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FOUNDATION OF EMBODIED AI COURSE NOTES

iRy MNP el SRS B
BAEERR : B EUR PPO WH 20XFERI, MAUURICEIIRARE,. A SIS, SRt
AL, BARBL, SKIUELS, DARAENLER N MBS 7R SRl o ST R FH

BODBA: SRS AIERIMER, ROREhERIRER, [FIR#E R — RIS BRI R, AR H SRS A e 3 ) JR) R P RS AT
SRR,

PIisER: [mIR AL — Policy Gradient — Baseline / Advantage — MREZ 25 EE 4 %4FE — TRPO — PPO-Clip — GAE
— Actor—Critic SERE#K — B8 AR5 EH,

WSEE: ERHESHILRNEMDP, v € [0,1); J(0) Fom ANIEREI M HR TR, 2 &35 PPO
(IR TR P50, BRSSP AR 40 & A A 2 A KRN, A, 2RI IHERE Rollout HEL, TEAKE SRS BT
HEER Advantage {&it,

3 ¥k Critic RYBEE [ Bootstrap/GAE Target “Ffli it KHAEIHR — i TD Error / GAE NIHENETFEAMAHEN LS —
Actor HUREILHBARE a3 7310 — PPO-Clip #Milid B2 SRIE M. — FriRIR EHTRAE, Critic #IH, Actor #@h{E5r
AT EETRIG I, — B @I EER Advantage {5 5B,

1. 58 e SIRAL )8
FIES/RARIRFIERE (MDP):
M = (57 ‘/l? P7 T7’77 p())

Hrh s, € SIRE, a, € ANIME, P(syq | 8¢, a,) MRS, v, I, po BAVEIRESIMG, my(a | s) BN 0
HIRERLERNS . %> Hbnz2

0% = arg max J(0) ], J(0) =E,.,, li ’ytrt] . (1)
=0

i—FhﬁﬁE?ﬂ T = (307a07 51,09, )7 E?ﬁ‘ﬂ]@ﬂijﬂ R<T> = Z:t ’YtTto :‘FZEIE

J(0) = /pg(T)R(T> dr.
VS R 0 eSS E R, FREI IR L) 2R A SR -

MNTREAE, R, RAYHRAIRAIEN %, R(r) —RARER SMbIEI IREEXT 0 RIafEk, R — MR ]
TRAIRBE A5 1177 1%,

2. FIH Log-Derivative Trick 5 Policy Gradient
R EE SRR :

Vo J(0) = /Vgpg(T)R(T) dr.

EHESEK

| V() = po() Vg log py(7)

: ()
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FOUNDATION OF EMBODIED AI COURSE NOTES

=3

Vo (0) = B, [R(T)Vglogpy(7)] | (3)

JX#7A Likelihood-Ratio / Score-Function Trick, ‘XTS5 FEMIRE I i A XM BOERIMBREE, T — D RBESUE: MDP Huliff
RAIGUFA] DL iR

Po(T) = po(So) Hﬂa(at | 5)P(Sy41 | 8¢5 a4).
=0

BOSEOFR T, WIRGIA DA, FFEAEALARI 0, T

log py(7) = log py(s) + Zlogﬂg(at | 5¢) + Zlog P(sgiq | 845 a4),
7 7

4)
Vg logpy(7) | = Zve logmy(ay | s;) |
t

A A

Vo J(0) =E | R(T) Zvo logmg(ay [ s) | | (5)

X E AR AR T 55 IS F B IE Y T R SRR RS e g fF ;T DLSEAE A BRI S5 BUR IR .
X—ERI T E2? BATAFREXS RIE ML log my(a, | s, ) KB, MBS 2RISR R FRIAEREE, RRATH,
3. RIS Reward-to-Go

K (5) MBS I SRR EIR. 1B o, FREFEILAETE t LARTRI%IE. A score function RIFIJEMR, TERK
TS RS2 OTHHEE N, T2 Al S Bk

G, =) Ay, Vo (0) =E | > 4'Vylogmy(a, | )G, | | (6)
k=t t=0

Zhl: Xt a, BISEHTN B EREGSREIMAANR G RRE, KRS ZII0EE 7] DA77 22, MR, Kb ~' 5
JEAEAT 0 B AR A% — 2 SEPR PPO RS H ELEOMN RALI R F-15, J& THHRCRAE M RRIILLLE, ARIRA 52 AR
TEF IR,

% ¥k Baseline, Value 5 Advantage

4. It 2l B2 Baseline?
B Reward-to-Go HWEESLHUIBEIIR E A, H G, TS RARBEN LM B2, B E5 | NI Baseline b(s,):

gy = Vylogmy(a, | s,) [Gy — b(s,)].

TIERHE AN A SR AGH FEE P FT 2 -
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FOUNDATION OF EMBODIED AI COURSE NOTES

IEa~7r9(»|s) [ve log 7T0((l | S)b(s)]

= (5)/71'9((1 | s)Vylogmy(a | s)da

—b(s) [ Vamyla | ) da ”)
= b(s)VG/ﬂg(a | s)da
=b(5)V,l =0
[l
|E[Vlogmy G,] = E[Vlogm, (G, — b(s,))] | (8)

AWl ERRE YESIERN R TCREREHRKSE, MBCNBENLE S, BER: 2T Baseline #RERIERVINT 2,
FAS R A 75 22 Baseline JlH X 5 score gradient FSEATEEUE R, V™ (s) B HRIIERE,

5. {4441 Value Function £} Baseline?

TESCIRSE. SHENERMM L

V7T(s) = EL[G, | 5, = 3],
Q™ (s,a) = E.[G, | 8, = s,a, = al, (9)
A7 (s,a) |=|Q(s,0) = V™(s) ]

V7™ (s) g “MIZIRSIHINE KIS RLLPUTIEIEIR; Q7 (s, a) iR “SeHUTHEE S EEHER ISR ST R AR,
It

o A™(s,a) > 00 EXDNELCYRIRISHEIEhER L, RS TH8 & = A2

o A™(s,a) < 01 EDIMELCTIEREZE, R FRRREMTER;

o A™(s,a) = 0: EZMEH FEEHNESES.
EMHERR Q™, V™ ', 15%| Advantage Policy Gradient:

Ve J(0) =E Z’the logmg(ay | s,)A™ (s4,a,) | | (10)
[

M5t Actor—Critic: Actor m, 537 Eah{E; Critic V,, ITEURZSNE; Advantage & & (AR HERIAYT Value Baseline
AR HREUAEIE score-function ATAIHAE, (EHFH H2M)E Advantage N5 | ABIMb R 2,

WEERSr  PEREZESr. Surrogate Objective 5 H B RAE

6. B T 2 A RETEFR B A2

Policy Gradient RIERAEEIE 5 4 AT RMG— B A mg REESHEHE 79 . 7o, [H Rollout RIAM 7q , FAARMBTHR
o BRRBRRE D HR BT RAE SRR 5 B2,

PPO HIEFRZ —J2: TE—HtHIARMRERBIE E, T2 RN L2 B, ZMENX—R, SAX MRS RIEL
ML ERE N ER I,
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FOUNDATION OF EMBODIED AI COURSE NOTES

7. Performance Difference Lemma %5 lHH
TE S H— IR i Rl 53 A6

di(s) = (1= A Pr(s, = s | )| (1)
t=0

XEGRIRA AR, EICN PR RAR I /B E X TERGT NSRS, PEREZE 75| B4 HikswniEEt:

1
i[Eswdﬂe [A™o (s, a)] | (12)

J(mg) — J(moa) = 1—

a~Ty

UERH: B IHSRISEY Bellman 7772,

AT (sy,a,) = Elry + V™o (s,, 1) — VTii(s,) | 84, a].

THHT SR X LI SRAFT 4TI -

E, [Z yE AT (s, at)‘|
T
=L, [Z Yo+ Y ATV (s, ) = D AV (s,) |
t t t
JER N RECEITRAARTE, RFE —V™u(s,) (BIERWITELR), Hit
Er, lz ’YtA%‘d(Staat)] = J(mg) — J(To1a)-
7

B d,, & CESHR SRR, AR (12).
BN FRBHERIET, FTEEE SRS, $fUTHENE L, BUSH “MX TR £ Advantage SA,

8. R ELIMEREEIR LN Surrogate Objective
1 (12) FERMETE T, B ARk B HT R

REBSEEE1/(1—v) 5, EX

Lpe(8) = Eva,_[A™(5,0)]| (13)
THEZRAFRIENRBREINEIN AR EL . IREDHEE, REENRGERS FEEMRr2 i, EHSENE, i

Advantage Xf ] Surrogate 5 H5Z HbRBA MR~ mETTH (Z—MEFED,
Bobiiifd: RN 1y TIZE 7w,y N, ZRRES S HEGE, X V/GTHEE) Trust Region 1 Clipping 2t 7 3h#l.

Teaching notes - CC BY 4.0 5



FOUNDATION OF EMBODIED AI COURSE NOTES

9. Importance Sampling 5 Probability Ratio
K (13) RS a ~ mp, THEAEFHISIERE HRE, AR s, HMHEZMRAE:

Eqor, [AT(s,a)] /7r9 s)A™u (s, a) da
[ 5)
——————=A"(s,a) da.
/ old old |S) ( )
SR L
mg(a | 5)
s,a) = i 14
) = @l o
TF/218%I CPI (Conservative Policy Iteration) AR HAR:
LO(0) = Eoa,_[rpls,0) A7 (s, )] | (15)

SRS E, [, (0)A,]s

MR LR ARRE 5 IHaWPERESE N 0.2, BTN 0.3, W r = 1.5; #HiERZEN 0.1, W r = 0.5, IE Advantage 54 r EFF,
i Advantage 840l r FF#,

ISR R SEESRAE SR R R SRS R N Z A3 ENRIERER (FaxtiEsett) ; WM& Gaussian 7047, J@H
TR PR SRR AR, EBEPERMECURIIEIE T4 IRE T INaEMi, FFRBIE d, 5 d, WMES. Wik, CRATHR
3 (13) BPRES D EIE IR,

HPUERsr  TRPO: H Trust Region 245 %

10. EiERAL CPI M AfER?

#FIE Advantage FEA, r, A, Bfir, 4 # A =5, r=1.2,2,10 ®5 6,10,50, 170 EFRLUT-ERITCRBOCLT SN R
%, [HiX% Advantage EHUEIAFISIIER; QUEEFERSERA, [HEHR—ZHAE,

TEHAENLER AIRAE, SIS B — IR ERSCR AT RE S R i )4, P EE B2 2R RBIARIRS IR, # LO HYRAPRIE
HY T K,

11. KL Divergence 55 TRPO £J3

f#F KL Divergence i & [F]— IR NSRS 700 22 57 -

raala] )
Dy (mgle) = Eqr [mg k‘} .

mo(a | s)

TRPO HySEH AL U2

m;ix Elr, (Q)At}

st Eyq [Dia(maal- | 9)lme(- )] < 6.

(16)

0 PUEMERURA/ N HaIAE “TRISHSESENERGF”, T2 A —AMRBE AR 2 65 al {595 iR X S 0t .
TRPO HIHEIE 45 & H IS RIS 22 57 BT DRI MERE R AR, SURIEEH
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0)

L
J(mg) = J () + sui(v — C'max Dy (Tquallmo), (17)

Hrpr O R#EIHR/Advantage (950 v; BARFELUZ KL 77 AEGR T RAMS, R BIEHIBMRESE 2], 8T T
FESCEIAY T KL 29505 SERRAZMLE TRPO ASREHE I CRIUE B OCE HT SR -

12. TRPO J&iE ikl 5 Natural Gradient
2 A0 =0— 04, TEIHSEMHTITRE R

L 0) ~ L (09) + 9" A0, g = VoL

gold

KL fEAHFSRIEAL N Z BB %, —BiElh

Dy, ~ LA0TFA,

SR F RAEIHSHOLL S Fisher RSN, WBEL, S5 ugq(s.0) = Vlogmy(a | s)|,_, , M
F= [ESNdﬂ_Old, a~T oy [uold(sa a>uold(s7 a)T]‘
eIl AL A
nia})ngAG s.t. %A(‘)TFA(Q <. (18)

5t Lagrangian:

£(00,) = g" A0 —n(LA0TFAO —0).

—Mg&l g —nFA0 =0 S A0 =n'Flg, RATESNLHR (BIR F IEE. g +#0) 15

20
AYF = | ———F1g| 1
0=\ g P (19)

Jilf F~1g 1F /2 Natural Policy Gradient R0 SXPRIIZRARE B2 I8 — D EKHERE, K7 Z Fisher-vector product,
HAERERE, SEREFRA; EEESRANEN NETRHE, PPO WETHINL: (R8RSR R EA, (2% TRPO WE
A/ LR

Whiks PPO-Clip MZLHES

13. M\ KL Penalty % Clipped Surrogate
REZN k77 :0Z PPO-Penalty:

LKEN(0) = [, [ry(0) A,] — B Ey[ Dy (mallm))- (20)

H B KNRRFIA R, KRMERIIE, EFZERET R, PPO-Clip BCONRR I RAIMEER LR AN H bRl 1%

clip(r,1 —¢,1+¢) = min{1 + ¢, max{r, 1 — e} }.

Teaching notes - CC BY 4.0 7



FOUNDATION OF EMBODIED AI COURSE NOTES

H B PPO Hir

LE(0) = I, [min (r,(0) A, clip(r,(6), 1 — e,1+ )4, )] | (21)

WIERN € = 0.1 ~ 0.2, HNYRAEAE, SHFLERAENN KL 8%, XHK nin 5 clip &0 &K,

14. 1k Advantage: §FaIMERRETCRRYEIN)
WA, >0, TRREZAEE, B, > 1. X (21) BN

- r, A , r, <14e,
LS — min(r,, 14+ )4, =< " K (22)
(1+e)A4,, r>1+e

r, JE%r,A, PPO Hki

0.8 1.6 1.6
1.0 2.0 2.0
1.1 2.2 2.2
1.2 2.4 2.4
1.5 3.0 2.4
2.0 4.0 2.4

Loy > L2 0, XA E MRS e B bx, SRR TR ENE, BEitahbl: BRI EiER 9 KIHE
RIEFEA AR AR

15. i Advantage: SWEI{EWRARETCFR#EEAL
£ fit <0, TERREIEMR, BRI r,o BT RMUABERERNRER,

- 1—e)A,, r,<1l—¢
LEYP = max(r,,1 —€)A, = ( R A 1 ‘ (23)
T Ay, r,>1—e

WA =—2=02

r, JEr,A, PPO Hki

0.5 -1.0 -1.6
0.7 -1.4 -1.6
0.8 -1.6 -1.6
1.0 -2.0 -2.0
1.2 -2.4 -2.4
1.5 -3.0 -3.0

PPO R HMR, HIH Advantage IFEK » AF; H r < 0.8 RAFFRIMRINH— 2 ERIZENETHER,

Teaching notes - CC BY 4.0 8
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16. It —E%A min, MR clip?

BB clip(r, 1 —€,1+ A, A >0, 7 =05 e=0.2, BILFIERMERCLWHRMRIERIE, 8K clip
S 0.84, £ r < 0.8 X NE, TEMIEMHIRTTIAL

A min g, BiF rA < 0.8A, SERREEFIELAT rA, WILOYE ERERE) r BT, 1 Advantage FHIHR T IR,

ST AIERE IR R {2 ISR BERMIL IR 5
TEH AT Advantage:  CREALUIRERE,

i L min(z,y) < @, BREARIZ LU < L X2 RSIIRBH AR R RS R, RETHEmR J Bk T 5.

17. RS PPO TEfIAb {5 1k 53
KN IH SR 7 REEAR AL A,

| Vor,(6) = r,(6)Vglogmy(a, | 5,) | (24)

R RAERIARIRE (ISR RIRBEE), BREARE N

0, A, >0, 1, >1+¢,
VoL =10, A, <0, 1, <1—p¢ (25)
A Vglogmy(a, | 5,), HARXI.

M0 ="0y4 r, =1, FYILHERHEHES CPl/Advantage Policy Gradient —3 (ZEAHMIT—LHE %), PPO AR HIUHRIE
BOETTI, MR, MERELIZ N 1 IS S

18. PPO HEMRIE Ratio B} KL #eilik£ys

€ = 0.2 FERBEHGIRLE 0.8 < r, < 1.2, Clipping BKHIZHE, MABEREELEAITES. HEMEMESL
S [FNFZIR HARRSFIFEA ;. 2 Mini-batch Epoch J&, “F¥J KL ARZAATREL K,

AT b 72 )12

DKL<7T01dH7T9)
H-{ifi] Target-KL Early Stopping, #EHEEE% S %RIM%E, Gradient Clipping, 7 %43% =Fh#87: Ratio Clipping #ZH{{
H25; Gradient Clipping FHl#5/% %L, Action Clipping FRHIESLHITHEER, =& A2 —HH,
N5  GAE: Advantage F3siifalfliit?
19. Monte Carlo Advantage [IZhHL51%H
PPO HfEFIIY A, REESAE, HEN AT = Q™ — V™, BEBNIERBAAIT G, (Fh Q™ MREAf:

T—t—1
AMC =G, = Vy(s)|,  G= > Ary (26)
=0

R EBE, TEEMERIE T, G, NEMHEET Q™ (s, a,)o BEATEHM Critic MAKIITHZE, Kk HAMENE
o AR, QNSRS EEIEE 100 N A 482K, FHEER G, XRBIRBESRENLIEZRZIN, BT ZERRERA,

) e R DA S B AN T Advantage, T AMREERE S ASKRNIE?

Teaching notes - CC BY 4.0 9
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20. 1 Bellman 751593 One-Step TD Advantage
Bellman X£& 7
Q" (spsap) = E[ry + 9V (s141) | 515 a4)-

[Klitk, —2#F TD Residual:

Oy =1y FYVis(s441) — Vis(sy) (27)
AIFfE Advantage ffiit:

AV =5, (28)

CRTEE DR 54, 04,74, 5,410 ARBEVLUEIRYE V(5,1 ) FOF, WHEATDRRKTT2; A2 Critic TN Z5IAH

Wz, MTHEIEZIPRE, RROMENE; N AN EEE, WEFEJF Bootstrap,

vt TERA BRI

Monte Carlo  BARRMEBRWE KHERSHETZ
One-Step TD 77 ZEHMK. RIBI T BEAKH Critic RTINS

21. M\ One-Step Hi'5 N-Step Advantage

— it
AED =1, + YV (81401) — V(sy) = 0y
[LEZE
AP = 2y ~-V
¢ Ty + 71 7V (8142) (s1)
= [r; + 'YV(StH) —V(sy)]
+ e F AV (542) = V(sp41)]
=R
AP =5, +~6 2§
t ¢ T Y01 T Y 040-
g n P

n—1
Aftm = 27l5t+l .
=0

(29)

(30)

/N n B2 AR Value Bootstrap, #k n BH2KHESIARK N, GAE MK M: FEAS—N n LMEERE, M2

6% N-Step {1152,

Teaching notes - CC BY 4.0



FOUNDATION OF EMBODIED AI COURSE NOTES

22. GAE RIREBUE 5 R nzs ek S
S0< A<, EX

AGAE) Z An-14M | (31)

XEMEEAN 1 (1-X0)3 A" = 1o fONN-Step B3

CARIIER O DL

n=1
= nylétH Z At
=0 n=I0+1
= Z 715t+l)‘l~
=0
Rt
APFEON =N (01, | (32)
1=0
a2

AAt =0y + A1 + (YA 20y p + .
PR : A = 0 I IR 6, BN One-Step TD; A — 1 N TATA G4 TD Residual 2, X T524E4&EHUE, N = 1 XA
G, — V(s,)o S PPO H# v = 0.99, A = 0.95 {EHHE A,
GAE FHFE LRI GO T 77 28 AR, EIRMErTAN R ZE— A Z0rH: N\ B/NEE BEMKE Critic, \ BWAIEE BRH K
FARAEEIR
23. GAE I O(T) i
R (32) AEIBEEHEN:

At =9, + fy)\fitﬂ . (33)

% d, = 1 )k MDP f£i%5 HIE&IE:

Oy =1y + (1 = d)Vy(sp11) — Vi(sy),

. . (34)
Ap =06 +9A1 - dt)At+1'

XFEM T — 1 [FIRTIER— VR RESE BRI B, BN O(T). EEKE Rollout MG — MRESEFHREIEL L, NE
F V(sp) Bootstrap; TMii#IH~NEEEBR—IX Episode Reset &1~ —2%% Episode HJ Advantage BMMBER, SEIN B X 73
terminated (FLS#1L). truncated (FMEBEHIRA]) 1 Rollout Boundary CREEEIEN),

Teaching notes - CC BY 4.0 11



FOUNDATION OF EMBODIED AI COURSE NOTES

24. l GAE #i& Critic JIZRH i
GAE % Advantage flilt:

Ay = QT (sy,a,) — V()

HARE X TD()\) Return:

R} = ASXE 1V, (s,) ] (35)

XE |25 TIHEIX—Ht Rollout BFRIN{RTZIIIH Value, %21 PPO BEHMBLAHIM N E &, X—HI51k Actor i Advantage
115 Critic BT B AR —2
24.1 Critic %3155 : Bellman Target 5-FB6)%

Critic NHIEE LA V7o (s), {HRTLAMIHRIEAERER (s,, ap, 7y, 5. ) WEEPIREES, X TARHEEZEN IR
&, —PHEHN

Y0 =1, + 7V¢0m(8t+1) ) o =yi> — V¢01d<3t)~

fid, = 1 RFEELM MDP K1k, WEH yI° =7, + (1 — d))Vy, (8¢11)e ATHALERR, Rollout VI HIHIEL IEFREE
EERAR— Mask: HINERREBIMAEL L, NMMBRHEINESZ RGN Bootstrap, FHEIRF Reset FATIRES,

HEER Y E R, Critic I EIFAES):

0,(6) = L(V,(s,) — stopgrad (/™))"

Voly = (Vy(sy) — ?JtTD)V¢V¢(3t) .

IXHEH B Semi-Gradient TD: HARAHJIH Critic (EARRZA R AL, BRIV, (s,) B2ZHE, HILBERK 2
WERR Vi, (spy), ARBARERZERMEEHR TD [, FEE: PPO EHAERIE DON ARFERYES — M )
Target Network; —¥X Rollout PI{RTE [H{EFEE [H)3 HARRIA],

24.2 {2 PPO # M TD()\) Return, ifidE{UH One-Step TD?

% 22-23 TTEMES GAE, E5 Critic Target 7 £ — BB R

RZ\ = V() + AtGAE .

Xt — Bl SRR RS, A SRS

RY =1+ [(1= NV(spa1) + AR, ]

TERFEBR B GIEN V4 (s1) #I4E1L Bootstrap; BEIFIEZLIENS/GLERAZE, A = 0iB{k5 One-Step TD Target; *t
FERLZ I, A = 1 iB{k 9 Monte Carlo Return, H[AMERIINFIMH 2222055 Bootstrap, IXBEAI{ENY Actor HJ Advantage
55, WAEEK Critic BIEH H AR,

KHEKSY: “HIE GAE HIH Value” 55 “4RTEIZAY V,” EF M FIHIE; PPO —#eMftrh, A,. R fIF#11E Log Probability
YlEE, BIfE Critic 28 EHWATER — N MmmER e,

Teaching notes - CC BY 4.0 12



FOUNDATION OF EMBODIED AI COURSE NOTES

WLy 2% Actor—Critic ik
25. Actor Loss
AEIHHEE Rollout b, JeitEHEE /It (SRR HEARHEN) . Actor e RIL

L) = E, [min (rtfit, clip(r;,, 1 —e,1+ e)/it)] .

£ PyTorch 55 DU/ MUy FIHTHESE A

Loctor = =L | (36)

actor —

amSR A, M@ ATAIYIZR Critic (UL, BIfE Actor Loss X3 detach, % EREHE Actor HHHEHES] Advantage
H o

25.1 Actor A IEMENERRE, Mt AlhhE:>)?
THTIMFEELRIE o, PPO FHEE, ©HAE H ORISR MM A, 8RR
CPI _ n _ 7T6'(a‘t ‘ st)
Lt (9) - pt(6>At7 pt(6> - Wold(at | St).

KA [H5-F1 Advantage #[EE,

ve[_LtCPI] = _Atpt(e)ve log my(ay | s¢) |

TEARREFNIFFIEN 0 = 0,4, A p, =1, Clipping MARERL, Hit Actor 5EA Advantage Policy Gradient HJ77 A —2:
. 14; > 0: RERXCCRHESERMREE, RS EmRTRIEEE;
-« Ay <00 BHRIXRAEIRER L
o A, ~ 0 ZFEASERRRIKE SR,
X SEHABIE NIRIG, MM RUEF 2 IS SN ERTRER, Bt EmiHer 2 e, REREIBRRE sk, SRR D3 E
REMROINZTT A, Clipping RTEAEARIRMER LA RTT MRS 20, FIERETIMGE; 5 17 TELSA TR
)53 BRI EE

25.2 —A Actor HHIEUERF T

WA SRAEEH AL F SRS FIMEREN 7 y(a, | s,) = 0.20, € = 0.2, A, = +2, HHHEER 0.22, W p, = 1.1, EFEAM
AREEIWEE N 2.2; #ERL 0.30, W p, = 1.5, PPO-Clip MIZFEARNTE 1.2 x 2 = 2.4, #—H KIX—RERA FEHg pnE AL
Wai. AT Advantage, I RGNt HIMEN V6, XEN T EMLEEEITERAERIEGIF; 42 Gaussian Policy
N R % % S5 BEE Log Probability, MidEea sifE=E,

26. Critic Loss
Critic IS R 2 S RASHHE:

£critic(¢) = [Et[(v¢(st) - RZ\>2] - (37)

AT AE #[51J9 Monte Carlo Return, #:2£5:3 %1% Value Clipping 3t 1 5%, HE{I1F/Z PPO-Clip HARHIL LA A,
Critic It Z£F8 Advantage MR SRR HER, Fik PPO HIIZrfaE R KR Value Function Il &,
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26.1 Critic (IBZZIPTEIESE M SE?
NEUBERR, BEW L REZHA MSE:

~3y\2

0 (9) = 2(Vy(s) — RN, |Vull = (Vy(s,) — RNV, Vy(s0) |

B Vg(sy) =4y Vya(sepq) =5 1 =20 v = 0.9, HIZHLIE, One-Step Target Jy

Yy =2409%x5=65, 0§, =65—4=25.

HEV (s,) BN N— D] MR IR E, W 00/0V =4 — 6.5 = —2.5, B NRESWINTE LF. W ESLZE ML,
BHHNEE V,V, (s,) HEEIEESE, RS L ARSI AR,

FAALURBITI .V (s,) PRIMADE X AR REOHTIRIIE; RIS ATaA %, JE4RIRAR Bootstrap AR Z D
KhhthRerE #7555, Critic B TIELH), BHZRVIRERIE, A2 CHEERS A e,

26.2 Critic Loss [ 7, Value $t—x1ERIG?

A=, Target {#ilH Critic. A FRPUEHIFEYIANN; Actor BT X &ML TR B A SIS 5 KA1, IRIZE MSE 5§
T Value o, AT HL Episode Return #2/, Explained Variance & X

Var(IA%t)‘ —Vy(s1))

Ev=1-— =
Var(R})

4 HARITT ZEEFRZIER A EE . HERA ST REA . MAS SRR, SEFRERS Target / Value fYRE 22 H#i,
FLESIINT Value # &1 Clipping, (HEANRIEESEIMERERR .

27. Entropy Bonus [Pl
Sl AT REI R A B ARBNEAR, (2 1L 2R AT K, SRR

H(mg(- | 8)) = —E4ur,[logmp(a | 5)] | (38)

SRS IRIRER, HEEIL Y LerorY = |, [H (mp(- | s¢))]o MRS REL, HENAEATEMEK; Entropy Coefficient
FIREEE, HATREREIIZRIE K,

27.1 IEWAIZ Y5 Gaussian /5 2%3?
—#ERIESE Gaussian N (u, o) BN

H
H(m) = Llog(2mec?) = Llog(2me) + log o 8? . =1.
ogo

-2 ) )

Hit, BMEEBEFN —c H, =1F c, > 0 WZEHEM log o MIBEEMIR; i Advantage M8 A] REME 77 22 588 Kakis),
BHARWE 30 11, RRIFARTT RMRMEF: @A U HEMAREN, WAl REEALER ABUTNEl A 2 2R, 248087
Gaussian R &LHEZ ;£ Tanh BHSSHIENERRRER IS SO0 SE R T2 #15T Gaussian .

28. PPO WImZ&ZkHixR

i Actor, Critic, Entropy #&, 1581—E WS &AL B IR

‘ LPPO (97 (b) = LCLIP(Q) - Cvﬂcritic(gb) + ceLentropy(G) ‘ (39)

Xt R IMETE
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Lioat = =L + ¢, £

v~ critic

— Loy | (40)

. ¢, 1l Value [EJFHFANE;
« ¢, &l Entropy Bonus X &;
« JR3Z Actor 55 Critic 2N R R, HEMBNFEEEMEME,

H WSEEON B M)IIZR Mini-batch 2 #25#7, {HIH Log Probability, Advantage 1 Return Target 7£1% Rollout ) PPO Epoch
PRI E

28.1 PREEIE s S HTIE?

TEAEFIBRSZ S Actor 1 Critic I, —4ERFESIETER GAE T, SRETE AN A BAS Wl ) B 148 -

T (84, @45y Sy 415108 Ty, Vala)

l  TD errors and GAE

~  stopgrad CLIP
, — LY (0) — Actor parameters 6,

~ ~ stopgrad
R} = A, + Vu(s,) —— Loyi(¢) — Critic parameters ¢.

Mt 2481k Advantage BRIBBIE? Actor BKKAE my(a, | s,) MiiZMAEEEAR, MARESE% Critic B V SEEARER “
H1” FE{X Actor Loss. [EE Advantage H~=BHIE Critic #R48 B TR Loss %>/,

HMDLES BN, A A FERA SN S R, A=A gD 35 e Backbone, B Loss M HE=SHAVEEER H
Actor, Critic il Entropy =5i; stopgrad {/5H TUREMHSHHBERR, HAZEANT Critic Loss H & X5 Backbone &
HIRRRE, HERRRIGEEASEOTH, WrSEERKRS MEMET S, X2 PPO LR HIZRK,

28.2 Plax NHi) Asymmetric Actor—Critic

TEGIEIZEH,  Actor AT RAREM A ERE N FIIRIGHAENLEIG, ARG THRAS, 0 Critic {85 EL & 7 7 R H E S ARE

A, BfE B 5 Privileged State, FTFEFRRN
mo(ay | 0y), Vy(x,), o, TEZINENBRUEE.

X Asymmetric Actor-Critic BEBUDHMENM THERE, (HHAFREILIRE Actor TEREMBIRHIUEIA ; MTFIETILER. DI
DUPEANAE S /R AT R, 2R Value fEHAYE BERS Bootstrap %, ERINZAMIES, MAZ PPO-Clip Hikr 48
o

BNy ESEE PPO SHLas Al

29. Gaussian Policy FIMEE% 5 Ratio
PLEs NBNEIBH RIESim &, I B g, BT M, MR Actor fEAIX A Gaussian:

mola ] 5) = N(pgls), diag(0?,...02)) | (41)

ME%#A Log Probability 25

log my(a | ) = —

, [W +2logo, + 10g(27r)] . (42)

%

HUEFSER Ratio TN
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|7 = exp (log my(a, | 5,) —logmyg(a, | 5,)) | (43)

KMHE R SR EE4EER Log Probability K1, 15ZIRahEAIRAELE Log Probability, FH#E%({L5E Ratio; ARE
A &YE Ratio 7371 Clip /& 4 1EFRHE PPO BX & SIS AR, 48/ Tanh-Squashed Gaussian, T8 &L HIT A IERA Log
Probability; IR ERRCRAESIEEMTEIREILSY, WEHEX ) “RAFLNE F “SLORPITENE I,

30. Gaussian Policy HIEEEEQMRHESNZNEEIME?
B8 — Y[ E 7T AR

ar~ N(pg(s),0%),

Dlogmala|s) _a—palo)
e (44)
Rl AR BT X B Policy Gradient NI{ESEI FZTTH N
VGJ x E Aa _O/—’;@(S) Vg/.te(S) . (45)

U A >0, EHHESESRENERE; U A <0, EHHEIIEIEEI%EE, PPO ) Clipping FHRRAHIEAAMEA M I
RTINS, 5 o ATIZR, EH KT 772D,

30.1 BR Y ¥39{l, Log Standard Deviation EF53J?
AV Gaussian IFREZERTIZR, 2 ny(s) = logoy(s). —4E Log Probability 4

2
a— po(s
logmy(a|s) = —3 % + 2n,(s) + log(27) | .
XA BARIEZE D BIR T -
Ologmy a—py Ologmy (G*N9)271
g o | oy o; '

A Clipping BITHIREA, 1ERERE ETF/TFIZIXPITTRLL Ayppo 1T A, > 0, MR |a—p| > o, UFEARITE TR log o
W Ja — | < o, MBIATBN logoo A, < 0 BT, ATMLHNS TR “6FanTRtas N, TR >
SR BRI,

Hlas A PPO FRH MRS H L.

1. State-Independent Log Std: MIZETM 1y(s), HAICENENELEER n, S1ERTNIZRSEL; 1E1FZ Locomotion FLE H
WH, g5t
2. State-Dependent Log Std: FIZERIBITHI 114(s) 1 ny(s); FRIKRESHIR, HE(EREN SR ATGERR,

SCBRAIA Log Std 18 1R, FFHe A SRIGIIFI LR ble s . JIZRIN MERIERAESIE GRHEIBENL) ; PIG/ERE N H HEES)
PESREEMT HRAE TERRE, (HIXAZ PPO B #2ZORAYME—IERE, #7(#H Tanh-Squashed Gaussian, # &I+ HRE 2t EH
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31. HLBEA Residual PPO 7534
RIEA B PR ER R il o
alzase

= Thase (St) )

5ANH PPO “£ 3] BEN IR 2

Aay ~mo(- | 54),

a, = a?° + Aa, ‘ (46)
BEAFRX T HRE, HE, RIRMEREIE,
I B2 SR 22 B oA 1 5
_ me(Aay | 5y)

r, = .
‘ Toa(Aay | 5)

USRI R AN, AR A I R, AR AL B ) TR AL, TR R SEPrn il an <. PPO NER
ENNAIY, (HFRZERTEE RIS Rollout, & ERRIANE B8 HERAIRZS /N E M T,

WhiBsr —X PPO Iteration 52T idfE

32. IREESISE B+ A2 5

UREGIHSRNE: 2 myyy = 7y, FIEREST Episode BUE K Rollout,

PRIERFE R 183 (54, ap, 7y, 5040 )s BUERRIE, logmog(ay | s,) 1 Va(84)o

W5 TD Error: 6, =1, +YVoa(sy41) — Voa(sy), AESRLAEITIER Masks

RIS GAE: A, =6, + ’y)\At 11, [FIRIERZEEE Episode Boundary,

1148 Critic Target: R} = A, + Vaa(sy), ZJREEZER,

AEkRIEIL Advantage: A, = (A, — 114)/(0 4 + Egum)o

£ Mini-batch EH5#i Log Probability: X T ERFEMIHANNE a,, HELHT log my(a, | s,)o

15 Ratio 5 Clipped Actor Loss: 7, = exp(logmy — logm,4), ZAEMAN (21),

HHr Actor 5 Critic: B/IMLEBLSIRKE S BINML, fEFR—H#EEIE EEE ST Epoch, ¥l KL, Clip Fraction, Value
Loss,

HEHCRME: HEHEEEE, RRTRIEAE RN —itEdE, MEERAZH HEWE 4 /R On-Policy PPO HJ¥ )@ Rollout &
%,

32.1 [F—#it Rollout #', Actor 5 Critic IS EEIIKMIF2E{L?
FEBAEES 32 YRR TS R EL
1. BERAEYS GAE WBE: FRBRIRA. SRAEEIERIBIREN S, BS— S A, 5 R). SRR BT 5i0E 7,y Al
PTG Target B V4 PREFEE TR,
2. K % Mini-batch fRIEBBE: HEEHT 4T Actor 2% 0, Critic 2% ¢ LR HEANT4: 3T Log Probability 1 Value,
TE0EMIHENE, 1H Log Probability, A,. R} M%A2E,
3. F—&X Rollout FjiBt: FHTEHY Actor BOHTAIIT RN, REFEHE; FEIRALLFIHIIH Rollout 4 {EFR#E PPO HIHT
PR 2all [

IXAEREMERE— N DLRIE . 1E[R—%2 PPO Epoch H1, Critic RTINS AR, HARIIZR Critic YT Target AEUE S,
WRIYIZRN 375 HIH Log Probability 5( Advantage, A EHAREASFEA R T A 1H RIS PR

>°9°.\‘.‘7\9‘:4>$"E\°!“

-
e
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33. TG H AT B HS0EN) PyTorch Sl

THEFGLH PPO #0 Actor Loss, fiiAnew log prob., old log prob ¥ uahfEm&EIEEA Log Probability, H.IH
Log Probability 1 Advantage 7EAH B #7 & &,

import torch

def ppo_actor loss(new log prob, old log prob,
advantages, clip eps=0.2):
# The old log probability and advantage are fixed rollout data.
old log prob = old log prob.detach()
advantages = advantages.detach()

log ratio = new log prob - old log prob
ratio = torch.exp(log ratio)

objective unclipped = ratio * advantages
objective clipped = torch.clamp(

ratio, 1.0 - clip eps, 1.0 + clip eps
) * advantages

return -torch.minimum(
objective unclipped, objective clipped
) .mean()
5 GAE Wi/ NEIANEHEM R, R bootstrap mask[t] 4l 6, B2EMHHA F—IRAEME; continue mask[t]
4 GAE BE Bt @), HLKIE, BIN5 Rollout YI5 4 HINME ETE L,

import torch

def compute gae(rewards, values, next values,
bootstrap mask, continue mask,
gamma=0.99, lam=0.95):
"""All tensors are indexed by rollout time."""
T = rewards.shape[0]
advantages = torch.zeros like(rewards)
running = torch.zeros like(rewards[0])

for t in reversed(range(T)):
delta = (rewards[t]
+ gamma * bootstrap mask[t] * next values[t]
- values[t])
running = (delta
+ gamma * lam * continue mask[t] * running)
advantages[t] = running

returns = advantages + values
return advantages, returns

NSRAFE AT, XA BA DAEAMIK [T, N _env]; continue mask REEEEARIA Episode Hi#E, FT4K returns
BIH values fl next_values W5i1# Rollout HARKINPRES Critic —#,

XFX A Gaussian:

\ # dist: torch.distributions.Normal, action shape [batch, action dim]
\ new log prob = dist.log prob(actions).sum(dim=-1)

| # entropy shape [batch]

\ entropy = dist.entropy().sum(dim=-1)

KB R L AT SERIIZRICHEZE Rollout Buffer, IR #E, WZ8EEH, ftfeds, IEMifIterminated/truncated
AEPLS PRI SR,
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33.1 =R A8 — AT S I L R 0 e R s
AT e R R0 C R 4F — 4 EIE Rollout Mini-batch I =" Loss, ‘& LM GAE / 2811 Mask 47, A2
FERIGREL,

import torch

def ppo joint losses(actor, critic, obs, actions,
old_log_prob, advantages, returns,
clip eps=0.2, value coef=0.5,
entropy coef=0.0):
# actor(obs) returns [batch, action dim] mean and log std.
mean, log std = actor(obs)
dist = torch.distributions.Independent(
torch.distributions.Normal(mean, log std.exp()), 1
)
new log prob = dist.log prob(actions)
actor loss = ppo_actor_ loss(
new log prob, old log prob.detach(),
advantages.detach(), clip_eps
)
value pred = critic(obs).squeeze(-1)
value loss = 0.5 * (value pred - returns.detach()).square().mean()
entropy = dist.entropy().mean()
total loss = actor loss + value coef * value loss - entropy coef * entropy
return total loss, actor loss, value loss, entropy

i Actor, Critic ZHE A AILASHITHE BRI & B L{bay; #HL= Backbone, Mtotal loss.backward()
SICENHESHIHE, REI#EA Independent (Normal, 1) BEIEI{EREMEES Log Probability; 1SR MEHIZ1E
LI, I R JHRE Density (115, XEM returns &HIH Value + GAE 7EL{LRTH5,

Ui iV i PR N AL ]

34. W WEHBS BRI X

S WS A

ol 0.99 AR B4 40

GAE \ 0.95 Advantage BI{RZE-77 2+

Clip € 0.1-0.2 1K Probability Ratio FFRIM P A
Actor 3% 3x 107 Actor ifbisE

PPO Epoch #{  3-10 —HtIH SRR B T IEL

Target KL 0.01-0.03  ZEHEAE L Actor B

Entropy %0 0 8/NESL  HRMEE

Value = 2705 Critic [E)F4RAAHR FLEH

XL T E AL AE R R, TREIERINSE RSL-RL AR HHATIS LB A REfEFRA“~>J %, Batch R, Clip
1 Epoch % &,

v 5 N BRAIRN: ~y PR ERUM TR TE LR, T A B Advantage i+ AR RBUTHIRAE TD (8, —#t
FILA (vA)! HBIE GAE i, {ELEIEfA (o RIAL

HE W &iE 45 Episode Return, Success Rate, Value Loss, Explained Variance. Entropy. Approximate KL, Clip Fraction,
FEETURL, IR “IRBE Loss BRINE, HIBUNRTRE N, NWEMRERIEMAERS, Critic IRZ, KL KM,
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34.1 L WitEkMLY 2 Actor—Critic B Sl

« Value Loss X / Explained Variance {i: FJ&E/Z Critic Target B Ak, MZSFRISFES 2. Bootstrap fmZETIGI R E
B, fLIeiN Return Target 5 Value FUEREL HEIEZ LAY Mask, Value % >J##1 Normalization,

« Actor Loss TF, {H)RIBRAF: REERTBRER T ELMRE, MELEHT Rollout B Return, Approximate KL,
Clip Fraction %7€ X, FHH & Advantage ffi I8,

« Approximate KL 8 Clip Fraction KWK : @ HE 2 RTEEE Rollout | Actor BH KR, £& Actor Learning Rate,
it PPO Epoch #{. Mini-batch K/Nfl Target-KL Early Stopping,

« Entropy RPSEZIES : KZEAYIZE Log Std BEURGAIE R, Log Std W_ETF. 324X Entropy Coefficient,

o DLAS AT SSRGSl . FTRER B RAVIRR R, R EEHEERIESHEHINR,; MIXEIF#E Action Scale, Log
St $2llJE I DR SR A% A o

TER P SIRMP AN R B Actor (9% SJR¥HISEIG =R ; Critic H9%% ST P51 Value 325k 1 B ARIIE B,
Critic KIBFTRERIR GAE, KILATHESBGEMER BAR RIS BIA SR R E, FHEIUE Critic Loss BUEEIRME; RN
WSEMERERT KL, 8 S 80RE AR REARI 2, (E 5 1 55 SRAE SR I 1 XU

B+ 5 REINFORCE. Actor—Critic. TRPO K&

35. Riklft: F—PRR—Amg

Rk KgAK / BTk T2

REINFORCE Vg, G TR FRBER S (A

Advantage Actor—Critic Viegm, A FAYRZSINEED Baseline FEIK7 2
TRPO BAML E[rA], £ KL PRIFAREE B ARE R E B R R X I
PPO-Clip min(rA, clip(r)A) I TR B — [ BRI AR B i s
PPO + GAE A, =3,(7N)16,,, VAT Advantage i HHHIRZER 77 %

PPO A Jii_L{&k# 2 On-Policy Policy Gradient / Actor—Critic, f£%F4% Rollout FI#I4A L, ‘B Clipped Objective 5 iE
CPI fRE BRI —B R EERH R EIER X IR AL W — BRIk S 2 . Probability Ratio B#ifwE 1 Z /5.

PPO 1Ef AN AR, RBENATDUHMTRETZINE, GREERE. FERSIFEAIM, HRASFF Gaussian &
SR, EEESHIMA L, FEARRERSE, SAC % Off-Policy BiLrfEH B HFEARNE, XF Diffusion / Flow Matching
Action Policy, ###f PPO FE B R H A1 Log Probability AR Z KA, BEEFELHE,

B @y BEERAXBRESRER
BbaA 10 SRR
Vo x E[Vglogmy(a| s)A™(s,a)].

Bl AN R At .
b 20 EEMEREE

Ty = molay | 81)/Taalay | s¢)-

Bl TEIRSRIS AN EREA BT SRS 1 5 AR E AR,
BlbA3K 3: TRPO {5 a A

Dy (Toallmg) < 6.
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Ehpl: il AR E AR A 22 e R B A XU,
B2 4: PPO Clipped Objective

LOUP — [, [min (rt/it, clip(r,,1 —e, 1+ e)/it)] .

FMl: RSFRRENS AR REDAS RIS, (R B B 1E AR Hr 7 A ORE T
BD2AN 5: GAE

A= 2(7)‘)[‘5t+l ) 8, = i YV (s140) = V(sy).
>0

Al AE KRR EHRAIEH Bootstrap I TF-IE4 T, JXEH rievard (X3 BR300 5 PPO MIREZELL v, (6).
R IMERR

L.PPO — _LCLIP + Cv’(; _ CeLentropy .

critic
WIRZHEZDESIE: PPO AR — DRI E R TT R, EMH Policy Gradient i€ J& #MEREL I 77 1],
H Importance Sampling 7E[H¥E A& B HFR, H Clipping #Iilid Bk, HH GAE X% Advantage ff
it GAE EZFHBREM TRV, Clipping EZFESRIGEHFEIER R, —FHIRETHE. A7,

S RS R B 332
1. Schulman, J. et al. (2017). Proximal Policy Optimization Algorithms. arXiv:1707.06347. https://arxiv.org/abs/1707.063
47
2. Schulman, J. et al. (2015). Trust Region Policy Optimization. ICML. https://arxiv.org/abs/1502.05477
3. Schulman, J. et al. (2015). High-Dimensional Continuous Control Using Generalized Advantage Estimation. ICLR 2016.
https://arxiv.org/abs/1506.02438
4. OpenAl Spinning Up. PPO Documentation. https://spinningup.openai.com/en/latest/algorithms/ppo.html

MAE A : CC BY 4.0,
RS BERH : RS B TR EIEANS, FFAESd e BN R IR UE (I m] BRI SR AR
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