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Time Series Domain Adaptation Method via Disentangling Invariant and Variant Latent Variables

LI Zi-Jian', CAI Rui-Chu', CHEN Hao-Zhi', JIANG Zhi-Fan', CHEN Dao-Xin', HAO Zhi-Feng®

'(School of Computer Science and Technology, Guangdong University of Technology, Guangzhou 510006, China)
*(College of Engineering, Shantou University, Shantou 515063, China)

Abstract: Since the currently popular deep learning models are often influenced by the notorious phenomenon known as distribution shift,
domain adaptation has been proposed to enhance the generalization of these models, transferring knowledge from labeled source data to
unlabeled target data. Existing methods for domain adaptation primarily focus on computer vision tasks, leading to the application of
models devised for image data to time series data to address the domain adaptation problem for time series data. Although these methods
mitigate distribution shift to some extent, they struggle to effectively extract disentangled domain-invariant representations for time series
data, resulting in suboptimal performance. To address this issue, a disentangled invariant and variant latent variable model for time series

domain adaptation (DIVV) is proposed. Specifically, a causal generation process for time series data is introduced, where the latent
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variables are partitioned into domain-specific and domain-invariant latent variables. Based on this data generation process, the identifiability
of domain-specific latent variables is established. The DIVV model, built on this identification theory, disentangles domain-specific and
domain-invariant latent variables using variational influence and an orthogonal basis alignment module. Finally, the DIVV model leverages
domain-invariant representations for time series classification. Experimental results demonstrate that the DIVV model outperforms existing
domain adaptation methods for time series data across various benchmark datasets, highlighting its effectiveness in real-world applications.

Key words: transfer learning; time series domain adaptation; time series classification; causal generation process; identifiability
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T3, DT AR TR B 4+t B IR 20 AT A% (14 5 1, SR A BRAEL 1) 43 R RO
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55 FRREAE RPE BB IR, R P 2 S50 AR SR AR AR PO 325, b — 208 5 240 o 1E A2 6 L /N ST BE 55 Ganin 25\ Y
) P A Bt 7 ) 4 SEL B, B T e g O R AR AT AN AR A A

@ MW AR BN DG TR, B p(®) = p(7), TR E, B p(5y*) # p(Ty").
U Cai 2 N\ USRI R A e FE SR AR B A (38 7. Kong 28 A U E— 254 ] 7 23 B 2R 31 45 SR SR At e A7 s
EBEINALIE

@ WB M BRI, TN EED AN, BT p (51y°) = p(xTy"), THARZE (130 S 23 AR AR A I, B
p(*) % p(y"). Lipton 25 N\ ST AR M i i 7 HLEAT 44 I 7.
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511 AT VR R SR A AU e (0 A B 051 P R 0 T A 1, (B B T B TR B O 2
IS T S e — o L A B, DRI T B i 2 470 0 4B 1 3 7 10T R kg — A A 7 AR 1 1) S A TN B R
AL SR 28 AT 9 38 K 7 9, B BRI T A O A AT 1 3 I v U B ke, R P R T 0
FAPPZ A 2% (RNN) IR AR R B S AT A T AZ 2 R 48 (LSTM)Y s 22 0 4% 455 ¥4 S 4R B AT AS 38 R4 AIE . 3%
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Pzeszalx,y,u) p(zelx,y,u) p(zalx,y,u,z.)
SRIG, A SCEE XA (12) Fifiin EHIEE, B2 R i AR (13):
By o) By(eate) In P (5. Y, 1) =Dia (q(zal 0l p(zalx, y,,2) + D (q(ze 0P (zelx, v, 1)) + By, By oy In p (xlze. 20)
+ B, I Oz0) + By Inp (ulz0) = D (g0 p (20)) — D (qzal0)Ipz) (13)

5 Ja T KL 88 et e 248, e A (13) mdk— S0 pen ™% Ap A8 e 4 Bt
Inp (x,y,u) 2 By 10 ByianInp (xlz:, 24) + By, olnp (lze) + By olnp (ulz,) — Dy (q(z: 1) | p(20)) = Dii(q zal )l p (z2))  (14)
il DA EAR RS 5, ASOEAR b FYS R s BOR K, B
—ELBO = L, + Ly
L, =B yInp(ylz.) (15)
Lyag = Byyio By I p (X122, 24) + By In p (wlzg) — Dxi (g (Ze|X) | p (2.)) — Do (g (Zal ) | (22))
PN ORASCHE— DA 3(a) P s BIFETAL 53 B S g B4 (KA 22 00 2% 25 R R R R AT 3k — 20 40,
411 W PgmisdE
R 7 4 i 2% 2 T2 - R B B 1) 3 270 000 3 SUAE R, A T B U bR BEE UM R, AR H I 7 4w i 2%
TN 43 1) B 1B SUE B IR BRI 2) 5 T E e 2% 105 B EL
B e TR B RIEERS . X T AN T SUREAS x, ASCRAA R EIESG 7 A mnsEch
0 J1E, 1 J5 22 1 e 7, XoF I P B EAT BE B 4E B 4R AE (dropout). ASCA T G IEEE A & %R, s
A (16) 1A (17) fios:

Inp(x,y,u)

ISR - ¥ =x+€ (16)
BENLAEFZ AT B : % = dropout (x) 17)
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FAHE R TR SMARF 3 40T 0 7 514K B 38 5 7 ik

T B G S PR, AR SCR BT B AR M £ IR 25 K AT R BRI, il AR A A X (18) FR:

zi = fi (CNN (x),6,)
Zy = f,] (CNN()?) s 9,,)

2024 = fu ([Zk;zq] ,Hm)

5561

(18)
(19)
(20)

Hor, f FOR IR BAR AL SR AN 2%, f, ORGSR IO 4%, f,, P TH VR 6 R I e 0l AT A2 A e i AT
SUEAIRFL; 0, 0, 0, FRME GRS AL f, 1l n JEFROR 2., HRUEFERIR 2,

4.1.2 WA

BT I P g i 4R IR AT I B AR B 2 A2, , AN SCHE— 20 Wevt H I e A A 2% P T B A L0 22 DA JRAIEFaAR £ 2 iz,
T RTE UE A E&, Had iR 21) Fok:

5‘\: = g(éc,%d;eg)

Hrh, 0, FoR MR ESEY, & s ALK P8

4.1.3  ARZETIN AR AT 2%

(1)

B TR IR A UL RS ANAR () B AR B, A SOt — B BT H AR R T 4 RS P & FH T v Bef 171 2 51)
el FAR M UERRAE, 1~ 3 (22) A2 3K (23) Pros:

Hor, €, M1 Cy bR 70 FEAR AT 7 4%,

4.2 ERFFEXTFRRAELR

y=C,Cs0.)
d= Cy(24564)

6.K16, 73 770 BB K1 5 4.

(22)
(23)

NTARIIE 2, A S SRR RIME S, BUA U8 A & 877 1238 %R FIAS [R] B 20 R 53 10 2R O B0 0 28 SR ARAIE

AN[EV I 2, B 43 AT — B ANES B[] A R I B B A T, DR DA ] Aotk P ik ] 5 21 0 75 2 2 B e
BN m A A IRIE S B RRAE RS R R 520, BT LUK 2 ML 2 R VB R IE AT 20K 5 3 808 SUE B
TR R T FRYGIEAN [0, IR AE 45 Bl i A 518 73 f# (singular value decomposition) f5 BT BA 43 IE A8 3 il &5
FE, WAK (24) P
z.=UZV (24)

Hodr, URIV RoRIEASIHE, = Ronar el Horh, & 58 R AHEREA M IEACHEH FAREEXER. I R
LYV [R] AT ) TE A2 5k 2 ] 1 2 8 B T DA B AT A AR FRARRAIE. Sy BR ) AS [R5 1) TE RS B 8, AN SR A T SCiK [59]
S IR 3 A, e LR

FENX 1. F i (principal angle). 47 7€ | TR IEAEEE BS = [b5,..., b5 | A1 1 20 B ARSI IEASHE BT = [b7,...,57],
DU Y 4 IE A2 L 1 2 A1 E L T

ST
@°T = min arccos[(f])—blr]

I N TTH T
aSHT: (bg)Tb; )
2 B

min minarccos [
b5 165 by 1bT

(25)
(bS )TbT
$oT'=  min arccos|
B el T
B3 LbS S " "
bl LbY,..bT |

ST 1 1
@57 = [Q?HT,Q;HT

BT UL SE S AT — 2B A 3 2D BRSSO F I 2 18] R AR B RS, 22 3K (26) P
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5562 HAEFIR 2025 5% 36 A5 12 49

Ly =[sin® 7] = > sinaf (26)

43 RERE

FT UL BB A, A0 B AR R EL, WA (27) Pos:

L(6,,0,.0,,.6,,6.,6,) = yLyar +BLy, + L, 27)
Hoh, g,y HEBEZHL A Bk BARRECT, A SCH AR ISR B bR AE A Adam RIS BEAT Y1 25
0:.,6,.6,,,6,.0.,0, = argmin L(6,6,,6,,.6,,6.,6,).

AR J7 VI B T HE B SR B A R E AR KT — KN mxn BIEERE, B0 SVD 4 R 1B ) 5 4 N
O(min(m®,mn)). fELFRIAHFT, A LUE GPU #4733, 45— AN HERFTH R RIS [R5 0.25 .
5 LWRITREGRSH

ARCAE 3 A AFFHEMERAR A FHAT 7 S25050UF: UCT AZIE3) IR (UCT human activity recognition, UCTHAR)™
BRAE, S NZEEN IR 5 (heterogeneity human activity recognition, HHAR)® 44t 4, DA K ANAKAT HEFHR B
(wireless sensor data mining, WISDM)™ ¥ 45 Sz86 45 B f 7R 7 E R Se 4 B F1 255 P seib Rk 17 3

A FIRE LR 7 AT 2 IR R SE, HR T T 2 KBRS RIS, A R S B B R 2
P

R2 SRS H IR UL IUE

ZH ik UCIHAR HHAR WISDM
optimizer Ak 3 Adam Adam Adam
epoch Pl ER 00 40 40 40
batch size PR 32 32 32
Sequence len N ) 5 B P 50 50 50
predict len T 54 B 50 50 50
Learning rate B 0.005 0.0005 0.003

VR S8 A8 P A s 2% (1) B2 54 NVIDIA RTX A5000, #:4E 2488 Linux (Ubuntu K44 16.04), CUDA hit
AN 11.6, FEJF1E PyTorch 1.12.0 HESE R R AIZE, R 9w FE1E 5 P54 Python 3.9.16.

BbAh, AT BRAE A SCEE K DIVV IR 8] 37 5 450 15 38 77 15 HR R A — AN BB 10 2k, AR SO T — R A1
RSO0 FEPR AL T WAL S5 R

ARICKGAEE 5.1 WP A EEERAE, 55 5.2 W ENAXT TR, 8 5.3-5.5 WIS LR R, 5 5.6 F
5.7 X AR SCAGERY BRI 1) b SE Bk AT W AL
51 HiEE
5.1.1 UCIHAR ¥4

UCIHAR #(#&4E (University of California, irvine-human activity recognition dataset) A& A\ 7R3 5 R 3 40U 1) —
AN EBER, SRS STMSERE S0 B0 10 R R AL . %50 52 2 e T WL R 3 A0 B MR AL J
FWEE, F TR H 30 & EEE SR, BURECE 6 Mg W NARESN I, Wms i, AE . JWE.
AT EAERRAT RS, A BEE RS TR 3 DN (XL Y Z) B hni R A R, DR L ) Bl
PR, 8%, UCTHAR 4 805 R N ZREEAN IR, I T-HLA8 7 ST B B I R A0 PPl 1A B SR 7 {3 B
BRGNS B IR ER S U B T IS g, RN RN R F IR T A S T A, LIRS AMERTESIIR A
R Bf P AN S FH KT X UCTHAR $dm S 69 /0 b RER A, AT LR REIE ST . B R B AN AR B AE 40 A4
(B3 $ IR SR B PRLIRG, AR SO A A 3 A B8R B2 SR Al BT 4R HA 1) DIVIV (I [ 37 51 TR0 4504k 1 3 2 v
BRI P RE.
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5.1.2 HHAR ¥4
HHAR $HE4E, th R AT HURI R e TR A% B S R BB AL AR, B 7R R F0A% s 5 o M ek A 2805 3h A 50 (2
2. AR E LRSS FURFIESR LSS 1R m. iZEAR RSOk B 9 AL P IO EURE, IX e PR
T HAT TR, Ay Sh B BRI RS 6 RE S R EIC T T TR R W R T AILIE B AR R AR 1 1
K, BN A B N BB, I A JEE DA 12 4 T SRR 1A St e SR RE AT 10 S8 T PR P A9 sl s . i i SR 1
H AO7E T 0T SO AN B AR AL s 57 ek A 2R3 iR S SRy M RE RO . ZEFRATT R S36 v, KA L P o — A4,
HHAR H8 4 W0 5008 BE A 4E B2 12853, A SOKE SHZ AR 347 U0 £, BT 100%3 48 88 fO5, 314 Hont 2 7 i
By 50x3 BB, B 28050 TSR, Jo 280505 H N P B AR 20 I
5.1.3 WISDM ¥4k
WISDM #(#f54E (wireless sensor data mining) A& — ™ B 2 IR EHESE, B 70 SCRE RIS 3015 51 sk il 72 70
FETE R . AR AR T TE B SRR w8 S B8 T L A0 3 5 N PR MR (S A% SR 2 P i i 1) 22 P A A TG 30,
AFEBAT. D, RIS A, S BT ERTS. XSRS T 2 AREE, W 3 AR BNk R
HF R, DRI RS .. WISDM B4 4 (1 ARy 2 A E T e Bl 7 3 AR08 I 2 REPE AN B 4 Pk, T 1 05K
S rh 2 RS B 5 B, ASCEBRAE A IX AN B SR VR A5 B4R (4 DIVV B 18] 3 31 5000 408 1 38 82 7 VR A%
AU RE. WISDM H4fE 52 18 FE AR 4E 52 M RE Dy 128x3, BAR#E )% 5 HHAR %46 4248 .
5.2 MftbEiE
Bk 7 ARG 3E F 0 A HE I AR B8 NV, AR SO R T AR B TR AR BRI i, DA R A AN [
115 HH R A ) 13 B 4 1 3 I 9.
e G138 P T 0 25 50 1) B 1 3E 7 ¥4 DDC i e MU IR 5 BRI R T3 7% 57 (MMID)™ 5k
S STATURAS AL, BT T B0 B I J2 o R I 8 R 2 I 4 F) 40 23 S 2% 947 I 110 )1 5, HoMM®™ 3 3t G Fic 5 35 A1
H bds i i, e/ IMGAS R 4B 2 18] F) 2 57 DS AN ST 568 55 AR 567 AT 40 A 1 53 35 5 P 48 25 57 (LMMID)
Skt /MK ISR H bR T8 1025 5. ANAR BB PR AR RS SR U7 VR - SASA-TVI Il PR 3R 9 3R (s AR R 3
(RN AR 254, R 7E AT B 1A 75 55
BeAb, A SR P8 T B BT B3R T4 17 vk 9140, AdvSKM i) Pt 470 1k 5 A% DG T A g vl F 1 /5 1) 4
rh g JE PR PR AR SR b B 53 4, A SCERFFAT T Raincoat!" J7 ik, BAR, A SCHE S BT h R g N T Eofty S LRI i)
J H450, 1 38 7 925, 451130 CoDATSAil CLUDAPY,
X BT RS, AR SCRA FL SRR R R, Hih 507 30 F por:
Fleox it 2 x Elﬁlfé'
FETHER + 1 B R
5.3 UCIHAR SEIE4ER
AR IS T A ST R T DIVV BB R] 5 31 480 & B 77 7 7E UCTHAR B 48 T (5236 45 R
AR SC K (5 LA PR LI B T 12 2B 0% AT 528, 25N 1216, 14524, 19516, 118, 23521,
2416, 24—18,3—16, 25—16, 3—18, 5—16, 8—18. Friv P [l H7 4> A L I AT H bRl
% 3 JE/R T UCIHAR $HR 41 St 45 0L, Tl it st 28 30, A 13 i LR 458,
D) AIEAE F1 845 LRI T HAh 10 X7k, BAKI &, ASSCHTR H A 572551 L SASA-TV $2F+
T 4% HOVHERA R, IR e St 45 UG AIE T A5 VEAE IR 7 51 20 AT 45 1 iz Ah Rt
2) PR G5 1) T AS B0 0 ST 38 B 77 YR AE I TR) 5 21 5 B o DAIUAS: RS 3R I, S HIE BH T 156 B 17 7 51
8 ATk 3 L T I PR, T AT X e b v AR R
3) BUA B TR AT XS5 59240 AdvSKM 7E 583 DIVV IS ELAETEAS 2, TRRIX 28 75 105 R B AR 2%
B P URA A B2 TR, 0] BRIR R T AU AL IR IE, 5 BU8CRAR 2. i A SCH) DIVV J5 12 o Hboks 4tk
AR A RIANAE (45 S5 AR, T 7E FRIIAT 55 b k0 B8 1 st e AT I A (1 51
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HAEFIR 2025 5% 36 A5 12 49

4) TR A R E M 7% SASA-IV R T B4 6 5, [FIRE LIS 18] 7 51 73 58 (1 4505 3 A 55 A
R IREL, UEWT T AR RNRAE A D AU 1 3 M ) A e 3.

F 3 UCIHAR 325645 5B & 6 L sig: (%)

Models 12—16 14—-24 19—16 1-18 23521 24-—16 24—18 25-16 3—16 3—18 5—16 8—18
DDC 59.99 71.34 66.62 86.69 83.41 63.62 71.8 65.17 70.11  80.66  48.85 85.43
DANN 66.68 73.55 63.5 71.5 80.73 66.65 86.14 63.95 69.21  88.98 4888  80.16
HoMM 54.16 90.55 61.19 93.95 81.42 63.72 85.79 67.28 73.54  93.01 4997 92.56
CoDATS 63.65 89.98 56.91 93.56 90.34 59.00 85.11 65.58 68.42 88.01 50.02 92.85
DSAN 61.71 90.37 57.95 95.35 90.4 64.99 88.26 62.21 59.09 87.18 55.83 9251
AdvSKM 5847 7791 40.00 93.23 73.06 65.89 84.63 67.43 68.57 8531 4648  86.89
SASA 63.68 85.65 63.51 84.3 87.24 62.73 82.66 69.2 7449  92.06 5192 87.77
CLUDA 54.13 82.42 45.01 72.47 84.45 59.84 68.98 58.72 53.85 6742 4155 67.90
Raincoat 68.04 77.02 49.87 74.77 79.25 65.27 79.85 62.83 69.82 8541 51.87 88.04
SASA-IV 6595 86.88 66.66 79.12 90.45 62.80 83.92 71.02 7392 9126 52.83 88091
DIVV 68.81 91.49 68.04 95.73 92.2 67.43 89.42 72.58 76.7 9341 56.16 93.47

54 HHAR SEIO4ER

AT RIS AT DIVV B 8] 5 31 4tk & 57 7572 7F HHAR S48 T ISR 25 . 5 UCTHAR #¥s A2 2540,
AR T AL — A B O, JEBEALE SR 12 S5, 738 01, 08, 157, 2—1, 31, 4—1,
4—5, 6—1, 7—1, 7—6, 8—0, 8—1.

# 4 7R T HHAR B M SLIn g R, @l SR g IR, ASCrI 3 BU N &0 1) 78 10 A st sk, A&
TIESER E IRAE F1 4R FS EI9RT Hofth 10 /NXFEET7 k. FERR 1T R 7 1) o, 49120 0—8 A1 8— 1, AH ELIRHT AUXT EL I
%, ARSHRTS 6.5%—10% B3R TE. 2) AH EEXT SR 4 /MR Z2 R, 3 TS0 55 (77 1L 1 AdvSKM SIS RUR S A5
REARIF 0 58 X ME ST 3) FE TR @B 777 e in AdvSKM #
DIVV [0 AR T2 T CNN $RBURFIEHEAT XS 57 11 772 b i DDC, Ry HHAR BAA — 5@ 1 A H{E B, B T4
FEHRII TR R 7T 005 21 F A

F 4 HHAR s2I0&5E B R HSH SR (%)

U, DRI A ) 1 ) 300 R A BURK, 2R3 1

Models 0—1 0—8 1-7 2—1 3—1 4—1 4—5 6—1 7—1 7T—6 8—0 8—1
DDC 43.56 47.27 63.45 3441 90.14 78.38 84.05 83.8 80.55 85.85 29.69 85.54
DANN 54.3 54.17 82.26 50.24 94.59 94.54 87.98 93.48 83.65 95.82 3241 92.72
HoMM 49.56 68.54 86.35 40.17 96.09 86.84 90.64 89.44 81.19 86.68 37.95 92.87
CoDATS 55.74 71.91 89.51 44.59 96.35 94.65 92.96 92.1 87.91 95.11 41.84 93.76
DSAN 63.82 71.51 89.48 41.95 95.55 95.99 96.06 9343 92.52 95.16 38.53 96.81
AdvSKM 42.17 54.95 67.62 41.24 87.45 78.51 87.14 87.06 75.66 85.71 37.78 86.81
SASA 60.4 63.78 89.9 47.17 94.73 85.5 89.7 93.38 86.54 94.34 38.31 91.93
CLUDA 59.87 61.28 89.28 50.9 95.05 92.1 88.77 91.32 91.56 90.55 40.35 90.47
Raincoat 47.82 44.42 86.81 35.19 91.66 76.57 63.8 91.26 78.22 90.01 34.56 94.75
SASA-IV 61.86 66.04 88.06 43.22 91.86 88.95 89.81 92.18 89.30 91.69 39.74 91.70
DIVV 64.64 73.71 91.28 53.57 96.5 96.36 96.85 94.2 93.56 96.59 43.05 97.46

5.5 WISDM SEIS4ER
AT RN IS HT DIVV B (8] 7 51 4Tk 3&E B 7 V4 7E WISDM ¥4 T 123645 . 5 UCTHAR s 428
oL, ARSCHG A By — AN AR AT, HRENLIERE T 12 HE Y5, 4008 458, 1357, 3410, 1352,
10—1, 13—10, 510, 1710, 33—7, 2—10, 35—10, 12—10.
# 5 /R T WISDM HEAE 1 st g . lid X se s L, A SCAF LR 4518,
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5 WISDM 525645 B K HxF Ehsa (%)
Models 458 1357 34510 1352 101 13510 5510 17510 3357 2510 35510 12510
DDC 7323 6556  68.11 5738 69.06 4078  69.98 4261 6355 7221 5543  52.67
DANN 6944 6852 6782 6148 77.15 5301 7117 6117 5964 689 5886  67.37
HoMM 7127 69.17 6421 6634 6698 5836  71.87 5937 659 6597 5105  64.77
CoDATS 723 6515 6335  59.1 7001 6569 7432  69.06 59.73 6759 6037 6745
DSAN  82.15 5728 6662 5678 787  66.89  73.68 6563 5028 7009  61.19  51.59
AdvSKM 6843 672 6875 6782 7191 4612 697  49.14  60.68 70.86 5461  62.27
SASA 7353 5572 6492 6671 7618 6508  64.14 645 4392 6664 5581  64.23
CLUDA 6446 555 6738 5737 67.63 5999  69.68 4399 603 6698  42.63 59
Raincoat  77.45 56.65 6407 5653 6842 6649 6408 646 5191 641 5067 615
SASAIV 8235 5815 6141  64.62 79.58 6351 6248 6575 5802 6727 5722 6443
DIVV 8296 7097 69.07 69.01 8.1  67.54 7526 6747 6718 7427 63.12  68.54

1) ATFIELE F1 38K B RBUEARL T HAl 10 ANRFEE 59, IE T A7 A2 A ML A

2) TR R 2 ST B 778 SASA-TV B FU AL 43 (1 43 [ 3& B /7 ¥4 DDC HoMM ZE 47 iX 52 K24 WISDM
BRI BRI R . AR MBS B, AR R MA7AE— & I RE R 58 R, IRk SASA-TV fig
BEF8 4 A S AR AR R S

3) I TA) 3 21 40k O R 77 vk 40 DIVV AR BT RIS 8] 35 21 45048 1 38 3 77724 DANN ROCR B AT, X 3R B R
V) 3 B4k 9 3 7 12 8 FH B 18] e 370 5308 o A7 e B
5.6 JHRESKIGZER

N T BRI AR T R A I A R, A SO T 3 BIAS IR AR YRR, an R BTR.

a) N T IS E AR SCHE HS B ERRAE 0 AR R R0, A SOH L, T2, F B S AR ARy DIVV-w
Tk

b) T BAIEARSCHE H T AT S AS B AR RR A AL AT R, AR SOKE Lyae 2398, FF BKG15 3 FE B AR FIRR N
DIVV-d 7.

©) N T U AIE AR SCHR I UM S8 T 3R VR (0 R, AR SOOI 3 4R L, 9F IG5 B BB AR Fl R oy
DIVV-r J7ik.

WAL, ST B8 UE AN [R] I % 55 7 25, AR SRS IE 22 AR AE R SRR 55 8 e BRI B 5 0] 55 A1 MMD (maximum
mean discrepancy) %155, I B2 Al 445 B AR AL A i DIVV-0 1 DIVV-M.

T R [FI R A AR b 2 R] R B, A SCE UCIHAR A1 WISDM $0#E 45 b2 B BENLi% £ 4 4154807 5 ki
T RRSEG, R 25T R a6 1) 25 SR DU IR R g AT v Ak, infE S0 4 RIS SO S Biow, AT BLUR &8 1) A&
SCHTHR VAR T 5 T A R, SRR T AR SCHE H B B A R % B MR R 2. 2) 7E UCTHAR & i) 12—6
F123—12 DL WISDM i EEH 19 13—10 F1 12—10 J7 A1, DIVV-w JiEMXT TARER DIVV ik RE T &
%, UE W T AR SCHRE H (AR AE X SEARAR YR 108 Rk 3) AR SCdk— 253t 235k Lyag, RIUE L A7 [ FRagie 45
AR FFERE R T M, AR B 7 A SCEE T AR A AR B VO 7E LSe35 T A RUbE. 4) @i Bl s 1k, A
SCRIAER ZHUIT AT 5 G T 0, UEBA T SR 38 ) #4E 00 0] DU st 32 AR 2 1Rz Ak 1. 5) AR 534 R IR
7E UCIHAR $#E4E P i) 23521 3T 4E %% DIVV-d 1 DIVV-r (528 48 BASL A K, 1% 2 BN AN T AT S 4
L PR a7 SR, M AAA AN [ 2 A0 o 1 22 S k.

N T SRAIE TEAZ R AR SRR KA 20, AR SOk — 2548 FH K TG BE B8 5% MMID 3847 8 X 9F 75 WISDM i 4
AT ARG, SIS S RN JE SCER 6 . FRSLIG A R DN, AR SCATHE H I IE ASRRAE N R AR BE 0% T 4T Hh R N B A AR
REAIE, ANIMAE N AT 55 B B 4 1 43 SR80
5.7 FUMZERATHL

R SR AE A SR ER 1 AT AN AR RRAE (175 0 R AR SO m R 0 M B P M 5 TR I IE R, AR SOk — 2B 4 it
T 3T T-SNE IR RAL 44, 75 CLUDA F1 Raincoat #5131~ 5] 7 #1304 A 408K [ 306 7 5 VR R4 T BB, S5
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LR NIE 6 o, Horh 0 AN (3R AN [ (408, 35 BL B Ses 45 R, AR DUAS H LR 4518 1) CLUDA Al

Raincoat 7772 Jfrf J82 iy B v, 3 €8 A 2 €80 P i A AN BEAR S M B 2%, S UE ] 17 IR 577 3 A RE AR HboKe U AE £ A 43
AR R AL AR RS R, T DL 2% S B BLAR ) SEB ROR. 2) AR H ) DIV J7 3 0 2 A 40 A 465 4 7T A
A, LD AN () R PR M s, LA T, IR T U AN BRI A 3 AT AR AL, T DA L B g B AT AN AR
ERSWNITERGEE A e R i eI €

8.22 0.94 0.80 1.0
. 0.92
066 090 0.75 0.8
3 0.64 0.88 0.70 0.6
£ 0.62 :
& 0.60 0.86 0.65 0.4
0.58 0.84 0.60 0.2
0.56 0.82 . .
0.54 0.80 0.55 0
44 & DA Q & DA @ & DA 4~\ Q& DA
7 2 4 4 ’ - 4 - - 4 ’ A 4
& & g $ &7 PR § o &
< Q\ Q\ Q'\ < Q& Q\ Q\ < Q\ Q\ Q\ < Q\ Q\ Q\
(a) 1216 (b) 23521 () 316 (d) 2418
Bl 4 UCIHAR #¥s 457 fhsc s 25 R v AL
0.85 0.82 8'2% 0.8
0.80 8‘32 0.66 oe
M 075 : 0.64 05
= 0 0.76 0.62 04
5 070 0.74 8'2% 04
B 0.72 : 0.2
0.65 0.56 .
0.70 0.54 0.1
0.60 0.68 0.52 0
QA D> s P IRY S Q& D> B Q& D> s
S S &S S
Q\ Q Q Q\ Q Q Q\ Q Q Q\ Q Q
(a) 4—8 (b) 101 (c) 1310 (d) 1210

5 WISDM a4 v a3t 45 A IR K

% 6 DIVV, DIVV-O fil DIVV-M 7£ WISDM ¥#E4E b 1 S2E6 45 51 (%)

Models 4-8 1357 34—-10 13-2 10—»1 13—10 5-10 17—-10 33-»7 2—10 35-10 12—10

DIVV 82.96  70.97 69.07 69.01 81.1 67.54 75.26 67.47 67.18  74.27 63.12 68.54
DIVV-O 8136  69.88 68.75 67.82  78.51 66.24 73.7 63.48 6528  71.86 60.00 65.71
DIVV-M  80.12  70.50 67.79 68.54  77.10 65.45 72.88 62.97 65.82 70.71 63.25 67.84

10.0

I Domain 3 . B - Domain 3 L 30 |'Domain3 -
7.5 FDomain 18, - - . - Domain 18 _ 9 -Domain 18%.
. »* 2 )
5.0 - ) 20
25 | &% " - . i
ot e = A . ?
2.5 X = * O o 0 %
=50 . - " : e v oo By -10 »
75 Lz~ " '.‘.4. § N - "- r g Ney
-100 | y R . 20 | w " ’
=15 =10 -5 0 5 10 15 —20%, 10 0 10 20 -20 -10 0 10 20
(a) DIVV (b) CLUDA (c) Raincoat
Kl 6 DIVV #l CLUDA #1 Raincoat 1Tl 45 5 nl 44k,
6 ZERIE

AT T — 3 TR AR AR X 5 14 0 B U I R SRV, B A AR R I TR] e 81 a4 A N Bk
ol S T X i 18] 41 B A DR SR A O R, A SRR AR 7 AR A 3 FIANAZ B 7, R e 73 R AL &

© TEBREEGESIEIFEFDT htp/ www. jos. org. cn



AR ST IR F AR 7 60T 19 S AT B 3 ok 5567

FoR. T ARBIVERR, ASCUTT 1 AR B AL XS FF AT B & AR (DIVV), 22 70 HE Wi R U8 22 AL
FaAe &, IR HE T IE SRR TR R AR U AN AE A B AR . e, AR SUR TSN AR 3 AR AT 10 8] 52 51 7
K, IFAE 2 A HR R EHEATIOE. SRIG SRR, AT A BB AR AR SR 5 b B B 3 1 b,
figE- R[5 P 81 RS0 A0 5 3 i) LB AR T ) A A 5 9.

References:

[1] de Oliveira da Costa PR, Ak¢ay A, Zhang YQ, Kaymak U. Remaining useful lifetime prediction via deep domain adaptation. Reliability
Engineering & System Safety, 2020, 195: 106682. [doi: 10.1016/j.ress.2019.106682]

[2] Purushotham S, Carvalho W, Nilanon T, Liu Y. Variational recurrent adversarial deep domain adaptation. In: Proc. of the 5th Int’] Conf.
on Learning Representations. Toulon: OpenReview.net, 2017.

[3] Tzeng E, Hoffffman J, Saenko K, Darrell T. Adversarial discriminative domain adaptation. In: Proc. of the 2017 IEEE Conf. on Computer
Vision and Pattern Recognition (CVPR). Honolulu: IEEE, 2017. 2962-2971. [doi: 10.1109/CVPR.2017.316]

[4] Ganin Y, Ustinova E, Ajakan H, Germain P, Larochelle H, Laviolette F, Marchand M, Lempitsky V. Domain-adversarial training of
neural networks. The Journal of Machine Learning Research, 2016, 17(1): 2096-2030.

[5] Hoffman J, Tzeng E, Park T, Zhu JY, Isola P, Saenko K, Efros AA, Darrell T. Cycada: Cycle-consistent adversarial domain adaptation.
In: Proc. of the 35th Int’l Conf. on Machine Learning. Stockholm: PMLR, 2018. 1989-1998.

[6] Long MS, Cao Y, Wang JM, Jordan MI. Learning transferable features with deep adaptation networks. In: Proc. of the 32nd Int’l Conf. on
Machine Learning. Lille: JMLR, 2015. 97-105.

[7] Ozyurt Y, Feuerriegel S, Zhang C. Contrastive learning for unsupervised domain adaptation of time series. arXiv:2206.06243, 2023.

[8] Stojanov P, Li ZJ, Gong MM, Cai RC, Carbonell JG, Zhang K. Domain adaptation with invariant representation learning: What
transformations to learn? In: Proc. of the 35th Int’l Conf. on Neural Information Processing Systems. Curran Associates Inc., 2021.
24791-24803.

[9] Bickel S, Briickner M, Scheffer T. Discriminative learning under covariate shift. The Journal of Machine Learning Research, 2009, 10:
2137-2155.

[10] Gretton A, Smola A, Huang JY, Schmittfull M, Borgwardt K, Scholkopf B. Covariate shift by kernel mean matching. In: Quifionero-
Candela J, Sugiyama M, Schwaighofer A, Lawrence ND, eds. Dataset Shift in Machine Learning. Cambridge: MIT Press, 2008. 131-160.
[doi: 10.7551/mitpress/7921.003.0013]

[11] Schélkopf B, Locatello F, Bauer S, Ke NR, Kalchbrenner N, Goyal A, Bengio Y. Toward causal representation learning. Proc. of the
IEEE, 2021, 109(5): 612—634. [doi: 10.1109/JPROC.2021.3058954]

[12] Cai RC, Chen JW, Li ZJ, Chen W, Zhang KL, Ye JJ, Li ZZ, Yang XY, Zhang ZJ. Time series domain adaptation via sparse associative
structure alignment. In: Proc. of the 35th AAAI Conf. on Artificial Intelligence. AAAI, 2021. 6859-6867. [doi: 10.1609/aaai.v35i8.
16846]

[13] LiZJ, Cai RC, Chen JW, Yan YG, Chen W, Zhang KL, Ye JJ. Time-series domain adaptation via sparse associative structure alignment:
Learning invariance and variance. arXiv:2205.03554, 2022.

[14] LiZJ, Cai RC, Fu TZJ, Hao ZF, Zhang K. Transferable time-series forecasting under causal conditional shift. arXiv:2111.03422, 2023.

[15] Liu Q, Xue H. Adversarial spectral kernel matching for unsupervised time series domain adaptation. In: Proc. of the 30th Int’l Joint Conf.
on Artificial Intelligence. Montreal, 2021. 2744-2750.

[16] He H, Queen O, Koker T, Cuevas C, Tsiligkaridis T, Zitnik M. Domain adaptation for time series under feature and label shifts. In: Proc.
of the 40th Int’l Conf. on Machine Learning. Honolulu: JMLR, 2023. 12746-12774.

[17] Ben-David S, Blitzer J, Crammer K, Pereira F. Analysis of representations for domain adaptation. In: Proc. of the 20th Int’l Conf. on
Neural Information Processing Systems. Vancouver: MIT Press, 2006. 137-144.

[18] Cai RC, Li ZJ, Wei PF, Qiao J, Zhang K, Hao ZF. Learning disentangled semantic representation for domain adaptation. In: Proc. of the
28th Int’1 Joint Conf. on Artificial Intelligence. Macao: AAAI Press, 2019. 2060-2066.

[19] Chen C, Fu ZH, Chen ZH, Jin S, Cheng ZW, Jin XY, Hua XS. HoMM: Higher-order moment matching for unsupervised domain
adaptation. In: Proc. of the 34th AAAI Conf. on Artificial Intelligence. New York: AAAI Press, 2020. 3422-3429. [doi: 10.1609/aaai.
v34i04.5745]

[20] Kim T, Cha M, Kim H, Lee JK, Kim J. Learning to discover cross-domain relations with generative adversarial networks. In: Proc. of the
34th Int’] Conf. on Machine Learning. Sydney: JMLR, 2017. 1857-1865.

[21] Zhuang FZ, Luo P, He Q, Shi ZZ. Survey on transfer learning research. Ruan Jian Xue Bao/Journal of Software, 2015, 26(1): 26-39 (in

© TEBREEEEIEDT  htp/ www. jos. org. cn


https://doi.org/10.1016/j.ress.2019.106682
https://doi.org/10.1109/CVPR.2017.316
https://doi.org/10.7551/mitpress/7921.003.0013
https://doi.org/10.1109/JPROC.2021.3058954
https://doi.org/10.1609/aaai.v35i8.16846
https://doi.org/10.1609/aaai.v35i8.16846
https://doi.org/10.1609/aaai.v34i04.5745
https://doi.org/10.1609/aaai.v34i04.5745

5568 HAEFIR 2025 5% 36 A5 12 49

Chinese with English abstract). http://www.jos.org.cn/1000-9825/4631.htm [doi: 10.13328/j.cnki.jos.004631]

[22] Fu JH. On the deep transfer learning and its applications [MS. Thesis]. Nanjing: Nanjing University of Posts and Telecommunications,
2020 (in Chinese with English abstract). [doi: 10.27251/d.cnki.gnjdc.2020.000222]

[23] Li X. Research on cross domain image classification via transfer learning [Ph.D. Thesis]. Xi’an: Xidian University, 2017 (in Chinese with
English abstract).

[24] Qin JW. Research of transfer learning and its application in classifying cross-domain data [Ph.D. Thesis]. Guangzhou: South China
University of Technology, 2011 (in Chinese with English abstract).

[25] Li JJ, Meng LC, Zhang K, Lu K, Shen HT. Review of studies on domain adaptation. Computer Engineering, 2021, 47(6): 1-13 (in
Chinese with English abstract). [doi: 10.19678/j.issn.1000-3428.0060659]

[26] Gu X. A study on cross-domain classification and its application [Ph.D. Thesis]. Wuxi: Jiangnan University, 2014 (in Chinese with
English abstract).

[27] Tang S, Ye M, Li XD. Domain adaptation object recognition. ZTE Technology Journal, 2017, 23(4): 25-31 (in Chinese with English
abstract). [doi: 10.3969/j.issn.1009-6868.2017.04.005]

[28] Xu M. A study on domain adaptation algorithm and its application [Ph.D. Thesis]. Wuxi: Jiangnan University, 2014 (in Chinese with
English abstract).

[29] Sun Q, Ling WX. Source domain selection in transfer learning based on domain similarity rank. Science Technology and Engineering,
2020, 20(20): 8245-8251 (in Chinese with English abstract).

[30] Liang HT, Liu S, Du JW, Hu Q, Yu X. Review of deep learning applied to time series prediction. Journal of Frontiers of Computer
Science and Technology, 2023, 17(6): 1285-1300 (in Chinese with English abstract). [doi: 10.3778/j.issn.1673-9418.2211108]

[31] Wei CX, Wang ZH, Yuan JD, Lin QH. Time series pattern discovery and classification with variable scales in time-frequency domains.
Ruan Jian Xue Bao/Journal of Software, 2022, 33(12): 4411-4428 (in Chinese with English abstract). http://www.jos.org.cn/1000-9825/
6346.htm [doi: 10.13328/j.cnki.jos.006346]

[32] Mao YH, Sun CC, Xu LY, Liu X, Chai B, He PC. A survey of time series forecasting methods based on deep learning. Microelectronics
& Computer, 2023, 40(4): 8-17 (in Chinese with English abstract). [doi: 10.19304/J.ISSN1000-7180.2022.0725]

[33] Zang WH. Research on transfer learning based on generative adversarial networks [MS. Thesis]. Chengdu: University of Electronic
Science and Technology of China, 2018 (in Chinese with English abstract).

[34] Wang YY, Sun GW, Zhao GX, Xue H. Unsupervised new-set domain adaptation with self-supervised knowledge. Ruan Jian Xue
Bao/Journal of Software, 2022, 33(4): 1170-1182 (in Chinese with English abstract). http://www jos.org.cn/1000-9825/6478.htm [doi: 10.
13328/j.cnki.jos.006478]

[35] Jiang LL, Luo JJ, Zhu YP, Zhou DQ. A survey on adversarial attacks against deep learning. Aerospace Electronic Warfare, 2023, 39(1):
10-18, 50 (in Chinese with English abstract). [doi: 10.16328/j.htdz8511.2023.01.011]

[36] Xu XD. A classification method of visible digital watermarks based on transfer learning. Technology Innovation and Application, 2023,
13(8): 139-142 (in Chinese). [doi: 10.19981/j.CN23-1581/G3.2023.08.032]

[37] Han X. Domain adaptation based open set classification and semantic segmentation [MS. Thesis]. Nanjing: Nanjing University, 2019 (in
Chinese with English abstract).

[38] Wang SC, Zheng F, Zhang L. Learning causal relationship from time series based on Bayesian network. Ruan Jian Xue Bao/Journal of
Software, 2021, 32(10): 3068-3084 (in Chinese with English abstract). http://www.jos.org.cn/1000-9825/6012.htm [doi: 10.13328/j.cnki.
j0s.006012]

[39] Cai RC, Li JH, Hao ZF. Unsupervised domain adaptive algorithm with intra-class maximum mean discrepancy. Application Research of
Computers, 2020, 37(8): 2371-2375 (in Chinese with English abstract). [doi: 10.19734/j.issn.1001-3695.2019.03.0042]

[40] Locatello F, Tschannen M, Bauer S, Ritsch G, Scholkopf B, Bachem O. Disentangling factors of variation using few labels. arXiv:1905.
01258, 2020.

[41] Tzeng E, Hoffman J, Zhang N, Saenko K, Darrell T. Deep domain confusion: Maximizing for domain invariance. arXiv:1412.3474, 2014.

[42] Wen J, Zheng NG, Yuan JS, Gong ZF, Chen CY. Bayesian uncertainty matching for unsupervised domain adaptation. arXiv:1906.09693,
2019.

[43] Wilson G, Doppa JR, Cook DJ. Multi-source deep domain adaptation with weak supervision for time-series sensor data. In: Proc. of the
26th ACM SIGKDD Int’l Conf. on Knowledge Discovery & Data Mining. ACM, 2020. 1768—1778. [doi: 10.1145/3394486.3403228]

[44] Yan HL, Ding YK, Li PH, Wang QL, Xu Y, Zuo WM. Mind the class weight bias: Weighted maximum mean discrepancy for
unsupervised domain adaptation. In: Proc. of the 2017 IEEE Conf. on Computer Vision and Pattern Recognition. Honolulu: IEEE, 2017.
945-954. [doi: 10.1109/CVPR.2017.107]

© TEBREEEEIEDT  htp/ www. jos. org. cn


http://www.jos.org.cn/1000-9825/4631.htm
http://www.jos.org.cn/1000-9825/4631.htm
http://www.jos.org.cn/1000-9825/4631.htm
https://doi.org/10.13328/j.cnki.jos.004631
https://doi.org/10.27251/d.cnki.gnjdc.2020.000222
https://doi.org/10.19678/j.issn.1000-3428.0060659
https://doi.org/10.19678/j.issn.1000-3428.0060659
https://doi.org/10.19678/j.issn.1000-3428.0060659
https://doi.org/10.3969/j.issn.1009-6868.2017.04.005
https://doi.org/10.3969/j.issn.1009-6868.2017.04.005
https://doi.org/10.3969/j.issn.1009-6868.2017.04.005
https://doi.org/10.3778/j.issn.1673-9418.2211108
https://doi.org/10.3778/j.issn.1673-9418.2211108
https://doi.org/10.3778/j.issn.1673-9418.2211108
http://www.jos.org.cn/1000-9825/6346.htm
http://www.jos.org.cn/1000-9825/6346.htm
http://www.jos.org.cn/1000-9825/6346.htm
http://www.jos.org.cn/1000-9825/6346.htm
https://doi.org/10.13328/j.cnki.jos.006346
https://doi.org/10.19304/J.ISSN1000-7180.2022.0725
https://doi.org/10.19304/J.ISSN1000-7180.2022.0725
https://doi.org/10.19304/J.ISSN1000-7180.2022.0725
http://www.jos.org.cn/1000-9825/6478.htm
http://www.jos.org.cn/1000-9825/6478.htm
http://www.jos.org.cn/1000-9825/6478.htm
https://doi.org/10.13328/j.cnki.jos.006478
https://doi.org/10.13328/j.cnki.jos.006478
https://doi.org/10.16328/j.htdz8511.2023.01.011
https://doi.org/10.19981/j.CN23-1581/G3.2023.08.032
https://doi.org/10.19981/j.CN23-1581/G3.2023.08.032
https://doi.org/10.19981/j.CN23-1581/G3.2023.08.032
http://www.jos.org.cn/1000-9825/6012.htm
http://www.jos.org.cn/1000-9825/6012.htm
http://www.jos.org.cn/1000-9825/6012.htm
https://doi.org/10.13328/j.cnki.jos.006012
https://doi.org/10.13328/j.cnki.jos.006012
https://doi.org/10.19734/j.issn.1001-3695.2019.03.0042
https://doi.org/10.19734/j.issn.1001-3695.2019.03.0042
https://doi.org/10.19734/j.issn.1001-3695.2019.03.0042
https://doi.org/10.1145/3394486.3403228
https://doi.org/10.1109/CVPR.2017.107

A 5 LTI B REAR S 3] 60T 1) 5 5 AT B 3E L ik 5569

[45] Zhu YC, Zhuang FZ, Wang JD, Ke GL, Chen JW, Bian J, Xiong H, He Q. Deep subdomain adaptation network for image classification.
IEEE Trans. on Neural Networks and Learning Systems, 2021, 32(4): 1713-1722. [doi: 10.1109/TNNLS.2020.2988928]

[46] Long MS, Cao ZJ, Wang JM, Jordan MI. Conditional adversarial domain adaptation. In: Proc. of the 32nd Int’l Conf. on neural
Information Processing Systems. Montréal: Curran Associates Inc., 2018. 1647-1657.

[47] Pan SJ, Yang Q. A survey on transfer learning. IEEE Trans. on Knowledge and Data Engineering, 2010, 22(10): 1345-1359. [doi: 10.
1109/TKDE.2009.191]

[48] Sakai H. On the spectral density matrix of a periodic ARMA process. Journal of Time Series Analysis, 1991, 12(1): 73-82. [doi: 10.1111/
j-1467-9892.1991.tb00069.x]

[49] Liu GS, Zheng Y, Xie XR, Huang L, Ding HL. A dual active domain adaptation algorithm based on loss prediction strategy. Chinese
Journal of Computers, 2023, 46(3): 579-593 (in Chinese with English abstract). [doi: 10.11897/SP.J.1016.2023.00579]

[50] Tang JK, Zhang H, Zhang ZQ, Wu TY. Image classification for unsupervised domain adaptation based on task relevant feature separation
network. Computer Science, 2023, 50(11A): 230100068 (in Chinese with English abstract). [doi: 10.11896/jsjkx.230100068]

[51] Anguita D, Ghio A, Oneto L, Parra X, Reyes-Ortiz JL. A public domain dataset for human activity recognition using smartphones. In:
Proc. of the 2013 European Symp. on Artificial Neural Networks, 2013. 437-442.

[52] Zhang K, Scholkopf B, Muandet K, Wang ZK. Domain adaptation under target and conditional shift. In: Proc. of the 30th Int’l Conf. on
Machine Learning. Atlanta: JMLR, 2013. I1I-819-I11-827.

[53] Zhao H, Melibari M, Poupart P. On the relationship between sum-product networks and Bayesian networks. In: Proc. of the 32nd Int’l
Conf. on Machine Learning. Lille: JMLR, 2015. 116-124.

[54] Ganin Y, Lempitsky V. Unsupervised domain adaptation by backpropagation. In: Proc. of the 32nd Int’l Conf. on Machine Learning.
Lille: JMLR, 2015. 1180-1189.

[55] Zhao H, Zhang SH, Wu GH, Costeira JP, Moura JMF, Gordon GJ. Adversarial multiple source domain adaptation. In: Proc. of the 32nd
Int’l Conf. on Neural Information Processing Systems. Montréal: Curran Associates Inc., 2018. 8568-8579.

[56] AlamF, Joty S, Imran M. Domain adaptation with adversarial training and graph embeddings. In: Proc. of the 56th Annual Meeting of the
Association for Computational Linguistics (Vol. 1: Long Papers). Melbourne: Association for Computational Linguistics, 2018. 1077—
1087. [doi: 10.18653/v1/P18-1099]

[57] Wright D, Augenstein 1. Transformer based multi-source domain adaptation. In: Proc. of the 2020 Conf. on Empirical Methods in Natural
Language Processing (EMNLP). Association for Computational Linguistics, 2020. 7963—7974. [doi: 10.18653/v1/2020.emnlp-main.639]

[58] Hochreiter S, Schmidhuber J. Long short-term memory. Neural Computation, 1997, 9(8): 1735-1780. [doi: 10.1162/nec0.1997.9.8.1735]

[59] Chen XY, Wang SN, Wang JM, Long MS. Representation subspace distance for domain adaptation regression. In: Proc. of the 38th Int’l
Conf. on Machine Learning. PMLR, 2021. 1749-1759.

[60] Ragab M, Eldele E, Chen ZH, Wu M, Kwoh CK, Li XL. Self-supervised autoregressive domain adaptation for time series data.
arXiv:2111.14834, 2021.

[61] Kong LJ, Xie SA, Yao WR, Zheng YJ, Chen GY, Stojanov P, Akinwande V, Zhang K. Partial disentanglement for domain adaptation. In:
Proc. of the 39th Int’l Conf. on Machine Learning. Baltimore: PMLR, 2022. 11455-11472.

[62] Lipton Z, Wang YX, Smola A. Detecting and correcting for label shift with black box predictors. In: Proc. of the 35th Int’l Conf. on
Machine Learning. Stockholm: PMLR. 3122-3130.

[63] Graves A. Long short-term memory. Supervised Sequence Labelling with Recurrent Neural Networks. Springer, 2012. 37-45. [doi: 10.
1007/978-3-642-24797-2_4]

[64] Sun BC, Feng JS, Saenko K. Correlation alignment for unsupervised domain adaptation. In: Csurka G, ed. Domain Adaptation in
Computer Vision Applications. Cham: Springer, 2017. 153-171. [doi: 10.1007/978-3-319-58347-1 8]

[65] JinY, Wang XM, Long MS, Wang JM. Minimum class confusion for versatile domain adaptation. In: Proc. of the 16th European Conf.
on Computer Vision. Glasgow: Springer. 2020. [doi: 10.1007/978-3-030-58589-1_28]

[66] Vaswani A, Shazeer N, Parmar N, Uszkoreit J, Jones L, Gomez AN, Kaiser L, Polosukhin I. Attention is all you need. arXiv:1706.03762,
2023.

[67] Vapnik VN. The Nature of Statistical Learning Theory. 2nd ed., New York: Springer, 2000. [doi: 10.1007/978-1-4757-3264-1]

[68] Stacke K, Eilertsen G, Unger J, Lundstrom C. Measuring domain shift for deep learning in histopathology. IEEE Journal of Biomedical
and Health Informatics, 2021, 25(2): 325-336. [doi: 10.1109/jbhi.2020.3032060]

[69] Peharz R, Tschiatschek S, Pernkopf F, Domingos P. On theoretical properties of sum-product networks. In: Proc. of the 18th Int’l Conf.
on Artificial Intelligence and Statistics. San Diego: JIMLR, 2015. 744-752.

[70] Gens R, Domingos P. Learning the structure of sum-product networks. In: Proc. of the 30th Int’l Conf. on Machine Learning. Atlanta:

© TEBREEEEIEDT  htp/ www. jos. org. cn


https://doi.org/10.1109/TNNLS.2020.2988928
https://doi.org/10.1109/TKDE.2009.191
https://doi.org/10.1109/TKDE.2009.191
https://doi.org/10.1111/j.1467-9892.1991.tb00069.x
https://doi.org/10.1111/j.1467-9892.1991.tb00069.x
https://doi.org/10.1111/j.1467-9892.1991.tb00069.x
https://doi.org/10.1111/j.1467-9892.1991.tb00069.x
https://doi.org/10.11897/SP.J.1016.2023.00579
https://doi.org/10.11896/jsjkx.230100068
https://doi.org/10.18653/v1/P18-1099
https://doi.org/10.18653/v1/P18-1099
https://doi.org/10.18653/v1/P18-1099
https://doi.org/10.18653/v1/2020.emnlp-main.639
https://doi.org/10.18653/v1/2020.emnlp-main.639
https://doi.org/10.18653/v1/2020.emnlp-main.639
https://doi.org/10.1162/neco.1997.9.8.1735
https://doi.org/10.1007/978-3-642-24797-2_4
https://doi.org/10.1007/978-3-642-24797-2_4
https://doi.org/10.1007/978-3-642-24797-2_4
https://doi.org/10.1007/978-3-642-24797-2_4
https://doi.org/10.1007/978-3-642-24797-2_4
https://doi.org/10.1007/978-3-642-24797-2_4
https://doi.org/10.1007/978-3-642-24797-2_4
https://doi.org/10.1007/978-3-642-24797-2_4
https://doi.org/10.1007/978-3-642-24797-2_4
https://doi.org/10.1007/978-3-642-24797-2_4
https://doi.org/10.1007/978-3-319-58347-1_8
https://doi.org/10.1007/978-3-319-58347-1_8
https://doi.org/10.1007/978-3-319-58347-1_8
https://doi.org/10.1007/978-3-319-58347-1_8
https://doi.org/10.1007/978-3-319-58347-1_8
https://doi.org/10.1007/978-3-319-58347-1_8
https://doi.org/10.1007/978-3-319-58347-1_8
https://doi.org/10.1007/978-3-319-58347-1_8
https://doi.org/10.1007/978-3-319-58347-1_8
https://doi.org/10.1007/978-3-030-58589-1_28
https://doi.org/10.1007/978-3-030-58589-1_28
https://doi.org/10.1007/978-3-030-58589-1_28
https://doi.org/10.1007/978-3-030-58589-1_28
https://doi.org/10.1007/978-3-030-58589-1_28
https://doi.org/10.1007/978-3-030-58589-1_28
https://doi.org/10.1007/978-3-030-58589-1_28
https://doi.org/10.1007/978-3-030-58589-1_28
https://doi.org/10.1007/978-3-030-58589-1_28
https://doi.org/10.1007/978-1-4757-3264-1
https://doi.org/10.1007/978-1-4757-3264-1
https://doi.org/10.1007/978-1-4757-3264-1
https://doi.org/10.1007/978-1-4757-3264-1
https://doi.org/10.1007/978-1-4757-3264-1
https://doi.org/10.1007/978-1-4757-3264-1
https://doi.org/10.1007/978-1-4757-3264-1
https://doi.org/10.1007/978-1-4757-3264-1
https://doi.org/10.1007/978-1-4757-3264-1
https://doi.org/10.1109/jbhi.2020.3032060

5570 HAEFIR 2025 5% 36 A5 12 49

JMLR, 2013. I1I-873-I11-880.

[71] Shi YJ, Ying XH, Yang JF. Deep unsupervised domain adaptation with time series sensor data: A survey. Sensors, 2022, 22(15): 5507.
[doi: 10.3390/s22155507]

[72] Hu HL, Tang MJ, Bai CC. Datsing: Data augmented time series forecasting with adversarial domain adaptation. In: Proc. of the 29th
ACM Int’l Conf. on Information & Knowledge Management. ACM, 2020. 2061-2064. [doi: 10.1145/3340531.3412155]

[73] Lim B, Zohren S. Time-series forecasting with deep learning: A survey. Philosophical Trans. of the Royal Society A: Mathematical,
Physical and Engineering Sciences, 2021, 379(2194): 20200209. [doi: 10.1098/rsta.2020.0209]

[74] Locatello F, Bauer S, Lucic M, Ritsch G, Gelly S, Scholkopf B, Bachem O. Challenging common assumptions in the unsupervised
learning of disentangled representations. In: Proc. of the 36th Int’l Conf. on Machine Learning. Long Beach: PMLR, 2019. 4114-4124.

[75] Yao WR, Chen GY, Zhang K. Temporally disentangled representation learning. arXiv:2210.13647, 2022.

[76] Delalleau O, Bengio Y. Shallow vs. deep sum-product networks. In: Proc. of the 25th Int’l Conf. on Neural Information Processing
Systems. Granada: Curran Associates Inc., 2011. 666—-674.

[771] Ma DW. Time series forecasting based on causal network learning method [MS. Thesis]. Dalian: Dalian University of Technology, 2022
(in Chinese with English abstract). [doi: 10.26991/d.cnki.gdl1u.2022.002228]

[78] Jin XY, Park Y, Maddix D, Wang H, Wang YY. Domain adaptation for time series forecasting via attention sharing. In: Proc. of the 39th
Int’l Conf. on Machine Learning. Baltimore: PMLR, 2022. 10280-10297.

[79] Furqon MT, Pratama M, Shiddigi AM, Liu L, Habibullah H, Dogancay K. Time and frequency synergy for source-free time-series
domain adaptations. Information Sciences, 2025, 695: 121734. [doi: 10.1016/.ins.2024.121734]

[80] Sugiyama M, Krauledat M, Miiller KR. Covariate shift adaptation by importance weighted cross validation. The Journal of Machine
Learning Research, 2007, 8: 985-1005.

[81] Zheng Y, Ng I, Zhang K. On the identifiability of nonlinear ICA: Sparsity and beyond. In: Proc. of the 36th Conf. on Neural Information
Processing Systems (NeurIPS 2022). New Orleans, 16411-16422.

[82] Khemakhem I, Kingma D, Monti R, Hyvarinen A. Variational autoencoders and nonlinear ICA: A unifying framework. In: Proc. of the
23rd Int’l Conf. on Artificial Intelligence and Statistics. Palermo: PMLR, 2020. 2207-2217.

[83] LiZJ, XuZH, Cai RC, Yang ZH, Yan YG, Hao ZF, Chen GY, Zhang K. Identifying semantic component for robust molecular property
prediction. arXiv:2311.04837, 2023.

[84] Stisen A, Blunck H, Bhattacharya S, Prentow TS, Kjergaard MB, Dey A, Sonne T, Jensen MM. Smart devices are different: Assessing
and mitigatingmobile sensing heterogeneities for activity recognition. In: Proc. of the 13th ACM Conf. on Embedded Networked Sensor
Systems. Seoul: ACM, 2015. 127-140. [doi: 10.1145/2809695.2809718]

[85] Abdel-Basset M, Hawash H, Chang V, Chakrabortty RK, Ryan M. Deep learning for heterogeneous human activity recognition in
complex IoT applications. IEEE Internet of Things Journal, 2022, 9(8): 5653-5665. [doi: 10.1109/JI0T.2020.3038416]

[86] NairR, Ragab M, Mujallid OA, Mohammad KA, Mansour RF, Viju GK. Impact of wireless sensor data mining with hybrid deep learning
for human activity recognition. Wireless Communications and Mobile Computing, 2022, Article ID 9457536. [doi: 10.1155/2022/
9457536]

[87] Hu H, Ji X, Chi S, Jiao X. Conditional domain confusion networks for cross-domain detection. IEEE Trans. on Instrumentation and
Measurement, 2022, 71(10): 1-13. [doi: 10.1109/TIM.2022.3203453]

[88] Gretton A, Borgwardt KM, Rasch MJ, Scholkopf B, Smola A. A kernel two-sample test. The Journal of Machine Learning Research,
2012, 13: 723-773.

[89] Peng XC, Bai QX, Xia XD, Huang ZJ, Saenko K, Wang B. Moment matching for multi-source domain adaptation. In: Proc. of the 2019
IEEE/CVF Int’l Conf. on Computer Vision. Seoul. 2019. 1406—-1415. [doi: 10.1109/ICCV.2019.00149]

[90] Nejjar I, Geissmann F, Zhao MJ, Taal C, Fink O. Domain adaptation via alignment of operation profile for remaining useful lifetime
prediction. Reliability Engineering & System Safety. 2024, 242: 109718. [doi: 10.48550/arXiv.2302.01704]

[91] Fang YQ, Wu JJ, Wang QQ, Qiu SJ, Bozoki A, Liu MX. Source-free collaborative domain adaptation via multi-perspective feature
enrichment for functional MRI analysis. Pattern Recognition, 2025, 157(c): 110912. [doi: 10.1016/j.patcog.2024.110912]

B o 325 32k -

[21]  HEAEHR, 7, flG, st dEReaE IR FUit . 259, 2015, 26(1): 26-39. http://www jos.org.cn/1000-9825/463 1.htm [doi: 10.13328/
j-cnki.jos.004631]

[22] AFSKER. IRIEIER 5 o1 505 SR R AL (R 20010 3], 5L B st I FEL K 2%, 2020. [doi: 10.27251/d.enki.gnjde.2020.000222]

[23] ZEwe. TR S ISR M 73 807 R AT [T L2 AR o). v 2 %2 il T RHBOR %, 2017,

© TEBREEEEIEDT  htp/ www. jos. org. cn


https://doi.org/10.3390/s22155507
https://doi.org/10.1145/3340531.3412155
https://doi.org/10.1098/rsta.2020.0209
https://doi.org/10.26991/d.cnki.gdllu.2022.002228
https://doi.org/10.1016/j.ins.2024.121734
https://doi.org/10.1145/2809695.2809718
https://doi.org/10.1109/JIOT.2020.3038416
https://doi.org/10.1155/2022/9457536
https://doi.org/10.1155/2022/9457536
https://doi.org/10.1109/TIM.2022.3203453
https://doi.org/10.1109/ICCV.2019.00149
https://doi.org/10.48550/arXiv.2302.01704
https://doi.org/10.1016/j.patcog.2024.110912
http://www.jos.org.cn/1000-9825/4631.htm
http://www.jos.org.cn/1000-9825/4631.htm
http://www.jos.org.cn/1000-9825/4631.htm
https://doi.org/10.13328/j.cnki.jos.004631
https://doi.org/10.13328/j.cnki.jos.004631
https://doi.org/10.27251/d.cnki.gnjdc.2020.000222

A 5 LTI E B AEAR S 3] 69T 18 5 AT B 3E L ik 5571

[24] FZELE TR ST ET I K HAE RS U B 2 S R [T 201 3], T AR 3 TR, 2011,

[25] 2 dhdm, doFl, KT, G 3T, HUER. Uk B &R SRk, THENL AR, 2021, 47(6): 1-13. [doi: 10.19678/j.issn.1000-3428.0060659]

[26]  Jig%. 580 oy 92 23 Uk RS FTRE 9 [ 125 A0 5. To8h: YL K%, 2014,

[27] JER, MK, ZENAA. A E & B H AR IR AISEE. HOSETREIAR, 2017, 23(4): 25-31. [doi: 10.3969/1.issn.1009-6868.2017.04.005]

[28] VPR 4508 B 3 5 o B K LR R AT [T 24000 50). To8h: YEm K2, 2014,

[29]  FMH, 2 TR J= TSk ia) ARALLRE 1 O A% 2 SR AUk i 16 4% B4R 5 AR, 2020, 20(20): 8245-8251.

[30]  ZE2¥, XU, AL ZE B, #AGR, T, SR BEE ST R A T P TN AU 400 . THELRLE 5 IR 2R, 2023, 17(6): 1285-1300. [doi: 10.3778/
j.issn.1673-9418.2211108]

[31] ZRIBIE, £ W, JEARZR, Rt. i a) 77 50 m] AR RORE ) I IR 0 oK e T He 43 2. SRR 2741, 2022, 33(12): 4411-4428. http://www.jos.
org.cn/1000-9825/6346.htm [doi: 10.13328/j.cnki jos.006346]

[32] BimZE, PNERER, BRE TR, XNk, SeU, BUMGH. BT IR I 5 2 (R )P 510 500 7 v 450 . kT 25 5 T B, 2023, 40(4): 8-17. [doi:
10.19304/1.ISSN1000-7180.2022.0725]

[33] BSCHE. B A o I 4 (R A% 2 ) SRR [0 540018 5], . f T RHE K3, 2018,

[34] Ezz, INBUD, BXEFE, BV, FET MR AR T I B R AR OE N 2 3T R SR, 2022, 33(4): 1170-1182. http://www.jos.org.cn/
1000-9825/6478 htm [doi: 10.13328/j.cnki.jos.006478]

[35] %455, WIRIR, R EMG, J AR . HE T IR B2 =) Bt B Bt B R ZR3& . it R L7 X347, 2023, 39(1): 10-18, 50. [doi: 10.16328/.
htdz8511.2023.01.011]

[36] WrZEsR. BT iTRe 2 ST —Flar K 7 /K ER 43 2805 1. RHEAIHT 5 N, 2023, 13(8): 139-142. [doi: 10.19981/j.CN23-1581/G3.2023.
08.032]

[37] WRAR. 400 5 3 R T B 25 58 o8 [0 -E 24001800, M 7 0K, 2019,

[38]  FERUA, K%, Bz, HE T DL 17 X 4 10 B 1) 3 1 BT SR 0% 3R 2 3] 1R 254, 2021, 32(10): 3068-3084. http://www.jos.org.cn/1000-
9825/6012.htm [doi: 10.13328/j.cnki.jos.006012]

[39] ZHGV], 22558, A A WE, TN S R 25 55 10 0 e B A0k 1 3 1 B0k T SEOBLRE AT 9, 2020, 37(8): 2371-2375. [doi:
10.19734/1.issn.1001-3695.2019.03.0042]

[49] XUSTHL, HAR, MRAZEE, TEMY, T WS A6, — Bl 453 2 1900 1 XU 3= Bl 38056 B BV T 7. T BB 25, 2023, 46(3): 579-593. [doi:
10.11897/SP.J1.1016.2023.00579]

[50] JEIRI, 5KME, SRARER, SRR H . BT 5% S BRAEAIE RS P59 465 1) 10 M B Atek B 3 2 MG 2326 TR BREPLRL A%, 2023, 50(11A): 230100068.
[doi: 10.11896/jsjkx.230100068]

[77]  ThAh. T R SR 2% 5% o0 7 iR A 18] )5 51 TIOIIATE 78 [RS8 5. Kide: KO #E TR %, 2022. [doi: 10.26991/d.cnki.gd11u.2022.
002228]

R (1994—), I3, Tk, T RHT R GLCATH

=1

BIERA(1983—), B, M4, Bz, LA S0,
CCF e A, 0T Fe U R R B, Je o
Lk, U E E N >, AR AR R

BRIEZ(2001—), B, A 2E, 32 B 70 458 i
V¥ 7 3] 43 ).

EEM(2000—), B, B4, AN
JRAER: ), ZAEASI ) 7515 5.

FRIEEE(1996—), 3, it J: BERT 58 Uk A 45k
H R 2 .

EIE(1968—), 5, W+, #, W4 R,
CCF b2 b, TS0t LU R R A B, P 4
ek, U E G N X, H AR AL

FRCAFIFSTIT  httpy/ Www. jos. org. cn



https://doi.org/10.19678/j.issn.1000-3428.0060659
https://doi.org/10.19678/j.issn.1000-3428.0060659
https://doi.org/10.19678/j.issn.1000-3428.0060659
https://doi.org/10.3969/j.issn.1009-6868.2017.04.005
https://doi.org/10.3969/j.issn.1009-6868.2017.04.005
https://doi.org/10.3969/j.issn.1009-6868.2017.04.005
https://doi.org/10.3778/j.issn.1673-9418.2211108
https://doi.org/10.3778/j.issn.1673-9418.2211108
https://doi.org/10.3778/j.issn.1673-9418.2211108
https://doi.org/10.3778/j.issn.1673-9418.2211108
http://www.jos.org.cn/1000-9825/6346.htm
http://www.jos.org.cn/1000-9825/6346.htm
http://www.jos.org.cn/1000-9825/6346.htm
http://www.jos.org.cn/1000-9825/6346.htm
https://doi.org/10.13328/j.cnki.jos.006346
https://doi.org/10.19304/J.ISSN1000-7180.2022.0725
https://doi.org/10.19304/J.ISSN1000-7180.2022.0725
https://doi.org/10.19304/J.ISSN1000-7180.2022.0725
http://www.jos.org.cn/1000-9825/6478.htm
http://www.jos.org.cn/1000-9825/6478.htm
http://www.jos.org.cn/1000-9825/6478.htm
http://www.jos.org.cn/1000-9825/6478.htm
https://doi.org/10.13328/j.cnki.jos.006478
https://doi.org/10.13328/j.cnki.jos.006478
https://doi.org/10.13328/j.cnki.jos.006478
https://doi.org/10.16328/j.htdz8511.2023.01.011
https://doi.org/10.16328/j.htdz8511.2023.01.011
https://doi.org/10.19981/j.CN23-1581/G3.2023.08.032
https://doi.org/10.19981/j.CN23-1581/G3.2023.08.032
https://doi.org/10.19981/j.CN23-1581/G3.2023.08.032
https://doi.org/10.19981/j.CN23-1581/G3.2023.08.032
http://www.jos.org.cn/1000-9825/6012.htm
http://www.jos.org.cn/1000-9825/6012.htm
http://www.jos.org.cn/1000-9825/6012.htm
https://doi.org/10.13328/j.cnki.jos.006012
https://doi.org/10.13328/j.cnki.jos.006012
https://doi.org/10.13328/j.cnki.jos.006012
https://doi.org/10.19734/j.issn.1001-3695.2019.03.0042
https://doi.org/10.19734/j.issn.1001-3695.2019.03.0042
https://doi.org/10.19734/j.issn.1001-3695.2019.03.0042
https://doi.org/10.11897/SP.J.1016.2023.00579
https://doi.org/10.11896/jsjkx.230100068
https://doi.org/10.26991/d.cnki.gdllu.2022.002228
https://doi.org/10.26991/d.cnki.gdllu.2022.002228

	1 相关工作
	1.1 无监督领域自适应
	1.2 时间序列领域自适应
	1.3 深度生成模型的可识别性理论

	2 基于数据生成的目标域联合分布可识别
	2.1 基于隐变量的数据生成过程
	2.2 数据生成过程
	2.3 目标域联合分布的可识别性

	3 领域变化隐变量的可识别性理论分析
	4 针对时间序列的隐变量解耦学习领域自适应模型
	4.1 基于变分自动编码器的神经网络结构
	4.1.1 时序编码器
	4.1.2 时序解码器
	4.1.3 标签预测器和领域预测器

	4.2 正交特征对齐模块不变约束
	4.3 模型总结

	5 实验设计及结果分析
	5.1 数据集
	5.1.1 UCIHAR数据集
	5.1.2 HHAR数据集
	5.1.3 WISDM数据集

	5.2 对比方法
	5.3 UCIHAR实验结果
	5.4 HHAR实验结果
	5.5 WISDM实验结果
	5.6 消融实验结果
	5.7 预测结果可视化

	6 结束语
	参考文献

