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I P AEAS TR I ER 15, JF 25 18 1 I e 2080 F0 P B AN AR
PEFIRFEAAR M . IR R8T SRR 50040 (1 i) P 28T
Loy SE RN, TR, AN S A H KA
TR RSN PR AR . BE T P RHIE R SRR OT VR
JR G I 7 B R AT RAAE SR L, SR i 8] 7 21 SRR
LR & . SCHR[18] 42 H T u-shapelets /7
v, I SR [E] P A B R ) R R AE HEAT
RE, AEREFREV RN SCBR[18] 2kt 1
u-shapelets &2, W& F 5077145 2]
TR RERME, HIE T u-shapeletsH) 771K RF1E
FEHUE A TRAL I A TR, SRR R IEA — B
FAESPL
2.2 ETFREFINNFRERE

FETURIE S ST P R IT VR B e R aG i
IR NIRAERHIE RN, 2R 5 AR S I 3R 2070
K-meansZE K EIRIEHREL, 38 TR PIE X RHE
AT IR, LG 7 R, 2RTy
VR R AR I PR AR E . SCRR[6) et 1A
BT H g b 25 1R [E R TTIRIR RN TR (Deep
Eebedding Clustering, DEC). 1% /7% H TIZR 1
H i 8 KR IR AR os &, RHK-
means i R RF A P PIE R K PO, RIEt-7
AT R AR LR ) &SRR A BRI, il
M7 i) B SR BN SRAE I 73 AT B 170 A1 A2 U
8 B8 A 1) PR K L AYRE SR I g s b g B X 2% 2
o SCBR[7) R T — MR B e R 2R T VIR I
% (Deep Temporal Clustering, DTC), i F %
T LR A M 4% (Convolutional Neural Network,
CNN) 5 X ) 45 i 12 M 2% (Bidirectional Long
Short-Term Memory, Bi-LSTM) i 7 B 4t #%
(Temporal Auto Encoder, TAE)$H2 Ui 7 55 4=
Ja 5 R P ARHE R R i, SR SRR R A K
FonA R AT R G, HE AR 5 SR (6]
R R R I TAEM 28 2 4. SCHR([8#2 H 1
REER P B 25K /R (Deep Temporal Clustering
Representation, DTCR) H 3% T 2 Z K G &
W 41231 (Dilated Recurrent Neural Network,
Dilated RNN) H 4 i &5 52 B PR E, 45 H 4 i
PPN FFE 2 0] A K -means i AR fif % £ 7% 7 A
IR AL N e KA 7R 19) B Gram i P 3728 1) 72
FELAMAE N IR . eAMZTT V2 F R HE A 7 A
AR o3 I TR 2 AR SO REAS, I N4k B 70 R4 55
X HEFEAR S G REA, DR Tl 28 KR g
71, MBI B R0 KRR
W& SH . BRI EIR B P R T EE R IR
BTG P IR T, RIS TT RN T

FRERFIMLS CLA N KK e B R BLFE, FE
AR PEATS A T 23 18]
2.3 FEBRIFMNRLEGE

e B K B B BRI BIMLAICLZ A5 B 42
FER R . SCHER[12) B e 4 8 ML 5 CLZ 3
SO DECURIRL (R AR RN 5 2] i 72, (15 MLZY
WREATER RS PRSI, CLARMEATER
JRAS Al BE B R . (HIX R VR % ML S
CLAH X T RBPERE RIS . SCHR[24]) 52 T
B E IR R AL AP B £ sh R 28077, IRERMY
BERFEARE TN BEATLIZE W — AN FE AR T 1R 40
B, ARG RRGEREE E AT AR PR B B R A,
WE AL CHMR P AR, HAMLY
W, MPEFEARTBNZANSE, #FzPEAS A 40+
MIREA I NCLA R G &, MPREZRE AR TN B 40
B, BAEAEENEE TLE M B B A A
AR INE ZFEA, Hordoh: HALERE—
A, BERBEYY B A BRI FEA AR R RE AR 5 1ZBE AL
EHRIFEA AMLA R, WK A7 %4858, it
HEBRBbRETSE . N SBIRA LN 2RAR,
W BRI b BT FEAR R EAE MR O, B
GRFEA S LR FE el i A RO DUR U AR .
BR[LL] B2 H T T 1 B R 0 =3 SRRV B R
% (Active Deep Clustering, ADC), % J7i5EKH
K-meansH 545 2 & R on 2 B 0146 R 2R A0,
FEARFNFE U5 A8 RS 775 PN e E B A v o Fo il
) — AN R A B B FR o B30 ) 45 T AN R AS 21 IRE AR
XF, BRJEPRIEIX LA (ML CLLA SRR R, K
FASCHR[6] 7 A 5 28451 2% 5 SCHR [12] ML & CLZY)
BT R B i I 248 S ORI 2 e

CE AR TAEE M A

(1) PRI 7 58 B8 o i R 5 N F23h 2 ST WL
R E R R . IR R I E 82
Femg RAEFR N2 (A RRRIR KA, WA H R
[B] ) 22 S A2 ML AN CLZT R

(2) AR CARE ML CLZ) o e 3 A pl
ZHEEER, NTHREMMLYSCLAKR KGR
SR, T AR AR A

ARSI T — Pl T L R AL 3 IR 80
PR T, EEAIH AW

(1) BeTE 78S BRZ FOILLE (1 P B B 2 3l SR 2k
RFETREE, H AR BRI B R R 25 (A B2
fEE ORI IREAS, DL 9 B g B 2% O il
EARJEFR —RAERFEA, SEI T BT RoRa
Rz Y 2 FEE 3R

(2) B E T 5 R B R P brvE AR LR
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% (Annocation Cluster Set, ACS) SHiBitriEEE
(Auxiliary Annocation Set, AAS), f#fii E3)EKE
KEEPRIES R H P ACSA BIREA R A — 30
ACSIHIIFEAR & T AR, ACSHAHMAASH
IREA AESE A . FHACS S5 AASH HFEAHER A4
HHTIMLZ R 5 CLA K .

3 DATC-CT{&ER

3.1 [E)REE X

BAR RN FHIEEICNX = {@1, 22, -, 2N}
Hrh N ke s . o iy B AR v S R 2t
WS fo: X — Z 5 fo AT [R) I 43 B X H) R AR F R
Z ={z1, 29, zn} LA I R IR 25 Al G AN 2Kk
Ty (1 < g < Q) BNEEIFIE A (1< g<G)s
FEN LR fo L RE Y, KA 2R s 25 18] Z 1) R B TR B 5
HAR R ENMLARES M ={ (zi.z;) |z,
z; € X} 5CLAREEC = { (xm, Tp) |Tm, T, € X}
foTEAFEE S M P, ()RR FHE 2, FE 1T o 1 R R
fitz;, b O, FTRRHL 2,85 ., FERRHIE 2,0
3.2 HEBILGH

DATC-CTHRL M E1FR. DATC-CTHE
BB Y H 48548 (Temporal Auto Encoder,
TAE)TIZRE . ML CLZY AR AR HURI 5 26
B . TAETRIZRBEE il 3 T 1485 A1 5 X )
KR ICAZ M 28 K g b S EA RS 28D, 2 I I P
FEAR @ (RFIER IR 2« ML CLZ R A A B it B
GMREREEGACSHHBIFREESAAS, 45
BR800, 5{% ), HhehEIHHA, B

—> z; —>

WIGRES IR R FE bR I A2 0 IR R 5 ILE A B
Bt REM BCRAE IR AE R 2% (8] B R g bl
I ARGFANESRS,(1<g<G), HHEES, N
FRAE A Ja8 5] — S8 ) T AN [ S IR REAS & T AN 5] 20l
HE BN SRR DRACSES 51 <
k< G)HEHLILEE—DEEAR, REEIARE S 2R
AN T[] — 2 HL R AR 20 8 ) I 76 28 4 v 0o B
VT P REARAEN S BLSy .S, 5 S HIIAEA N
ANFEZEA . HACSEARS, (1<g<G)S5AASES
S, FIFEARMEEL A ML S5 CLA W . SR
FEAR z; IR i 2 B TR Opg(1 < g < G)
POREE, KRR REA 7 P 20 SR JR R B K IR 2R
O E R, BEMKL ARR AL BT
AR I3 AT 4R e A P e 2 A v L LA R
Wy o A 18] VK LELE , LI AR K Ly S35 2 ML 5 CL
LIPS A A AE 7 2 1AL BE B8 43 ) AR /NI AR K
3.3 TAEFUIIZHER

Pl L R e g G SR B4 A an 2R, 3R
145 LM 2% (One-Dimensional Convolution,
ConvlD) 54t & H— 1L JZ (Batch Normalization,
BN) &I PR A o, B R ERHAE, B RZ KN 353
BB N4, 212, BRI K A B N32, 64,
128. XA KA N D 12 M 2% (Bidirectional Long
Short-Term Memory, Bi-LSTM )& AR, (114>
Je IS P RRSAREAE o« Bi-LSTMFe gl /2 (¥ 48 B % 32,
ConvlD5Bi-LSTM¥JK il Leaky ReL U &
. TAERfRIG 3250 5 s a8 X7k, Rox &
z K UCEIS R PEWUR 2 . Bi-LSTME I3 B

TAEFI Rt

—» | BRBPURL,

ML 5 CLZT A it b

K& 1 DATC-CTHRI &
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524 1 SIS B A e, 1 M2, . TABSRF 8 (1)
SRR 2 R 35k B

1 N
~ 12
L= gLl - &l (1)

3.4 ML5CLAR4YE &R

AR PRI ZR A IR R R IE 23 18] Z B 3
A KA E BRI 5 AT b 2B ML 5 CL Y
W FIRFELFEAFERZ A ILE AP B . TEHR
Z B, MWERRTBRPFGANEET, (1<g<G)F
PRI AR 0 gy T HI RN 1) B 2 L 2, 68 7 1 B
FEREAR 2 AR IEFE . SRFIETACSESS, (1 <
g<G)y HSyNT, Ktz UNS,, BWMS,
HRENLIE B Az, HOIRE i, Sz, 2
HE—=Z0e iz AR, B diNS,, #x;
Lax; AAFZES, WHNE R 2 NSy, #
Wi 715 5 RE R N S, A F) o H 3 SRAE I R v 2,
ACSH# T BN N Rl B rh e on 25 ] SR 2K 2K
RIVIREBFEA, REBRACRFEEFE WAL

Bi-LSTM

o0

<t
8 = =
< N ~
9 A a
Z = =
<] 2 >
3 5 :
© @]

K 2 B 7 gmigeas B 451
i1 REMBEREIRETRE

GN: DRI UMD, %ﬁ%{wg}gzly %ﬁf&*tb{ﬂg}?:p
ACSHEA {535,
ftl: EHRMACSHES (S,}0,

1) for i =1 to G do:

(1)

(2) Mo PEFEMARPOL T AROR MRS w,; FEES N AR )

(3) for j =1 to G do:

(4) if S; = @ then:

6)  HHAe, IS,

(6) break

(7) else:

(8) NS RN MRy, PR T, Hag K
£, b=b+1

(9) if PRz, 5 xq IMLAN then:

(10) B AR, NS S,

(11) break

(12) end if

(13) end if

(14) end for

(

15) end for

MEGANACSES S, (1< g < OBIEDLEET A
I FPREARRS, PREE I BRI E 3R A i
ANDUEBY B, A ATIR R BRI AR . T
B EERNENAASEARS,(1<g<G)RE,
DAHEERAE BRCLA R . ORISR N : B EFEAR
HEm/DACSES S, T VLGN PR Az, o
2% 12 T SRR TP 53 BIAE Ay Pl g WA
KR E M EREFRER R ES p, 105 &
NIRRT, B EARz, Sz, & BR—FH, He,
S, NMLAK, KRz, NS, &e bz, 9CL
W, W, OS5, TUER BRI .

H BRI AT S, ACSEEA{S,}0 | HAAS
Gt {So o R LU P

()&, @5 €Sy, MEEA; Sz, AMLLAR,
HAf1<g<@Go

(2)%x; € Sp,x; € Sy WAz, S5z, NCLY
KEHR, Hbl<ni<Gh#l,

(3)#ixzi € Sy,xj €85y, MEEAz, Ha; NCLYL
WRAR, Hf1<g<ao

ML XML 5 CLLA R B AT DL AL #7
FAz, S5z Az 5z, AMLLE, Wz, S5,
WHMLAR: HHEAz, 5o, JMLAK, Az,
., NCLAK, W52, W NCLAKR. ik fH
HACSHESS,(1 < g < G)HAASEES,(1<g<q)
W RE AR A ORI 2R . 485 S, H I M REAR
zi,z; TEAMLARIRMBLREEGM, Hi
Zi,2; € Sgo S8 S, OB 2 55 (1 < k < )
WSS, TRz, TE ACLA R AN 2 4 R 4
“G0C, Hrhe, e S, z; €5, 8S,. MLARES
M 5CLAWREEARC ARG R I FE3 TR
3.5 BRA4EHR

RRBY h B 2k Ly A2 A0 2R Lo 52 TN

% 2 NEMBREREERE

s DARERRD, Ki{r}0, RB0{ug)S
ACS%%{%}iJ,AA$%ﬁ{%}iﬂ

Hiith: THRIOACSHEA (5,15, 5AASEA {Se}y,

(1) MEEAKE /DRSSy HRENLIE P E Ay, WEEAR ) i
B Ky 2 AN PR VB 5 pu g SE B B NORE A

(2) WER Az, Sxg KR, b=b+1

(3) if Az, Hag AMLAH LR then:

(1) KAz EAESS,

(5) end if

(6) if FEAzp Sxq WCLAKR KR then:

(1) AHEA e RS S,
(8) end if
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e
HE

i AT %

8% 3 ERMLARES MMCLAREEC

N ACSHEA{Sg)S, SAASHEA (S},
fith: MLAWES M, CLAKRESC

1) ¥tk EE M=2, C=2

2) for g =1 to G do

3) for @;,x; € .Sy do

) KRR (4, ;) )R ELEE M

W~

5) end for

6) for x; € Sy, z; € S do
7) BREARRS (25, ;) )IRINEESC
8) end for

) fork=g+1to G do

10) for x; € Sy, x; € S, do

11) BREAST (x4, 2 ) IRINEHES C
12) end for

13)

14)

end for

A~ N~~~ S N S S SN~ S~ o~

end for

FFHEAR R BRI EH bR, AR SCHR[6]) 4 1)
REPUR, BARrELw2)—R@)w, H
3 (2) I g BRI PR AR 2y )R IR ) E 2, &
TRBEF D, (1 < g < G)WIMEER; X (3)+HMp, H
TR PR AR 2, HE R R, MEEE. A (2)F
et EEHE, SChiENL

_atl
2

L+ [ f(@5560) — gl /a
Qig = G( fol ) atl (2)

> (1t #@an) -y, sa)

N
2/ dig
Pig = (3)
Z (qz‘zg'/zqw/>
g’'=1 =1
N G )
L= piglog e (4)
i=1 g=1 Tig

LI K Lo A3 /& MLZ) W [ AR OR [H) S 7
TR EE B AN, R CLA R IR AR IR
) B AEF R A A EE AR K. AT R an=(5)
FiiR, 6 T 2R CLAR P FEARLE R R 2 (] v
/NS . BRRLEAR Ly i (6) s, Hoholy
HZH. H L MR S50 5K PO p,

Ly= Y |If(@:6) — fle;:0)l;
(@i,;) €M
+ Z maX((S—||f(wi;9)—f($j;9)H2,0)2
(z4,25)€C
(5)

Ly=0L1+(1—0)L (6)
3.6 f=RAY)IZTI2
TS 2. 375 T 2R G A 5 B3R B 3o A A
EXWRRAEEZ, HK-meansHE kN FRIR 2
L ZHATRE, [BEVIIERE D Op(1<g<G)o
TE I ZR I BEAN R R 8 2 (2) W A, 43 BC 45 1%
O p, BB K, (1 <9< Q). MHBEELINT,H
KFEHARERE p, BIE IR NACSE SR 4
ACSEESR S, (1 < g < )R DaE— I FFREAR
i, KRR Bobr & SFlagi¥t NFalse, HIZE2M
5 ERDIACSES S, TRV RFE— A
xi, HKFEVRES o, A& TR —KE B, BT8R
PREI O BOE AR 2 FF NS, BLS, « R EIE3H]
HACSHEA S5AASEALTE N T REEFRERE AL
BT FIMLS CLZ AR, 8 H A R (6) 1H H AR A S 407
XK, MUEILBREN S0 SRKE+H Lp,, HAI
G IEATR, Ho BRRE XN RFBINGEE
WU IARTEIREL, b RS RS S bRy IR

H% 4 DATC-CTEETIE

n: BORSEX, MTIHB, MATHGLS, WZHKT, ACSE
1S0)0. 5AASY A {So} oy, AR BT ESFlag

i FET0 g},

(1) ff I K-means 77 EXN AR 1, @2, 2y HIF R &
21,22, 2N R, BREWIEIZEA O py, pe, -, pa

(2) VGG S, S2, -+, Sq =@, §1,52, ., 8¢ = @,
SFlag=True, b =0

3) fort=1...7T do

(4) A TAESRL KA €1, 22, -+, 2N A

21,22, ZN

() BRI ARSI AT RE T, 72, -, TG

(6)  if b< B then:

(7) if SFlag then:

®) {5 RIS S1, Sa, -+, S

9) else:

(10) (B2 BT S1, S, -, S 551, Sa, -+, S

(11)  endif

(12)  if ACSHA S1, o, -, S RS WA TMFEA
then:

13 SFlag=False

)
) end if
15)  BASESERARES M SARESC
)
)
)

16 {5 20(6) TR 41 2k Lg
17 {8/ Ls HH TAERISEESH G KBEH O p1, po, -, po
18) end for

4 SKHBRERDH

4.1 IRESLRIME
SC UG B FH 3P 4258 H The UCR Time Series
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Archivel®!, MAIEEL T 184> B A A2 M () B 4k I
FPEHRAE, SEUREREAS. FOEL PIIKERE
BANRIFTR . SO0 F B AR Intel(R)
Core(TM)i7-6700 CPU @ 3.40 GHz, NVIDIA Ge-
force GTX 4060, P1716 GB, Pythonfii4 #3.8,
pytorch 2.0.0.
4.2 TNIERSSHRE

SEIG A FH 2 48 2 AURI(Rand Index) PEA% 2K
A, HitEARXA

TP + TN
RI +

~ TP +FP + FN + TN (™)
Hrp, TPRI/REARZEE T MR M REATE R
KR PP IR —REFH M E, FP R KH
SR T8 T A [FI SR B P AN FEAAE TR 5 b 431
FIA—fFER R, FNRRELHRERE T RZEMN
PN T A 5 2 s R rp bl o0 T B A () 2 7 v ) 8
i, TNRRELREE T AR
T 21 AN [F) 2 v R B

S A RN AR SRR H G S REAR RIS
Baf A, K (6)#SHoM{0.25, 0.5, 0.75} ik
Mo 2218 RO BIEUE, Ao B N0.75. IR
ANBE B H R A3 AR 42 PRI 25 P 4 A 8 AR R P R
N REIUEE0~2, FIEM{1, 1.5, 2} ik
21 R B N (5) H S B S I EUE,
ECG200%#i4E i%1.5; fEECGFiveDays,Gun-

® 1 SSEBUREHR

Point, MoteStrainfll ToeSegmentation 1 {4 4 1%
2; HARHEAE LR, SGRIRTEE N300,
SEEHG I F IR B AR AR R 2 UK, R E
A HUE, R T SRR B EM10%/E N &
TS BEUE, SR &R AR B SRR 56 N ThRiE
TERE, RN AR R SR RS 2 IERA IS A
4.3 SEIREER AT
4.3.1 5SCERERFRAESG AL
EEDECH, DTC, DTCRE 35 I I B i 7
R IEHAT I . T DECHIR A i) 4 i 2% A
A A EER AR, SR B DECH B 4R 5 48 K
NT HARIDATC-CTH A IRt ML . S22
MFE2f R, HHPDTCHDTCRIT K 5256 45 ok
Y5 T SCHR[8], DATC-CT XN KAE M TE A%
PEEFABERNL10%. HER2AT%], DATC-CTF
RIAE HLDEC, DTCHMDTCR 573 A4 5 7 27.98%,
24.55%H15.91%, DATC-CTHE 144256 ¥k 4
YIS T B E M RME X 2 FNVDECSDTC A
i KB R AE AL B A2 5DTCRYY & A H
ML 5 CLZ) A0K [R] R A TE 3R o 25 8] o 1 8 88 s
T, AR ZRREAAE Km0 R B B haz, (AR
K RAME. HPFDECEDTCH AN AE I 2K H
SAE ARERRAY H bR, DTCRAELR 5 KAk HhiL

* 2 SHEXRENFREFETLLER

G/ S DEC DTC DTCR DATC-CT

itk FEASH  FOs PIIKE
ChlorineConcentration 4307 3 166
Dist.Phal.Outl. AgeGroup 539 3 80
Dist.Phal.Outl.Correct 876 2 80
ECG200 200 2 96
ECGFiveDays 884 2 136
GunPoint 200 2 150
Ham 214 2 431
Herring 128 2 512
MoteStrain 1272 2 84
OSULeaf 442 6 427
Plane 210 7 144
Prox.phal.outl. AgeGroup 605 3 80
Prox.Phal. TW 605 6 80
Sony AIBORobotSurfacel 621 2 70
Sony AIBORobotSurface2 980 2 65
SwedishLeaf 1125 15 128
ToeSegmentationl 268 2 277
TwoLeadECG 166 2 343

ChlorineConcentration  0.4994 0.5353 0.5357  0.5370
Dist.Phal.Outl. AgeGroup 0.7321 0.7812 0.7825 0.7918
Dist.Phal.Outl.Correct  0.4998 0.5010 0.6075  0.5824

ECG200 0.6308 0.6018 0.6648  0.7345
ECGFiveDays 0.5002 0.5016 0.9638 1.0000
GunPoint 0.4975 0.5400 0.6398 0.8219
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Deep Active Time-series Clustering Based on Constraint Transitivity

HUO Weigang

ZHU Xu

ZHANG Pan

(School of Computer Science and Technology, Civil Aviation University of China, Tiangin 300300, China)

Abstract:
Objective The rapid advancement of the Internet of Things and sensor technology has led to the accumulation
of vast amounts of unlabeled time-series data, making deep time-series clustering a key analytical approach.
However, existing deep clustering methods lack supervised constraint information and label guidance, making
them susceptible to noise and outliers. Deep semi-supervised clustering methods rely on predefined Must-Link
(ML) and Cannot-Link (CL) constraints, limiting improvements in clustering performance. Existing active
clustering approaches sample only within clusters in the representation space, overlooking pairwise annotations
from different clusters. This results in lower-quality ML and CL constraints and prevents further extrapolation
from manually annotated pairs, increasing annotation costs. To address these limitations, this paper proposes
Deep Active Time-series Clustering based on Constraint Transitivity (DATC-CT), which improves clustering
performance while reducing annotation costs.

Methods DATC-CT defines an Annotation Cluster Set (ACS) and an Auxiliary Annotation Set (AAS) and
obtains the representation vector of time-series samples using a pre-trained autoencoder. In each clustering
epoch, samples closest to cluster centers in the representation space are selected, labeled, and stored in ACS.
This ensures that all samples within an ACS belong to the same category, while those in different ACSs belong
to different categories. Next, a time-series sample is randomly chosen from the ACS with the fewest samples.

Another sample, which does not belong to the same cluster but is nearest to the selected sample’s center, is
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then sampled, labeled, and stored in either AAS or ACS. Samples in ACS and AAS belong to different
categories. ML and CL constraints are inferred from these samples. The encoder’s network parameters and
cluster centers are updated using KL divergence between the cluster distribution (modeled by a t-distribution)
and an auxiliary distribution generated from it. Additionally, a constraint loss function is applied to increase
the distance between ML-constrained samples while reducing the distance between CL-constrained samples in
the representation space.

Results and Discussions Experimental results on 18 public datasets show that the proposed method improves
the average Rand Index (RI) by more than 5% compared to existing deep time-series clustering methods
(Table 2). With the same labeling budget, it achieves an RI improvement of over 7% compared to existing
active clustering methods (Table 3). These findings confirm the effectiveness of the active sampling strategy
and constraint reasoning mechanism. Additionally, the method infers a large number of ML and CL constraints
from a small set of manually annotated constraints (Fig. 4), significantly reducing annotation costs.

Conclusions This paper proposes a deep active time-series clustering model based on constraint transitivity,
incorporating a two-phase active sampling strategy: exploration and consolidation. In the exploration phase, the
model selects the sample closest to each cluster center in the representation space and stores it in ACS. During
consolidation, a sample is randomly chosen from the ACS with the fewest samples. Another sample, which does
not belong to the same cluster but is nearest to the selected sample’s center, is then sampled, labeled, and
stored in either AAS or ACS. The number of ACS and AAS matches the number of clusters. ML and CL
constraints are inferred from ACS and AAS samples. Experiments on public datasets demonstrate that inferring
new clustering constraints reduces annotation costs and improves deep time-series clustering performance.

Key words: Deep time series clustering; Active learning; Constraint transitivity
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