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Background

 Time series domain
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Background

 Necessity of research on remaining useful life prediction
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Background

 Necessity of research on remaining useful life prediction

- PHM (prognostic health management, 0{ &
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Background

« Contrastive learning
- Representation learning2| o & &
- Input sample 72| H| W E S 2t representation learning
- “FAtek H[O|E= 742 «CHE» | 0| H = & == representation spaceE S5 &

- Input sample Zt2| similarity= label2 Sl &5 &

Negative .
Negative h Representation space

Anchor Anchor

Positive Training
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Background

« Contrastive learning
- Data augmentation= & 2t input pair generation
- Image domainO{| 4| 2| data augmentation
;= Positive pair > =& O|0| X| &
;= Negative pair > CHE 0| O] X| &
;= Random crop, rotation, resizing, shifting, noising, blur, color distortion, perspective distortion
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Background

« Contrastive learning

- Data augmentation= & 2t input pair generation
- A A =0 210] M 2| data augmentation
:'+ Input-centered distribution
vPositive pair > 2= S 24t £= 0|20 &g

vNegative pair > 2 S 24 E= O| R0 £oHX| BE&

! Distribution centered on input x; i
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Background

« Contrastive learning

- Data augmentation= & 2t input pair generation
- A A =0 210] M 2| data augmentation
:'= Scaling, jittering, window slicing, time warping
;= Random masking
;= Random warping

;= Random reordering

Original Scaling Jittering

Window sligi‘ng‘ - - Time warping
- n
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Original Random masking Random warping Random reordering
R szusa VDS

@ SOGANG UNIVERSITY 9 e



“Ti-MAE: Self-Supervised Masked Time Series Autoencoders”, Under review on
International Conference on Learning Representations (ICLR), 2023.
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Abstract

« 7|Z A A E OOo|H 7|8t S0 A contrastive learning 7| 22| self-supervised
representation learning & & 0| B 0| & -8 &
- 218 ME/H| W E STt contrastive learning

- Classification EiA 30| M £2 H&52 EO|LL, forecastingOf| A = CHE supervised &8 CHH| =t sH
s 4x7t Exfg

« MN| FXEF 122{St random masking 7| 2F2| Ti-MAEEt= M2 Z2f Y2 At
- 283 A& A E random maskingdtl autoencoderE S5l point-level 0| A XH L&t
- Mask modeling= X{Ei5t1 2l &2 GO|E el 28 & FX[g

- Masked autoencoding =2 & ¥ 3 E S5l raw dataOl| A Z 25t representation=
StESH Al A € forecasting X classification 2 (A =2 M52 E¢
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Proposed method

 Transformer 7|2t2| Ti-MAE
- 23 AAIE GO 2| YR -E2 random masking X 2
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: Fixed continuous masking=

X

- Random masking2 4 219| H
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Encoder F\/\/
/\/ Decoder /\_/‘ Ti-MAE Ti-MAE

(b) Random masking applied in Ti-MAE.

(a) End-to-end forecasting.
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Proposed method ...,
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- Input embedding
- StLEC| 1D convolutional layer2t2 A& 35}H0] feature =&
- Positional encoding2 Z ¢ X| &2 X

- Masking
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Experimental results

ML= M
* oo Hl A0
Ratio MSE MAE Case MSE MAE Length MSE MAE
0.45 0.3082 0.3557 None  0.2103 0.2696 200 0.2413  0.2844 Masking Strategy | Random  Continuous  Split  Periodic
0.60 0.2650 03414 Scaling  0.2383  0.3022 300 0.2103 0.2696 MSE 0.2103 0.3834 0.3564  0.2720
0.75  0.2103 0.2696 Shifting  0.2399  (0.3388 400  0.2877 0.3501 MAE 0.2696 0.4420 03936  0.3357
0.90 02483 03176 Jittering  0.2508 (.3316 500 0.2328 0.2985
< Masking ratio > < Data augmentation > < Input sequence length > < Masking strategy >
Method Ti-MAE CoST TS2Vec TNC MoCo Method Ti-MAE?} ETSformer FEDformer Autoformer Informer
Metric MSE MAE MSE MAE MSE MAE MSE MAE MSE MAE Metric MSE MAE MSE MAE MSE MAE MSE MAE MSE MAE
12 0.2629 0.3462 03374 04001 05817 05217 0.6056 0.5389 0.6419 0.5518 12 0.2826 0.3383 04479 04582 03272 0.3940 0.5016  0.5204  0.4299 0.4644
24 03520 0.3924 03832 0.4301 0.5897 0.5312 0.6331 0.5616 0.6491 0.5630 24 03430 03816 04602 04621 03699 04185 05063 0.5300 04880 0.4963
E 48 03977 04173 04342 04665 0.6242 05545 0.6934  0.6001  0.6804 0.5867 ﬁ 48 03705 0.3939 04855 04735 03912 04347 05703  0.5563 0.6625 05774
] 96  0.4266 04301 05229 0.5201 0.6812 0.5699 0.7538 0.6391 0.7618 0.6323 E 96  0.4039 0.4074 05090 04851 04194 04476 0.6052 05663 09584 0.7157
128 0.4493 04436 05742 05529 07190 05919 0.7949 0.6622 08062 0.6577 128  0.4270 0.4208 05279 04949 04360 04551 06043 05726 09504 07197
168 0.5091 0.4594 06326 05838 0.7621 0.6387 0.8360 0.6849 0.8201 0.6742 168 0.4455 0.4363 05446 05044 04733 04783 0.7382 0.6199 1.1043 0.7867
12 0.0932 01460 0.1652  0.2630 01481  0.2367  0.1819 0.2508 0.1642 (.2521 12 0,0811 01199 0.0900 0.1537 0.1476  0.2350 0.2042  0.2960 0.2351 03128
5 24 01226 0.180% 02719 03525 03011 0.3551 03118 03731 03112 0.3651 5 24 01065 0.1484 01396 02224  0.1624 02496  0.2200 03141 0.1244  0.2022
% 48 0.1633  0.2280 0.3662 03672 03741 04178 03803 04117 03717 04163 g 48 01290 0.1784 0.1848 0.2735 0.1993  0.2898 0.2691 0.3542 0.2352 0.3129
g 96  0.2123  0.2735 04119 04266 0.4289 04507 04176 04174 04077 04419 § 96  0.1633 0.2151 0.2034 02994 0.2350 03139 0.2891 03673 02808 0.3586
128 0.2197  0.2805 0.4302 04686 04663 04839 04569 (0.4824 0.4582 0.4693 128 01774 0.2283 0.2092 0.2972 02395 03148 0.2758 03469 0.3055 0.3723
168  0.2460 0.3049 04636 04914 04909 05061 04789 04950 0.4820 0.4992 168  0,2031 0.2525 0.2199 03016 02632 03281 0.2861 03506 03473 04003
24 0.0697 0.1889 0.1365 02721 00873 0.2245 0.0834 (0.2084 0.1058 0.2553 24 0.0276  0.1167 0.0266 0.1130 0.0717 0.1958  0.0894 0.2239 04963 (.5623
2 48 0255 0.2448 02532 0.3783  0.1666 03047 0.1648 0.2928 02018 0.3588 B 48 0.0438  0.1481 00441 0.1464 0.0954 0.2247 0.1474 0.2881 1.0477  0.8169
g 96 01701 0.2972 05408 0.5645 04686 0.5008 03756 04510 04162 0.5002 E 96  0.0814 0.2074 0.0861 0.2044 0.1470 0.2790 0.2883 0.3957 1.1038 (1.8215
E 128 0.2208 0.3242 0.6786 0.6334  0.6540 0.6036 0.5483  0.5441 0.5950 0.6050 9 128 0,1108 0.2361 0.1153 0.2373  0.1886 03153 03102 04107 1.1978 (0.8535
w 168  0.2151 0.3316 0.8859 07338 09683 07348 0.7701 0.6470 08079 0.6997 w 168 0.1443 0.2824 0.1549 0.2773 02484 03638 03066 04108 1.1564 (.8444
196  0.2123 0.3291 09720 07703  1.1692 0.8084 09495 07204 09534 0.7591 196 01661 03040 0.1830 03034 02718 03800 0.2990 04021 1.1679 0.8545
24 27474 10740 28332 L0656 3.5111 1.1882 33729 1.2011 29399 1.1014 24 24781 09925 31358 1.2128 33017 1.26890 33292 1.2088 4.2526 1.3551
36 27124  1.0348 3.1439 1.1197 37813 1.2588 4.0722 1.3292 34974 12212 36 22103 08956 29369 11218 26125 1.0575 34076 1.1688 47647 1.4433
= 48 2.6138 10399 34153 1.1725 41892  1.3319 4.1239 1.,3239 37872 1.2713 = 48 1.9697 0.8826 29386 1.1120 25883 1.0683 3.2077 1.1125 4.8189 1.4553
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72 20820 0.8372 40823 1.3232 41868 1.3431 4.0423 1,3294 38818 1.3023 72 2.1563 0.8884 28615 1.1579 2.8921 11721 31079 1.1237 41188 1.3718
06  2.4419 1.0287 42442 1.3755 43677 1.3756 42162 1.3594 4.2148 1.3530 96 23860 09827 31109 1.2186 3.1048 1.2412  3.0530  1.1260 45218 1.4401
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“Siamese Network-Based Health Representation Learning and Robust Reference-Based
Remaining Useful Life Prediction”, IEEE Transactions on Industrial Informatics, 2022.
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Abstract

« Siamese network 7| 22| health representation learning method S X[ &t

|:|
- £k training sample 7H==2Z QI35 deep neural network”} overfitting=| = =4l S 2= ¢

H == &) st
« Multitask learning scheme = !
- RUL prediction2 &&5t= = A|0 sample=0i| CH$} representation learning =&
- Health representation mapOf| A sampleZt2| XO| 7} RUL 4t 2| XtO[ 2t linear relationship= X =5
Siamese network 7| gt representation learning | 2t
- SF& El representation space-= degradation= B SHE 2 2f training sample= test sample2| RULS
0| =£35t7| It referenceZ AR 7tHs
- HotEl =t Bl o= WO RUL 0| = d& B OtL| 2t H|O| | FF0f Ciot
robustness 0= 7|0{eE 2 212 S5l E0=
Initial Degradation Failure Representation space

D““tl"‘“k @ns., ®ruL, @ns @ruL, @ns. @rUL,
R SR S S N S S,
© OOO OO O OOO 00 O OOO Q-0
R TRC FCT TRC FCY o TRC
O OO0~ OF0 O O - O:)O O 0O - O_l:>

f LSTM f LST™ T LSTM

000020000000 -0

LSTM LSTM LSTM
Masking Masking Masking
Xl Xq Xl

< Multitask learning scheme >

state state State
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Proposed method

 Siamese network
- Original Siamese network2| 4%, =01 &l sample2] class label= 7|82 2 embedding spaceS
St ot = A o=
- Binary image classificationO| Al T2 A2 &&= HER3
- Embedding space | Al & 2ot classOfl & 5t= sample paire= M2 7472 0F St M Z CHE 5 classOll
% St= sample paire= 5= AH2| 22 EO{MOof &

input output
layer layer

: upper profile
i hidden 4 N\

. i | representation A
| ; . flx2)
."‘
----- classification
> output: D(f(x1), fx2))
cosine TRUE/FALSE ’
distance ®
fxy)
: - ; i 9 )
T i lower profile
H hidden
i i representation

hidden hidden
layer 1 layern

< Siamese network >
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Proposed method

« Siamese network

- Weight sharing & EH 2| embedding network F 2 7 &

- X;, X;& sample pairS LEHH

55X = X eeerw—1 Xiz et 4 TW =1 )
- Z} sampleOf| CH2F embedding representationOf| contrastive loss&

Contrastive loss =

- Sample pair (X;, X;)7F & Y2t class

;= Sample pair (X;, X;)7F CHE class@! 2

dij = (F(X;) — F(X;))

Embeddin,

Same structure
Same weights

X Embedding
] network

R B TUSED
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=0

o

&0

1 1
3 Yiidiy + 5 (1 = Yij)max{0, a — d;}*

2

o] 4o — 1.2
2l 8%, Y =1, loss =-d
AR,Y,; =0, loss = >d?
oI, Y = 0SS§ =7
, @ = MINntmMmum margin
Embedded ' iE?
representatlon P EA
‘ / Fully™.
Funlmcssi':c‘: ]r0 sl}rlclhlr[} sll-;]tm;o s\l;':.lwlr(l \};;1\3“'" C““;::'Cd:
/
Contrastive loss onvolutional layers
Profile _ D =
Embuldul data #2 ﬂ
rcpresentatlon S‘T*'““ _ Full
cauene Features Filter F”'“' Filter conl::c)[{cd:
siz size: 10 size: | 256

Ill size: 10

< Proposed Siamese network >
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Proposed method

« Siamese network2| embedding space

- Health representation map
- Embedding network F 2} prediction network g AtOJ
- Multitask learning scheme= Sl F7tX| M Q2 st5 &
- Health representation map= RULS LtEH'E 4= QL0{OF &

|-|I:|:

vEmbedding network 2| output@! Z7} prediction network S =3 RULO|| & Of & =] 0 OF 40| A

health informationO| BEtF = £~ Q1 &

Health representation map

< Health representation map >

> Vi
(healthy)

Yi =Y
(intermediate)
> Yj
(unhealthy)
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Proposed method

« Siamese network2| embedding space

- Health representation map
- A| A8 9] degradation dynamicsS 74X s}{ Of &t
-+ RUL Z+2| X}O| 7} health representation Zt2

|
- Difference 7| 22 2 RUL 7t2| Xt0O| & F'd5t= sts W = S5l health representationt RUL

oln o o A O]l ©
ol datd 2 FXIE = US

|'O|-

= Health representation mapOf| A{ = 0| Of| & X| X5t position= 7HA[X| RSt S &

G(zi — zj) =yi —y; EUAFATI7| 213 ot

i Lpee (X, yi) = VIGF(X3) —wi)* , nin Lpen( X, Xy yj) = \/(g (F(X;) — F(X,) = (i — ;)

mig ﬁpre(Xi> Yi) + ﬁpre(Xja yj) + )“Epen(Xéa X, Y yj)‘ -> Final training objective function

0r,0;

Health representation map

Vi
(healthy)
Shared Yi—)Yj
(intermediate)
Yj
(unhea]thy)

R S THED < Health reprezs;antatlon map > |V_DS|
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Proposed method

- Simple data index sampling 7|2} st&
- SHE0| 2 E pairE 126t A2 B2 dMES ERE

Algorithm 1: Pseudocode for Training.

Require: Embedding network F, prediction network G,

training dataset D, batch size N;

1:  Compute L, the number of iterations per epoch;

Initialize the data index sets Ind; and Ind, as

Ind; = Ind, = {1,2,...,|D|}, where |D| is the size of

the training dataset;

3:  while 6 and 8¢ have not converged do

4: Randomly shuffle Ind; and Ind;;

5: fori=1,2,...,Ldo

6: Sample a minibatch {X[”‘;' X'(“"' X]""'}} with
{.‘;ET‘;' UF’;?I . r_;mﬂ']} according to Ind,;

7: Sample a minibatch {X[”d X'(“d ..... X]("{'}
{UETd’_ Ef‘,‘;‘ .,....;;E'{i}} according to Ind,;

8: Update @+ and 65 by applying stochastic gradient

descent to
N Ind Ind Ind- Ind
Z,ﬂ:_l[‘crﬂ'« X(A}]*e A}I) + ‘CP'C(X{H »Yk) )
Ind, ]d | 1, Inds
9 +A(i£¥cn (X nd X(T;‘) I](] U{I;(} )]
9: end for
10:  end while

R AW THEE D
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Proposed method

 RUL estimation

- Test sample X, 7t TO X2 M, DA RUL2 F7HA| HHH o = O F &
- 1) model-based RUL estimation

- Embedding 2} prediction networkE &

et = g(F(Xi)

- 2) Reference-based RUL estimation

St direct RUL 0| &

- Health representation mapOf| Al Sif & 44

ZRULZEE
ref _

vF. = |D|Z(X]y Yep Y +g(F(Xy) — F(X}))

V(X y)e X, & & [[H vj + g(F(Xy) — F(X)& ALoto] y, =8 7rse

= Taot7| # 2t referencet 2t

o% LIS E8| O robustet 0| Z1tE

s

-

SN 0| St 00| 2 2 & 0| overfitting® [ 217t 2
v AL}, Zf training sample 2@ 2 AHO| gf 7|8t =22 $=5t7| WZ0f| A|ZH0] BiO| AR F
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Experimental results

« Health representation map &=

- Health representation map= A2 %t A| O El
E0M X2 RUL ME22 Y

-=2RULHE

60

ol 42
S0 O Y

<7|& CNN> < N Ot e >

Number of Health representation map (\) Number of Health representation map (\)
centroids | MUt | FS-CNN =007 1 10 centroids | 1MPut | FS-CNN =5 =671 10

3 0.15 0.40 0.42 0.43 0.44 0.39 3 0.15 0.43 0.44 0.44 0.47 0.46

5 0.14 0.35 0.37 | 0.39 | 041 0.39 5 0.11 0.30 0.33 | 0.35 | 0.36 0.38

10 0.13 0.33 0.35 0.36 | 035 0.35 10 0.07 0.24 026 | 0.26 | 0.22 0.25

<RULO| 2 MZ S2{2HE AR (NMI) > <RULO| 2 ME S 2HE FAHE (ARI) >

0: A|.§ ICS'E 31%1 1 %}-I:_ﬁl'cl)lj- g:lil- J_'IL|-7.'” RI—Expected_RI
" max(Max RI—Expected RLD)
Romaga  rresi | vDs]
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Experimental results

- Mot ot SOl 2R gatd

Sl
- 7| = CNN, model-based Siamese, reference-based Siamese H| E %32 2}t2| d-5 H]

2% —e— CNN
~e— Siamese (model)
~e— Slamese (reference)

100 80 ) " 20 0
Cycles before the failure

(a)

~+— CNN
—e— Siamese (model)
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100 0 ) ) 20 0
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(c)
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2
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g
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60 a0
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(d)

< Score & H|1 >
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101 o o
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245

—_ - 1
F # of training profiles 10 30 ’.I‘U_ All
b [sm ) e o o
5 T

fl} CNN+LSTM [29] [ng‘“.é) (géz} (?E;} 303
CNN [10] EI]T’[:];} (:3%} [:—‘326?) 360
Siamese (model) (ﬁ:} (?‘21;} :;J[i 267
Siamese (reference) ;922] ?}E ?.:.z 253

F # of training profiles 50 100 2(}[3 All
E) LSTM [11] 11?2?] [}S:ggg) [}iza;) 4,450
o [owsmimr | oo [ s | o [
CNN [10] G | oy | o | 239
Siamese (model) (f(;’?{i (jgf}) (;:231) 2,134
Siamese (reference) {g:::;?] {.::g;gl :[!:5:;?)1 1,618

F # of training profiles 251(?57, 2:15[]&. 4’.-‘?[:5 All
ol G446) | 394 | 69 | 32
l;:r CNN+LSTM [29] (183:5"?9_}'? ) 3.‘;‘; (13}3) 1,420
i I T
Siamese (model) {1204]9829] (?2:} [43‘;?) 304
Siamese (reference) (g;:;::'] :582:;] ?3_'9.?} 270

F ## of training profiles }4:?399 19“;[Is 45%(3[] All
E LSTM [11] (-22.33?) (%3.:6;1) [zl.?l?) 5,350
S e R
Siamese (model) {%:i;?;] {226::12] (];(?It)i 4,056
6“ ')ok c“ &!...4 Siamese (reference) (l'fs,fl_:lasl; (132:;38(;: f??s(; 2,797
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I 4t of training profiles 1‘,]]?;? |§::{t})2 1:[‘::2 All
I[_;J LSTM [11] (2'-:]?;3}; [I?_J;-ll;l'; (ll('iz_; 16.14
? CNN+LSTM [29] (E.E)fjl [O.;)l} (|)U'¥] 16.13
SR A AR A
Siamese (model) {11?_'15(15; fI{;;:; {1;;}8 |I'; 12.34
F # of training profiles . :[‘}?9 2!‘(114 2’:’1’(‘}35 All
E LSTM [11] (2.30) ijﬁ_.-ﬂ} (6.44_,1 24.49
0 | CNN+LSTM (29] {216__;;8(; f“f’if} {215023 2046
) CNN [10] ‘214‘;’2) (222_;]1]} ‘2101223 18.91
Siamese (model) {gl%fls) (2|7'113(;. (210]4 hi) 17.86
Siamese (reference) {2142117; (201911 {2009201; 18.18
F #.nf training profiles 22]1;' |;(j,() [;.[;,4 All
]3 LSTM [11] {4;2(3) (1.11) {1.[)‘)_) 16.18
0 | CNN+LSTM (20 e | 0sor | Gos) | 1712
CNN (10 @i | 030 | 03 | 125
Siamese (model) ffl{ }283 (I{;‘.;.E;E} &:5864) 12,77
Siamese (reference) (]_,;J;;]] |I[;1792?} (]0%:;; 11.88
P # of training profiles q;[{;g 2:30;]4 '126”; All
B LSTM [11] (.1 .‘99) ({}.;‘;1} (:1 .‘] 3) 28.17
0 | CNNHLSTM 29) deo | @ 5'%4} {:17(?2‘5) 2326
CNN [10) s | e | 050 | 22
Siamese (model) aiw | s | 056 | 280
Siamese (reference) (2 ﬁ'zl,;; lzl?f;'];} 5,3;:] 22,11
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Experimental results

Dataset FDOO1 FD002 FD003 FD004

Metric Score RMSE | Score RMSE | Score RMSE | Score RMSE
CNN [10] 360 13.86 3,352 18.91 618 13.55 5,861 23.32
LSTM [11] 338 16.14 4,450 24.49 852 16.18 5,550 28.17
MODBNE [39] 334 15.04 5,585 25.05 422 12.51 6,558 28.66
CNN+LSTM [29] 303 16.13 3,440 20.46 1,420 17.12 4,630 23.26
GA+RBM+LSTM [15] 231 12.56 3,366 22.73 251 12.1 2,840 22.66
BiLSTM-ED [40] 273 14.74 3,099 22.07 574 17.48 3,202 23.49
RULCLIPPER [41] 216 13.27 2,796 22.89 317 16.00 3,132 24.33
EN [6] 228 13.58 2,650 19.59 1,727 19.16 2,901 22.15
Proposed reference-based estimation 253 12.47 1,618 18.18 270 11.88 2,797 22.11

< Score/ RMSE d& H|1 >
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Conclusion

« Siamese network 7+ = £ 22t health representation learning &2 A| €t

- RUL2| H2}2} health representation map2| H2} 7Fe| &atd-Z FX|A|7] overfitting=
ZEA N2
- Reference-based 0| = &&= C5t0] =EK| 242 =0|= 202 EY

- Mot st B 0|5 HWHEO| RUL 0= d& B OfL|2f O 0| F50f Chst

« Representation learning 7|
YHELZ HO|Y

- Feature THOJ| A 2] loss H| 11
- RUL 80| & 9rFE == = representation map T3

E T
- J12{L}, attention R transformer 5 &9 ZEELCH= SX5| 2 d522 HFE HEHA
Mtds S ds & f% 10| AS A2 Y&

R SAETHSD N VDS
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