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Supervised Learning
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Unsupervised Learning

I"#" (#P (BT
W3;6#E-6-Q#/8#@-D*@:Z

YEHE*:06G#*;60A-608/
$06"&(#, *-.[#:8AH#3/E*. @GO/ 1#
20EE*/4%)"$%")B2#62*#E-6-

'("*&+, #H@3;6*.0/10Q#
EOA*/;08/-@06G#.*E3:608/Q#7?*-63.*1
@*-./0/1Q#E*/;06G#*;60A-608/Q#*6:1 OEHE*:06G#* 60A-608/

"@OE*#!.*EOF(#80/*0,0Q#W3;60/#W82/;8/Q#"* */-#X*3/1LQ#!"#O'Y/



]
What is Reinforcement Learning?

» Agent-oriented learningN learning by interacting with an
environment to achieve a goal

¥ more and than other kinds of machine
learning

« Learning by trial and error, with only delayed evaluative feedback
rew -

¥ the kind of machine learning most like natural learning

¥ learning that can tell for itself when it is right or wrong
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~ Signature challenges of RL

@m feedback (rewardx

L3 \

« Sequentiality, gelayed consequences
—

« Need for trial and error, to explore as well as exploit

I
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« Non-stationarity

——

« The fleeting nature of time and online data
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» At each step t the agent:

» Executes action ay
» Receives observation o;

» Receives scalar reward r;
\—v

» The environment:

» Receives action a;
» Emits observation o0;41
» Emits scalar reward r; 1
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Robot Locomotion
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Atarl Games
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Markov Decision Process
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Markov Decision Process
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Markov Decision Process
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The optimal policy ! *
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Definitions: Value function and Q-value function
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Definitions: Value function and Q-value function
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Definitions: Value function and Q-value function
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observation A’ % . 4 [ 0 action
— AV T
o a2 & Model is learnt from experience
M

Acts as proxy for environment

reward I,t Planner interacts with model
e.g. using lookahead search
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A-CHHP-A+@*

m Rewards: -1 per time-step
m Actions: ,N’ E, S, W

m States: Agent's location

MIN#)2.34#5-6.-# "@OE*#! *E06(#)-40E#"0@4*. U



A CHP-A+@*(#F8@0:G

Va2

st K

|
i I

u il En

m Arrows represent policy m(s) for each state s
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A C*HiP-A+@*(#B-@3*

m Numbers represent value v, (s) of each state s
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A-crHiP-A+@*(#'8E*@

m Agent may have an internal
model of the environment

m Dynamics: how actions
change the state

m Rewards: how much reward
from each state

m [ he model may be imperfect

m Grid layout represents transition model P2,

m Numbers represent immediate reward RZ from each state s
(same for all a)
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" (s) = argmax Q*(s, a)
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Solving for the optimal policy
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*-10/1#7? . 8A#D-6:2*#87?#:8/;*:3604*#;-A+ @*;#0;#+.8D@*A-60:(

C "-A+@*#-.*#:8..*@-6*E#pR#0/*??0.0*/6#@*-./0/1

C 13..%/6#h @*6>8.L#+-.-A*6*.;#E*6*. A0/*;#/*P6#6.-0/0/1#;-A+@*,#M*T1T#0?#A-POAO0c0/14
-:608/#0;#68#A84*#@*?6Q#6.-0/0/1#;-A+@*;#>0@ @#D*#E8SAQ/-6*E#DGH# ;- - @*##?.8A
;OC*N#pR#:-#@*-E#68#D-E#?**ED-:L#@88+;

61



+ #8&-.*96./01.2345.6)7(-'8.9::<=.2/%")*.9::>?

Training the Q-network: Experience Replay

*-10/1#7? . 8A#D-6:2*#87?#:8/;*:3604*#;-A+ @*;#0;#+.8D@*A-60:(

C "-A+@*#-.*#:8..*@-6*E#pR#0/*??0.0*/6#@*-./0/1

C 13..%/6#h @*6>8.L#+-.-A*6*.;#E*6*. A0/*;#/*P6#6.-0/0/1#;-A+@*,#M*T1T#0?#A-POAO0c0/14
-:608/#0;#68#A84*#@*?6Q#6.-0/0/1#;-A+@*;#>0@ @#D*#E8SAQ/-6*E#DGH# ;- - @*##?.8A
;OC*N#pR#:-#@*-E#68#D-E#?**ED-:L#@88+;

[EE.*;#62**#+.8D@*A;#3;0/1#(*+:1+70+5:+*&">

C 18/60/3-@ @GH3+E-6"4&">5)+)%:> 6-D@*#87?#6.-/;,0608 D% N#-#1-A*#
M*P+*.0*/:*N#*+0;8E*: #- *#+@-G*E

C 9.-0/#h @*6>8.L#8/#.-/EBA#AQ/OD-6:2*:#87?#6.-/;0608/;#? .8A#62*#.*+ @-G#A*A8.GQ#
0/:6*-E#8?#:8/:*:3604*#:-A+@*:#

62



P+ 0%/ #="+@-G

To remove correlations, build data-set from agent’'s own experience

PSS

S—— P

L\

51 31 rn. 52
S>,d2, 13,53 m
( 53.,4d3. 4. 54 w
|
A

— s.a.r.s

St, dt, lt+1,St+1  — [\St; dt, lt+1, St+1

J

——

MIN#)2.34#5-6.-# "@OE*#! *E06(#)-40E#"0@4*. %'



266+;(aa>>>TG8363D*T:8Aa>-6:2e4pBY*X/0WU=/L

BOE*8#Drs.8@G#t;8@/(V*2u. T#=*+.8E3:*E#>062#+*.A0;;08/

"@OE*#! *EOWME/*0,0Q#W3;60/#W82/:8/Q#"* */-#X*3/1Q#I"#O'Y/



)**+#:,

(‘\

H F8@OM-;*E#=,
< K;*#/*3.-@#/*6;#68#.*+.*;*/6#+8@C2:(B!#S
L~ | | I

MIN#)2.34#5-6.-# %k



Policy Gradients
V8.A-@@GQ#@*Gf;#E*?O/*#-#:@-;;#8?#+-.-A*6*.OC*EH+8@{%*,;6 c R™}

V8.#*-2#+8@0:GQ#E*?0/*#06,;#4-@ 3*(

v JO=E | o rilm
@. t>0

T oeee———

"@OE*#!.*EOF(#80/*0,0Q#W3;60/#W82/;8/Q#"* */-#X*3/1LQ#!"#O'Y/



Policy Gradients
V8.A-@ @GQ#@*6F;#E* 20/ #-#.@-; #82#+-.-A*6*.0c*EH+8@fog%,0 € R™}

V8.#*-2#+8@0:GQ#E*?0/*#06,;#4-@ 3*(

Z vYiri|me

>0

J() =E

0]

b*#>-/6#68#?0/E#62*#8+60A-@#+8Q0:& ¢ max J () ( ) Q—
— 26

d8>#:-/[#>*#E8#620;e#

"@OE*#!.*EOF(#80/*0,0Q#W3;60/#W82/;8/Q#"* */-#X*3/1LQ#!"#O'Y/




Policy Gradients
V8.A-@ @GQ#@*6F;#E* 20/ #-#.@-; #82#+-.-A*6*.0c*EH+8@fog%,0 € R™}

V8.#*-2#+8@0:GQ#E*?0/*#06,;#4-@ 3*(

J(@)=E Z'ytrthrg

>0

b*#>-/6#68#7?0/E#62*#8+60A-@#+81Q0 &g max J(0)

d8>#:-[#>*#HE8#620:e#
7.-EO0*/6#-::*/6#8/#+8@0:GH#H+-.-A*6*.;Z

—

"@OE*#!.*EOF(#80/*0,0Q#W3;60/#W82/;8/Q#"* */-#X*3/1LQ#!"#O'Y/




REINFORCE algorithm

"-62*A-60:—@@GQ#>*# -1#>.06%(

= Ereprpy ()] 24(’0;3)

—

T ) 0 pludt

D2% *#.M" NHO:#E 244 *>- E#8’?##6 -S* 6&&&0,%,%,51, ) >

— —

T e

"@OE*#!.*EOF(#80/*0,0Q#W3;60/#W82/;8/Q#"* */-#X*3/1LQ#!"#O'Y/



REINFORCE algorithm

jP+*:6*E#.*>- . E( J(0) = Erop(ri0) [1(T)]

= /T'r('r)p('r; 0)dr

"@OE*#!.*EOF(#80/*0,0Q#W3;60/#W82/;8/Q#"* */-#X*3/1LQ#!"#O'Y/



REINFORCE algorithm

jP+*:6*E#.*>- . E( J(0) = Erop(ri0) [1(T)]

= /'r('r)p('r; 0)dr

T

N8>#@*6f,#E0??*.*/60-6*#6WQ;(J () :/r('r)Vgp('r;G)d'r
- ——e

—

—

>

"@OE*#!.*EOF(#80/*0,0Q#W3;60/#W82/;8/Q#"* */-#X*3/1LQ#!"#O'Y/



REINFORCE algorithm

jP+*:6*E#.*>- . E( J(0) = Erop(ri0) [1(T)]

= /T'r('r)p('r; 0)dr

0;#.8D@*A-60:#>2*[#+#E*+*/E;#8/#
g

n8>#@*6f;#E0??*.*/60-6*#6¥;(J (0) = / r(7)Vep(T;0)dr V6.-:6-D@*47+":6-608/#87%.-E0"/6

T

"@OE*#!.*EOF(#80/*0,0Q#W3;60/#W82/;8/Q#"* */-#X*3/1LQ#!"#O'Y/



REINFORCE algorithm

jP+*:6*E#.*>- . E( J(0) = Erop(ri0) [1(T)]

= /T'r('r)p('r; 0)dr

*xOf. D% * _R* . . . \/6-6'D@*Z#+*6'608/#87#.]:E0*/6
N8>#@61#E0?7".%/60-6*4#6% b(](g) o / T(T)Yﬁpﬁ’ G)dT 0:#+.8D@*A-60:#>2*[#+HE*+*|E #8/#

= p(T; 91% logp('i]

T

——

A8>* 4% Q#>#:-1#34#-#0:46.0:L( 7 pp(7: 0) = p(7: 0

"@OE*#!.*EOF(#80/*0,0Q#W3;60/#W82/;8/Q#"* */-#X*3/1LQ#!"#O'Y/



REINFORCE algorithm

JP+*.6*E#.*>- E( J(@) = ]ETNp(T;G) [T(T)]

= /T'r(’r)p('r; 0)dr

*xOf. D% * _R* . . . \/6-6'D@*E+*6'608/#87#1E0*/6
N8>H#@BIHED??".1160-6#6WG/ (0) = / r(T)Vop(T;0)dT .. sD@*A-60#>2 s HHE E #BH

q

T

A8>*4* QH>*#:- 43 -#07#6.0:1L( (7 0) = p(7: 6) Vop(7;0) _ ﬁ 0)Vg log p(fr;en
\?#>*#0/S*:6#620;#D-:L ( p(r;0) ="
—
VoJ(0) (r(7)Velogp(7;0)) p(1;0)dT
I-1#*:60A-6*#>062#
Erp(rso} [r(T) Vg log p(7; 6)] Ag/6*#1-. @8H;-A+@0/1
g -t —

\d

"@OE*#!.*EOF(#80/*0,0Q#W3;60/#W82/;8/Q#"* */-#X*3/1LQ#!"#O'Y/



REINFORCE algorithm

I-[#>*#:8A+36*#628;*#_3-/6060*,#>062836#L/8>0/1#62*#6.-/;0608/#+.8D-DO@060*;e

b*#2-4*( p(T;0) = HP(St+1|St,at)7T9(at|3t)

t>0

75



REINFORCE algorithm

I-[#>*#:8A+36*#628;*#_3-/6060*,#>062836#L/8>0/1#62*#6.-/;0608/#+.8D-DO@060*;e

b*#2-4*( p(T;0) = HP(St+1|St,at)7T9(at|3t)

t>0

923;( logp(7;0) = Zlogp(st+1|st, at) + log mo(at|st)
>0

76



REINFORCE algorithm

I-[#>*#:8A+36*#628;*#_3-/6060*,#>062836#L/8>0/1#62*#6.-/;0608/#+.8D-DO@060*;e

b*#2-4*( p(T;0) = HP(St+1|St,at)7T9(at|3t)

>0
923;( logp(7;0) = Zlogp(st+1|st, at) + log mo(at|st)

t>0
8. [fGHE*+*/E48H
[/E#>2*1#E0??2**160-60/1(Vo logp(7; 0) = } | Vo logmo(as|s:) 6.)-/;0608/#+.8D-DO@O60*;.'

t>0

77



VoJ(6) = [ (r(r)Vologp(r;0) p(r; 0)dr

REINFORCE algorithm = E,p(r) [r(T) Vo log p(7; 0)]

I-[#>*#:8A+36*#628;*#_3-/6060*,#>062836#L/8>0/1#62*#6.-/;0608/#+.8D-DO@060*;e

b*#2-4*( p(T;0) = HP(St+1|St,at)7T9(at|3t)

>0
923;( logp(7;0) = Zlogp(st+1|st, at) + log mo(at|st)

t>0
8% [fGHE ++EHBIH
[/E#>2*1#E0??2**160-60/1(Vo logp(7; 0) = } | Vo logmo(as|s:) 6.)-/;0608/#+.8D-DO@O60*;.'

t>0

92* *?8.*#>2*#,-A+@O0/1#-#6.-S*.68.CR#>*#:-/#*,6 0A-6*#WNH>062

VoJ(0) = Z r(7)Velog mo(at|st)

t>0

78



4 gwuvw@
Intuition

7.-E0*/6#*,60A-68.( )V(,J Z 7))V log mo(az|st)
— t>0

GT7#H+:*+#"#1%74 -

C \?#MI#0;#2012Q#+3;2#3+#62*#+.8D-DO@060*;#8?#62*#-.608/;#;**/

C \?#MI#0;#@8>Q#+3;2#E8>/#62*#+.8D-DO@060*;#8?#62*#-.608/;#;**/

"@OE*#!.*EOF(#80/*0,0Q#W3;60/#W82/;8/Q#"* */-#X*3/1LQ#!"#O'Y/




Intuition

7.-E0*/6#*,60A-68.( VaJ(0) ~ Z r(7)Velog me(at|st)
£>0

G7#+*+#"#1%74
C \?#MI#0;#2012Q#+3;2#3+#62*#+.8D-DO@060*;#8?#62*#-.608/;#;**/
C \?#MI#0;#@8>Q#+3;2#E8>/#62*#+.8D-DO@060*;#8?#62*#-.608/;#;**/

N0126#;**A#;0A+@0;60:#68#,;-GH#62-6#07#-#6.-S*:68. GH#O;#188E#62*/#-@ @#06,;#-!
188ETH36#0/#*P+*:6-608/Q#06#-4*.-1*;#836Z

"@OE*#!.*EOF(#80/*0,0Q#W3;60/#W82/;8/Q#"* */-#X*3/1LQ#!"#O'Y/



\/630608/

—
UP >!——UP >‘DOWN>‘ DOWN*DOWN* UP{* (WIN
L .atll.g .00 | LoSE
DOWN’. DOWN»,DOWN». DOWN>‘ UP »® LOSE
UP >.DOWN». UP @ UP ~® WIN

r r
Ld L

MIN#)2.34#5-6.-# gy



Intuition

7.-E0*/6#*,60A-68.( VaJ(0) ~ Z r(7)Velog me(at|st)
£>0

G7#+*+#"#1%74
C \?#MI#0;#2012Q#+3;2#3+#62*#+.8D-DO@060*;#8?#62*#-.608/;#;**/
C \?#MI#0;#@8>Q#+3;2#E8>/#62*#+.8D-DO@060*;#8?#62*#-.608/;#;**/

N0126#;**A#;0A+@0;60:#68#,;-GH#62-6#07#-#6.-S*:68. GH#O;#188E#62*/#-@ @#06,;#-!
188ETH36#0/#*P+*:6-608/Q#06#-4*.-1*;#836Z

d8>*4* Q#620;#-@;8#;377*.,#? .8A#2012#4-.0-/*#D*:-3;*#. *E06#-;,01/A*/6#0;#
*-@ @ GH2-.ETH!-[#>*#2*@+#62*#*:60A-68.e

"@OE*#!.*EOF(#80/*0,0Q#W3;60/#W82/;8/Q#"* */-#X*3/1LQ#!"#O'Y/



REINFORCE in action: Recurrent Attention Model (RAM)
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REINFORCE In action: Recurrent Attention Model (RAM)
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REINFORCE In action: Recurrent Attention Model (RAM)
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REINFORCE In action: Recurrent Attention Model (RAM)
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REINFORCE In action: Recurrent Attention Model (RAM)
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REINFORCE In action: Recurrent Attention Model (RAM)
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REINFORCE In action: Recurrent Attention Model (RAM)
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Intuition
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Variance reduction

7-E0%6#460A-68.( VaJ(0) ~ Y r(T)Vglogms(arlst)
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Variance reduction
7-E0%64#%60A-68.( VoJ(0) = Y r(1)Vglogms(arls:)
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Variance reduction
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Variance reduction: Baseline

Problem: The raw value of a trajectory isnOt necessarily meaningful.
For example, if rewards are all positive, you keep pushing up
probabilities of actions.

What is important then? Whether a reward is better or worse than
what you expect to get

ldea: Introduce a baseline function dependent on the state.
Concretely, estimator is now:

VoJ(0) ~ Z (Z v Ty — b(St)) Vo log mg(at|st)

t>0 \t'>t
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How to choose the baseline?

VQJ Z (Z ’}’t t’r‘t/ — b St ) V@ log7r9(at|st)
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How to choose the baseline?
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How to choose the baseline?

[#D*66*.#D-;* @0/*(#b-/6#68#+3;2#3+#62*#+.8D-DO@06G#8?#-/#-.608/#? .8 A#-#;6-(
620;#-:608/#>-#D*66* #62-/#62{#H 0#+;52"&?+5% @ S9L"#59+5,L%?&;5SH+#5@:%)5

#L"#5 #'#H

h(#b2-6#E8*,#620;#.*A0/E#G83#87e

"@OE*#!.*EOF(#80/*0,0Q#W3;60/#W82/;8/Q#"* */-#X*3/1LQ#!"#O'Y/



How to choose the baseline?

[#D*66*.#D-;* @0/*(#b-/6#68#+3;2#3+#62*#+.8D-DO@06G#8?#-/#-.608/#? .8 A#-#;6-(
620;#-:608/#>-#D*66* #62-/#62{#H 0#+;52"&?+5% @ S9L"#59+5,L%?&;5SH+#5@:%)5
#L"#5 #'#H

h(#b2-6#E8*;#620;#.*A0/E#(G83#87e

[(#h (3/:608/#-IE#4-@3*#?3/:608/Z

"@OE*#!.*EOF(#80/*0,0Q#W3;60/#W82/;8/Q#"* */-#X*3/1LQ#!"#O'Y/



How to choose the baseline?
[#D*66*.#D-;*@O/*(#b-/6#68#+3;2#3+#62*#+.8D-DO@OGG#8?#-/#-:608/#?.8A#-#;6-(
620;#-:608/#>-,#D*66* #62-/#62(# 0#+;52"&?+5% @59L"#59+5,L%?&;5H+#5@:%)5
HL"#5 #'#H4

h(#b2-6#E8*;#620;#.*A0/E#G83#87e

[(#h (3/:608/#-IE#4-@3*#?3/:608/Z

\/630604*@ GQ#>*#- *#2-++GH#>0621- 1+ 6BH6-6*1; 02 A His BB HHHHH
0:#@-. L*THIH62*#:8/6.- GQH#>*#- #3/2-++GH#>062#-/#-:608/#0?2#06f:#:A-@@T

"@OE*#!.*EOF(#80/*0,0Q#W3;60/#W82/;8/Q#"* */-#X*3/1LQ#!"#O'Y/



How to choose the baseline?
[#D*66*.#D-;*@O/*(#b-/6#68#+3;2#3+#62*#+.8D-DO@OGG#8?#-/#-:608/#?.8A#-#;6-(
620;#-:608/#>-,#D*66* #62-/#62(# 0#+;52"&?+5% @59L"#59+5,L%?&;5H+#5@:%)5
HL"#5 #'#H4

h(#b2-6#E8*;#620;#.*A0/E#G83#87e

[(#h (3/:608/#-IE#4-@3*#?3/:608/Z

\/630604*@ GQ#>*#- *#2-++GH#>0621- 1+ 6BH6-6*1; 02 A His BB HHHHH
0:#@-. L*THIH62*#:8/6.- GQH#>*#- #3/2-++GH#>062#-/#-:608/#0?2#06f:#:A-@@T

K;0/1#620;Q#>*#1*6#62*#*,60A-684J (0) ~ 3 (Q™ (51, a1) — V™ (1)) Vi log ma(ass:)

t>0

"@OE*#!.*EOF(#80/*0,0Q#W3;60/#W82/;8/Q#"* */-#X*3/1LQ#!"#O'Y/



Actor-Critic Algorithm
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Summary

- Policy gradients : very general but suffer from high variance so
requires a lot of samples. Challenge : sample-efficiency

- Q-learning : does not always work but when it works, usually more
sample-efficient. Challenge : exploration

- Guarantees:
- Policy Gradients : Converges to a local minima of J(#), often good
enough!
- Q-learning : Zero guarantees since you are approximating Bellman
equation with a complicated function approximator
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