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Uncertainty-based Multivariate Time Series Classification
ZHANG Xu' ZHANG Liang? JIN Bo® ZHANG Hong-Zhe'

Abstract Multivariate time series (MTS) classification is an important problem in many fields. Accurate classifica-
tion results can help realize effective decision-making. Current MTS classification algorithms fail to automatically
capture the complex interactions among multiple variables in the representation learning stage, and lack confidence
evaluation of the classification results. This causes limited model performance and a shortage of statistically mean-
ingful model reliability explanation. In this paper, an uncertainty-aware multivariate time series classification al-
gorithm, namely VBSGNN (Variational Bayes graph neural network), is proposed. First, the multivariate interac-
tion features are extracted automatically via a graph neural network module. Then, the uncertainty is introduced
into the prediction process based on the Bayesian neural network, which finally gives the prediction results some
level of confidence. Finally, the algorithm experiments are carried out on 10 publicly available MTS datasets, and
compared with seven state-of-the-art benchmarks. The results show that the proposed algorithm VBSGNN can effi-
ciently learn the interactions between multiple variables, improve the classification results, and obtains confidence
evaluation ability.

Key words Multivariate time series prediction, graph neural network (GNN), uncertainty, stochastic variational
inference, Bayesian neural network (BNN)
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WML 1 PR, BABEILAR 2 HEWrRAR A 2 s,

#: 1. VBSGNN Jiik
1) Input: ¥4k D = (T}, vi};_,
VBSGNN #R 24 (w, b, 0, ¢}

min

B AL 77 HE

i R A A

P(y.| V., V)~Multinoulli
P(0)-N(0, 1)

AL SR U Y

2)for i=1 to epochs do
3) Bl— /M E MTS A FcT
4) SRAFRRFE V = [v1, v2, v3, -+, vn]
5) WLy, « v . AEERSRE K (6) TR B

K Lo

6) JBITFEHLAS 3 HERT (SVT) YIZEAE 4 BNN F%Y

7) While the ELBO not converged do

8) M q(0]¢) AR K MEAR @

9) for BERHEV € F do

10) M P(9) AR K MR 6y

11) =T (14) LEFFRIBIERFERFEA (6, 0v) fliTh
ELBOy Wi

12) end

13) ELBO = ZVE]_-ELBOV

14) AR L = Log +n(—ELBO)

BT LT IR A, JEILBENUELE FFEER S VBSGNN
ZH{w, b, 0, ¢}

15) end

16) end

17) Output: Z4 {w*, b", 6*, ¢*}

4 MES%ERSH

41 FWERE

AR . A T IR TR BIE A A, T
10 NAFFRIERAS 2 Jui )7 51 7 R E s 4 34T 1
BT, FTIE SR MM 1% 1 PR, AtrialFib-
rillation "2 JCAL & 73 S48 P8 /N I8 IE [0 L5 Bl O
HL IS T, TIIAE 552 03 24 1 O s B BN g T 4% 1k
PE O B BB IE A AR & B M0 5 BB . FingerMove-
ments H % JCAF &4 AR 28 AN 500 Z RS K 1 HL
PRE I, TR AT 55 2 A 40 1 v P15 5 40 031 22 i Ry

|
: !
FAEV ! ) i
| B .
i q(0]¢)-N(u, 0?) !
I—’ i § ELBO i
LB nP(V10)] - KL(a(01) [P9) |
TV J—
|
| T
|
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Fig.2  The process of stochastic variational inference
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Table 1 ~ Summary of the 10 UEA datasets used in experimentation
e EREERA MR AR I (1] 2 i eI

AF AtrialFibrillation 15 15 2 640 3
FM FingerMovements 316 100 28 50 2
HMD HandMovementDirection 160 74 10 400 4
HB Heartbeat 204 205 61 405 2
LIB Libras 180 180 2 45 15
MI MotorImagery 278 100 64 3000 2
NATO NATOPS 180 180 24 51 6
PD PenDigits 7494 3498 2 8 10
SRS2 SelfRegulationSCP2 200 180 7 1152 2
SWJ StandWalkJump 12 15 4 2500 3

AT FEERL 24 F3E. HandMovementDir-
ection "1 2 JUAR B4 AR 10 AN FEEE, SO
55 & AR I F PR 5 10 ) 24 T T i 1) R e s B 7
[f]. Heartbeat ™12 JuA8 & 73yl #8500 Kl vh 61 A
[F A, FRINAE 55 72 0 0 24 1 O B 0 R 3 8 T e
NEBGO IR 2. Libras 2 u & &9 e 4d F
B IS SAA AT AL FAG BB T BT B R XA Y
AR, T 55 2 5 T I B P 41 XF Y A AR 340l
METF N ERI 2. MotorImagery £t 4 &
g3 dE 64 AR JE NS 5, TRINAE 55 2 H000 K
I P AR R 32 3 3 2 e T /MR 1a Bk 2 S AL
i23)). NATOPS £ Ju &4y mil fi th A% & ds il %
RN T T A BRI XL YL Z AR,
ANEBAL o3 Fe s AR (A0 T A ), T
AR 5572 F0 24T 24 AP ARAR BT R IA I B 7R S8 0.
PenDigits 11 % oA &7 48 B 2B 7 iRt 15
Br 0~ 9 MHEef A Bor) X A1 Y AbbR, TIOT 2572
FIH 4/ F 5 E 2], SelfRegulationSCP2
Z JUAR Ry Al dR 7 A R L, TR 5% 2 )
18 157 J2 B B AR A 20, BV IE ) 8 6 ) AR 4. Stand
WalkJump H £ 76738 & 755 f8 S B h g 4 A A
[F A, FRINAT 55 72 ) R4 I i& 3l S, Bk 57
17 7E Bk ER.

B S5 SCIR A0S . AR & B HdE A I [R]
A ERIANE, TAGCN By 2 2 80 BGE o
{32, 64, 128, 256, 512, 1024}, &EHERBEZES
i BT A {16, 32, 64, 128, 256, 512}. AL
W #5 Adam, FFAEFZ I/ LAY 27 > 22 30 B Y
F{1x107% 1x 1074, 1 x 1073 }, 2843 DL 3734
Iy R A O] B UV L O { 1 x 1071, 1x 1073,
6x 1073, 1 x 1072}, FRRE P IS E 0 Be N
2 x 1075, R Ho s 2 1 92 6 25 A 2 A 24 A Hdls

% LRIFESECRMALIZAT T 5 K IS 1 i R4S
. FrA LI EREHET Python3. 7. Pytorchl.7.1 #f
170, I BLILEAR [F] 3 2R 5T S8, B Intel
(R) Core (TM) CPU I7-10700 @ 2.90 GHz 16 #4.
XFEGARE. BT ATF Z ookt (a7 S e 4R S5
CLAFR I 7 K2 Joht A5 51 5 RE AT T 1
B, BT S50 25 B2 AR EE EHUAS. MTSC Hik
1 ED Al ED (norm )" Jy4E T BR IGFE B (1) MTS &
ARy A%, F s 2 AR o N B A, DTW,
DTW j(norm ) SA3&F 55 4 B 6 5 1) 30 45 B 1) 25
PR MTS st 8850 K48, 800 2 B hniE Rl 2 h
il DTW p, DTW p(norm)® 3 5 4 FF k9%
(RBh A1) 25 fh BE B MTS S48 70248, /& DTW,
AR A Fe R 2 BAREAL 2 A, WEASEL+
MUSE!" & % F 8 048 1 fof MTS 7 K H k.
HIVE-COTEM & — Mk T 70 ZHERF N MTS
43R5 MLSTM-FCN! 2 53973 F 1) 2 Je i 18]
FF B 50 IR FEE 2 ST HE 2R A5 Ry — MK S D
122 2 HE B G BRI 2% )2 DL S — /S R 46
WORMSSHUA i, VAP AW TERFIE A T-53 28, TapNet!
SEE TGRS ) kL s, 2—METK
T A2 25 2 RO HE S AP 4 N 48 2 i = 0 5
B 2. MTPooll" 52 —Fh L T Bl AL 75 V5 1) MTS
Iy BB, REA R A %, 58 MTPool-
M, MTPool-D, MTPool-S, MTPool-One, MTPool-
Corr JUM SR BVE. AR SCHE B4R AIE 52 BB e B
1%, BPAEE R 2% SGNN (Shared graph neur-
al network), ANNAE 53 DU e, BLH623E T Graph-
Sage! ] SGNN-S, T GIN® [¥) SGNN-I, T
GATP ] SGNN-A, 2F TAGCN™ ] SGNN-T.
A4y DU M S A 2 W 2% B VBSGNN & 7E
SGNN-T (R Fn 1 A8 53 DU S0 HE IR (1 3%
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F 2 HIH T ANE MTS 43 2505 (K HE R 5 B
SEIR BRSBTS R AT T BRI
IR, “Wins” —F| R nH T Ui FkR IV T 855
T At B B FEHE R R R R N B AR ST 1Y
V] s g 5 T DY A S 3 g ) e 428 TR 44 G095 1) 4 SR T
%2 fion, W% SGNN-S. SGNN-I. SGNN-A ()45
R PR B, BT E s 4 DL AN [ B 9 245 5 A0 7 5
M2 5, AR E SRR LRI Rt F fr 2
5, il SGNN-S 7 FM #diE4E LR AT, mAE
HMD $i4E R — R, =REERZER AR, H
B FIEN SRR BT T3R8 2 Hp HA RS 4 e it
(AR, 1 B A SC R R 2 1 PR s b o T A [ 1
R ()38 S M EL RS, T SGNN-T 1250 31 fe e
XN MTS 4 1R AR KRR B f s 8] 57 51
YesE, T TAGCON 1] LUE AN [F) 8452 B 1) & U ok
PEEUAS A 18] 3 214 B TR REAIE , AN [R) 8 A2 87 1 R
73 TAGON AT U 1 A 3 18] 73 0 £, B
RAERE ST SR IRFAE, DR T 5 200 8RR 0T

MRS, A SCH 55 B A BT 13 288
FONGR 2 ATLUR I, AN 43 DU BT i SGNN

RYVE AR R IR T HAD S, UL AT 1) 45
4y 2 31 DA R A AE SR BT V2 2 2 . AR AN TR A s
RN S0 R B, 7R 43 DL 3 178 R R 7 B AR
THRMEFER S ROROR, RN 7 A8 - HEWT 5 1) SGNN-
S. SGNN-I. SGNN-A )% S u 45T K hn 2w H 4%
HBRZEFAKR, (Bl T/ MTS $085 715 5 T G
B R AU B RRAE R % TAGCNYF, [tk
RORARZE T 0 7 22 3 W) SGNN-T. J+ HAZ kiR
PRI, A SCA R BT T 2 4 HEWT ) SGNN-T
(RF VBSGNN) #EAT 1170 28 AN 7 14 PF A 55 52
g5 3. VBSGNN Tl it #2 51 N 7 AN € P FF 7T LA
LT LA PR m R S e 7R RO RR AR (A
BRI RACT 0.8 AR5 EMBCREE
TP R T, BARTE SE A A R ) R 4
1 LIB. NATO. PD b, WHEHIRMAERERNA
Jr R B AE AR AL A SR R SR R AR 4y Dl
S O T SR PR IR T SRR I AR AN AN S 1 P A
RAEEA B XM,

VBSGNN 7l 5 I 5 ZE 4L

HF LIB a4, 4348 H 7 A8 43 UL
] VBSGNN FlA b0 U8 i) SGNN-T i 52 4%

4.3

F 2 10 MATFEIEE EIA R BEAER HXT L
Table 2 Accuracy of different algorithms on 10 public datasets are compared
Bk L
AF FM HMD HB LIB MI NATO PD SRS2 SWJ Wins
ED 0.267 0.519 0.279 0.620 0.833 0.510 0.850 0.973 0.483 0.333 0
DTW,; 0.267 0.513 0.297 0.659 0.894 0.390 0.850 0.939 0.533 0.200 0
DTW), 0.267 0.529 0.231 0.717 0.872 0.500 0.883 0.977 0.539 0.200 0
ED(norm) 0.200 0.510 0.278 0.619 0.833 0.510 0.850 0.973 0.483 0.333 0
DTW j(norm) 0.267 0.520 0.297 0.658 0.894 0.390 0.850 0.939 0.533 0.200 0
DTW p(norm) 0.267 0.530 0.231 0.717 0.870 0.500 0.883 0.977 0.539 0.200 0
WEASEL+MUSE 0.400 0.550 0.365 0.727 0.894 0.500 0.870 0.948 0.460 0.267 0
HIVE-COTE 0.133 0.550 0.446 0.722 0.900 0.610 0.889 0.934 0.461 0.333 1
MLSTM-FCN 0.333 0.580 0.527 0.663 0.850 0.510 0.900 0.978 0.472 0.400 0
TapNet 0.333 0.470 0.338 0.751 0.878 0.590 0.939 0.980 0.550 0.133 0
MTPool-M 0.533 0.504 0.486 0.742 0.828 0.560 0.928 0.978 0.550 0.533 0
MTPool-D 0.400 0.530 0.459 0.737 0.811 0.600 0.944 0.977 0.550 0.533 0
MTPool-S 0.400 0.590 0.473 0.722 0.811 0.540 0.889 0.983 0.539 0.667 0
MTPool-One 0.400 0.570 0.405 0.717 0.833 0.540 0.889 0.970 0.539 0.600 0
MTPool-Corr 0.400 0.590 0.419 0.722 0.828 0.560 0.904 0.973 0.550 0.600 0
MTPool 0.467 0.620 0.432 0.742 0.861 0.630 0.904 0.983 0.600 0.667 0
SGNN-S 0.600 0.650 0.541 0.741 0.889 0.600 0.961 0.984 0.589 0.600 2
SGNN-I 0.533 0.550 0.514 0.741 0.883 0.640 0.933 0.974 0.572 0.600 1
SGNN-A 0.533 0.560 0.500 0.751 0.878 0.560 0.961 0.980 0.550 0.600 0
SGNN-T 0.600 0.640 0.608 0.756 0.889 0.630 0.978 0.985 0.600 0.733 7
VBSGNN 0.667 0.680 0.622 0.776 0.872 0.680 0.972 0.984 0.622 0.733 9
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RVERAEIRAE BTN 3 AT, 49 B AR5 2K 7 2,
T H A BT 1AL, W& 3 Fros. HIE 3(a)
AT RAAI SGNN-T X F- 1A %5 2850 A 7 1 B
RORIRZE, S RMAH ML T 7 — K,
M DL T i ade tH AN E REAS; TS 3(b) VBSGNN
13 B MIREA S A 1) J7 ZE e B, SRR T84
FEA AN B 2R AN 8 VE A EAT 1 @28, N T A
T T TR A 43 IR AT A AN 7 e ok e Tt DA B ik 07 22
AT AN E PEAS 12508 1 JEA
FIRATFAES 57 S TR

M 1 AT LRI 3l B B A AERE AR AN P4
1L, N T 25 IR PR AT B 5 DA e I 22 Fa b £ 2
FEOT VAL AN & A5 o 1 H B 7 A R, 5 NBR
THERR (Accuracy) 2 AMAFAR LN br:

2 X (prec x rec)

4.4

F1 Score = (20)

prec + rec

Horr, prec A¥EWZE (Precision), rec N [
(Recall).
Po — Pe

1= pe

3 (21) W RLH RA i S A — o K el %
R R, T A E AR IE . p, AR
W B FIFFE R, pe A2 TR AR5
Lbfi]. Cohen's Kappa (B K, 184 B4 GE BT

Cohen's Kappa = (21)

PRAUC = Zprec (k) Arec (k)
k=1

(22)
PRAUC FRonA5ia. H ml F ih 2 T 75 iy AR,

) SGNN-T Jj#
FHo
ES

ESI il 14

2551 10

09
2550 7 ESIR

(a) SGNN-T HF5IM 73 A 75 %
(a) Prediction distribution variance of the SGNN-T

Kl 3
Fig.3

W T PRI A 23 SR RE.

IR 2 B R RIG 45 R, DLMER R fa bl 2
Hs SR B METNAR BE, Hls b I B 1 7 ANBOHE 73 28 1Y
i (MR T 0.8), & T VBSGNN IR
S0 B BRAS 73 B I REAS FEREAT 70 R 9000, I EE
BN BB LA RSB 10% - 20%- 30% Hi#fa &
()% TP Al b 22 . B2 T B OCER 3.3 RN
u_scores, u_scorel Flu_scores VIS AN E S
BEAT S5, I T A BT ARCR IR A AR, i
TR R, JATAEBEI T u_scores Al AF.
HMD. HB ##i 4 HSL IR 45 R . X =l dk
e BV ENT B AR, MR RN (150 74,
205) BEER, 432K (3. 4. 2) W — BT,

BARR SIS S R 4 FroR, 25T u_scores F
u_scores WA SLIG S HN B 5N EH—F, A
[ A A 2 AN S 543 B T3R5 2. AT UK BLAZE A
IR (AF) EX o ARRIFA L. W78 HB. HMD
BPEE EX 0 EE, T u_scores, LAARBIBRFEA
I ARIME A Z I, BB 10%. 20%- 30% J5 )% fi
B AR JLF- #8024 T 5 B 0% Hds 1) % 48 A (H T
T3, A Bl F8 bR W& GUE 3 BT 5 TR T AR T 2
u_scores M HIFRE T K& 4R bR 8 LT 40 01 BAE
PR 0% W48 bRE _F 7. X1 Wb A ol SR 1K,
T B KITZE” u_scores WA & 13 73 i & 7 20
XT3 TR e RO AR AR 22, I T T “AH
XS5 2 R ROR, WU T i KT R
AR AE I 22 R IR 1 00, BDSIBR T VF 2 AL AT D
IrRIETHRIREA, PR T3 2 T <R 77 22 B AN
SE PEAT B AR BEAT R X T “d R T 2 R A
I B SR AL 2 — 7T g 5 T i R T7 Z2 5K R AN

> VBSGNN 77 %
9 0

(b) VBSGNN [l o341 )5 7
(b) Prediction distribution variance of the VBSGNN

SGNN-T 1 VBSGNN [0 43 Afi 5 2% E
Variance comparison of prediction distribution between SGNN-T and VBSGNN
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Table 3  Corresponding variable names of 24 nodes in graph structure based on NATO dataset
TG AR B Jit A SRR AL B Ttk R & HE L AR R

WAL 0: ETFR X Hbr
W1 EFR Y bR
R 20 EFR Z ks
W 3 AFR X AAR
R4 BTFR Y b
R B BTR Z ks

TR 6 ZEEE X ALAR
TR T KR Y AAR
WAL 8 L Z Ak
R 9: AR X Ak
R 10: AR Y AR
W11 A ES Z Ak

WA 12: KT X AhR
W13 AT Y AR
W 14: AT Z Ak
R 15 AT X Ak
R 16 AT Y AR
WROLT AT Z Ay

W18 ARG X AR AR
WAL 19: AR Y AkbR
W20 ARG Z AhR
R 21 AR X AR
WAL 22: AR Y AkbR
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