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i B HANEAEARGNHRNERTE P HERE0 A AR EEEH SN, &4
T K 42 B8 A7 (Bi-LSTM) W 4 Fn 4 By 4 2K 28 4 R 3t 90 B 4 (ACGAN) By 45 5, & W — ##
BERA N EERHFAERE N EE, ZEALEARX 0T A XAEHE, A RBX
J Bi-LSTM £, L E F I h N, RERE 5N EHNE E XK, £ R&E D &K
RHRER, HHEKE ACGAN, AR EBHFRN B ZHFRNERA AR E LG E
Wk, FE, bR RN ATRE AL KO E M, 4 FFE ACGAN th Z 5 — o %
4%, 5\ Wasserstein L EREEELF 7 5 & R FFI WM E S, XA M8 B Ar &
BT, ERZA, GHMEE ML, ZEF AL LERETHEFT 3.96% ~
9.62% , [& Bt SR Z &N, il T A H EE A E R A T AT

RBiE]  H By % B O R & (ACGAN) 5 X 1 K 8 BT 12 ( Bi-LSTM) ; Wasserstein
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24 7 A S A 221 4 52 3 R 2, o 3 i A TR 4
HEAFEZEEN, O AR, @ HEREEN
B ER ] R E D AT e
SRR AN e RAEASER A . M T L
TN A PR , 22 1 HEBA 22 0 5507 T 0
FAF ARG , 0 HR Al G i HE A A 3 S LA o
POV, B AN AT B A7 , T BB T 50 o B 58
HEFEDH

45 - BN 2 SR 58 S SR P A 0 B 5 fy D5
B, R e HEA BT a4,
BEE AR SRR AR R R, — 2 E RS
KA AR AR X HE BN AT S . SCHR( 8]
R 3 T 1) P Bsf 25 A DR, 1) P ot 2 ) 4% R K 1

BRREXT RN @ AT Al T, (ELBT A A % 5
Gk o SCHRLO T o i A R A8 R B RS )
TR B A 40 O 28 X ZE A HE A BE SHEAT A, {EL S
B e 22 38 SRR M 458 1 22 2B o 8 £ B O RN
o SCHRL 10 ] AR 4 ik a] 5 A F A2 8] (5 A R AR
F,FI AR BO7- 1 i3 RN B A AT A
BTSSRI A5 AL T B B | AL 8 . SCHR[11]
I PR 3 5 e N B T BN R Bl R B A HEBAR
FEARTHRAL, B 07 ki TEBH TR E 4

H1 T3Sl PR Y 52 AR AN 2 A8 P, B S b e v
Bt S 10 R P N 23 5 R A L SE R R A, 3 (A
DIREARIIR 2y i) HE BN Ak e DA g Sr BRARIR S
TRIREAL, I Bl TR AR 2 SR B R R
S5 I R 15 S0 P 500 5k 2 ) R, {1 55 2R A 58 D7 e g
FHEI%E

Az X BT B 4% ( generative adversarial networks,
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GAN) 1Ry — 8 24 1y A i AR R, TO 75 4 8 2 4
MR , T BB AR A T SRAE RO HE T , k0 T
Ih /R A A A2 > AL, B ol 78 AR S5 5 B R ] 34
B OL T, A7 T AR 4 B S 5 19 PR 7 43 A e A
) 4370 BB , KRR T THE AR .

ET, GAN B 7E B L5 | it 1] 2 37 b 21
RS BTN . 3T I, — g2 R HON T 38
AR 2 | B2 B R 2 A ]
B RPATAS ARG H (H B R A R i B
F B, A BIEH T3 RS AT 5 B, 80k A
IO T8 28 HE ELAAR ) 3 BT 4015

ARSI B R BRSAE R, H R
PRSI P AR IBCECE 1) B AR B T 1k 5 53 1, SR P T
Bl , AR 3 B AR 5 S HEBA IR M R R L
B X i 4 48 B 32 42 ( bi-directional long short-term
memory , Bi-LSTM ) ¥ 4 &b BRE [ F5 51 (4 B 7 1%l B
AR A BB R 4% (auxiliary classifier generative
adversarial network , ACGAN) " ¥ A4 1 5 432K 4
BT, S B B A HE BN B A T 5 402
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THI B SN IT [ AT D RE A E R o, A A
AR R A 5 40E XSS O 8 N UIREDIE,
SRV LA A ZHRE 22 18 AR AR B o R A A, R s
b BrA DI RE % 8 A HE A 2 F %, B DU Z2 X
TR

NARAT A FRAE LTI B O, X5 5 R A Y
/N RRHEBN B AT Al 1o SRAT 45 A 20 HE
AT ARSI /I, 21 XT 45 SR 2 HE B R A B R A
SCR R HEN G B LN AR , A5 BN |
ZRITIH BRI AT (LLAT IS (LLAT 847 21 |
TAE 2 A 2 EA AR, AR R A THRTE o
TR R, 0 41> T BE 4208 20 31 BRZL AT A
KTESARI 2L T T AW (s) B0 B A, 40
K2 froR .

T MBS TAMER
——— K—Aﬁ
| | I I | |
0 T -1 T, T-T T,
(BITHRIZ) (LITHRIZ)

2 ARATHREE & B XIS 4R

B ¢ A T T RE 23 1 2 T4 b B
KI = [V, ¥y, Y], Horbn HOBRTEESL, Y,
F5 ¢ A RIS n AT BRI, FORF

P = [pi?, 4, 85, m&, mi, o1, 121

(1)
Ko, p dl)d) ml om0l W) Sy R
A n AT ES RN ST
FTHHG ST iE 47 20 L0 AT 3B AT I 20 AT 38 A7
IR EIE S IAR A Y RRNE R S IE S

VUL H R 0 A R A

I1=1[1,1,-,1] (2)

Wy ARG AR ¢ x (nxT) , XL H% 1 ¢
+ 1 B 20 B A T RS ZE 3 1 /1N Rk A 2 U
Q' , HAEBCH n x 2, R :

Q. =g, g, g7 ] (3)
Ao, ¢ o+ 1 BEZISE n AT R A 2
W A5 5 /INHE BN ZE 08 o) 85 ok BA 26 47 5

n,min
(2+1)

n,max ©
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ECIEATZE B 45, BT ATE A HHEBA S TR
SA—AIRAT S, S35 TR LT AT 55 TR 2
PRI LA, BORELE & HE BN R BRI 2 Bl A 4 o
BEFE S MO A 4 PSR I 00 . B B HE A 400, 75
FIBRE IR RN T — @', — C..,,C,,, FRl
_F:

Ci = [ef"?, e e, D] (4)
A1, e Ko+ 1 RIS 0 AT BHE BN A AR
SR G B /INHEBABR 28 c'7) AR R BA AR 45
e, BN TRE i A 2 T BB I 910 o I
2 AR,

2 ACGAN H#*

GAN Hi Goodfellow %5 A1) 2 | A5 70 AE 40 45
2 ANFEEXS BT 2 )2 AL, B AE AR (G) R 51
(D) G U 2 IR AT B2 S HSLHUE X,
5345, D I B R A BB X, 5 SRR X
SYFER, R T ARG P, 2 A R4 R B AT A
b, B SL B — AT 4

EEXE GAN 223150 F A B S B S d B A
AT PR, %k RN 4% 1) ( condiitional gen-
erative adversarial network , CGAN ) 7 A= B %8 #1351 51
FEPOIMAARZAS B KB Y GAN BIRLAR A I
B, ACGAN""'7E CGAN FyFERt HAE T —2
Bl , B R A A B R A5 B, RS BR T A1)
FEAR TSN, BN T — A48 B 4302538 (C) FOR 4
AR G B ARRAG T, A5 3 fis .

(=)

Eakl @@Hﬁ%} )
EHRFEC X rea (data)
)

3 ACGAN R4

F T A% — A HHE A Sigmod T BRI BORE £L
PRS2 01 Z [6], FH T ARG 75— ol o
Softmax 25732 #4315 B & 1] J5 Ja #E %, HI T2 &
o e A bR KRR 15 LB X USR5 2K L A0

T 2 ) ¥ X E AR B 2R L 2 R 43, 433 R A
Tz
Ly = E[logP(S =reall X,;) ]

+ E[logP(S = fakel X,,,) ] (5)
L, = E[logP(C =c¢c| X,,,)]
+E[logP(C = ¢l X,,,) ] (6)

FEVI G5t o, 0 58 0 F AR B2 SR AL Ly +
Lo, ARSI BARE B L, — Ly,

3 B#t#y ACGAN & 3%

AT, BRI GR 1 10 0 531 4% 4 BB SR T T
2, BT ATEYIZRT , 05025 f0 A FP Lk 5 H BUAR A5
B¥i , ACGAN IEAF S A SO o fE BLEERE 1, A H]
TEFF 22 M 4% (recurrent neural network , RNN) H Bi-
LSTM A% sd , i H 5 ACGAN Z5-45 iy 454 RAC-
GAN-JS( HFp BT IS B , #E— 5] A Wass-
erstein HUEAUES JS HLBER M &8 A lUF 51 5 KL 7
S BIFEES , IF%F H A5 s B AT A0, 48 ) ek iRk
WRACGAN-div,
3.1 KBRS

JE36 B9 ACGAN W 48 3 A 3 T ik [7] Je 51 %k
¥, Bi-LSTM 7EAC BN FP o B BA 5 ivERE, &
TRT> P 28 —Fh“ 10127 DI BE , AT AR 95 P s i RS IDUF
BRI B 1R] A e A e FE I Bi-
LSTM £ ACGAN [ 2% i) Az i s , AR B 45 4y 4
Kl 477K

K 4w ARSI ) 2 B A SR AU IR 0
ACGAN Y FEATLE 5 FIARZEAT A LA i SR PF A
Kt FHEN BN AL L, Bi-LSTM I 2 E 48 1R
I=1[1,1, ", L], 8% ARYE LA
I, b 20 0 BOROR 2 1E a3+ 375 B 11 ) )2
FEBURAE B, , S AT A 25 1) )2 BRBURFAE '\, 9K
JEM b, R, FREREUR R 0, , A2 EEE
R AR BT G(T), B ¢ + 1Ak 200 A9 HE BN 2 4
BAGIHE Q11 00,.Q' ) RN

o, =f(w, -h, +w,-h') (7)

Q.. =G(I) =6x(w, -0, +b,) (8)
L f(-) FRoRBi-LSTMEG i, w, \w, 4 [ERR 2
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A %28 (Bi-LSTM)

Q gen

Q Qreal

01,02, 01, Qi

PAlb e

Wasserstein paxiil

{ AUEE PEES
( Softmax

| )

El4 WRACGAN-div %&£

[ AIAL R, wy by 6 4 R HEZE WAL B TS
PR, - FORAEREZ AR R

TEHIET 4 Q. - HELHEBNER Q.. 7155
i ¢ M2 HEVFES @ = [Q,,0,,-+,0,] #A4T
o, BRI MAEA Q,., = [01,0,,,0,,0".]
MELHAQ,, =10,,0,,,0,,0Q.., ], RIF5 5
AL F RS o XA I R R g o T AR
FIBIARSCHE , T XA P2 o3 A5 A TR0 , 2 U
AL Q' 5 Q.. , WITGH > HHEAY
HIHIEAE S

JEhG ACGAN EL{BHI 531 H b o BUFF 15 Y R B
B2, HHGIE AL CGERL) B, M1 %5 B bR 55 T
/MEESCREAR M S, S HEIREEAR M S, Z[H]
fY JS BIURE 45 2 SO0 Al B0 B4R, i R BUE AR
BEEETE S . FHEL IS HUE , Wasserstein [ 25 7 i & 43
A EE RS B HA P 1 R, RO 2 Ao A A
B, BT DU " i,

SCHR[ 21 ] LA Wasserstein B0 254E 4 H b BR%L, 1R
I U TN AR E I )&, {H Wasserstein [
%952 Lipschitz JESEZE R AYBR ], RIS pR EOR BE i
FAMA, M A ) 500 % ) AR AR BT 2 A
P97 2, 36 AL Lipschitz 2604 (2% id T4
e, BRI T B 85 A& BE 1. Wasserstein B B Y
XHEAFARUT
W(S s Sen) = ”;mlEMm,[f(x)] -E,s, [f(%)]

(9)
A, f() NESREL, sup ZARIESR, [|f], <
1 & Lipschitz 144,

SCHK[ 22 ] 72 B A b2 T Wasserstein &
RS, BE#E B0 T Lipschitz 2% 1 B BRI, SCARIUE T
Wasserstein Jf 2§ 19 {5, Wasserstein 3 & & 7~ W
I
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Wy {85 59 ) =}££Ex~s,eal[f(x)] - E;s,, /(%) ]
+y x Eg g, [ VAR [17]
(10)
K, inf FREUF A, Q A —Br ol ek Ezs 6],y
KA ASEL, V) HRBIBREE, S, T2 A
G3A LA 1
. (10) A Lipschitz 5440, W, | Z2HIE
BCERYEOE, | 2 g Wasserstein JHE, X &
DRE X EEEECN 5, 9 B /MUEHT 2 B 2R A L
i, REIEFES /N 2 MRS, BN B
THR IR, PRAF T Wasserstein #7554 5 .
Pk Wasserstein #0545 & 73 70 1E 55, J& F [ 9 4%
% i F B i ACGAN EL{BLH ] H /) Sigmod oK%K,
51 R A TR R0 4 LA St 8 RPAE B2 BB ) 432k
fiE, P& ) — A~ 4 7 4 2 0 — 4k Ar & R IHE
Wasserstein iU , 75—~ 43 2 )2 i ) 28 A - (H
FARIH 253 238 A
3.2 BHirEHE
5| A Wasserstein B )5 , B T4 kA Q,,, F
FLHREAR Q. BRI JE B 20 I BAHR SN, 5T A B 2
M5 BAR—0, XAl BE & S BN 58 5 & 1K
Wasserstein Ff B AR BT, (H e J5 B 20 16 HE B 42 4 %k
ZIER . X AAF O, 72 A4 AR R i A
170,50, WHFHIRE G, . BIE=(10) , H7]
ar i Hbp 2 K AL Wasserstein B , B e Jo — I
HAMARTOR, B B2 5R/IMERT 2 T Wasser-
stein [T o DA SCH A A I 43 40 i) o 1 452
KRB Dy A AR IR SRR G A3 R INT
Ds = maxEg) .o, [D(G(%))] -E, 4 ,[D(x)]
~kE; o, [ Il V:D(x) |”] (11)
G, = Gy +6G,, (12)
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Gy = minEc(i)~ng|:D(G(5C)):| _Ex—-Q,mlI:D(x):I
(13)

1 n ;
Gmse = mln?zizl(gwl,i - Q t+1,i)2 (14)

R, G, % Wasserstein FEBS$512% .

433 B B85 B ACGAN —# , RAEIEE, M)
KPR WA Dy + Lo, A BRI e
IME G - L,

4 LRt

4.1 HIEES

D 6 AR TR ) T 5 P, AR S T M T SR TR
- A RS SRS 42, 2 DR 5 A
169 s, 7 I J7 &8 R 5 423H , RAE A 5 (a) (& 6 Al
# 1,75 SUMO fij Ear h 5 s 05 H B M. R 3 ik
RETE0 ~0.5 Fi/s ZRIFEYLREE, 4 25 DAY
A — W, 5 Haz 17 3 000 4>, a2 17 1 &
B 5 (b) Bz , SREUCEERD BT A 47 18 91 2473 B2 AR A
LR L e

() RULA (b) 1 BT

ES5 ZXkEO

RUARR

GiEIvA HAfr2 HAfL3 HAfz4
E6 MHLER

®1 EHARER

0 AHAE 1 AR 2 PENAR HENL 4
! MALEAT MdAH AREEHAT HREAHE
A (s) 46 42 42 39

AN BN SZAR AL A% i B A e 7R 08, AR I 4R aE
RE, WA A BR AT IR Ao D R I 45 F) e S5
BE, RN PTA R R RIS T AR e AL 2],
THERRHIE B 2 18] B B AR, FR I F

Y, ; —#n

orm  __
Y. =
o

(15)
X, Y, ; 5 n DEERE IR, u, ;-
o, SPAZTEES j SRS EATT 22
Guit HEBA A B oA, P 5 SSE T O, K
/N RORHREA M 70 B 4 RIFAT EAR%E. K2 W
FAEIGNH EWRGE R, H 0 2 3 K51FRR
Wi AT JIBE

xR2 HNMEFHEHSHERXE
HEBA (4%) 02 12k 2% 3%
/N 0 [1,3] [4,9] =10
o [0,4] [5,10] [11,20] =21

4.2 YI%HET

BEBLI o> 5 5, 80% Ml 2k 5, 20% S P
4, #R T (batchsize ) 3R 32, B 4511125 2 000 K.
A s R FIBUZ M 2%, BEOBUZ B0 7 128 Mg, MR
PEARAL R B/ NI SR AT I R BB AP K O 38 55 F 5 A%
K 4 BB EM L, 5 —ZH ] Leaky ReLU
WA BRI, BRERS 1 )25, HoAth 2 8 B St AR HEAL (batch
normalization, BN) , #12¢ sREH y X 2, n XN 6,
24P 45 R AT Adam fE AL RS, 2 2] # 0. 0001,
a7 B VN ZRE B PG5 B4, Sy A s R 1) 2%
BCEMZTTRIE , 2R 1% 2 Dropout 24 0. 25,
4.3 ZWHERSHW

N T RS R BT R, AF ) E bR R BUE AT
JE M HRAE 2k . 1] 7 (a) 7 RACGAN-JS £
2R AR, B 7(b) IASCG] A Wasserstein
W R Mgk etk #e . AlE & 7 (a) ZET
SO T RIZIRD , RE R R G TRE  HK
BANABRIRG IR ; & 7 (b) NERLERI MRS
FLE RSO RA/MER Bl B T R
IR E T, TEWSIGHE T, 8 7 (a) 7TEZE 2 500
W THE , B 7(b) 7E1E404 250 Y5 i Pz i
S, X ULBH L) Wasserstein 805 4 H A sREOINPL T X
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IS, 735k, 18 7(b) FP ISR AR E 7E O Fff
AT, XU A AR S 5 SR B A B R B AR R

3

25¢v | | Gtk |4

0 S(I)O 1 0|00 1 5100 2 000
EARIREL (IR)
(a) RACGAN-JS ¥ 2451 2k

N FURIES TG X A EATT, A s B REAE S HSCHE
AT A S AL AR AR o

0.03 fr
D #i%k
0025+ | G Hik
0.02 |
0.015 |
-E]g 1
& i
B o001t
i
0.005 | [ ]
_0.005 L 1 1 1
0 500 1000 1500 2000
IEARIRE (IK)

(b) WRACGAN-div P24 2%

B7 BRSNS METE R MR K3 2

YIGRTE U , 45 A5 e $2 B0 HE SR DAk oA 4
AE, 7D AR R 5 SR [ 10 ] AR R I 5l Y 48 %
SE-# ( exponential smoothing , ES) 3 #f /5 ¥ . LSTM &
% \RACGAN-JS B ATXT L. B 8 X 4 FhEIE
XFTHREAEIE 1 AR HRBA A TH45 R, e 50
JAE R . AT LAE Y, ES J7 ik BAR REERER HE A 2240
A, (H 32 B HE R R A BR ] , AR TH 5 R 8
R S, LSTM . RACGAN-JS ,WRACGAN-div ]
it 5 HEER BN, O BURG BE SO0 T ES iy 2%,

15
&
= 10
&
& :
2 SE
i

0 . . . .

0 10 20 30 40 50
JAH ()
(a) ESflivh &5 R

15 T .
&
&
'
ot
=
*®

0 L 1 L L

0 10 20 30 40 50

JAIAN)
(c) RACGAN-JSfi i1 45 1

XU B 5 [ AR ) P SR B A L, SR RO 42 18
M7 N RE T HET L R AU R R S A, 5 LSTM
FHHG , A SO A TEDLAG BT IS 3976 B8 8 B B, X
Fob g T A ORI 0 £ X0 L SEBUHE 0 S R RE 1. T
Hb, BIRE 8(c) FI(d) WK Wasserstein BB 5
SR IS BUEEHRRE IS BN B A B, (B A& 7 \]
I Wasserstein HUEE J5 , P 2% F W SIGE 2 5 50 5 1
BN THRT, BAIE T A BB i B

€
&
-4
Kt
=
#*
0 ; ; ; ;
0 10 20 30 40 50
JAM AN
(b) LSTMA{Hi 45 1
15 . ; ;
—o— SEfR(H
g | ¢ h A/ L fvHE
= 1070 A
B oeupA:
H
= 5
#
0 ; ; . ;
0 10 20 30 40 50

RN
(d) WRACGAN-divAii 45 5

B8 FE1RKHNERGITER
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& 3 NA IR B HEA R T HE A 27 1R
22, IRLI R foe/ N 22 , 37 o IO A 593 1k R A
o ATEAE W, o8 2 i Kk J2 fie /> HE BN 72 4,
WRACGAN-div RIE B FE g 8 B3RS T

R/MRIRZE , SRR THEBEZ AL T Hofh 3 Fhor ik
750, N ES FIEBIA SCR Ik, B IR 22 R A A W sk
/N, ST A 50 B 3 B4 i 3R EAR B B B r %
GEAG T A S0 B 3 P A A o

®3 BAEHRERMGITRE

wRE Jiik FiE1  FH2  FiE3 0 FiE4 H9ES FE6 FIHT FHS
o ES 2.283 2.604 3.233 1.705 2.893 1.847 2.744 1.131
?:H?i LSTM 1.877 1.524 2.725 1.622 1.925 1.689 1.727 1.411
MSE RACGAN-JS 1.246 1.662 1.169 1.404 1.472 1.176 1.758 1.463
WRACGAN-div 0. 822 1.557 1.397 0.836 0.775 0.653 1.047 1.156

e ES 0.482 0.273 0.326 0.286 0.39%4 0.197 0.228 0.315
LSTM 0.217 0.114 0.196 0.127 0.232 0.100 0.162 0.096

ﬁMFSBﬁ RACGAN-JS 0.165 0.062 0.088 0.154 0.103 0.122 0.073 0.114
WRACGAN-div  0.071 0.069 0.053 0.090 0.074 0.109 0.086 0.049

TE DAL B VAl A 4 19 70 6 L RE , FVER R
(Acc) HK5HHHR(Pr) A B (Re) \F1 {H kappa %K
(Ke) fENERE VRN 1A, 446 b 24 2 s M 4, 2
BIFRUNT

TL‘
Ace = —2— x 100% (16)
n.
0 13
Ti
Pr = AT (17)
T.
Re = — (18)
n;
2 X Pr x Re
Fl = Pr + Re (1%)
Ace - ( iTini)/( ini)z
Ke = 2, 2, (20)

1-¢( Z:)Tini)/( Zgni)z
A, T F,ng S0 9 IERR TN D 56§ SR04 55
DRI SR § ZRMNEER | RSERRI AR
Oy WK 4, NI E A 28 5 A
ROEER FEHGKE T 90% Zifh, KA Ir HE
BN 93.29% , kappa ¥ N 0.91, XFEHHAL
SRR AT TE 3 DU AR BE LU BORS HE RO 5 , 7T
4 2 28 KR PR S 5 5K
5 BAXE LY K H&IL4F (k-nearest neigh-
bor, KNN) | 3% % [6] & #l. ( support vector machine,
SVM) Fh22 1 447 ( naive Bayesian,NB) .LSTM 4 7@
PR T P RRE I RS 5, R AT i 4 Fib

BYES NG BEERAE 90% A SCE R KNG HZ
HHEE S 5 i Hh 3. 96% ~9. 62% , 7 KPR REW] B 5
(/s

%4 WRACGAN-div EE 4 KIRE
25 Pr Re F1 Acc Ke
250 0.96 0.99  0.98
251 0.95 0.92  0.94
B 2 0.86 0.92  0.89 93.29% 0.91
P 0.94 0.87  0.90
x5 TEEZEWHEERE
SRITR: RUERR
KNN 84.00%
SVM 83.67%
NB 86.85%
LSTM 89.33%
WRACGAN-div 93.29%
5 & %

ASCNEIE ) SRS A BE &, LA A SR
H g AR, SEBE T M 3E R B 2 B8 48 HE A
AT 70 2 o 12 8 1 ] S0 B Ak e ) JBE S
3, A T U A T HE A AR R S SRS A R AL
XA BEE 20 5 2 res A —E M.
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A, G5 7 HEBN 0 BRI 1 3% 2 51 W] B 240 B 3%
MEAZEARZS , A ) T BARAE AL 42 07 S8R, T 2
RN &

BRI G HE BN 2 3 BIF 5 TGS TR S F) ) R, A SC
454 Bi-LSTM I ACGAN [ f £, & ) — A B4z 9K
ShER A 35| A Wasserstein 8F Xt JR 15 ACGAN &
VAT IO o AR TR N A S S A R R A,
SR FH R A B B 77 A TSR ES . SERER
KU, P RE A B AR E MRS B, AT
5o REREII LT HA T HL B2, B R 1 )
it 2 T HE BN ZE 50 5 A0 AT AT 1, R I 4 R 20 Y
AR

2B TTARRE R AR A8 S8 PR X0 A SCR
A3 PP T IR IE

2% 30k

[ 1] 5K3tzc, BRBASY, ST ar. 2T RR S DB E p i th
A B AT S E R T]. SSEfF RS %A,
2017, 35(5) : 55-61,82

[ 2] BR, WEMK, KI5, & ETHFESEHNZN
ERIER AT [T]. A%, 2019, 64(6) : 136-142

[ 3] FE3EX, Mg, ZE5eF. T % 3h 4 808 i) 30E IR 7S
R 07 AR [T]. RS RE% R (AR
fR), 2014, 42(9) . 1347-1351,1407

[ 4] Maria S G J, Evangelos M, Panagiotis T, et al. Multi-
source data framework for road traffic state estimation
[J1. Journal of Advanced Transportation, 2018, 2018 .
19

[ 5] shoin, EBGE, thmfs. 2T MBI cE
MU EHAR ERA[T]. R R¥%M(H AR
RR) , 2007(3) . 521-526

[ 6] FE#H, L, XX WAFESEXAOHAKE
BT HARK 2 (T2 /) , 2008 (6) ; 1287-
1290

[ 7] E8E, BE, BHEE REES X HK EHE
BARI[T]. RS R (A RPBFM) , 2012, 40
(11) : 1634-1640

[ 8] ARELE, B 175 M52 X 1 E @ HE K
[J]. FARR 2R (TR , 2009, 39(6) : 1457-
1462

[ 9] BRI, BY, PRl 2T R3S 48 HEBA
KEERMIED [ T]. HRE TR M (B RB

— 1176 —

%), 2018, 32(6) . 169-174

[10] Vigos G, Papageorgiou M. A simplified estimation
scheme for the number of vehicles in signalized links[ J].
IEEE Transactions on Intelligent Transportation Systems,
2010, 11(2) . 312-321

[11] X%, £RE, BEM, & ETEHIEEENGFS
AR AT T]. BB A0E 5242, 2016, 16
(4).7-11

[12] Ramponi G, Protopapas P, Brambilla M, et al. T-CGAN;
conditional generative adversarial network for data aug-
mentation in noisy time series with irregular sampling
[EB/OL]. https://arxiv. org: Cornell University, 2019

[13] Bharadhwaj H, Park H, Lim B. RecGAN: recurrent gen-
erative adversarial networks for recommendation systems
[ C] //Proceedings of the 12th ACM Conference on Rec-
ommender Systems, Vancouver, Canada, 2018 372-376

[14] Li M, Wang L, Yan J Q, et al. The study of traffic flow
information completion based on GAN algorithm [ C] //
2018 IEEE 7th Data Driven Control and Learning Systems
Conference, Enshi, China, 2018 1185-1190

[15] Koesdwiady A, Karray F. New results on multi-step traf-
fic flow prediction[ EB/OL]. https://arxiv. org: Cornell
University, 2018

[16] Albert A, Strano E, Kaur J, et al. Modeling urbanization
patterns with generative adversarial networks[ C] /2018
IEEE International Geoscience and Remote Sensing Sym-
posium, Valencia, Spain, 2018 . 2095-2098

[17] Lv Y S, Chen Y Y, Li L, et al. Generative adversarial
networks for parallel transportation systems[ J]. IEEE In-
telligent Transportation Systems Magazine, 2018, 10(3) ;
4-10

[18] Odena A, Olah C, Shlens J. Conditional image synthesis
with auxiliary classifier GANs [ C] // Proceedings of the
34th International Conference on Machine Learning, Syd-
ney, Australia, 2017 2642-2651

[19] Goodfellow I J, Pouget-Abadie J, Mirza M, et al. Gener-
ative adversarial nets[ C] //Proceedings of the 27th Inter-
national Conference on Neural Information Processing Sys-
tems, Montreal, Canada, 2014 . 2672-2680

[20] Mirza M, Osindero S. Conditional generative adversarial
nets [ EB/OL ].
2014

[21] Arjovsky M, Chintala S, Bottou L. Wasserstein GAN

https.//arxiv. org: Cornell University,



UGS LT U0 ACGAN B335 i 4 i HE A 9 il S Hr 2k

[EB/OL]. https://arxiv. org: Cornell University, 2017 for GANs[ C] // The 15th European Conference on Com-
[22] Wu]J Q, Huang Z W, Thoma J. Wasserstein divergence puter Vision, Munich, Germany, 2018 673-688

Lane queue vehicles estimation and classification
based on improved ACGAN algorithm

Guo Haifeng™ , Yang Xianzan” , Jin Junchen ™
( " College of Information Engineering, Zhejiang University of Technology, Hangzhou 310023 )
( ™ Institute of Intelligent Transportation, Enjoyor Co. , Ltd, Hangzhou 310030)
Abstract

Considering the difficulty of constructing probability distribution and modeling in traditional model-driven
queue vehicle researches, a data-driven estimation algorithm for lane-level queue vehicles combining bi-directional
long short-term memory ( Bi-LSTM ) network and auxiliary classifier generative adversarial network ( ACGAN) is
proposed, in which the intersection spatial relation model is not required. The generator turns velocity sequence in-
to queue vehicles by Bi-LSTM according to the time correlation between them. The discriminator comes from AC-
GAN, categorizing the queue vehicles to congestion level labels while distinguishing true and false samples. To
avoid training instability and gradient disappearance, the original ACGAN’ s true-false binary classification task is
abandoned, and Wasserstein divergence is introduced to measure the distribution distance between the true and
false sequences, with the corresponding objective function optimized. The results show that compared with other al-
gorithms, the classification accuracy of the proposed algorithm increases by 3.96% —9. 62% with the minimal
overall error, which verifies the feasibility of estimating lane queue vehicles by velocity.

Key words: auxiliary classifier generative adversarial network ( ACGAN ), bi-directional long short-term

memory (Bi-LSTM) , Wasserstein divergence, lane-level queue vehicles estimation, classification
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