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w
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B
ohdanaR
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1

M
otivation

�

R
einforcem

entLearning
(R

L)
-

a
successfulfram

ew
ork

for
learningin

dynam
icenvironm

ents,basedon
the

theoryofM
arkov

D
ecisionP

rocesses.

�

Large
problem

srequirethe
incorporationoffunction

approxim
ation

(FA
)

techniques(from
supervisedlearning)into

R
L

m
ethods.

B
ut:

�

Lim
ited

theoreticalresultsexistfor
R

L
w

ith
FA

,
m

ostly
for

sim
ple

approxim
ators.

�

M
ix

ed
evidenceofsuccess/failure

in
practice.

E
xam

plesofunansw
eredquestions:

�

W
hich

com
binationsofR

L
and

FA
m

ethodsare
successful/unstable?

�

H
ow

do
propertiesofthe

problem
affectthe

stability
oflearning?

M
y

goal:elucidatethe
effectofdom

ainand
FA

dynam
icson

R
L

algorithm
s.



2

O
utline

�

R
einforcem

entLearning.

–
R

L
problem

.

–
R

L
algorithm

s.

�

F
unctionA

pproxim
ation.

–
A

pproxim
ationarchitectures.

–
T

raining
algorithm

s.

�

R
einforcem

entLearningw
ith

F
unctionA

pproxim
ation.

–
Tw

o
approachesto

using
FA

in
R

L.

–
A

vailable
theoreticalresultsand

outstandingquestions.

�

P
roposedR

esearch.
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R
L

P
roblem

A
gent

E
nvironm

ent

�

� �

��
state
st �

S
rew

ard
rt

action
a

t �

A� st�

st�

1
rt�

1

S
-

statespace
A� st� -actions
available

atstatest

�

M
arkov

system
m

odel:

–
T

ransitionprobabilities:P
as� s �

–
E

xpectedvalue
ofthe

im
m

ediaterew
ard:R

as� s �

�

P
olicy:π

:S 	

A



� 0� 1 .

π� s� a�

-
probability

oftaking
action

a
in

states.

�

G
oal:find

a
policy

thatoptim
izesa

long-term
perform

ancecriterion.

�

R
eturnR

t� s� :
cum

ulative
long-term

rew
ard

from
states.

�

C
ontinuing,discountedtask:R

t� s���

∑
∞k �

0 γ
krt�

k�

1 ,w
hereγ�

� 0� 1 .



4

V
alue

F
unctions

M
ostR

L
algorithm

sestim
atevalue

functions:

�

S
tate-value

function
for

policy
π:

V
π� s���

E
π� R

t� st �

s� �

E
π�

∞∑k �

0 γ
krt�

k�

1� st �

s� ���

s�

S

�

A
ction-value

function
for

policy
π:

Q
π� s� a���

E
π�

∞∑k �

0 γ
krt�

k�
1� st �

s� a
t �

a� � �

s�

S� a�

A� s�

�

O
ptim

alstate-value
function:V �

� s���
m

axπ V
π� s� � �

s�

S.

�

O
ptim

alpolicy
π �

-
a

policy
w

ith
the

m
axim

alvalue
function

V �
� s� .

�

In
finite

M
D

P
s,thereis

a
uniqueV �

and
a

determ
inisticπ �

thatachievesV �

.

�

Forsm
all,discretestatespaces,the

value
functionscan

be
representedby

a

table,w
ith

one
value

entry
for

eachstate(orstateaction
pair).
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D
ynam

ic
P

rogram
m

ing

C
om

putevalue
functionsbasedon

B
ellm

an
equations:

�

B
ellm

an
equation:V

π� s���

∑
a π� s� a� ∑

s �

P
as� s �� R

as� s � �

γV
π� s �� � �

s�

S

�

B
ellm

an
optim

ality
equation:

V �
� s� �

m
axa�

A� s� ∑
s �

P
as� s �� R

as� s � �
γV �

� s �� � �

s�

S

�

P
olicy

Iteration
algorithm

1.
P

olicy
E

valuation:
turn

B
ellm

an
equationinto

an
updaterule.

2.
P

olicy
Im

provem
ent:

find
determ

inisticpolicy
greedyw

.r.t.V
π

π �� s���

a
rg

m
a

xa�

A� s� ∑
s �

P
as� s �� R

as� s � �

γV
π� s �� � �

s�

S

�

TabularD
P

m
ethodsconverge

w
ith

probability
1

in
the

lim
it.
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M
onte

C
arlo

M
ethods

�

E
stim

atevalue
functionsasthe

sam
plem

eanofobserved
returns.

�

N
o

know
ledgeofthe

system
m

odelrequired!

Learn
directly

from
the

interactionofthe
agentw

ith
its

environm
ent.

�

C
onvergesto

the
actualvalue

function
in

the
lim

it.

�

N
eedfor

sufficientexploration
w

hen
estim

atingthe
action-value

function:

π� s� a���

0� �

s� a.
E

.g.ε-greedypolicy:
-

choosea
greedyaction

w
ith

probability
1 �

ε;

-
chooseany

otheraction
w

ith
probabilityε.

�

O
n-policy

and
O

ff-policy
m

ethods.

–
O

n-policy
m

ethodsestim
atethe

value
function

for
the

policy
used

behave.

–
O

ff-policy
m

ethodsuseone
policy

to
behave

butestim
atethe

value

function
for

a
differentpolicy

(e.g.the
optim

alpolicy
π �

).
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Tem
poralD

ifference(T
D

)
Learning

�

U
pdatesofthe

value
function

are
perform

edaftere
a

ch
o

b
se

rve
dtra

n
sitio

n.

�

Learningdirectly
from

experience!

P
redictionproblem

:estim
atethe

value
ofa

given
policy.

�

O
ne-stepT

D
:V

� st� �

V
� st� �

α
t� rt�

1 �

γV

� st�

1� �

V

� st�

!

"#

$

Tem
poraldifference

δ
t

w
hereα

t �
� 0� 1 -

learningrate
param

eter.

�

E
ligibility

traces
-

establishthe
”influence”ofpasteventsin

the
current

updates:

e
t� s���

γλ
e

t %

1& s'

if
s(*)

st

γλ
e

t %

1& s',+

1
if

s )

st
λ-. 0/ 10

�

T
D

(λ)
algorithm

:V

� s� �

V

� s� �

αδ
t e

t� s� � �

s�

S
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T
D

Learning
(2)

C
ontrolP

roblem
:

find
the

optim
alpolicy.

T
hereare

differenton-policy
and

off-policy
algorithm

s.E
.g.

Q
-learning

(W
atkins,1989):

Q� st� a
t� �

Q� st� a
t� �

α
t� rt�

1 �

γm
ax
a

Q� st�

1� a� �

Q� st� a
t� � �

t

A
gentevaluatesthe

optim
alpolicy

butfollo
w

s
an

arbitrarystochasticpolicy.

�

A
lm

ostallT
D

-style
learningalgorithm

sconverge
in

the
lim

it
w

ith

probability
1

to
correctvaluesif

value
functionsare

representedastables,

basedon
generalstochasticapproxim

ationresults.

�

Tabularrepresentationis
infeasiblefor

large
problem

s:

–
spaceissue

–
exploration

issue

�
1

N
eedfor

FA
to

representvalue
functions.
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F
unction

A
pproxim

ation

G
iven

m
training

sam
ples� 2x

i� y
i� � y

i �

f� 2x
i� .

F
ind

an
approxim

atem
apping

f̃,by
m

inim
izing

som
eerrorfunction,e.g.

e �

m∑i �

1 � y
i �

f̃� 2x
i� 2

A
pproxim

ation
A

rchitectures

�

C
om

m
onapproach:f̃� 2x���

∑
Mj �

0 a
j B

j� 2x� 2θ
j�

-
”dictionary

m
ethods”

�

Linear
m

ethodslearn
coefficientsa

j ;non-linear
m

ethodslearn
a

j and 2θ
j .

�

B
asisfunctionsB

j� 2x� 2θ
j�

can
be

definedglobally
orlocally.

E
.g.:

3

R
adialB

asisF
unctionsB

j465x798

e :
;=<x :

c
j; 2> 2σ

2j:

–
localbasisfunctions,can

form
linearornon-lineararchitecture.

3

S
ingle

layerfeed-forward
neuralnets:non-lineararchitecture,globalbasisfunctions.
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T
raining

M
ethods

�

G
radient

descent:updateparam
eters 2w

ofthe
approxim

ationarchitecture

to
descenton

the
errorfunction.

–
B

atch
steepestdescent:

2w�
2w�

α
m∑i �

1 ∇
f̃� 2x

i� 2w�� y
i �

f̃� 2x
i� 2w�

w
hereα

�
� 0� 1�

-
learningrate.

–
Increm

entalgradientdescent:update 2w
aftereachtraining

sam
ple.

�

M
em

ory-based
(lazy)learning

:

–
S

torealldatapointsw
ithoutprocessing

–
To

m
ake

a
prediction,interpolateon

the
storeddatacloseto

the
query

–
G

ood
for

non-stationarytargetfunctions

E
.g.k-nearestneighbor,locally

w
eightedlearning.
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R
L

w
ith

FA
(1)

V
alue-basedapproach

:
FA

is
usedto

representvalue
functions.

�

R
L

m
ethodsprovide

FA
w

ith
targetsorerrorfunctionsfor

a
subsetofstates.

E
.g.

-
S

am
plereturnscollectedby

M
onte

C
arlo

m
ethod

-
U

pdatesto
the

value
estim

atescom
putedby

D
P

and
T

D
m

ethods

-
Tem

poraldifferenceδ
t 8

rt?

1 @

γV4 st?

17BA

V4 st7

-
B

ellm
an

erroret 8
12 E

2C Q4 stD a
t7BA

E rt?

1 @

γm
axaF

AG stH

1I Q4 st?

1D a7JK

�

FA
providesR

L
m

ethodsw
ith

value
estim

atesgeneralizedto
the

entire
state

space.

�

P
olicy

is
determ

inistic,greedyw
.r.t.approxim

ationofthe
value

function.

P
olicy-basedapproach

:
FA

is
usedto

representthe
stochasticpolicy.

�

Learn
the

optim
alpolicy

directly.

�

FA
param

etersare
updatedin

the
direction

ofthe
gradientofthe

expected
return

for
the

currentstochasticpolicy.
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R
L

w
ith

FA
(2)

FA
is

m
u

ch
m

o
re

d
ifficu

ltin
th

e
co

n
texto

fR
L

!

�

S
am

plesofthe
targetvalue

functionsare
notavailable

rightaw
ay.

�

T
he

targetfunction
appearsnon-stationary.

C
onvergenceofapproxim

ateR
L

m
ethodsto

the
optim

alsolution
is

notexpected.

G
eneralconvergencequestions:

�

D
oesthe

algorithm
converge?

�

If
so,how

closeis
the

resultingsolution
to

the
optim

alone?

�

If
not,doesit

oscillatein
som

eboundedregion
ordoesit

diverge?
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R
L

w
ith

FA
(3)

T
h

e
o

re
tica

lre
su

ltsa
re

ve
ry

lim
ite

d
!

P
rediction

P
roblem

C
ontrolP

roblem

T
D

(λ)
convergesw

ith
probability

1
for

lin
e

a
ra

rch
ite

ctu
re

s.

V
alue

iteration
and

Q
-learning

converge

w
ith

a
ve

rage
rs.

M
onte

C
arlo

and
B

ellm
an

E
rror

m
eth-

odsconverge
to

a
locally

optim
al

Q
-learningconvergesw

ith
so

ft-sta
teagg

re
-

g
a

tio
n.

solution.
G

row
-S

upportalgorithm
is

safefrom
diver-

gence.

P
olicy

G
radientandV

A
P

S
converge

to
a

lo-

cally
optim

alsolution.

T
D

(0)
w

as
show

n
to

diverge
for

a
par-

ticularnon-lineararchitecture.

O
scillatory

behavior
w

as
detectedfor

P
ol-

icy
iteration

and
its

variants.

V
alue

iteration
w

as
show

n
to

diverge
for

a

particularnon-lineararchitecture.
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R
L

w
ith

FA
(4)

S
om

eofthe
outstandingquestions:

�

W
hich

R
L/FA

com
binationsare

successful/unstable?

�

H
ow

com
m

onis
unstablelearningin

practice?D
oesit

have
oscillatoryor

divergentnature?

�

W
hatis

the
sam

plecom
plexity

ofR
L/FA

m
ethods?

�

H
ow

accuratethe
approxim

ationsofthe
value

functionsshouldbe
to

find
good

policies?

�

W
hatare

the
relative

m
eritsofdifferentR

L/FA
algorithm

sin
practice?

N
o

com
parative

studyexists
up

to
date!

�

H
ow

to
chooseappropriatealgorithm

sfor
problem

sw
ith

different
properties?

�

H
ow

to
autom

aticallychoosesuccessfulalgorithm
s’param

etersto
avoid

trial-and-errordesignprocess.
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M
ain

T
hesisD

irections

�

D
efine

attributesthatcharacterizeR
L

problem
sand

createa
benchm

ark

suite
ofR

L
problem

s.

�

C
onductan

em
piricalstudyofR

L/FA
m

ethods.

�

Partially
autom

atethe
designofR

L
system

sby
developing

algorithm
sfor

autom
aticparam

etersettingand
for

choosingFA
,basedon

dom
ain

properties.

�

Im
prove

understandingofthe
specificoutstandingquestionsabout

propertiesand
relative

m
eritsofR

L/FA
algorithm

s.
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P
roposedR

esearch
(1)

�

D
efine

attributesto
characterizethe

propertiesofR
L

tasks,e.g.:

–
A

verageentropy
-

a
m

easureofthe
uncertaintyofstatetransitions.

–
C

ontrollability
-

a
m

easureofthe
effectofthe

agent’s
actionson

state
transitions.

P
riorevidencethatthey

influenceperform
anceofalgorithm

s.

�

D
evelop

a
benchm

arksuite
ofartificialand

realR
L

problem
s,using

attributesto
characterizethem

.N
one

is
available

atpresent!

�

C
onductan

em
piricalstudyofthe

R
L/FA

m
ethods,focusingon:

–
S

tability
ofthe

learningprocess

–
Q

uality
ofthe

solution

–
S

peedofconvergence

–
S

am
plecom

plexity

–
S

ensitivity
to

user-tunableparam
eters(e.g.α

,λ)
–

P
erform

ancefor
problem

sw
ith

differentcharacteristics
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P
roposedR

esearch
(2)

Investigate
the

follo
w

ing
issues:

�

Im
pactofdifferentexploration

strategies

�

O
n-policy

vs.off-policy
algorithm

s

�

B
ootstrappingvs.non-bootstrappingm

ethods:

–
B

ias-variancetrade-offby
varyingλ

in
T

D
(λ)

–
P

ossiblyform
alanalysis

�

V
alue-basedvs.policy-basedalgorithm

s

�

H
ow

accurateshouldthe
value

function
approxim

ationbe
for

different

m
ethodsand

problem
s
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P
roposedR

esearch
(3)

�

D
evelop

boostingalgorithm
sfor

R
L.

–
B

oosting-
com

bineseveralapproxim
ators,specializedon

a
subsetof

training
sam

ples,to
obtain

a
betteroverallperform

ance.

–
B

oostingcan
be

valuablefor
R

L
-

possibility
to

com
binesim

ple
but

reliable
approxim

atorsto
boostthe

overallperform
ancew

hile
preserving

a
w

ell-behaved
learning.

�

E
xtendthe

w
ork

ofm
y

M
asterT

hesison
the

F
uzzyC

ellularA
utom

ata

approxim
atorand

apply
it

to
R

L.

–
Localm

ethod,sim
ilarto

m
em

ory-basedlearning.

–
R

elatedto
otherFA

s
successfulfor

R
L.


