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Outline

* Deep Reinforcement Learning
* Part [1]
* Part [V
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Part Ill Policy-Based Reinforce Learning

* Revison

* Policy gradient

» Baseline
 High-level skills
« Continue control
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Revision

 Discounted return(#7#0[E]#R):

Ut = R+ Rip1+ Ryvo+ Reyz+--- + Ry,

« Action-value function(z{E{/1{E & 2X):
S = 8;, Az = at}.

Qr(st,ar) = ESHLAHLM,SH,AH [Ut

« State-value functionCIAZSYME 7 2%):
Vi(s) = Eanr|Qn(s,4)].
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Policy Gradient

 Policy Network (| ; )
« To approximate ( | )

Conv Dense , Softmax
> >B »“right”, 0.1
E l\
nupn’ 0.7
state s;
” feature
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Policy Gradient

¢ Va(s) = Bae[Qa(s4)) = (] 5 )Q( )
« dicide the value of V (s)

J(8) = Es|Va(9)]. . max J(O)

 Policy gradient ascent

° = -+ _ ' 7
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Policy Gradient

N ) U g )
.L (l,)Q(’)

= ()= g, )
=IEA[———Q (, )]

UTLEX



Policy Gradient

* Algorithm:
* Oberseve s;
- Random actiona, - (| ; )
* Computegqy,= Q ( , )
| :
+ Gay )= g— 2| .

1 t+ (at’ t)
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Reinforce

* Get S1,dq,l1, Sp,dp,l0;.... S, Al
 Monte Calro: u,=Q ( , )
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Actor-Critic T

>g—— ‘right”, 0.1

o]
X- “‘up”, 0.7

Conv Dense

A >
7 »

state s;
2 feature

*Vi(s)=  (])QC(, )
« Actor: (| ;0)approximate ( |)
e Critic: q(, ; )approximateQ (, )
V)= ([:8)al, ;)
« Update 0 to increase V(s, 0, )

J v
o ) )v | - N
LN A
i .
N i NS
Dense
state s feature

o > [ |
Update to make q more accurate r— I — LI
= > ~ concatenate (scalar function value)

feature
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Actor-Critic

* Algorithm:

* Oberseve s;

 Random actiona; - (| ; )

» from a;toobserve S, & 1; #4 a

* Update 6 by TD ‘ l l
» Update by Policy Gradient xR A

T T \

KA s
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Policy Gradient with Baseline

» 2= IE——Q ()]

IE, [ 1 1 (bisindependent of A)
T LS P

b* ()

_p * e 0
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Policy Gradient with Baseline

L) B [ ———(Q (. )-b)]

« During Monte Calro approximation, b can reduce variance and
speed up convergence

+Oftenb=00rV (s)  Vi(s) = Eavr|Qn(s.4)].
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 Algorithm:
Reinforce With Baseline : ...........................................................

Random action a, < 1 (- |s,; 8)
* Compute q; = Q, (s, a,)
oln(r(a,|s,; 0))

. G(a) = L ( ) Q( , )-V(s) * G(a04) = q 0 l6=6t
* 0w =0+ G (a,0y)

| :
=— 2( =V ()
» Use neural network v(s;w) to approximate V (s;)
| :
+ G(a) = — 2( —v(siw))

« 3 approximation><
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Policy and Value Network

“left”, 0.2 C D
Conv Dense , Softmax .f onv ense
> >N >l ‘right' 0.1 > > B
[ | [ |
\ "up", 0'7 v(s; w)
state s feature state s feature
N Softmax A
[ | > N
yl N
Densel
n(als; 0
Conv / (als; 0)
Dense2
state s feature \
[ |
v(s; w)




Updating

* Policy gradient: = + | { ; )( —V(S;W))
e Value network:

* Prediction error. = v(sS;w) —

e Gradient: 2 v(stw)

v(st;w)

 Gradient descent: w = w -
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Advantage Actor-Critic (A2C)

Softmax

: :
* Observe a transition(s;,s;,,S+1) - /D( . n(ai; 0)
« TD target: y,=rt + v(Si11;W)) ¥ I ~

 TD error: =v(syw) — state s feature Den< )

« Update the policy network A,

_ | ( )

« Update the value network
V(Sy;,W)

W=Ww -
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Continuous control

» Deterministic policy gradient(# & 55 & 45 &)

AR

—_— ..
, Kums e i
A (£%: 09) qs,a;w)
N & #4E
) a=pu(s:a)

* Transition(s;,S,r,St+1)

 Value network: g; = q(s;,a;w)
* Qi1 = QS @ s W), @1 = (415 )
« TD error:  =¢q- (rk+ Qisq)

Uﬁg;p ate:w =w - L)
12




Continuous control

* Policy network
» Goal: increase q(s,aw)&a= (s; )

+DPG:g=—t ) J)-_ (3 )

 Gradientascent: = + ¢
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Continuous control

' — U\ 8 .
 Policy function: =(a|s) = \/GTE:-J(S) -EJ{p(— [i_;;{;)] )

e action a is d-dim 2
_ 11d 1 (aj—u;)
n(als) = My 7+ exp (— 4242,

L

e use a neural network ( ; ) to approximate (s)
 use a neural network p( ; °) to approximate p=1In 2
/ B uG e

Densel
- /

Conv

Dense2

state s \ I p(s; 0P)

feature
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Continuous control

* Observe state s.

* Compute mean and log variance using the neural network:
H=p(s;0%) and p=p(s;6°).

* Compute 67 = exp(p;), foralli =1,--,d.

* Randomly sample action a by

a; ~ N(@;,6%), foralli=1,--,d.



Recurrent neural network(RNN)

(151) —— hl,

(z1, T2) = hy,

(€1, 22, 23) —  has,

(1,22, 23, , Tn—1) h;—1 b 44
(iﬂl.iﬂg,ﬂﬁg. R mn—lfmn} — h
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RNN

+ RNN as policy network v

e
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Behaviour cloning

» Goal: mimic human’s action to make a random policy
network ( | ; ) or a certain policy network (s; )

» Data set: % = {(s1.01). -+, (sm:0) }.
* s: state; s: action(human)
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Inverse reinforcement learning

IRL setting: interact with environment without knowing what the
reward is;unknown policy provided by human but can be used

Goal: to make a policy network ( | ; ) and mimic the unknown
policy
s Re K CLEOBLE] REGEm BT 2R
(2 4) " R(s,a; p) - m(als, 8)
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IRL

b
e Green: R+ @ -

 Red: R-
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IRL

« Use learned reward function to train a policy network ( | ; )
 Learned reward function: R(s, a; p)

* From the trajectory (s4,a4;S,,85;S3,a5.....)

* .= R(sy, a; p)

CCl;))

° = + - lut

_q (reinforce)
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Generative adversarial imitation learning

» Generative adversarial network (GAN)

I_,. i x

(A4 0)

hTTﬁ g

* Loss: E(s;0) =

AR

* Output p = D(x; )
 Update: = - ——=
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Attention

 Self-attention layer
« Solve two questions

* 1.m is uncertain and the parameter ¢’

« 2.Ciis related to all input x
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Attention

B 17.3: SJ5H ¢ f1 (kY- &™) HHENERR o' €eR™, Vi=1,--- ,m,

a' = softmax ( <qi, k1>, <qi, k2>, cee <qi, km> ),

=
HE
C3
‘ 35 o2 ' | 313 ‘ Ivm
x x2 x3 anle x™M

B 17.4: BJFA o Fl (v),- -, o™) HEH TR ¢ € R, Vi=1,--- ,m.




Attention

2LkAEBANE
(Multi-Head Seff-Attention Layer)
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