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Abstract: Aiming at the problem that the existing multivariate time series anomaly detection models based on variational
autoencoders could not propagate long-term temporal dependencies between stochastic variables in latent space, the sto-
chastic Transformer for MTS anomaly detection (ST-MTS-AD) model which combined Transformer encoder with VAE
was proposed. In the inference network of the ST-MTS-AD, the MTS long-term temporal dependent features generated
by Transformer encoder and the sampled values of the stochastic variables at the previous moment were inputted into the
multilayer perceptron, the approximate posterior distribution of the stochastic variables at the current moment was gener-
ated by the multilayer perceptron, and the temporal dependencies between stochastic variables were realized. The gated
transition function(GTF) was used to generate the prior distribution of stochastic variables. The generation network of the
ST-MTS-AD reconstructed the distribution of the MTS values at each moment by the multilayer perceptron whose input
was the MTS long-term temporal dependent features generated by the inference network and the approximate posterior
sampling values of stochastic variables. The distribution of normal MTS dataset was learned by the variational inference
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AR =B AT RS A AT PR BT B A3 S e SR AR
A, ARHFAE TR Z 4R TS (MTS, multi-
variate time series) ¥#E!". #it1, ZAR%E CPU
FIFR. WA SR, MERESRNESRE, s
PRI E . i FE AR R A A A, I
RABIBATIRESWIENE S, L) APPSR E .
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R WA R RN DR R R RIS DL K
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BE WA R A ROH N, R AT REIE A TR K
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IR SR A KR Tl v g A 2 44
HSHBITIHE. BAEAN G EAHGRS RGA B
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SR E . ARG AT mTR SR
—RSCRF RN ES T ) VA TR R A e T
kA MTS s = 22 5. B TR B ) 9ok 1)
ARG S, Ak, BETREZINLRE
MTS R Bl A3 2] 1 T2 0« MTS 7 kil
RGN e I 1 & S R ot
MTS FEARBEA 7 H 8 FP 51 X T 2 5 A . 1%
N 20 7 5 A 8 T[] e R B ) 8 A P S
A & TR 9 e i R AR Y

BRI S ] @ AE Tl 45038, MTS B3 44 i 12 1 i
HLE, BTG IR I T — SR i 2 S R A 2010 e
AR PR H RN 2T IR MTS FEARSE I P
I3 o FH, KA T IE S A A 4 N 2% (RNN,
recurrent neural network) F1ZE/r H 4wt (VAE,
variational autoencoder) #A5 MTS 4 [ I 746 it
PERIBELME . B DA RBRAELE DT [

1) KA RNN (&SI VAE Fa2s i) bl
MUAZ & (A OB R A, AR RNN X DL 3K 7 771
s A AR, X BRAIR T 5% 2 7 B Edls 70 AT 1)
CVAR

2) IR BENLAR BT AL 5 o A A e 58 o) AT
10 2% S5 R AR TR], IX A 2 A3 A KL #URE (Kullback-
Leibler divergence) FRESHI/N, I 1A 1125

HESE o BT AN ORI (LGSSM, linear
Gaussian state space model) 115 RN & 19565 7
A TGV S I LA 2 ] () AR 2 P A 46

3) FET RNN FRAE B 25 A AT B AL AR B 1)
KAEAE, WA RNN HERT X 25 05 8 MRS R &

BEOFBA b )@, A SO A n) b A
MTS M FIBENL Transformer (ST-MTS-AD,
stochastic Transformer for MTS anomaly detection)
iR, ZAEEY Y Transformer 4 #s % R~
%) MTS KB AR FD b — B % BE AL AR & 1)K
FEAR AR 182 IS 220 B LA B 1R 30 AL 5 36 o A, A
ST-MTS-AD [ {8 Ff] Transformer 4 ith 35 i Hi (1K i
PR A 7 B8 25 Ta) v A 7 Bl A1 3% 8 1) 8 K I A4
PR, SR 9% %% ¥ R 2 (GTF, gated transition
function) 2F S BN & 1 J6 58 73 A7 H SE I BEALAS &
[ FELR M4, WIL¥E Transformer 4ht &40
PR G A4 88 A A0 1 i AL 3% B SR AL i\ 22 J2 I
#% (MLP, multilayer perceptron) A4 MTS %I %
HUE G 1R 4 D DAUSE AT MTS £di4E B
IR ST-MTS-AD BAEUF 1 R WA MROR .
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1) 2k F0000 R0 BB R4 () 8 22 1% 77 ¥« Hundman
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W53, @ TR ZE R e, LR T —F
S BB FH AN B E R € 7%, BETE IR AN
IR 2 AR P47 . Zhang ZEPHR W T M) £ 4%
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PP 2R o Bk 75 v AT sl AL Il 25 B A
ZH 5 MTS FEARFAE,  EH B A 1% 22 A0 i
ZEREI MTS 55, Jovkdist MTS [IREHLY: .

2) HETFEMIIBEHLE ). Zong MR H—Fb
FH T 76 0B S i O PR AR I B sy 0 VR A AR
( DAGMM, deep autoencoding Gaussian mixture
modeD) , IS H gL A IR GRFEAR PR GER TR,
VAR 4 2 7 RRE A B ) 8 22 FF 2 TR I 1) ) B N
FRIZE GMM Z 500G 11 2%, B GMM #E8L i}
BIRE A B AR A E FEA S 75 7 . Deng VR
EIGHMZER3R MTS B A BAFE, HEER
JIHLEHEEL MTS KR BURFAE, J5T VAE [ E
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1. Chung 251" tH—Fh A8 SM IR IR0 22 I 25 (VRNN,

variational recurrent neural network) %7, VRNN
FR 2 DT D0 23 E1 I 0 224 T I 220 o A AN b — I
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B @ A T RNIN 3 ) 5 K0 SSM B LA &R A
fE A ZE 25 SCEL SSM BEHUIRAS Z (Al JE 2t %
He, i SSM 1] LAF|H RNN FoR i 74K Hi5¢ R B
[e] B 7 2 (] FPAL R BEATLIE . SRNN 5 VRNN X
AIFET RNN ) 5 1) SE BT AR T & 5 1 R BE L
APEE, e B AR I 2 B LA ] R B A4
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7], FEMEEA bR — AR 7 > 5 Z)
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WP 51 2 ()4 R B P AREAIE , R 0% B 407y 2844 0L
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A2) po(x', | 2,) 7347 B W 268 2544 o

( Linear J ( Softplus )

MLP
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ORRO

B3 ST-MTS-AD F5Z A i /0 2% 45 14

t 2] po(x', | 2,) oA T
po(X'12)=N(x' 17, (z.e), diag(/, (z,.e))) (13)

Hep, x| A A nEli A [, O ForE 3
i MLP Al Linear 240 HIRRZE X 2%, 1% 48 4 B
BEHLAR & x| fM0E; /() FoRE 3 MLP filE
A Softplus ¥ bR AL A% %52 2 4 R h 22 I 44
2R R X, AR HE T 2. E Mg f, () Rl
15O AN ABENLAR & 7, RAE(E A e, . $%30(14)
B BRI AR 3 2, SRAEME
3, =p, +$00, (14)

Hr, S~ NO,D), 0 FRmBEITLETH, #, fo,
43 1271 P 2 HEDT 48 A6 i 2, ARl 36 43 A 2
TERIBRIETT 2 o

KU P 4 BRIt GTE A s b WL AR & 2, 155
oA poz | 2,) , FFSCIBEATLARS & 8] i E 2R v %
#e, w=(15)Fm.
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NBEHLYIE LRI . fE 2% 8, () F1 8, () it
B RN (16)~ R (Q20)F R .
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v, = MLP(z,_,,ReLU,Sigmoid) (16)
b, =MLP(z,_,,ReLU) 17)
h, = Linear(z, ,) (18)

gl‘z,/(szl):(l_vt)e ht+vtO bt (19)
g, (z,,) = MLP(ReLU(b,),Softplus) (20)

X (16)F /R A ReLU M Sigmoid B ik H 11
MLP, (17)%F 7B ReLU ik &£ MLP,
A (18)% 7/~ Linear /=, (20)&K/~HEHA ReLU Al
Softplus ¥ & £ ) MLP.

24 ik Bir

ST-MTS-AD BRIk H #5 i KA 20(21)

B~ BESE A (ELBO, evidence lower bound) .

T
‘C(xl:T;¢7 9) = E4¢(z|;rx1-r)|:z[ln p€ (x'f | zt) -
=1

D4,z 1205 %) | ol 120 Q1)

ST-MTS-AD 15 B! % # # B 2 % % L 24
log p, (x', | 2,) AENIMGFEA x, FR ARSI AS Ho )
FWAFIr . BARR R BEIEDUNEM T . Kk
1 0 R A R S TR UL A% B x, 1Y) A AR R 0t
HAASMANE R R S, THEAHRL F1 4557,
R F1 438O0 S (0 5 A R AR ALL SR 428 R
A x, BRI A . AR X, TPOULINAR X,
AR PURMEAR T BRME, Wb id s &0
Bbric NIER « HARIIGREEINED 1 iR,

HA1 ST-MTS-AD BRI E

BN PUCBEERIIZREE D(x,;)

ML g S 8.V

1) WA RENLIAL & 2,

2) Mk

3) MINZRAE P RAE— batch HIREA

Xr ~ Pp(Xy7)
4) Ly« 0,L, <0

5) for =1,---,T
6) EIXADFIRA5)ITE KL #E L, «

L+ Dy (N, 10e), diag(y, (z..€))

IN (g, (z,,), diag(g, (z.)
7y E~N(O,I), fgERFETFEE R 7, (2R
BEfE 2, < § Odiag(y, (z..e))+v,
(z..e)
8) it 3 (13) it S B R Ly, Ly, +
I[N (X', | £, (z, .e,), diag(f, (z, ,e,)))]
9) end for
10) L(x,730,0) < Ly, — Ly
11) Q1R Adam 01k 3% H 25
0,0 < Adam(—Vo 4 L(x,,;6,0))

12) EREERSL
3 X

3.1 ZWHEERIFE

SCBSRHCAT 4 DNAFFEREEE:  SMD (server
machine dataset) >KH—Z K HBN AT A 5 JH
P9 I 55 8% 6 00 Kt 1)
boratory ) 1 SMAP (soil moisture active passive
satellite) K | NASA fii K &% W I 5 G4k 5 v 1 18 /K
', SWaT (secure water treatment) K [ —
IKAEER (5 B RGO 11 R 4P,
SHIE SRR AR 1 s,

MSL (mars science la-

*=1 FHIRE R EryimA

E{EE S INGREAR A DB o
SMD 708 405 708 420 38
SMAP 135 183 427617 25
MSL 58317 73729 55
SWaT 99 360 89 984 51

LI R . Ubuntul6.04 ¥ R4,
Inter Xeon Gold 5220R CPU, NVIDIA Tesla T4 &
Ko BB R: Python3.6, Pytorch 1.10.1.
3.2 TLERBSHIREBEMITMIER

ST-MTS-AD %7 SMD.SMAP.MSL.SWaT
AR BRI E LN wy WEhBE O
IR T A AR 1330 H 53 0% 104 104 200
8 o AR Kt A I 4E FE KN, 1584 #E SMD Fl SWaT
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B4 L1 Transformer gmhd st i 4E % d 407
4 128 #1256, £ SMAP #1 MSL #4515 64,
SEAEH Adam fRALAE, BE 1% =0.000 1, i
AEEER /N batch=64, Il 5 HH%L epoch=200.

ST-MTS-AD  H A5 & W 5 51 x,, = Wil
B x TG RE ANRES, HUWNAE X, FR
(1 B T O o — B 8] S U £, e RY SRR A
M x, FRac A i o S T IR AR A (0 A4S W A% =
x, » QOSRE A H OB AR B X BRI R, H x,
FLARE N R E, WHCCAFRE (TP) o WilR =W
LRI AR B xRN e e, H x, ELSERRAE N
B, W AMRBE (FP) o a5 S H i g Az &
x| WERIWTOR IR, (2 x, SRR AR, WHdA
R (FND o Wi SR s H RIS & x' B 2 oy
1B, Hx BARZNIER, MHANEI (TND .
AT 3 ARk & 5 W R R K PERE, 70
AINKETZE Precision. H [AI% Recall. F1 734,
i, F1 2 EOuRE i 280 [ R B A 355, FL
I3 BB R 3R 7 e i Rar AR Y () P R T

TP
TP+FP
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TP+FN
_ 2 xPrecision x Recall

Precision =

Recall =

(22)

F1

Precision+Recall

33 XWERSHH

PEHL 6 Fih 5 ST-MTS-AD A 5% ) S5 5 A8 5 7Y
BEATSZIR AT EE, 40518 DAGMMI, LSTM-VAE™®,
MSCRED!", USAD (unsupervised anomaly detec-

tion) "%, OmniAnomaly”. SDFVAEY, &#HiA!fH
S PSR AS SC B AR B 5 30, S [RIRR AR g
REXTLLanaR 2 Fiom o

M 2 AT4H1, ST-MTS-AD #i%U7E SMD. SMAP.
MSL 1 SWaT %% L F1 205050508 0.933 24
0.966 4. 0.981 9 F10.834 2, FET 5 Fixet LA AL R A
FHEEERERTF. £ SMD. SMAP. MSL #1 SWaT
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IHIRE T 15.6% 10.0% 4.7%F1 3.3%, ST-MTS-AD
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P, MSCRED 7 r R 25 44 S B TCi A 3 e
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Gihtas oIk B MR ZZ X 0 IE AR S S AR
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FRAE. SZOG 25 RARIGUE 7 25 1 5 A 16 BE AL PR AR 1Y
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DAGMM (1] F1 43#0{E SMD. SMAP. MSL
A SWaT %4 Ltk ST-MTS-AD 5 A4 43 5
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%2 ST-MTS-AD 1RE 5 6 FiER 14 REXTEE
SMD SMAP MSL SWaT
I
Precision  Recall Fl1 Precision  Recall F1 Precision  Recall F1 Precision  Recall F1

DAGMM 0.8790 0.8325 0.8551 0.8008 0.9999 08894 0.6768 0.9989 0.8072 0.9977 0.6878 0.8143
LSTM-VAE 09741 0.8046 08813 0.9971 0.8885 09397 0.9951 0.8476 09155 0.9983 0.6842 08120
MSCRED 0.6829 09867 0.8072 0.7840 09901 08789 0.8831 0.9999 09379 0.9992 0.6770 0.8072
USAD 0.8709 0.8325 08513 0.8256 0.9999 09044 0.7969 0.9099 08491 0.969 6 0.6956 08101
OmniAnomaly 0.873 8 0.8440 08586 0.764 8 0.9999 0.8667 0.8902 0.8637 08767 0.9886 0.6770 0.803 6
SDFVAE 0.882 1 0.9263 09030 0.8846 0.9080 0.8960 0.8534 0.8945 0.8730 0.9448 0.7721 0.8497
ST-MTS-AD  0.893 1 09772 09332 0.9986 09362 0.9664 0.9937 09704 0.9819 09758 0.7284 0.8342




552

EHEWE: FTBENL Transformer ()22 i 7] 7 51 5 % For I A 74 <101«

A1 OmniAnomaly N 5 ST-MTS-AD #iz < (R AL,
BINFEET VAE )75 A i A . /£ SMD. SMAP,
MSL 1 SWaT %454 I, ST-MTS-AD #A![] F1
53 LSTM-VAE 84215 1 5.9%- 2.8%- 7.3%
M 2.7%, . OmniAnomaly HiFIRE T 8.6%.
11.5%+ 11.9%F1 3.8%. XZHT LSTM-VAE #
BTG ¥ B AR B s ) e ML AR B TR IR N A
P£. OmniAnomaly HEAIIET RNN %I %I (1) 2
S I AL AR R (AT P AR I, X R LA T V2 S
A it WL A B ) AR A B RO G BE, SR A I R T
LGSSM (1) H1LAZ 1 56 36 43 A A2 pl 5 =00 v S B
BE LA B 0] AR S Ve i e, ELAZ AT Y A A8 Bl ) 4%
AN 75 B 20 B AT AR & (V0 SRR, 3% R
W Y 4% RNN [ B& 1) =15 o
3.4 HRASELG

N T BSUE ST-MTS-AD AU A H & A

096|
09332
092k 09120
&
R
B oss|
0.8592
ol 0.8402
0.80 - = . 5
s S o 3
o ¥ &
& & & S
(a) 7ESMD¥##E4E LRy Z5H
1.00
0.981 9
096} 00454 09518
092l 09149
&®
&
= 088
0.84
0.80 - — ﬂ)
s o o S
) & e &
R

(c) ZEMSLEHRSR LysLih 4R

RME, ¥ ST-MTS-AD #5815 3 3 MR HEATXT L,
3 ML RIIA ST-MTS-AD-1. ST-MTS-AD-2 F1
ST-MTS-AD-3. ST-MTS-AD-1 R ERIEE 1 [
ST-MTS-AD i /8 FE il FOKg 4 Wi 9 2%+ Transformer
it 35 B ¥ N T 4R R $90 (GRU, gate recurrent
unit ) 1 4 W 4% . ST-MTS-AD-2 # & & /R ¥
ST-MTS-AD A58 b I T A2 i B AL A% 2 S 58 23 A 1Y)
GTF ##:y LGSSM. ST-MTS-AD-3 #/ &RE 1
A28 2B T e, AR M NI TT, AR R 4% )
ANPCR B BENLAR & 2, (FRAE . S EAE 4 DR
£ ERsEERaE RanE 5 fros.

M 5 A%, ST-MTS-AD £ #F SMD.SMAP,
MSL 1 SWaT ¥4 1 F1 7%kt ST-MTS-AD-1
MR MR T 11.1%. 2.6%. 7.3%H1 6.3%, Fit
T Transformer Zwhd s A B A I PP AR ARFAIE BE
U by S B BE 2 R) Al AL AR R TR] PR B A

1.00
0.966 4
960 5
0.96 0.9517
0.941 6
& 092t
&
= oss|
0.84
0.80 - — -
<’ N M §
s » b o
& & & S
& » S
P
(b) ZESMAPHIREE YL I 251
0.86
0.8342
082}
£ 0.7846 07837
x 078}
=) 0.762 3
074
0.70 - ~ - R
s § 5
b ) o
& <& & &
&S S
EAE .

(d) ZESWaTHdR 5 LR gn sl

5 RE%HEE ERE RS



©102 -

o

palll3

1k

44 %

ST-MTS-AD 5 A[#) F1 43 %Lt ST-MTS-AD-2 fi#4
S EREE T 2.3%. 1.5%. 3.9%K1 6.4%, JFE K& GTF
KA GRU [ EAEXTBENLAL & 2, 3] 7, I 4% 46 bR 2K
HATSHA, BT AR VR ok ) 2, B Z, 19
FERIE, W DL R AL AR 2 TA] B AR AR
P, 1 LGSSM H|H R 7K = 83k ) JAR S B AL AR
() G E A, S55UE T ST-MTS-AD {#/ GTF
(i 7 S ] LGSSM A3 7 R I 24
ST-MTS-AD #8[1] F1 /3-%(7 SMD. SMAP. MSL
I SWaT HE&#E/HItt ST-MTS-AD-3 #A e
8.6%-+ 0.6%-. 3.2%K19.4%, H Transformer @i
FRAC I AR AIE e, FIHHE BT I 265 4= il R BE ML AR 12 2, [1)
SKRHB RS SE 47 B M MTS &I %0 ', (3 4. A4b,
5 ST-MTS-AD-1. ST-MTS-AD-2 #1 ST-MTS-AD-3
HIEL, ST-MTS-AD 7E SMAP #fl54E I F1 434k
PR E X2 RN SMAP B4R A EIR %2 5
BURE, H5H R BRE SR

4 ZERIE

AHEH T — P& Transformer 2w A5 &% A
VAE HJFEHL Transformer MTS 5 Fa AR Y , %45
BIEET Transformer Jh a4 B I 7 4 AIE SEEIL B
22 ) F LA B TR AR IR AR, SR 1195 i 4R
HAE S T BE ML AR B () Se 50 7 AT, EH T I 25 A il
(1) & I 21 BE ML A2 & 3T oL JS 58 23 AT SR R AE A
Transformer Zf5 a5 50 H 1 JFRFEE A MTS %)
ZIBE )3T o AE 4 D ATFEAR AR b oeiegh LW
1 ST-MTS-AD Bt AR E. T BEE KT
Wi T Transformer 2528 S B 2 (8] H FEHLAS
(A 1) AE B R ] KB A

EE P E
TN, TR, ERYE, SF. T IS B 0 T AL S 5

FATII]. BAFEAR, 2020, 31(3): 726-747.
DING X O, YU S J, WANG M X, et al. Anomaly detection on indus-

(1

trial time series based on correlation analysis[J]. Journal of Software,
2020, 31(3): 726-747.
[21 SU Y, ZHAO Y J, NIU C H, et al. Robust anomaly detection for
multivariate time series through stochastic recurrent neural net-
work[C]//Proceedings of the 25th ACM SIGKDD International Con-
ference on Knowledge Discovery & Data Mining. New York: ACM
Press, 2019: 2828-2837.

[3] LID, CHEN D, JIN B, et al. MAD-GAN: multivariate anomaly detec-

(4]

[3]

(6]

(7

(8]

(9]

[10]

(1]

[12]

[13]

[14]

[15]

tion for time series data with generative adversarial net-
works[C]//International Conference on Artificial Neural Networks.
Berlin: Springer, 2019: 214-232.

TR, SRR, B S, S BT SRS ST I T B TR
FEB ). AL KR, 2021, 58(8): 1655-1667.
HUANG X H, ZHANG F B, FAN H Y, et al. Multimodal adversarial
learning based unsupervised time series anomaly detection[J]. Journal
of Computer Research and Development, 2021, 58(8): 1655-1667.
B, AR, Ed. BT VABE-WGAN (12 4 1] 7551 57 6
THEBE R, 2022, 43(3): 1-13.

DUAN X Y, FU Y, WANG K. Multi-dimensional time series anomaly
detection method based on VAE-WGANT[J]. Journal on Communica-
tions, 2022, 43(3): 1-13.

ZONG B, SONG Q, MIN M R, et al. Deep autoencoding Gaussian
mixture model for unsupervised anomaly detection[C]//International
Conference on Learning Representations. Piscataway: IEEE Press,
2018: 1-19.

DENG L W, CHEN X H, ZHAO'Y, et al. HIFI: anomaly detection for
multivariate  time series with  high-order feature interac-
tions[C]//International Conference on Database Systems for Advanced
Applications. Berlin: Springer, 2021: 641-649.

PARK D, HOSHI Y, KEMP C C. A multimodal anomaly detector for
robot-assisted feeding using an LSTM-based variational autoencod-
er[J]. IEEE Robotics and Automation Letters, 2018, 3(3): 1544-1551.
DAIL, LIN T, LIU C, et al. SDFVAE: static and dynamic factorized VAE
for anomaly detection of multivariate CDN KPIs[C]//Proceedings of the
Web Conference 2021. New York: ACM Press, 2021: 3076-3086.

LIL Y, YANJ C, WANG H Y, et al. Anomaly detection of time
series with smoothness-inducing sequential variational auto-encoder[J].
IEEE Transactions on Neural Networks and Learning Systems, 2021,
32(3): 1177-1191.

AHMAD S, LAVIN A, PURDY S8, et al. Unsupervised real-time anomaly
detection for streaming data[J]. Neurocomputing, 2017, 262: 134-147.
HUNDMAN K, CONSTANTINOU V, LAPORTE C, et al. Detecting
spacecraft anomalies using LSTMs and nonparametric dynamic thre-
sholding[C]//Proceedings of the 24th ACM SIGKDD International
Conference on Knowledge Discovery & Data Mining. New York:
ACM Press, 2018: 387-395.

ZHANG Y X, CHEN 'Y Q, WANG J D, et al. Unsupervised deep anomaly
detection for multi-sensor time-series signals[J]. IEEE Transactions on
Knowledge and Data Engineering, 2023, 35(2): 2118-2132.
MALHOTRA P, RAMAKRISHNAN A, ANAND G, et al
LSTM-based encoder-decoder for multi-sensor anomaly detection[J].
arXiv Preprint, arXiv:1607.00148, 2016.

ZHANG C X, SONG D J, CHEN Y C, et al. A deep neural network

for unsupervised anomaly detection and diagnosis in multivariate time



2

LR HFBENL Transformer 1925 4E I ] F 51] 5 5 A6 AR 2 <103+

[16]

[17]

(18]

[19]

[20]

series data[J]. Proceedings of the AAAI Conference on Artificial Intel-
ligence, 2019, 33(1): 1409-1416.

AUDIBERT J, MICHIARDI P, GUYARD F, et al. USAD: unsu-
pervised anomaly detection on multivariate time se-
ries[C]//Proceedings of the 26th ACM SIGKDD International
Conference on Knowledge Discovery & Data Mining. New York:
ACM Press, 2020: 3395-3404.

KRISHNAN R G, SHALIT U, SONTAG D. Structured inference
networks for nonlinear state space models[C]//Proceedings of the
Thirty-First AAAI Conference on Artificial Intelligence. New York:
ACM Press, 2017: 2101-2109.

CHUNG J, KASTNER K, DINH L, et al. A recurrent latent variable
model for sequential data[J]. Advances in Neural Information
Processing Systems, 2015, 28: 2962-2970.

FRACCARO M, SNDERBY S K, PAQUET U, et al. Sequential neur-
al models with stochastic layers[J]. Advances in Neural Information
Processing Systems, 2016, 29: 2199-2207.

ZERVEAS G, JAYARAMAN S, PATEL D, et al. A transfor-
mer-based framework for multivariate time series representation
learning[C]//Proceedings of the 27th ACM SIGKDD Conference on
Knowledge Discovery & Data Mining. New York: ACM Press, 2021:
2114-2124.

HEEEMN]

EEN (1978- ) , 5, ivEdtiAmA, #
+, FERpKFEEE. LA S,
L W IS s N TR (TS pak T

P (1999- ) , B, wHofEE A, PE
R R4, FEB I RN
P 22 G 1) 5 40 S R

ZE5kdE (1974- ) , &, WHELHKRIEAN,
o E R RS, EEH T 1A B
59 .



	09-220643-
¬².pdf

