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FOUNDATION OF EMBODIED AI COURSE NOTES

1. Hr{HPA%S Bellman 753
WRENL, AP M Bellman 5K, &id TD, #i& Q-learning. Fitted Q-Iteration. DQN 5% &5l 1E
Actor—Critic, BZ&ERMBREIN SAC, TLME “EHNHAIZMERI”; BEHESTEES, HEIEAHT5
—TRABSR, 58 7 EEEENMLERA RL #1 VLA/WAM JEIIZR, TERPESIRET,
FABHIR, SRR, MR, BRI NRE. MM I, BRI PPO/Actor—Critic P 1%
T Policy Gradient 55 Advantage fJ&B%7,
SHEOH, AP SO S R AN BUERIR, TR Berkeley CS185/285 BIHMEY: S 75705 Stanford CS224R
AINLES AR AL AR TR EOR DU, ST IR S SRS,

RS s € 8. difEa € A iy, IREHERE P(s" | 5,a). R w(a|s). Ty €[0,1), d, = 1 RFRHEI MDP #1k;
I TRV EAC ], D FoRAZHEURE/ &8, 2800 BT Actor, ¢ T Critic, WSS EFIRERMLS, FREIE
AN, AFCRAATHITCIRIN X MDP FIE E SRS AL AR,

Bellman A72

(TD /Q—learning)
(Fitted Q—'Iteration )

(DQN/DJmmDQN)
(i%éa’éﬁbf’ﬁ Avctor—Critic)

(Em RL / %Eﬂ%ﬁﬁlﬁﬁlléf*ﬁ)

B 1 BENRRTEL, F-PERN 7R RRRIRS; XN P EIRE I 2R Ui,

1.1 HHATE Q(s,a)?
B2 ST EL BRI 1 S BR8N A A KSR

Gt = Z’ykrtJrk? J(ﬂ-) = [ESONpO,TNTF [GO]
k=0

R R TC Tk SR S AT BN E . BIanHLes BT L SR — P AT RE IR A K, A6E T &2 =5 SLhesc IR 22 T i) AR i
R, HTE XA RN m RIS HME S SEE:

(V™(s) =[G, |5, =5,  Q(s,0) =[G, | s, = 5,0, = al.|

PBERIDRE: V7 (s) FARRERISIEREIE, Q7 (s, a) EEFE—HIINE o, WEA LR, T2
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FOUNDATION OF EMBODIED AI COURSE NOTES

Vﬂ(s) = [Ea~7r(»\s) [Qﬂ(sa a)]7 Aﬂ<87 a) = Qﬂ<87 a) — Vﬂ(s)'
AT B Y RISIERAN T RIS I RN BOA IR, ERAEARIREE PPO P X RIERZOER, A SCEE Q %>,

1.2 Bellman Expectation: K& N —5
M G, =r, +~G,,,, NEZEEEE

Qﬂ(’sﬂ a) - T(Sﬂ a) + [Es’~P(<|s,a),a/~7r(~\s/)Q7r<5/ﬂ a/>'

X (s, a) = E[r, | s,a], F—BIfEu{E&EM . X0 Policy Evaluation: A MAIRIGEZ4F, iR HERRE
s,

1.3 Bellman Optimality: MIFAHZESMGE
EEREERR R AN ENENE, W V*(s) = max, Q*(s,a) GHERMEESRBEAMEFEIIEE), {CAG

Q*(s,a) =7r(s,a) +vE, | max Q*(s’,a’)|.
a/

HAEZEMXR: Expectation Equation fEARKA1E_LEE /., Optimality Equation JEX max /. J5#&%#% T Policy Evaluation
5 Greedy Policy Improvement,

 CHEFENE Q™, IS ., (s) € argmax, Q7 (s, a). TEFEMH. E4UKMAT, HERIE RS LIEERIEZE, X2 Policy Iteration
FIHEAEA, MM SAC“Critic FEAT. Actor BOHE” £5FHIRIE,

1.4 —AWEERIF
B HPRSEEAPAITEOT R, WELHIREZEE, T —IRSHRIMMES 109 8. 10, By =0.9:
Q*(s,a;,) =09 x8="7.2, Q*(s,ap) =0.9x10=9.

RIGES AR, SO ERIRIINET AR, Ei¥> Critic ARG —2 R0, M2 &R RIER,

2. TD Learning 5 Q-learning

2.1 Monte Carlo 5 Temporal-Difference
Monte Carlo (MC) PASEESSIBRIENR G, %S HAR; TD AiEFH AN EMGITHRREE iR, XV —% TD(0):
8 =71+ (1= d)V(spq) = V(sy), Vi(sy) « V(sy) +n,8y .

TD MR rUREFTRFERPUBLA; RHZ BT = A0{d1T, R Bootstrapping. IUILIIZRIRZERARIEIRE, HrlRERE
HEMTHRZRIE 1,

2.2 SARSA 5 Q-learning: F—aIER HIFH?
SARSA HRHEY AT AT RMESERRRAEHT N — BN EREATIEAH -

YA =, (1= d)Q(Spp1, appn)-

2241 Q-learning M A AL EE
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th =7, +v(1—d,) n}f}x Qi(8441.a"),

Qri1(8,a;) = Qusp,a,) + 1y [th — Qy(s4,a4)]-

FTREENE B A]DUZ e-greedy, H5 5 HIRZULEKIE AR ; Target BCARINENRA Qo IXF NN 5% ST HbRD B, fi
Q-learning iy Off-Policy 75i%. ‘EAMEKHUE {51 H Replay Buffer,

Titk R—Zh1FH) Target B [E23:b] ]

SARSA Q(s',a'),a ~m On-Policy PATHRRIGEZ D?
Expected SARSA E,..Q(s",a") On-Policy 8 Off-Policy e RIS R B
Q-learning max,, Q(s’,a’) Off-Policy BIEEEEHEZ D?

WU, 1% Q,(s,a) = 4. 7= 1. max, Q(s',a’) = 6. v = 0.9, 7= 0.2, My = 6.4, HHEN 4+ 0.2(6.4 — 4) = 4.48,
IXIESE “UF TD Error % Q” & Yo

2.3 N-step Returns: e rHL IR ah1E?
XA BRI REE, —2F Target A4y

n—1
yin) = Z Yorp g +" max Q$(5t+m a).
k=0

n = 1A% Q-learning; BIRH n i E 2 HICRERKN, /DXL Bootstrap HMEHS, (HEIHR 5 2RI RER AN, X T4
BARINAI, N-step GBI TR S B IAERBEI AT RE M S5 TGN 1,

DX S PR E bR, #HELL n 23R H Off-Policy 174K, REAKIENZ W Target SH TR = £ HE2LE), HE—
REAET /1200 BARKISH n 2 Bellman Backup, SEFRHIEAIREM A Importance Sampling, Retrace. Tree Backup S{&
IE, SEERIRMEZXMIRE, FRERUERETBHUEMN N-step IR PR TClmm RS 7

BB B R L WA 1L R T MR Z /51 Bootstrap; 4 & Time-Limit Truncation, S ARYE T 55 I [ #6058 J2 75 4k 52
Bootstrap, Xt ANEEN KA RNEES, ER T REBRARN RIE S,
2.4 Q-learning MY 5 BRI

TEAFRARZS/NE, [E7E MDP, A5 30, 780 V7 MRS, DURIE 28R S R EL MBI T, F48 Q-learning AJ LA
WS El Q* o IX—EEIEAREEHAE BIE A ELMEM 481 DON 88 SAC, J5 & FINAETE Off-Policy. ER#UEILH Bootstrapping
i, FIREHIRNANTE Deadly Triad.

3. M Fitted Q-Iteration %] DQN

3.1 BRI Fitted Q-Iteration

TSRS N, ToIAAF (BB R 2R Q &Re TRAMYS Qy(s,a) LI Q; EIE—H HIRML Q4, MHEA
D = {(s;,a;,7;, 50, d;) YV, A

i Wis Pgy 2 Yg

y; =1 + (1 —d;) max Qg (s}, a’),

FEHEAT & [
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1 N 2
¢l € arg mdin i Z (ng(sm a;) — stopgrad(y;))".

i=1

XY Fitted Q-Iteration (FQI): DA Bellman Backup AEibnaE, HMREASIEGNERL, REHHMSSEIERRE, ©
R TIRE Q-learning MJ—/MZLF S Critic FNZEMWER L2RIH, HREAREEEE, WM S Bootstrap
it

ks, FQLIEH HE AEE HdR s, HOE B AR LA FIHE 7, DON N2 7ELU &SR, M Replay Buffer
RAE, FRSLHTRENIESE TD BERTHYIRE RL Hi%, W& Fitted Bellman [BIJHEUAE, (EARFE—DMIIZRIE R,

3.2 DQN: RS Hbnpgs

DOQN HJ°F75 TD Loss 3

Tod) = 3Ep [(Quls,0) = )], y=r+9(1— d)maxQy(s', )

Hrp y £ Critic EHINMIER & (Semi-Gradient), 225 [EIRZMAHBEAR I RIASCHE, FEIHEIRERIZRES]; BRM
28 f# TD Target FRE4TT ¢ F—PRIZVEMN, WEMETREUIZ, EARERIENERD M IFHEEREEUEITIRE,

BRI EEAT EHIE S ¢ < ¢, ] R
b (1—-T)dp+76, O0<71<Il.

3.3 W{tAZ5il? Double DQN 5 SAC I Q il AJH]?
#Q,=Q, +e, BMEREDoHH ] =0, BHtbH

E| max Q\a] > max E[Q,] = max Q,.

JREZR “SelRARE” B PEHIEMEF (W2, Double DON HaIEk S -T2 T

a* = argn;gx@dsﬂa’), Yppon =7 +Y(1 = d)Q4(s",a”).

SAC H1ff Clipped Double-Q NIfEH min(Q 5 , @y, ) PHMEENIESENE, &5 Double DON A FIRIHIIL SR T IHL,
EAZFINLHIARE ;B NE AT REH RAK A,

3.4 Update-to-Data Ratio: FHEZCEAFTZRE)E
TENX

o6 R B T IR
B Transition &

UTD =

flang U 100 /Nt Transition, AT 400 IRMZEEHT, UTD 4 4, Off-Policy 771578 UTD KF 1, [K4 Replay Buffer
R IHEEE T EE R, B UTD RAETERBRUE: BEESIIZ, Critic ATRE A EIEE SR D HIIRSEIEX L,
Bootstrap IRZE R, Actor X SFIHIRIIE Q {H,

PHEYIZRACR D X5 INEREAREL, B R IZRES PN A B SEALE AN H, N TIFTE, PPO AlRERA
e, N TMERENIAE, SAC WEHEE LB EERE Y, HFEIRERIEMNMES: S FE RS,

Teaching notes - CC BY 4.0 5



FOUNDATION OF EMBODIED AI COURSE NOTES

3.5 #ifif Deadly Triad

Off-Policy $t#% + Bootstrapping + FEUEIE FINAZIEN, IZRFAEAFEEE B LRIXE, Replay 1 EFRIIZS 73 AI7EH T
FAEMHKNES BRI, Double Q WIEH T mfli; EAMGRRIZARF T, e,

Replay Buffer
(Fiﬁ?l‘ﬂ, Mini-batch)

Bellman Target

LY EIVEEAES

1E4% Q M4
, ‘i@ E %1 / Polyak

Target Q M8

& 2: DON/FQI WM A R A, Target 42 k5 24 i 25 [ B T 1 1 X 3

4. B Q-learning Fi%&8h{E Actor—Critic

4.1 ESFEHTA EHEAEH max, Q(s, a)?

XEHEE, 2% max, Q(s,a) FITT; X d AEHUWE T, RIRAIEN REUIESNE, o € RY, BRI TD Target #KfE
AR EER IS F. S EH AR EEORBHAE Actor, EEARISMZEIRME T HE_ ESUHANEEL: KFHEsH
ST “PERS” N — kAT R,

SINFENE Actor a = pug(s) 5 Critic Q (s, a). #i Critic AIX#IERS, AIBMRAI Q4(s, pp(s)), BIEIML

Jp,(e) = _[ESNDQ¢(S7 M@(s))7
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VQJM = _lEs |:VaQ¢><S7 a)|a:u9(s) VGIU’O(S> :

Xf#ERE T DDPG —3% Off-Policy L= HI 77 IR EEAEI: Critic TSR BIEYS), Actor #:%Z Critic £ B ESE 717,

4.2 DDPG, TD3 3| SAC ji%ilahil

e Actor MIIRZRIEH TR B AN NBHIEMEF ; £ Critic TERLEANMEXIE i, Actor FIRERFSIEAIXLEFMAIflifb, TD3 @it
Clipped Double-Q. #ER Actor H#i, Target Policy Smoothing ZEf#REUEITIRZE, SAC MiH—2 5| NFEHL Actor 5K
RIEFR, SRRV B —E 7, AR e LA E IS,

ik Actor Critic Target 1%} 848 RETTR
DDPG HENE 1y (s) —E Q + HirM%S SMINB e
TD3 HHEME g (s) W QBEUME, FRBERSIE  AMNSEgS
SAC BEHL 74 (a | s) Soft Bellman + X Q AR LI

X =R AN WK, TR BTN RR, Q RESIMEIIMLAT AR,

5. Soft Actor-Critic: AR, —Rfidk5BILAE

5.1 WA= R R)ih?
B RL FEEHRAFAIASRESR . RATIA SAC BYH WAE :

JME *[E7'~7r Z’y 7Oélog7r ay |St)> ) a>0.

FH(n(-|s)) = E[~logm(a|s)], WE o ESMENETEEMZFIETE, o — 0 ZRFEEE @R HR, Xt T L)
e, BB, Erbovt, BZEh ERFRAEREEm, IR B AR EIE S (S AT R A AL

5.2 Soft Bellman: HH{EH 5 TE Mk — 2 %52

N TEERKTESL, E X Soft VT LRI LIS S FrA M Soft QT [E7E YAz, AHZLHAIENIEN —alogn(a | s),
AN — B2 T A -

Venr(s) = Ex [th ¢ —alogm(ay [ ) [ 89 = S] ,

t=0

Qz;ft(‘S? a) = IETF

Fo+ S 2y — alogn(ay | 5,) | 5 = 5,0 = ] .
t=1
(At

Van(s) = Boor [Qp(s,0) — alogm(a | s)],

Qion(s,a) = 1(s,0) + Yy o op - [Qn(s",a") — alogm(a’ | 57)].

X2 Soft Policy Evaluation: Critic %% >J//2 4 #ikffl Actor 1 Soft Q. T 5% Q-learning i max,, Q(s’,a’) FifHRMN
RIS A E,
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5.3 MR Soft Policy | Actor Loss
BEEIRE s M—diRiE Q, HEAMRI p(a) AL

E.pQ(s;a) + aF(p).
AR EENE, HAgEH T IRL R ERG

exp(Q(s, a)/a)
22, exp(Q(s,b) /@)

KHAREIGE] Vi (s) = alog Y] exp(Qiq(s,a)/a); 2 a — 0K, E#A max, Q(s,a). ELNEAFERIGE AR, H

S

IRESRARIA LR BOA IR,  HEAREaERIEMENIRE

RYEESSNEH ERE T Boltzmann A E— L EECRAITT, FEMHASEUL Actor 7y, H/IMEEF] Boltzmann 4377 [
Reverse KL:

plals) =

L(Z a)] + log Z(s).

Dy (m(- [ 5) 1 9*(- | 8)) = Eyor, [logw ) —

HTF log Z(s) 5 0 Jc3k, 158 THUR SAC 1Y Actor HiR:

Jﬂ'(e) = IESND,D,N‘ITQ("S) |:a lOg 71—19(& | S) - E{g Qqﬁi (Sva>:| :

EER: min, Q, EEPRFIEF IR IHER, AREAR Boltzmann S A B HLZ . % Actor Loss P IS
&R R =S MERNE,
5.4 Critic: JHPIREHEI Soft TD Regression

BUELEENE SAC JEH FEAFIA Critic Q, , Qp, K& HR Target Critic Q. ,Qg,. X D HHI (s,a,r,s",d), EF—RE
H24 i Actor SRFE o ~ my(- | s"), X

y=r+v1—d) [min Qg (s',a") —alogmy(a’ | s’)} .
Jj=1,2 J

RIE AR IME

Jo, (¢;) = %[Ep {(Q@_ (s,a) — stopgrad(y))z} , i=1,2.

XEAWNE: $—, Buffer 124 (s,a,7,s",d), M F—3E o’ EH20HET Actor HPERR; 5=, & TD Target {21k
BRI, RERINLEXAET Critic @Y Target 73S H IR,

BEIEIE T, FRIRIEAERNF— (s, a) BEFEEB AR, X5 Off-Policy Bellman [EJTRYEEAMLH, (H405 7 5 HidE
WA TR SR R BN, Critic YR RETEIXLEXIRIMEFSR; Off-Policy HRRERITLE Replay #FAI 5,

5.5 Actor: HZ%{t5 Tanh Gaussian

SAC JEH MBI HIINE 1y (s) FREE oy(s), FEHMNZIES & RENE:

lewN(O,I), u = p(s) + oy(s) O, a = tanhwv.

JXNY Reparameterization Trick: FEHLIEEEHTES 0 TEXAT € 1, KT Q 4 (s, a) B EITEREX Actor ZEUR L%, Actor
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BB E —V,Q(s,a) 0a/00, EHEMI alogmy(a | s) KESE JIZR Actor IN—f&#R4 Critic 28, HAREVIN Q
X ERIREE

Tanh ZHIREMREE, LH4U#H Jacobian Z1E:

d
logmy(a | s) =log N (v; py(s), diag o3(s)) — Z log(1 — tanh® v;).

J=1

BB RARENSEMRIE, MRl +1 NEEHHE log(0), #HIT— LalfELnI (5 5 2t 2L FReHT, K
e A, EER IR YRR E ) H L Jacobian Tk, &SLIRBUTEEMEMNT. RIEsZeidiE, HITEE
DA E A HE T MZH Tanh Gaussian 737,

5.6 Temperature: H VT MIFER?
XETE o, IR E SN E4EBCR R S BERIR R, H T AR Y B R R

max J (), st. E[-logm(a]s)]>H

= target*

A o > 0 #93& Lagrangian J&, fEEE Actor Faiz/ME

Ja(a) = [ES~D,a~7r9 [a(_ log 7'('9(& | S) - }[target)] :

AYATHICT BAR, &AM o BT SRS T AR, W o TR, 2 n=loga RIE a = " > 0; SKIMPHEHERH
feBUE AR, WA » TLME (BRI IRZE(E N Surrogate, —F Xt n RIBREREARE, FARERIEE2MHRINESEH
pr (LB Ao
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5.7 —IX SAC S5 iefs it

Replay Buffer

Y

Mini-batch:
s,a,r,s'd
TD Targety

@Iléff\%ﬁﬁ Twin Critics}

/ P;lyak E’)ZE%FJ?\

’/

E’arget Twin Critics} EN{TEM’EE’\J*%FE"]

L aE1FEH Actor

)

[& s'RiEa'; it lo 75 s REEIREHIE

o]]

Y

BREIET alpha

B 3: SACHI=4F812: Critic W TD [V, Actor ] Soft Policy Improvement, Temperature HIHZI S,

iy B E5AE AAITE SR T i
1 HRIRMESIERZE, FA D RSN RN JTHG R2 W B 2 2R
2 M DI, 1E s RFEEFBNENE v |H Buffer i N —aI/ERRETCAA A 1E 21 Hi SR
W& a1
B/IMEFA Critic 9 TD Loss Target £ Stop-Gradient
4 1E s REEYHT Actor Z11E, LA Q SITEHST & Q ZECRET UM SRR
Actor
5 HRHE H AR T o TR AR BRI IR 22 )
6 YK EEHT Target Critics, FEE UTD #1 Actor/Critic BEHTHZ A] R
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BAH W SAC A Actor, P47 Critic, P> Target Critic MHRESEL; M SAC v1 EYIZRER V,,(s) WL, B
L Soft V AT, MR R Rt s kit

5.8 AR HHEE I 42

Critic: 222 TINPITHENE G Soft Return; HINEE SR BEALE). HFR Critic M4 #/7 Actor, Actor: TEfRBIEERE
IR EINGA Critic PR S RISIER SN ; HISAZRIMERR A, Temperature: A TRLG ‘& Q” IEE “Hf” BHH
FEREE, (IR B AR,

ZHEZ AR RBAEE AR Critic 7] fEH T8 25 A £ 8% Bootstrap 512 Flti; Actor AJREFRI S IRMIREXER; EARM o 7]
RERTEAT S5 IR, /B o FTREHISHRR, [RILAIWTIIZRE &R EE R WI%E Critic Loss FFKEL Q BB L, MM EIFMTSS
FRINER, AIHGEMAIN ERE,

6. PPO. DON 5 SAC: i EffikEE
6.1 BRI “H I Actor” HHEE

E13]3 DON / Double DQN PPO (FrifEIZER) SAC (BMESEHIE)
TR BRI SEULBEN LRI SEULBEN LR
MBS A TD Backup HEAV LA EHR/GAE 2 Hi 3% Soft TD Backup
HdEiak Off-Policy F % On-Policy Off-Policy
[H ¥R =S R A JEHE R E JEHENE I Rollout #+ Replay Buffer £Hi5 H
Epoch
NEE A AR B EY RS, AL
ZDRIBR ESHNE max G15% FEATR R AT HER = Critic /M5 Actor JBIZ Q 2%

Online/Offline 51251 R B B REIF L EAE; On-Policy/Off-Policy 152 > H A2 7 REF| F HAMAT 9 S B 845
Online SAC BFFEEREHIE, HIZ Off-Policy; [EEHREWE LlZRH A B ATFE[T Offline SAC,

6.2 I{t2 SAC nIRELL PPO HEFEA, HIA—wwh?

PPO j@ & Hi ] Rollout 1 Advantage #ATIRIgILM, ZTHEREFFITHEHHER; SAC X Replay Buffer FHHIFI SHE#5 %
HHUT Critic [H)AF Actor BH#T, FIRERVORIFRIAEAEA, EEMEMEANIHERMATREE &, ZENREIAEDBREL K
E, BRI, GPU BA, FRBIMRM L AR, T “Off-Policy” HEWT IR 2H S I,

PPO % L5 W B EE X 1 Wy log mp(a | ) A(s, a)  FIBE= L Clipping 2 B #7; SAC MIAR &L 80 1F Actor J& XS
Reparameterization ffif V,Q 0a/00, —FHH#W LLRHREHLRIG, HOCRXHIAR “BepLSmett”, i s, B
HHRIEERE S DL,

6.3 —IRIEREHHE
R B BENESEAME2ESIN, DON BRIFINBEAR S, K EIERIF T BRI I2ahsh % 6 H PPO; ELE, Bl

Hdle o 5t AR5 WL AR RRUE R, SAC {HIHLIEPPG, HESSHIBIIER H 224K Flow/Diffusion Eflids, BIZk A5
VPR EE AR, N EMRERE, BRSAFRMRIR Uz D, mA R BRI bR SAC,

7. HLE AN : R fELFSTH VLA/WAM J5illgR

7.1 Jift 2 SAC FEEWIFRHEHL A NBAaAII?

HIHLES NS H AT T RETHAEIN (R), PERAELE, FFARIERE AR XS, & OO CREBEPUBEH —IK, AR, SAC [
Replay Buffer + Off-Policy Critic N2 RXREMAREIRRM T HEERZ D, HEHFEIRRER L2, EFREGER, K&
RESENELIR,

— N AR VR 55 AT 6 A Ske/ AR URN S TR PRES (R, - DAAS N 28 Bl ST HARTE MBI, RIBMNIMAIE St e, foE
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MBS 22 2208, VIR ARESHENPIE X, PUTRH, REZHISSRIED R Mgt [—1,1)¢ ReR2
NI EEIRKEALER A SI5E,
7.2 HIL-SERL: MAZGRBEFNFELL RL

HIL-SERL ¥ A2 5, REHATEL RL S5 S BI ALY N ERE, XEAEHIEXRAAT, mEews— P EEREE
HIVNZRIZHR :

T NEF

\
Replay Buffer '
Off-Policy Critic

Actor {1k

MBAELRIT

/
5 | R

K 4 BESMERIENEIEAIN, REL TR E ER ORI SOV EEERIR, (BEREIRIRAE S 228 AR,

Jift 24 BC IR RL? BC 3] IRBBEELIREM T2 RL R E S RSO RN [IR, Al REFE R i 2 Sh:
FWRE N A AETENRIN? AT E N, M IRIERR, THA DL et S A RgdR®E, Mt
LAARERIEBIEHEYE Replay? Critic MAEASSIRSENE LA RBHEE, RiPSE IO —8, RS ELEE LIt
RN ZFo

A[HE—2 FiE RLPD A “B BB S ELR IS (B, XHE AR HIL-SERL, RLPD 5544 SAC #NE—NEZ,
WA SR E BRI R e 3t A ALas AT S5 1 E AR

|
|
|
|
|
|
|
|
FEITA

|
|
|
|
|
|
|
J
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7.3 DI ATELR RL 3 5 IR A2 11

1 BB o, BRWALE, HE, 15, BERWER? REKERHENERCR RN,
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