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B 2. PSVREll. fEaBdiEt, BREEE. M T iR
AR W, DAz FMI b i KT

B 23 SCHR[S1M8 FH VR4 v 30T 2 A PR ST R )
PRI AMILREAT R AL, A8 FH B 2 B ZR AT SR B AL 3% ok T 57
T o R A B T F T A W SR AT A AR R e T — L
R, AEX SR AR R BE AR TR IR BT 26 A 1 L ) UK
PR, T R e /A v e

W22 (SL) Jrikssalimid s MuRn (S5
RECREE MR RIEG, ©» 2fE IR, »)
RIS, EE, RN RECR R, B S HOR E
FRAN B8 HS FH BE LB P R BRI [6-7 R IR A RN . 57
Gb, MBS (UL kg T &R R b5 i
BRORARFAE BRI O [8].  H Al & 2 I 4 £l dis ol A %5
PP R BRI Ak o RS, BRAEAR N S H 2 Al e
FEEFRIL R, UL HAR IR 5 5 52 m
FETHENIRLAE o, X 207 VLR B R A 4% (CNND
P CNNJEX AR BRIEH S ER . B AL
AT LA —AME R AT AN, 3R] LIRS (A AR5 R B AT Ak
FSRARHUG RARE, FFr38. A, F4ESF9-12]. R
B CNN i 7L H4E[13-16], (HER&HRITEA1E
AR AS 292 3 F [17-20], %2 o FRE {3 R [21740
o vl 221 R B S U . 5 E AL R & B I
17, PERMZE ML (RNN) ¢ H T TS () Fe 51, b

R 28 2% T %) B e DA VA R O e vk 1 7 30U 5t B B (23]
SRM, vanilla RNN [24]43 52 2IKH B Jek N BRER XE R 520, [
NE RIS E RS H &, 5 ERIRE 2 R
R =AY S H, SERFIERKE, ©
ALK N T XA, RN RS THE
M, mKECIZ (LSTM) [25]181] T 1E 34 H
JG[26]. IXEEN AL T RGEZ 2 ] I HOE A, AT B
RS, Rl WEFEN LR T B LSTM (Conv-
LSTM) [27], EJ/& LSTM [f—FA84k, o] LU HBRIE
BB AR M TRV SRR = LSTM 1t g . 5 4% 3 LSTM A
[, ConvLSTM U2 — MBI mAZ—4E4dE: eF
FHENEE FAEE ) S E R m il Tt RE. B 22
) DX 48 2 A N 2 TR 2 5 R (28] A T Bk — 25 45 v T M 1
FE, WFRNRCEREE T &R SEM[29-33]. 2T,
XU EE R AFAEL S HU I i R (RPN R8s S BcE D
TaHmEE . A E ML ERLE AR (i
dropout. L2) [17]HLH# % 2] [WAAMIE (FT) 177
[34-351h R B U7 iE, DR MM tkRe. SR, 15
BEE MBS SED XT3 AR gEA HA EE k.
X AR ek, AR MG R, SEINSE
TR S B AR BRI BAFER . BhAh,  HRTEIR
LRI BT R 2] 1) AT SR T B — B AL

k%] (RL) [36]454 1 SLAMULHEARMM AL, I
W2 )RR AN SR AT R (MDP) . 2374
OV ER 2237V RI B AR I [38-43] 1 Je R, 155 2 T R
BEfR (RN3H2%). 5 SLBERUL J73EAR, RL AT 5
LREt AL BRI AR, TR B 5 HA RE A
o BB R B S RV AL R, i
SR EANE . Kk, TEEH T AREERGREN
HAREOESS . SR, TR T SRR T E, YIgk
B EIE AT e A R EER, XA RS SRS
7 ZELR[36]. AT A AMEAN TR S B A A, B
FN R T actor-critic 77 1:[44-46]. X Fh T 8 B g A
I3 NS SY . actor €2 K HUHRANBIAE, 1 critic f# FH 3 1E
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{EL[47] SR A B [48] AU THZSIE R IF IR . X BT 1A
AR B R G . R, PR A B 25 1F] B3R
ZIRM M R MERE M E N R . £ RAHHR[49-51]F,
XPEFONHER I BFFEN 53 O Sk 2 R 7 VR AR
BhPR 7] 8 [36,48,52-58]. VENALES 2% 21 [59-6111— A T4
W, RLAT (EART) R EH[2,42,61-68]. Ik
ATI[69-77] HLas NATH 52 R 4255 Ui 78-81]

FMI BREE AT DUBE R IRy — A% R EREE R R, e nl LAy
S A Y A 0 A 00 ) R g 2 — A R A5 R
Fe M. S ET I T AE[82—84] T RL T 4 S I 5 5
Bz, UL T LS IREEE AL & . XA
N, BREFSIAN R B SO S B, e R R
B O MR, BHEMH A RL [85-9011 2 4N Xf SR i 5
o BTN A FTHE H I 5 280 TR 2R 0 SoAsr il 5 6 1
RL [ PRER B B PR ER AR T 7 ARG & 0 X SRR 7E
REAF T REAT BI[91-92]0 5T %5 GAG I 1) 5 v 1 1k e Je
H HCR TR A AR R o S R B AR AR B A s S22
TSRO, AN RBRMHRREEL GURERER
RRAE) THERf . SE TR AL ) SV20@ o (R BB 6 R AL
A W BRI T AR [4], I HL s 02 3 77 A R
B3], MBI EMFRAER, KB REAEAL, K
I, JoAR AL 7] B2 B A T I A AR T & .

17~ CNN ] g 2 S Ul AL, DRI AE Y 25 J5 00 3
BEAT /W AREEE . DL A AT B R BOE s . AL
thiE 2. B MM (5 R [30,93-95]. AERLIHEH, —
FRFAT BTV -0 A BEALAR JE R (i-SNED [96]K
PSS BIIRFAE AR RS, DART A AL T AN [RARAS 1 1 R
14[72,97-98]. XA B TR ¥5 8 5o A& B AN FIHE O, %t
ITNATRS . S—MBgEREAR, —8UREEr S35
(UMAP) [99], MmN (FERK LB 48 2 (8] 7B ] e i
BRSO BEBR SN IXFEA] DURRAR AR 2 MR AE 1)
Y,

B3 R T I FE Tk i — sl Bk g . fE—A
BRI AR T, R IREE R — JEH AN A R A e
MEA R, ZEMNE&EITMGE, e LR ERER
M. fiE, ZHCER2)EH THATEm IR TE. A
M, AR A 23 T 1 ) AT SR L Pk b

ARCHEW T —Fp & T RLAGH B IR EE T R, &7
SR JE BB Pk SR R R AR AT T 4R . XTI TAR
F4 :

o FEZH[B] I T actor-critic 57K

« RERKE, DL Z R BEARVERE

o o TR R R 2R IR S TE A AL P I e SR AR

Production level (e.g., RTO)

Supervision level (e.g., MPC)

Execution level (e.g., PID)

Instrumentation level
(e.g., image processing)

Plant

B 3. iR Dok b i — fefz il )2 I 5 K . RTO: skif flifk; MPC: %Y
TR PID:  BUBIRL o2l s

o 454 CNNFILSTM DU 2545 4E,  T6 F AT AT 3 =X
TR Bl AN D) S R AR A 5
o FEALTh R R R A DP el & A8, TR

BN LAFFil;
o EFHI A 2222 SN ZR B RE R, SO VRR BE A AE AR %
B PR 5T

o« FEFFA B BIANI 8 P 38 UE B s 12k

o FE TR RAFAE 25 (8] Hh 23 BT B e AR R AT S 2

ARSI B2 5 M T actor-critic % A %
AMEE; HEI WA 7 Hm; 4N HEMENE T
AR LS H s 3 S FIEE 6 Tl 4h th T 4518 MR R
RHE,

2. Actor-critic S8t F IR 4RI

RL & — /MR IR B4 M2 [36,39,42], Horb & e
53— ME S AR E R R AR R R B KA IIAT . 5 A
AL, B REAR S 2138 5T 7 R AR R IR 2 il 5 =T W e fi H
BHIR . X 5T R BB RHSE T VEAR, B ERE W
K 4E OB AN B Ak, IXFPRE ST e vE ik 2
SIEEA ANERAFE R AT [40] AR S . Hod
45 305 ST RENEE A [F IR BT 26 1R, IR e IBEAA B
R B SR A N S AR H80] 6

2.1, H/R A R FGLFE (MDP)

MDP it i Te 41 M A AL B BRI SRR, M
(X, UR Py Hl, K xeXueU reRcR, 4l
RoRRE S AMELEE . PO, r| x, u)3Rom B % BBE HL
MR G8) 1FBORES B ME . MDP i 2 5 /R 7] KM i
[100], EPRAARE AT 2 5T AE BT RS . 72 1%



R, RGN T RN & 2R A, X5
TR NEA . JrIEFye [0, 1) 2R KL E,
DUEH S FNE S LIRS (u| x)/& MLER 21 RGUIRES
BRI o

EMDP H, B REAR GRS xo~ 00 HH oy KR Y]
R A, BE, CEFE—DEINEu~nux), FEE
B NN — DNORE X ~Pru), JIF RS K
r~P(x' v, u). W FIHFS (Blx, u, 5 x), BEEIAES]
TR, SR KT G, Wl (D AT
7E X [36]:

G=R. +IR o+ R s+ = D0 R (1)
A, MR BEHUS P . RS v, () BN EME ¢,
(r, w) 8 F DU/R 2 (Bellman) A 2[R (2) fIX (3) ]
i+ﬁ:
v, (0)=E,[G|X,=x]=E,[R,., +7G,|X,=x]
= > ) Y, > P+l (2)
VxeX
4. (xuw)=E.[G|X,=x,U,=u]
= > > P w4y Y wwx g, (L), (3)
Vx,ue XxU

Kb, EBRRERME. ERBNRESMITHER 2
Ja, ArRMERA R @ X (5) REEME (FD R

vi(x)= max v, (x), VxeX (4)
4 (%, u) = max g, (x, u)
=B{R,.,+ " (X,,)| X,=x. U=u]. (5)
Vx,ue XxU
b5, B o ] il AR
7" (x)=arg max ¢ (x, u) (6)

X RS [ 8, T DA 2 1 B A R 24 1 e i@ i ik
oK 53 591 B ) e 4 038 0T A B OCx, u| ), V(x| @), FH,
o XoRIEIT RIS HL . 2S5 KB RRRON critics. LTI T
PRI TR A TR AR 5 Ttk o ().

2.2. Actor-critic By 4518

FINE TR EE T (W eritic) A RL[71,101 K%
Pyl ), fEIR LAY, BIPEE Sk AR, PRI
FUHRAE , AR BR O T ORUA ] 2 R E I [45,102].
T3mg (f¥ actor) HIJ7¥E[103—105]fF U T XA RE, &
AT DR B B NS R U OS2 S BEALAT N, R R
i RE AR B LA R 2. SR, TR E R K
{12 ST B 11t 45 SR M A B TE S B o SR ABL T ) P A P 4%
55 ) 50 WX 2% 1 AR R e B 4% (GAND [106],  actor-critic
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ST T ATATARE I AT HEAT B R B [44-45,107-108] . X
B AR 43 38 i actor M critic ¥ SRMG 5 3L TE W k45 &
LR o IXA Bh T KM BEAR A T (10 77 22 R0 27 2J B p S 36,
55]. Actor il critic 1] PL 43 i 3 7= 5 AN #4890 4% 5
w(u|x, ) (Hr, 0FIRactor ML IIBHD V(x| w) [ER
O(x, u| w)]

BEAROA WU 7 — S 5L TR 1) actor-critic 5 5
[109-110], fHA K & S A H 5w A E Y,
F1FR. H—S7m 48 R e 4k, T 55— 28R A
JERAE S BRI, — AN R BN - 71 85 5
W, R B REAR LINER ¢ e[0, D)BEATBRENLENME. HARBITT
BRI T m s E R 5NN . S50
INEERE, DUKFIHERS FRSE. BOGRIEE rT LS
ZHHR[67] T R 2475 .

K1 HTFIER MBI R J7 72 actor-critic HVE I ELEE . X6 BT
BRI 5 S RS2 R v] B8 e 4k

Algorithm Action space Exploration

DDPG Continuous Noisy actions
A2CorA3C Discrete/continuous Entropy regularization
ACER Discrete/continuous Entropy regularization
PPO Discrete/continuous N/A

ACKTR Discrete/continuous N/A

SAC Continuous Entropy regularization
TD3 Continuous Noisy actions

DDPG: deep deterministic policy gradient; A2C: advantage actor—critic;
A3C: asynchronous advantage actor—critic; ACER: actor—critic with experi-
ence replay; PPO: proximal policy optimization; ACKTR: actor—critic using
Kronecker-factored trust region; SAC: soft actor—critic; TD3: twin delayed
deep deterministic policy gradient.

B Actor-critic HyERLEUT .

2.2.1. WRJEHHE T RIS R B
CUERFFAIRH, ZEEAT TR B . B TIR4E(E
W JTVE[TIHE) R SR A AR 25 0] o R 5 1 o P SR W of 2
(DDPG) [47]% M actor Ml critic (Q) LAK H¥5 critic (Q')
W2, J5 2 critic 4% IR AR . TEMEE S| — MRS S,
%7715 M actor W 2% H SR AL SCAE B, IF S5 RENLE R
(4 Ornstein-Uhlenbeck iT#2) [11117R &, PAEER. &
RERROIRES . B 5 2R AR R 50 Bl ot L
FTHCESAEA Z AR EME, RS . ek R
LB TR E R MG, DAL critic, @15k (7 Bios.
L=R+yQ0'(X,.,, U, )-0X, U) (7)
%77 ZE ) F S W SR S0k actor (R 4% . FH T {E MR AL
Fe G T ANFAT 9 SRS I H AR K BT 2 IR 200, R
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DDPG & —Fl#i & (off-policy) 777,

222, A RAIEVEN FIE

S AGEVEN FE (A2C/A3C) [481%c A KB4
FAETE R E WAL RSt R, TR AR 54 |
TR H B NI, X NAR FIn T IR R .

Hi/MMUET QR BIREANR, ZiTEs Mo
critic HHT LA KA (4808 MBIz, W% (8
B o

A=0=R+V(X. )-V(X) (8)

R RY, AFEMEEER (9 FHH, b, &
WS (14 405 J 45 FH T actor 437 2% bR i rh (4 1R 046 DA IR 2
s (10D Fias:

dog«dwg+aV, x| o) 9)
d0;«db;+a,V, o(x|w )Inmu, x,, 0,)+
ﬂﬂ(ut xt? HL)ln ”(ut xt’ 0]_,) (10)

K, WIH O, = do, = 0. LHTk () RANBEHEE;: o
Ml o, 5379 72 critic 5 actor (1% 2] #; VKT H MR F
s B —AMEDEMEDL HTERZRE. FARLAG o
MFORAHE AP L% . ZEFEM L (A3C) FTUE LIz
S, HZhmZemEib g (A20) fELkisfr. RE
LR A EASL, ABABATT SRR S 22 3 W 25 14T D9 S K il
DIAE R EY, XS5 A3C B —FhBEE 5% Con-policy) ]
J7ik . I E A A3C HIE SRR EE S .

2.2.3. H AR ) actor-critic 7772

E A 256 R AP actor-critic (ACER)  J5 £ [112]8] H
Retrace HIE[113]ff 1k T A3C REAL AR &, ZEER G
30 AD:
O (X, UD)=R 4y, [0"(X\.1, Ui )= O(Xi, Uy ]+

YV(X) (11)

A oo, BOWom EOE P R E g,=min{cy,},
n =l )V, U X)) e — DRI FE py Mg, 97
il e HAR AT SR . hAh, %07 0 H BEALE G+ 9 45 42
}J (stochastic dueling networks, LA— 2 (1) 75 X AlioF v A
0> FILL S 1 75 v B8 A NS g R ig A4k (TRPOY 77
1£[114]. T H Retrace 572, ACER & —Ff# 5ing (off-
policy) Jiik.

2.2.4. T ut SRAEARAL
I SIS AL (PPO) J7 [ 115138 1d #: 80 B 4% H Ax B8
Bk TRPO [114], nal (12) ik

J(0)=E{min[r(@)A4, (x, u), clip(r(0),1 —e 1+
)4, (x, w)l} (12)
X, RRERSE (A1 6, Lo B SEEE S H0
r(0) =[m, | X))z, (| ) A e RoREBIHE; ARFRE
REARBNTELF R At T, il (8) Pow.

2.2.5. Kronecker [K -1k B A5 [X [A] [1) actor-critic 52

S B FE R BB [0 R AL AR, 8 FH Kronecker
T B AE X 6] 1 actor-critic 5y & ik R FH — bk
RUTELEL . il FH Kronecker K 1 I UME KI8T
PEURAE BHRE (FIMD 13, DUseiRit S E A, &
W, ZH AR T AR S 8 B e R4 . 1A, BT
AT LR ER R BORGeTE, A4S 2 58 1 (0 il 22k oo

2.2.6. FA: actor-critic 5%

54 FH SR I Ik 401 2R T DAk 1 7 VR AN R (48,114 115,
119], SAC (soft actor-critic, 2% 4 actor-critic) % Vk[SS,
12048 g [ anX (13D B 138 0 22 ah o 2 LA SR &
FHIGHIE 72 [ 120145 38 AT LUK I A 77 2 F 1 42 1o SR onf A5 Y
RS

JO=, B AR u) ol m, O (13)
X, 0RREKISE: «fRERH e XK E 8L
AR BCE, MBI H=E-lgr(-)]. &%
ZE R O AN Y Bk HOR T F e v 5 mg 54X . 5 DDPG
HIACER AL,  SAC KRS ¥ A% A7t £ B et UG PR
FERCR M. R T RIR R, i R ARIE iT LM HH
G NHT SRS T 5] R AR E TR R

2.2.7. WUREIR TR P 1 5 1 SR W A0 Rk

XUSEIR IR LB 52 PE SRS B6 RE 5% (TD3) [121]fiF ik 1
T B #E L (approximation) F1H & (bootstrapping)
(RPEE S R A A, A RS RED T 2B
ERAERE (propagation) (IXTEZG I A1 ) A & — Wi dE
BB [122]. AT LIIX— HAs, 1ZHEES B
P BSE ISR, FRmIFEAE R, el Tkt
Silg . TD3FH H AR, SR SENE e 2 ST, T A
TR R NSRS R R A F 3 B ARE Al T, BLosksb
SRR T £ AR IR EE S EA I S e s, B
WG NERZR,  FFAS e 1 SR B A I 7 VR AT SR T
H[104].

JAE FIRFEARAL 1 s ) ) — iR %6, HE
ATTRTBEATIRAN REJHEAT B L B0 A5 R i s I 55 . HLAT, A
FAE P T V2 HAR R FR R ANX SR . i, =%



SCHR[123 ]38 b w5 - Ak T b - DUR 2 (HIB) 7 F2[39,
1241, K225 SCHR[44192 085 B actor-critic 5959 i
BIFELLI AL (A A @ . BEfS, ZEIRAE DN EME
(149 b 52 1) R /N B2 34 ) (cart-pole swing up)  HH 45 2
TR . ZFECIR[125]4E A LR MDP FRH T actor-
critic 5%, AT T IEMBINEIE . S5 SR [46] &
7N 1 DY Fh S T IR DU [ SRR B Ak v B 1Y & actor-critic B
5. 5 CHR[126000 48 T —Fl 5 2R actor-critic 577%  (natu-
ral actor-critic, NAC), JfE/R T HAE/NEEF B (cart-
pole) DLAHRERFEFAT SRR . 27 CR[127]8 1
W] HIB 77 F2 3 T — /NI SERT [A] actor-critic B7E, JHIEW
ARG A BB R A T S . 2% SCR[128]48
7 —F&EH T ICRYEE (infinite horizon) 1 4L 7] 7]
JE R A USC S 23 AT B FE 28 actor-critic BV, JEHEME T4k
PES ARG . 25 SCHR[129]38 1 — Bl & 1)
TE 25357 S W actor-critic 5115 . 1% FLI% i ME o B T U8R
P, FEHSZUESS R T LSRR SRk, B SR I 1) 22 43
Hik (TD) SH6EE-TD 7k AT 7L, #HE-TD J5ikn]
DAt K B2 b 9/ FR0II 1) DLJR 2R 22 [36]. 275 SCHR[130]
$Eth 7 —Fhactor-critic bR IR ST, FRIBERM, BRI LIERS
B IIEARREN N I HIB R, 5%, ZhE
DRI ISR E M SR, %77 BT B &5 55 FEAH
KAG BAE MO IEAT . ZHECHR[131148 H 4 a2 1F
N B SRR T actor,  FEAE BRI AT 4% il 2 45 S
ZAMER . S CER132)5E T ERRRR 2 Y [F I,
TEWR A R S DL, % 21300 R AN LT K &
G HIB 7 AR B . 275 SCIR[133]75 B2 1k (Ly-
apunov) HRit, Wil | —FAEEE 1 actor-critic HiE, FFTE
YO /R 248 (Van der Pol system) Rt Hfs g EEAT T
ke 225 SCRR[134] 38 136 F HIB 5 RE AT = KA R 40
Kg SHRE, R T —MNE AR AR M IR 7]
%77 %] LU actor-critic BE R DME K. 27
BR[135]1 485 & 70 F AN 18] Fy> 51 50043 A SR igf e 5 I8 42 ] 1)
B, IRERIE S 2 U N A (CSTRY FIBL AR 2 P iR
Vite TN %0715 % CER[136]4R 1 75 actor-
critic (mean actor-critic)5y2:, 155 T AE F i O %L
KAt Th RIS HREE, I BB S SRS LU I 72
i RAEHEE R (AtarD) VR3] 7 IE. 25 0k
(13748 FH =52 fik % 14 actor-critic 77 S8R F I (ILRE . 3 RUAN
i (HVAC) R4, BRibz4h, B35 3CHR[2,62,67,
138,145/ Bk, W 93 S/ 38 %) AN [5] (1) actor-critic 7%
S AT T

RS> (RL) 1, CAEBRFCSEH T — gy
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i T 0 77 22 [146,148], 31X 2L 75 %k 3 A H F actor-critic 5
Ho AN, EHTIRE TARMHEIAR[112,149], RS
RFERLEE (R 22 5] e SR s B 75 s 2D . 50 A
20 (B[ 70] 5B WA B 2 ST (1501 I AR AR, FFEAT 2]
(parallel learning) | ZNFENLIHILEAL I ZAE CAR BN
48, IXUGLRFRBNT S IR A [ S A2 B, BARD
STHATA) S (1 28 570 X SR AR b X 28 445 5 8 6 9 48 A [ 1
BB, TR I AN FEAKE R T AR 2 1S4
BHT . BT S LAR M PR AT, R A
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AR R VPR TE AN I FE R AR, I ]
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(A EED ZRNPEREIRILA (1D ], HgE 54
IO BME . 508 2 b i) BRI R AT S [152]
Bk, TD % >3 mf AT S 6 RS {E . 5545 KPP 5%
AR, ERENEE T T TRE— D, x4
TG R 5 [ i 5 2 46 A R 3 LS e o 55 SR A [
[ (2) IANE, FRATTAT BAE H TD 1 2 6 1) & A2 A ik
TF ok B H eritic 4%, wisk (14) FroR. X PEFR N I
A
a(x,

k=1

wL) = z [ViRm"")’kV(ka

i=

W, SR BSHCRFE W FPRAS x I TD IR %, 45 7€ A Hh Y
25 (1) critic 2 M oy, kFRREHEKEE . W kEIT TR,
RABU ST (D PEHERER. SRS ER
IRB6IHLL, LR V(x| 0 )F T ID T %

FE kAP IREE W, AT PMEA A (9 M (o) &
WAL ZH (o Moy .

o)]-V(x|o) (14)

3. ¥R EREHEN—DNFRRIIE

3.1, FrimpRER

BRLE MR RE S ) F 7k, X R g AT
CUR AR R 22/ ) R GE[1S3 1B SI[154] . 24 th 3L
RO CAEs) i, T R AR 2 A
FIIEDL. 8 T SRR A, 38 % 8 b RO (1
BRT T OWEE4], SREREEIR[154]. JLE XL
7 SEAT RE S CEJE AN 1] P B AQSE Bl B, (B ) 22 i o
AT EME. L, WRFMUKE, WEZPhE 2
RNRH . R BEC hREIFAEMBLE. M,
REKCP AT RO, MR IR R A v 0 i A SR 2
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B 4. fARERSERIM (D (@ BRSNS (Hx w) FFITHE Vx
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16 x 20 x 20 Flatten Softmax
1 x84 x84 F a(u|x, 8) ‘
Ett:: jq{}b
E‘E: :‘% V(x|w)

Convoluhonal ,,r:L
B Y

Convolutional

El6. CNN. ConvLSTM. actor fl critic P 2% 11404544

Input image

K2 AEIRMGIILEHCS TR ML ARED

Output dimen- Filter =~ Number of

No. Layer type

sion size parameters
1 Convolutional 20x20x16 8x8 1040
2 Convolutional 9x9x32 4 x4 8224
3 ConvLSTM 9x9x32 3x3 73856
4 Fully connected (actor) 3 - 7776
5 Fully connected (critic) 1 - 2592
Total — - - 93488
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4 (9 Al o) A TDIRZR (14 1.
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P 2R AR B B 2 4 Intel Core i7-7500U CPU, T
YEAI# R 2.90 GHz (BifZPUZkF2), 8 GBIRAM, T.{E
B Z N 2133 MHz, W Tensorflow 1.15.0 B 64 /37 Win-
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PATEANRIESS, BITHER RS 08 84 15 % <84
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4.2.2. ToUEPE L

SIS HE T A3C HIE DR YIRS A], AR R
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Time (step)
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Identity of the noisy image Noisy image Condition

1 I=1,+vO( t<300

2 I=1,0(1+v0O{) 300 < <700
3 I=1,0(0+v0O2x{) t=700

© represents the Hadamard product. {'is the magnitude of noise.
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Abbreviations

A2C advantage actor-critic

A3C asynchronous advantage actor-critic

ACER actor-critic with experience replay

ACKTR actor-critic using Kronecker-factored trust re
gion

AFT after fine-tuning

BFT before fine-tuning

CNN convolutional neural network

ConvLSTM  convolutional long short-term memory

CSTR continuous stirred-tank reactor

DDPG deep deterministic policy gradient

DP differential pressure

FIM Fisher information matrix

FMI froth-middlings interface

FPS frames per second

FT fine-tuning

GAN generative adversarial network

HJIB Hamiltonian-Jacobi-Bellman

HVAC heating, ventilation, air conditioning

LST™M long short-term memory

MAE mean average error

MDP Markov decision process

NAC natural actor-critic

PPO proximal policy optimization

PSV primary separation vessel

RL reinforcement learning

RNN recurrent neural network

SAC soft actor-critic

SL supervised learning

TD temporal difference

TD3 twin delayed deep deterministic policy gradient

TRPO trust region policy optimization

t-SNE t-distributed stochastic neighbor embedding

UL unsupervised learning

UMAP uniform manifold approximation and projection

Symbols

E[-] expectation

é.(+) spatial features

$.(+) temporal features

0 temporal difference error

o, distribution of initial states

v gaussian noise with zero mean unit variance
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s

() optimum value for the variable, e.g., ¢"
In(-) natural logarithm
R, G empirical reward, return

q,r,v  expected action-value, reward, state-value
x,x'e X States € State space
uelU Actions € Action space

n(+) policy of the agent, also known as the actor

0 (xt|wL) temporal difference error

V() estimate of state-value, also known as the critic
o) estimate of action-value, also known as the critic
Q occlusion

Parameters

0,0, learning rates for the actor and critic: 0.0001

y discount factor: 0.99

K intensity of occlusion: 128/256

A shape parameter of a Poisson distribution: 1

P occlusion ratio: %

¢ magnitude of noise: 0.2
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