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Backpopagation learning inroduce

e Gradient descent

RIS A — T LAVEEDE » 2 H AT A AR S R LA A A e
Bk — g T
Otp1= 0 —a-VL(6,)
Ovx1) + ZERIEN [EHSE)
a : learning rate
L : Loss function

t: BAREL

SSEEE N=1> FEER Loss function(L) &R(EK —JT—RIFTFER 4L
— 2k BT DALA—{[l 4 K 2R [ 5 L2 gradient descent R4S 25 RE( %
cost {E 21 MR (Figure 1) ©
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e Efficient compute the gradient in neural network

FERRHEEAERE(NN) > NS BEERS > HeiE MR HesE 25
SRCERAIEF gradient descent HCERRAELAIHAY - NIELHLA T KR E#E
(backpropogation)iE E/E R

e Updating weight
(B o FH A 1A 4 R A AR A 258 2 B T B P

Figure2,NN structure

h(x) : activation function

W, :P-layer F1 J-layer ZfHHY weight
W, :Q-layer f1 P-layer [y weight
Oy :k-layer HY output

I, :k-layer HY input
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Update the W, :
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Update the W,; :
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Reinforcement learning introduce

e Structure

s L2 (reinforcement learing) 2 —f# A B U HYEEE 774 (Figure3) » TEEH
agent NZEH){EFE < (action) > environment FANTE SR F N HEEES1RE
BR[Ol (reward)45 agent o [EIHF 62 (8 HF ) RG22 21 (observation) [B{#45
agent - IHEANEVE — (B Achis i 5 (RERLESATRAE (tate) - state 625 T B (BT
HHERTEEA reward ~ action K7 observation > T DLELAY DL IR R

St = f(01, 11,84, .., A1, 0r)
Agent FERIZIE(ES, 5 E T action ZETEE - RL f4%HY H IS 2B G EIHY
reward g7 AKAE °

— agent —

action(a,)
reward(ry)

b . environment -
observation(o,) Figure3,RL structure

Goal : maximize the reward(r;)

e markov decision process(MDP)

S HTER— ARG AR S - AR S AR FEUNI N —{ action 772K MY reward
{EFEEIFHEIVHER - B EEA - FEA R HE SR - MDP FLdafaf
R state(Seyq) S EHERAE IS (I E]HY state(S)AGRE » RIEIR AT
Se = f(0q,14,a4, .-, Qr_1,0¢)
kAT DA B
P(S¢411Se) = P(Se41lS1.....S¢)

e Action-value function



Value function FRAYZE(E state FEARRAVEEEE » o] AFREE(E state
SRR AT reward AVHASE(H
v(s) = E[G¢|S; = S]
H G A E future reward » FRFERTEF3K reward HY4ER]
Gt =Tp41 + ¥YTeqp +
y= discounting factor
M value function 3 bellman function R > & EA L THER
V(s) = E[res1 + yv(Se41)|Se = S]

iB(FRE value function HYE F] LA T —{E{REEAY reward 7 value function g7k
K - Eig AR BRI ID—(E action 172 ([ state AR AL
reward 48F[1 » Bx{&FEE4 T action-value function

Q7"(s,a) = E[1p41 + VTr42 + V143 |5, a]
FE4%4E bellman function BB 1% » Bt & E4L T =

QT[(S: a) = Es’ [rt+1 + )/Qn(slr al)ls' a]

7 : policy FFHZE1E policy T LA ERE TN 2KHY action -

e Q-learning

WERFEQ™ (s, )i AL » RIMERZEALE RS TR ER action {HH{S-THEARY
reward Hz A1

Q*(s,a) =Eg[re +v max Q*(s',a") |s,a]
EEEE T » FPIaTLAE F value iteration (Y520 » i FEVEELFNY Q (8
Q*(s,a) = Q(s,a) + a[reyy +ymax Q*(s,a’) = Q(s, a)]

FEZAQ* (s, a) ;&1 function » FHACFEE T 0] DIt —{E K AgRE AT
Q(s,a,w) = Q*(s,a)

rt+1+ym2}XQ(5’;a’;W) = T‘t+1+)/ma,le*(s’,a’)
a a

MM HAREZEQ (s,a) # reyq +y max Q" (s a') BRI o B AR A
TEZ Loss function » fi{si ] stochastic gradient descent 15ZI&z/NAIY{E

L(w) = E[(ri4s + ¥ max Q(s', @', w) — Q(s,8,w))?]

e Temporal difference



1Eff Q-learning FYBHEERTE FHAYE(LEEDAE temporal difference » NFIEE
1E{5 Q-learning HY pseudo code
Input: the policy 7 to be evaluated
Initialize V'(s) arbitrarily (e.g., V(s) =0,Vs € 8)
Repeat (for each episode):
Initialize S
Repeat (for each step of episode):
A + action given by 7 for §
Take action A, observe R, S’
V(S) « V(S) + a[R + 4V (S') — V(S)]
S+ 5

until S is terminal
HHV(S) «V(S) + a[R +yV(S") — V(S| 2 E L temporal difference » #HE
R +yV(S")EL V(SIELL i 2 TR 2 18 BES M — 20 WIERHE V(S)BA Q(s,a) LK
AEFE G
Q**'(s,a) = Q*(s,a) + afr. + ¥ Q(s",a’) — Q¥ (s, a)]

Compare

Fo T TELLES > FREFS Bl +v Q(s',a’) — Q¥(s,a) 1551
Qk+1 — Qk+ ad
FEu] DB reinforcement learning B backpropagation learning fi{ LA T ELER:

Learning algorithm Temporal difference Gradient descent
Update function Q= Q¥ + s Wk = Ww* + ado
Reference:
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