A3C)	[Mnih	et	al,	2016]	

n  												one	of	the	above	choices	(e.g.		k=5	step	lookahead)	

Reducing	Variance	by	FuncRon	ApproximaRon	
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]

= · · ·

Q̂



n  Generalized	Advantage	Es-ma-on	(GAE)	[Schulman	et	al,	ICLR	2016]	

n  							=	lambda	exponenRally	weighted	average	of	all	the	above	

n  ~	TD(lambda)	/	eligibility	traces	[SuIon	and	Barto,	1990]	

Reducing	Variance	by	FuncRon	ApproximaRon	
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]

= · · ·

(1� �)

(1� �)�

(1� �)�2

(1� �)�3

Q̂



n  Generalized	Advantage	Es-ma-on	(GAE)	[Schulman	et	al,	ICLR	2016]	

n  							=	lambda	exponenRally	weighted	average	of	all	the	above	

n  ~	TD(lambda)	/	eligibility	traces	[SuIon	and	Barto,	1990]	

Reducing	Variance	by	FuncRon	ApproximaRon	
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]

= · · ·

(1� �)

(1� �)�

(1� �)�2

(1� �)�3

Q̂



n  Policy	Gradient	+	Generalized	Advantage	EsRmaRon:	

n  Init		

n  Collect	roll-outs	{s,	u,	s’,	r}	and		

n  Update:			

Actor-CriRc	with	A3C	or	GAE	

V ⇡
�0

⇡✓0

Note:	many	variaRons,	e.g.	could	instead	use	1-step	for	V,	full	roll-out	for	pi:	

�i+1  min
�

X

(s,u,s0,r)

kr + V ⇡
�i
(s0)� V�(s)k22 + �k�� �ik22
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n  [Mnih	et	al,	ICML	2016]	
n  Likelihood	RaRo	Policy	Gradient	

n  n-step	Advantage	EsRmaRon	

Async	Advantage	Actor	CriRc	(A3C)	



A3C	--	labyrinth	



GAE:	Effect	of	gamma	and	lambda	

[Schulman	et	al,	2016	--	GAE]	



Learning	LocomoRon	(TRPO	+	GAE)	

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



n  Model-based	

n  Pathwise	Deriva-ves	(PD)	/	BackPropaga-on	Through	Time	(BPTT)		
n  DeterminisRc	dynamics	
n  StochasRc	dynamics	/	ReparameterizaRon	trick	
n  Variance	reducRon		(->	SVG,	DDPG)	

n  Model-free	

n  Parameter	Perturba-on	/	Evolu-onary	Strategies	

n  Likelihood	Ra-o	(LR)	Policy	Gradient	
n  DerivaRon	
n  ConnecRon	w/Importance	Sampling	
n  Variance	reducRon	
n  Step-sizing	/	Natural	Gradient	/	Trust	Regions	(TRPO)	
n  Generalized	Advantage	EsRmaRon	(GAE)	/	Asynchronous	Actor	CriRc	(A3C)	

n  Stochas5c	Computa5on	Graphs:		general	framework	for	PD	/	LR	gradients	

Outline		
Assumes:	
•  f			known,	differenRable	
•  R		known,	differenRable	
•  					(known),	differenRable	⇡✓

Assumes:	
•  f			--	no	assumpRons	
•  R		--	no	assumpRons	
•  					--		(known),	stochasRc	⇡✓



[Schulman,	Heess,	Weber,	Abbeel,	NIPS	2015]	

StochasRc	ComputaRon	Graphs	



[Schulman,	Heess,	Weber,	Abbeel,	NIPS	2015]	

StochasRc	ComputaRon	Graphs	



[Schulman,	Heess,	Weber,	Abbeel,	NIPS	2015]	

StochasRc	ComputaRon	Graphs	



[Schulman,	Heess,	Weber,	Abbeel,	NIPS	2015]	

StochasRc	ComputaRon	Graphs	



[Schulman,	Heess,	Weber,	Abbeel,	NIPS	2015]	

StochasRc	ComputaRon	Graphs	



[Schulman,	Heess,	Weber,	Abbeel,	NIPS	2015]	

StochasRc	ComputaRon	Graphs	



[Schulman,	Heess,	Weber,	Abbeel,	NIPS	2015]	

StochasRc	ComputaRon	Graphs	



[Schulman,	Heess,	Weber,	Abbeel,	NIPS	2015]	

StochasRc	ComputaRon	Graphs	



[Schulman,	Heess,	Weber,	Abbeel,	NIPS	2015]	

StochasRc	ComputaRon	Graphs	



[Schulman,	Heess,	Weber,	Abbeel,	NIPS	2015]	

StochasRc	ComputaRon	Graphs	



n  When	more	than	one	gradient	computaRon	is	applicable,	which	
one	is	best?	

n  When	dynamics	is	only	available	as	black-box,	but	derivaRves	
aren’t	available	–	finite	difference	based	derivaRves	on	the	
dynamics	black	box?	
n  OR:	directly	finite	differences	/	gradient-free	on	the	policy	

n  Finite	difference	tricky	(impracRcal?)	when	can’t	control	random	seed…	

n  What	if	model	is	unknown,	but	esRmate	available?	
	

Food	for	Thought	



n  Off-policy	Policy	Gradients	/	Off-policy	Actor	Cri5c	/	Connect	with	Q-Learning	
n  DDPG	[Lillicrap	et	al,	2015];	Q-prop	[Gu	et	al,	2016];	Doubly	Robust	[Dudik	et	al,	2011];	Deep	Energy	Q	[Haarnoja*,	Tang*	etal,	2016]	

n  PGQ	[O’Donoghue	et	al,	2016];	ACER	[Wang	et	al,	2016];	Q(lambda)	[Harutyunyan	et	al,	2016];	Retrace(lambda)	[Munos	et	al,	2016],	
Equivalence	PG	and	SoU-Q	[Schulman	et	al,	2017],…	

n  Explora5on	
n  VIME	[HouthooU	et	al,	2016];	Count-Based	ExploraRon	[Bellemare	et	al,	2016];	#ExploraRon	[Tang	et	al,	2016];	Curiosity	

[Schmidhueber,	1991];	Parameter	Space	Noise	for	ExploraRon	[Plappert	et	al,	2017];	Noisy	Networks	[Fortunato	et	al,	2017]	

n  Auxiliary	objec5ves	
n  Learning	to	Navigate	[Mirowski	et	al,	2016];	RL	with	Unsupervised	Auxiliary	Tasks	[Jaderberg	et	al,	2016],	…	

n  Mul5-task	and	transfer	(incl.	sim2real)	
n  DeepDriving	[Chen	et	al,	2015];	Progressive	Nets	[Rusu	et	al,	2016];	Flight	without	a	Real	Image	[Sadeghi	&	Levine,	2016];	Sim2Real	

Visuomotor	[Tzeng	et	al,	2016];	Sim2Real	Inverse	Dynamics	[ChrisRano	et	al,	2016];	Modular	NNs	[Devin*,	Gupta*,	et	al	2016];	
Domain	RandomizaRon	[Tobin	et	al,	2017]	

n  Language	
n  Learning	to	Communicate	[Foerster	et	al,	2016];	MulRtask	RL	w/Policy	Sketches	[Andreas	et	al,	2016];	Learning	Language	through	

InteracRon	[Wang	et	al,	2016]	

Current	FronRers	(+pointers	to	some	representaRve	recent	work)	

John	Schulman	&	Pieter	Abbeel	–	OpenAI	+	UC	Berkeley	



n  Meta-RL	/	Learn-to-learn	

n  Learning	to	Learn	by	Gradient	Descient	by	Gradient	Descents	[Andychowicz	et	al	2016];	RL2:	Fast	RL	through	Slow	RL	[Duan	et	al.,	2016];	Learning	to	
Reinforcement	Learn	[Wang	et	al,	2016];	Learning	to	Experiment	[Denil	et	al,	2016];		Learning	to	Learn	for	Black-Box	Opt.	[Chen	et	al,	2016],	Model-
AgnosRc	Meta-Learning	(Finn	et	al,	2017]	…	

n  24/7	Data	Collec5on	

n  Learning	to	Grasp	from	50K	Tries	[Pinto&Gupta,	2015];	Learning	Hand-Eye	CoordinaRon	[Levine	et	al,	2016];	Learning	to	Poke	by	Poking	[Agrawal	et	al,	
2016]	

n  Safety	

n  Survey:	Garcia	and	Fernandez,	JMLR	2015	

n  Architectures	

n  Memory,	AcRve	PercepRon	in	MinecraU	[Oh	et	al,	2016];	DRQN	[Hausknecht&Stone,	2015];	Dueling	Networks	[Wang	et	al,	2016];	…	

n  Inverse	RL	

n  GeneraRve	Adversarial	ImitaRon	Learning	[Ho	et	al,	2016];	Guided	Cost	Learning	[Finn	et	al,	2016];	MaxEnt	Deep	RL	[Wulfmeier	et	al,	2016];	…	

n  Model-based	RL	

n  Deep	Visual	Foresight	[Finn	&	Levine,	2016];	Embed	to	Control	[WaIer	et	al.,	2015];	SpaRal	Autoencoders	Visuomotor	Learning	[Finn	et	al,	2015];	PILCO	[Deisenroth	et	al,	2015]	

n  Hierarchical	RL	

n  Modulated	Locomotor	Controllers	[Heess	et	al,	2016];	STRAW	[Vezhnevets	et	al,	2016];	OpRon-CriRc	[Bacon	et	al,	2016];	h-DQN	[Kulkarni	et	al,	2016];	
Hierarchical	Lifelong	Learning	in	MinecraU	[Tessler	et	al,	2016];	Feudal	Networks	[Vezhnevets	et	al,	2017];	StochasRc	NNs	[Florensa	et	al,	2017]	

	

Current	FronRers	(+pointers	to	some	representaRve	recent	work)	



How	to	Learn	More	and	Get	Started?		

n  (1)	Deep	RL	Courses	
n  CS294-112	Deep	Reinforcement	Learning	(UC	Berkeley):	

hIp://rll.berkeley.edu/deeprlcourse/	by	Sergey	Levine,	John	Schulman,	Chelsea	
Finn	

n  COMPM050/COMPGI13	Reinforcement	Learning	(UCL):	
hIp://www0.cs.ucl.ac.uk/staff/D.Silver/web/Teaching.html	by	David	Silver	

n  Deep	RL	Bootcamp,	Berkeley,	CA	(August	26-27):	
hIp://www.deeprlbootcamp.berkeley.edu/	

John	Schulman	&	Pieter	Abbeel	–	OpenAI	+	UC	Berkeley	



n  (2)	Deep	RL	Code	Bases	
n  rllab:	hIps://github.com/openai/rllab			

Duan,	Chen,	HouthooU,	Schulman	et	al	

		

	

n  RLpy:	
hIps://rlpy.readthedocs.io/en/latest/	
Geramifard,	Klein,	Dann,	Dabney,	How	

How	to	Learn	More	and	Get	Started?	

John	Schulman	&	Pieter	Abbeel	–	OpenAI	+	UC	Berkeley	

n  GPS:	hIp://rll.berkeley.edu/gps/	
Finn,	Zhang,	Fu,	Tan,	McCarthy,	
Scharff,	Stadie,	Levine	



	

n  Deepmind	Lab	/	Labyrinth	(Deepmind)	

	

n  OpenAI	Gym:	hIps://gym.openai.com/	

n  Universe:	hIps://universe.openai.com/	

How	to	Learn	More	and	Get	Started?	
n  (3)	Environments	

n  Arcade	Learning	Environment	(ALE)	
(Bellemare	et	al,	JAIR	2013)	

n  MuJoCo:		hIp://mujoco.org	(Todorov)	

n  Minecra[	(MicrosoU)	

…	

John	Schulman	&	Pieter	Abbeel	–	OpenAI	+	UC	Berkeley	


