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Time series classification method for distributed system label noise

LIN Zi-gian', ZHANG Kun? [FAN Chong-jun't, YANG Xia-jie'

(1. Business School, University of Shanghai for Science and Technology, Shanghai 200093, China; 2. School of

Information Management and Engineering, Shanghai University of Finance and Economics, Shanghai 200433, China)

Abstract: Distributed edge devices in the industrial, healthcare, and other application fields frequently contain time
series data. Due to the often unrecognizable features it possesses, there are common issues in time series classification
tasks based on real-world data, such as ‘data islands’ and labeling errors. To address this difficulty in distributed data
environments, a federated temporal filtering framework is proposed. It incorporates the advantages of self-supervised
contrastive learning in extracting complex temporal data representations and is combined with the federated learning
approach to tackle the privacy and security issues of distributed systems, while also reducing the communication cost.
By maintaining a set of benchmark samples on the server, this paper employs a time-series augmented pre-supervised
strategy that relies on distinguishing contrast loss and predicting contrast loss. A pre-supervised model with a high-
capacity for generalizing time-series characterizations is achieved through a pre-training and fine-tuning methodology in
this approach. Meanwhile, a new approach for label noise filtering is introduced, which utilizes pseudo-labels guided
by the pre-supervised model to filter the noisy data in the device in concert with local dataset labels, and uses the clean
dataset for the training of the global model. Finally, this paper validates the framework’s effectiveness across different
types of labeling noise, examines the impact of varying baseline data ratios on the constructed framework, and confirms
the filtering effects of each loss in the pre-supervised model through ablation experiments.

Keywords: federated learning; self-supervised learning; time series classification; label noise; distributed system
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i B AT AT AU L AR Sk RN Re LU S0 oK 0FN
B VA — A B AR, R R X PR SRS 0 45 S B35 4R T
TR B il R RN R A KR AIE 7 T 1R R 0, 3 5 L AE A
PR Z M s I B R M A S v 2R B R
SRR T BERT BE44), K5 ) /2 AE AL B 4145 B i 77 =X

LR T 2L BERT A i [CLSTARICP 55, T
I DN AW E S N ob/ S [ - WA T I E e g
B BEAN, B g% BT ANUAE A BT RE % 4 T A B
B8, HAe s SR BOF A 4R £ S0E B o
SR IRV TR) AR O% 2R, A 2803t 20 A B T 2 371 P9 K
. 2) MBI T 3 2 B AR 42 N 48 S kg, FLAZ 0
ik 3 NG RRALR, NG RBRE ST 4)2: —
NERE, T RAESREG — AR, Hi RS AEAL
AR A U B R A, SN AR R PSR A S A T (1 R
IBRE ST, — AL R, B R 0 4 L I3 v T Bk
FRET A logits [a) B % [T 22 U B R 1 5,
iy DR X R 5 R AL 3 BUAE 55 (R P 4. 38 i RS 1
ZRH), BE A A e A 0 A SR SR 1, &
VE T BRI 18] 2 51 45 44 T ) SR B ARFALE. 3% 1 9P
RULE 300 52 mhOGS L (7R 5 ). HL v i ] X B
R AR 2 2 (8 K x 4E 2 x fan HHE a8 £ 0
S (RVERHERE x A — JRYUEPE x LML IR YEL ) 7 5122
P Cin I TE R < 28 B2 x R0 < #5052 3K); B A Y
BAEINERE (BRI A Z4EE x AR
) ANA TR Z (MR > RIEH < ) LALRE K.

®1 BEEHEXSH

HolafE 2 UERE¥S TR A FEARE e ks I Bk
HAR 7352 2947 128 9 6
Sleep-EDF 25126 8910 3000 1 5
FD 8184 2728 5120 1 3
oA A itk HkR FEANA A IR
HAR 50x64x128 64X 64x32 100X 64 X 64 x 4% 4
Sleep-EDF 6x100x128 100% 64 % 64 128X 64X 64 x4 x4
FD 50x60x 128 64X 64x32 128X 64X 64 x4 x4

VIZRBE R L1y B B2 B3 SRR PAS

HAR 9x32x8 32x64x8 64x128x8 128X 18x6 1
Sleep-EDF 1x32x25 32x64x38 64x128x8 128X 127x5 3
FD 1x32x32 32x64x8 64x128x8 128x162x3 4

SCEGHAR. N T AT VA TR AR A S 3 A4S
AN TR B B S B0 4 1) N 283 3h iR ) (HAR) %L
PEAELPY. UCT HAR B 42 A0 55 347 32 W & TE PATAT
A A AR ST AR R 6 R BN A% s
TEEL. 2) HEAR N B 22 (sleep-EDF) £ £E 231 Z 504
AT 206020 B 2 FHEEIR A C K. fEid 5%
HYR T 2 T A, A B i P E L AR A
BLoy 48 02 B N B S 5 N S AN S G
Mg, AR PRI IR Bl (3 N5 ) AR IR IR 3. 3) Hicke 12 W
(FD) 4. g 55 12 Wt B0 40 2 & M\ St 7R WL 285 76 4 Fh AN [F)
TAE ZAF T A 2R S B R R Y. A Ty T
PR — A B 3, R e B AN TR HoAth o0 AR
V. BRANECE 3NS5 PN 0 A | A0 e 55 R — gk
RS, ARG 1 frR.

R . AR SN RE AR M W46 30 N 1 %

04 2 1) B30 3 D S [ o3 A, H o oK —
B, M P R D) BRI 250, AT B 0 BRI A B
PE AN S B A T, 50 93 DR W 25 7 i ) IR 7 KT
GRS B i ) AR M R P K 38 A o) A
U (71, 7o) fEE, B 4 9 HAR H4fs 42 168 75 70 A1, 151 el K
NSE S I SR B K.
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..............................
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HEHETT . Ik Fedavg A, SZE6 Hh i A FH A 17 7
FE 28 %) L VT fili: 1) FedAvg AT Coteaching 125 20 4.
Coteaching [F] B Y11 £8P /N IR B 40 25 9 4%, 145 S AT T4R
BT, H A RN THFARZE I HE. 2) Fedavg FTXS
PRSCE 4151, SCE i id 58 X 55— M b 25 5
Ptk i B AR 7 VAR 25 & 3) FedLSR N —FitJ=3 35 MK
YA TT V5, A RO R T R 7 bR R0 BE 1R S Wi,
T I 9k /) JER G S 48] 5 48 5 SI 48] ) PR RS RY A Y 2 R oK
SEIRT. 4) Fedeorr N2 Hi iR jil g 7 2% 7 a1
R T 1) A4 52 - 1) PR 448 B2, £ P A %5 7 i _E ST
DR R P R P B R R AR RS,

AL J7 9. AN STk AT 2 T S 5 K 56 IE Fed TF 1Y
PERE, 51 H A8 br R 5 & MR e, RIAERH - (ace) A%
F1 1343 (MF1-score), 2 MF1-score N

c .
1 2 x Precision; x Recall;
MF1 = — 18
C P Precision; + Recall; (18)
. TP, TP,
X Hl: Precision; = ——— Recall = ———
iX B : Precision TP, 1 P, eca TP, L EN.

TP;+ FP; AFN, 7353 9 55 0 R ¥ H AL B Bk ] Al
i, NOSFEAISEG C OBt 56 v 1SR B 2. AL
BILVE 9y e AR,
42 =RFRREEREE TIERERIXTEE

R 2 NAEAN R P AT R £ B I Bl . S
G 285 AR W] : Fed TF RENS 78 A A P 7K1 T 2 25 1A

Nk 75 b 25 1 52 e, L RE 98 11 5 H v A R RT RS Ak 1) 4
AR AL AH b A S ik (4 75 1, Fed TF 18 BE 6 1E
K2 HrE LT I8 2 AL Y P 8. £ HAR 1 Sleep-
EDF 43, )& 75 b 2 AR e 75 4% L T, Fed TF A 3dk T
Fedcorr, {H /& 7F i 8 75 2855 T, Fed TF R B MLk, 1X %
AR U TE A P A b %) O U453 2K R BT 52 4% BE 8 AT
R0 M B G I 7 4D S ), R A3 P A0 B AR R R 5
S R B T R AR E MR AT AT M 2 A g
74 HARFAE 2 FERT, A6 400 R B8 1 7 VR R A 2
$p A 0, T A FH A M B AR AT SR e A% S I AH X HY
1R It Ah, BT Fed TF 75 % 9 SR RE 4 -1l
S5, M LG T RAE BT B8 04T N ZRBRAR T — 138
18 AR, 32 3 I Rt 18] 55 W 58 Bonr B R 3 AT
UL: £ HAR F A1 EL T Fedavg, 7 100 %& 1 Il 25 A B[]
WD T L1445 WSR2 1,73 1%, W RE A A A
H23.54 MB, A EE T 82 HR Il 25 () 38 A5 AN 1 1.8
%. 76 FD # A EL T Fedavg, 78 100 & (1931 5 i [ ik
DT 2.45 15, SRR P A 1.45 4%, TH RERIEAS A N
28.02 MB, A bt -5 Il 2R 18 A5 AR/ T 1.14
¥%. 7t Sleep-EDF " #f LL T Fedavg, 7t 100 & 1 Il 5
I (A1 T 2.31 £, YR SRR R 2 1.59 i, Y FE B S
FRAR A 39.16 MB, AH Eb T4 H Il 25 (1) 38 45 A I /Iy
T 11415

#*2 AEARREEKEFHEE SHNRNEE
B AE HAR Sleep-EDF FD
BERE 1 =0,2=1 7=05m=1 71 =0,72=1 T =05"m=1 7=0m=1 7=05mn=1
Jiik acc MF1 acc MF1 acc MF1 acc MF1 acc MF1 acc MF1
Fedavg  54.6+0.6 541405 204+03 20603 341+05 293+04 364+02 284+02 49.6+7.1 468+6.1 223+0.6 21.9+09
zecdngJr S8.1+1.1 58.6+1.2 204+04 205+04 28.1+6.1 23.1+423 254+3.4 232+34 651+02 622+02 257+0.7 24.1+0.7
Fedavg+
T 642403 632+0.4 30.8+02 20.5+02 312+02 302+03 29.5+0.4 27.5+32 57.7+0.1 487+02 248+0.5 23.4+04
Coteaching
FedLSR  87.5+0.1 874+0.1 645+03 63.1+03 356+02 31.4+02 368+02 344+02 645+0.1 584+04 37.2+0.1 38.4+0.2
Fedcorr ~ 91.4+0.1 91.4+0.1 57.3+02 56.1+03 69.6+0.1 60.1+2.1 288+9.1 245+84 70.9+02 69.4+02 26.1+0.6 262+05
FedTF 913402 91.4+02 89.3+02 882+0.1 69.1+03 62+8+0.4 55.6+0.4 47.6+0.4 759+0.1 73.1+02 35.1+02 30.6+0.2
R3OINGRE S T EL LN, FedTF 7& WA e 7 1 I A 7 1), D8] I £E 18 75 30
HORAE HAR FD Sleep-EDF BR, MR B B AR, 2 KA 5 % I 2 E B I, AR
ik t/s WHURE t/s WO t/s WRSREL BT %A UHE RS AF HAR B 45 b i e RE 3R =
Fedavg 177 80 98 78 714 76 10 %, FD B35 44275 T 30 %, Sleep-EDF %4 # 12 =
Fedavg + SCE 166 66 495 75 509 71 .
0, 2z, 0 0 0, 0y
Fedavg+Coteaching 210 90 444 86 531 84 1 30%. HFEAEHAE 5 EN 10 %, 15 %, 20 %, 7E3
FedLSR 266 88 684 89 498 87 MNEARE, MERER A BRI T, X R, YRR
Fedcorr 180 48 734 56 344 49 i = .
H 210 % B, A I B R T O B R A IR g 7S il
FedTF 155 46 426 49 291 48

43 Z=RERBEEMEXE ST
Kl 5(a) N 3 A HioHE 45 70 A [R) 228 o B0 s Le )
FedTF ()14 &8, HH &l 5(a) AT WL: 75 3% A 8 1 508 10 1

PERUR. ATAS U R 4518 Fed TF 78 i i e 75 7 i 2
AR AR R AR ZEL BIR BN B A I SRR 77 E Ak
HHE N 10 % 2247, B 5(b) HH: 7R B8 5 KA FH R T 5 1)
HAR BHE 45 b, 24 B A 1 5 243000 0.9 A, 5078 o ff =
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Tk F @ e KR RARE R F G R P KT ik 4125

BT B B R B T 7E Sleep-EDF A1 FD %4 4 45
IR 43000 9 0.5 R 0.8 I, PEREFT 4R T R dE—20
PRI IX R H T AR EL 2, BT L
FEEAN 2, FE AL SR B2 Hh iR B RN (E B

100
< 80r
B ,
E 60|y
s —— HAR
—a— FD
40t Sleep-EDF
0 0.05 0.10 0.15 0.20
FUHERE L/ %
(a) FEMELLBI BT
100 ==
X
= \
&® —e—HAR e
40 -=-FD \‘-\\‘
Sleep-EDF B

Oj2 0i4 016 0i8
75 L3/ %
(b) W LLAF] 4T
E 5 HEEHURLLGIFRERZEZLMEE

44 SMEERBHRSCIS

AT Ft Fed TF H A AN 4 R0 49 %o e 7 ot (1)
AR, BART 5, 5250 o SO 25 X 0T bEA 2k | T
TS A 2 DA R A 14 TG M 7B 45 %, S o i s B A 2
HEATIRO. 2 4 AN A48 5% 5 50 33 8 1) 7 Rk S 656
bb. BER 4 0] DL JE 8 2 N DX 3l 435 2R 3 2 T 45 2K,
XA B AR e B I 1 e 3 — e AR T el T
X EEAT % 1) 45 S mT WL SR AT 25 A B T A () RRAIE,
fE HAR R HERA #2438 = 1 2% LA I, 7 SleepEDF -
MITERf 2642 1 1 4 %, (22 AE FD W IE 3% A B 2 (1) 42
TH R RE T FD &R P IR AR K. B R,
S8t FH 386 56 AT B T v 5E BOR BB P BUNAT 45 {E
PRV B R, fE TR B R B R, S i R IR AR
U 1) ack AR, i TR AT R G0 R T B A ST AR B
B TR (R $2 B 25 Hd I REAE () 32 B A AR I
iy R T B bR 2 1R A0 M RS AN B e kAT
TO . 5 T B0 JE RSB R AR a0 R 2 BN
HAR i 8 % B A 2 T 3 %, 76 FD i 38 %R #2 7+
7 14 %,7E Sleep-EDF i JERUR HH 2T+ T 6 %. HHILE
B, FedF T RE% A 240H H BA 12> & bR 20 )11 25
B RIFE AR B RAL, Shah, AR — 25
PRI T AN [ H 5 38 4 AR R 28R, 4 T 4 e
e A 55 v d Ik R bl SR B I Bk (1 HE B 7 (A
PERE RIS AR, HEF 7 iR AR R s 3 = ) [+

I, BE % S0 A R Y R A 1) 2 R B R4 P A
AT WO R AR B, At 3G 58 07 V25 [RI A RE 8 7 R —
FEFERIPERE SR T, 3X — I | HR G B ARAE S
A1 M A i ok N 7 7 T £ AP
F 4 RS SHEIEIEAHRL ST
IEITE S HAR FD

ZH 1 acc MF1 acc MF1 acc MF1

Sleep-EDF

HEF + TR + TS 52k 52,7 34.0 532 49.6 432 199
HEF + TMES + XA EL ik 253 137 458 42,1 365 23.2
Hepl+ s + BRI E Rk 446 279 475 439 330 21.1

WA 929 864 847 828 852 78.1
HEZ + T EE A2k + i 944 887 849 827 90.5 85.7
HEF + [X 73X A5 2k + il 932 867 952 944 882 83.0

HEZ + 5 B + 959 90.6 98.7 984 914 888

YR+ 5 B R O + R 939 88.1 884 862 89.6 84.8

S A+ S B R + 93.4 86.8 883 86.6 903 854

TEHe + S B 2R + T 937 87.1 89.3 88.7 90.6 82.8
N

5 & ®»

AR SCH 58 DA B 5 il i T, BRIV 4 ] 2 73 A1 3
2 SRYFAN AT A5 Htl B i & T 49 2RS4k O I TR /7 31
I3 FAEAY B S bR Tk 37 56N I I e 25040 bn 25 14
7, AR SC W T 2R FLAESE, B Rl it i 2k 4%
R S T R AR, I TE] 41 O3 R AT S5 S A A
(I FL I R4 B 7E FL I 5] 391, 3 ek 184 9 I e A 40
PRI P HOBURFAE, $2 1A AT A MBS ] T4 I
102 B2 VB IR PR A, 0 IR T R 1R bR 25 B2 M FL A 42
JRI R R ARG I P k. P H T Ve TN X
X AR SR AT TR S EE A 2% i) T B IR 05 7%, 5201 T
B AR AE SR I AL 1 e, 18 I 7 IR 55 4/ &
(R ME RO AT SO, SE B RE A5G R0 JEAR 2
A B R, SR Ja AR A e B R BT T — g
T Db 2 55 A iy 100 5 5045 bR R AH R 1) 45 s
GERPETT I v 1 FLAEZRIEBE. ), A SCdlid 34
FLSZ AN 8] 2 371 3 R Hte 48, B0 AIE 1 Fed TF )77V BE
1 1 3 BE AT H R S 47 1 R it B2 RO AR 5 M. B4, 3
T Xof AN [) A P A o AR R AN T3] A P e 7 Kt
AFIRNT BT, WTTRAIE T Fed TF J572: A 21
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