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« Background
- Time series domain

- Necessity of research on remaining useful life prediction

« Remaining useful life estimation via transformer encoder enhanced by a gated
convolutional unit

 An integrated multi-head dual sparse self-attention network for remaining useful life
prediction
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Background

 Time series domain

- A series of sequential datasets collected over a period of time
- Being ordered in terms of time
- Consecutive observations correlated with each other
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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

 Trends in remaining useful life prediction research

- Single / sequential / parallel structure
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Background

 Trends in remaining useful life prediction research

« Attention mechanism / Transformer
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A

Mo, Yu, et al. "Remaining useful life estimation via transformer encoder enhanced
by a gated convolutional unit." Journal of Intelligent Manufacturing, 2021.
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1) Mo, Yu, et al. "Remaining useful life estimation via transformer encoder enhanced by a gated convolutional unit." Journal of Intelligent Manufacturing, 2021.

Introduction

« Xt 0| = 200 0] Transformer 2 E M3l x| X0 =2

« Encoder layer: Transformer encoder= 2 & backbone2 = AtE o o s
- Time sequenceOf| A long-term dependency Z4 % L U e
« Local feature extraction layer: gated convolutional unit (GCU) | ¢t “ <GRU >

- Gated recurrent unit (GRU)2l FAFSH 712 S O|O| 2 A, reset gate2f update gate = T3 &
- 23 H|O|E{ 0l CHSt local feature =&

- Transformer encoder| Al local contextdl =& et E4S 4= attention mechanisms £ 2t5}7|
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1) Mo, Yu, et al. "Remaining useful life estimation via transformer encoder enhanced by a gated convolutional unit." Journal of Intelligent Manufacturing, 2021.

Method

« 1) Local feature extraction layer
- 2 G[O|E0f CH2t local feature
- 213 0| 0| E{ 2} &9 layer feature 7t
- Gated convolutional unit (GCU)
- &3 HIO[E{0| CNN HE
ihy = conv([Xi—k /2, oo s Xiy s Xigks2]) % input data

- 213 0| 0| E{ 2} CNN featureZt gating mechanism &

215t local feature K|S

Output RUL

Feed-Forward
Attention
Convolution

Multi-Head
Input Multi-Sensor Data

® Gating mechanism @ Add @ Positional encoding

< Local feature extraction layer >

- Reset gate rr; = a(W,.h; + V,x; + b,.)  o:sigmoid function, W&V, &b,.: parameters

> Y Moo HEE Aot HEX| 2 St= gate

- Update gate w; = o(W h; + Vy,x; + b,,)) W, &V, &b, : parameters

> O[T g|ojoje] FEE LOtLt FAIL R ZYSH= gate
- rli = hi 03¢ u; + x; X r; ®&:element-wise multiplication X
s CNN @ update 2t + input ® reset 2H-&
- Linear mapping

-GCU &3 242l A,0f Ch3}0] linear mapping & &
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1) Mo, Yu, et al. "Remaining useful life estimation via transformer encoder enhanced by a gated convolutional unit." Journal of Intelligent Manufacturing, 2021.

Method

« 2) Encoder layer

- Feature
- Local feature extraction layerl| &8 {2 YEHoZ & : I

I o v A

- Transformer encoder Al-2 Sequence length
- Time sequence & A long-term dependency 74 %
-7 27|0f Chiet M| @l
:CNN 7|8F &HE 2 7 20f| Cheh M| SHo] /=

|-%'<'5|- < (I)=IE—|1 EIIOIE‘I Shape >

Regression Layer Encoder Layer beal Feature Extraction Layer

GCU

>
=

Output RUL

Feed-Forward

Multi-Head
Attention
Convolution
Input Multi-Sensor Data

Layer Normalization
Layer Normalization

® Gating mechanism @ Add @ Positional encoding

< Encoder layer >
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1) Mo, Yu, et al. "Remaining useful life estimation via transformer encoder enhanced by a gated convolutional unit." Journal of Intelligent Manufacturing, 2021.

Method

« 2) Encoder layer: Transformer encoder

- 3 A position encoding, multi-head attention, fully-connected layer=2 -3 =l

- Position encoding
- ME CHE FOro| Al ZARRl = ALE
- 28 Mol Zt2fe|l nRrot EZ K| gt =
;' Local feature extraction layer2)|

- Multi-head attention
- Self-attention functionO|

- Fully-connected layer
 3) Regression layer
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< Multi-head self-attention 2}°d >
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Regression Layer Encoder Layer

pcal Feature Extraction Layer

Nx

- Fully-connected layer

Output RUL
Layer Normalization
Feed-Forward
Layer Normalization
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Attention
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Convolution
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® Gating mechanism @ Add @ Positional encoding

< Encoder layer, regression layer >
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Results

« Comparison between the actual RULs and the estimated RULSs

A

Remaining Useful Life(Cycle)
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Mo, Yu, et al. "Remaining useful life estimation via transformer encoder enhanced by a gated convolutional unit." Journal of Intelligent Manufacturing, 2021.

Predicted RUL
—— Ground-True RUL (Piece-Wise)
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0 100 20 20 & 80 70
Unit Unit
Method FDOO1 FD0O02 FDO003 FD004 Average
CNN (Badu et al., 2016) Babu et al., (2016) 18.45 30.29 19.82 20.16 24.43
DBN (Zhang et al., 2016) Zhang et al. (2016) 15.04 25.05 12.51 28.66 20.32
LSTM-ENN (Zheng et al., 2017) Zheng et al. (2017) 16.14 24.49 16.18 28.17 21.25
CNN-FNN (Li ef al., 2018) Li et al. (2018) 1261 22.36 12.64 22.43 17.51
Auto-Encoder (Yu ef al., 2019) Yu et al. (2019) 14.74 22.07 1748 23.49 19.45
RBM-LSTM-ENN (Ellefsen e al., 2019) Ellefsen et al. (2019) 12.56 2273 12.10 22.66 17.51
DCNN-FNN (Xu et al., 2020) Xu et al. (2020) 1261 28.51 12.62 30.73 21.12
Auto-Encoder (Yu ef al., 2020) Yu et al. (2020) 13.58 19.59 19.16 22,15 18.62
GCU-Transformer (this paper) 11.27 22.81 11.42 24.86 17.59
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A

"An integrated multi-head dual sparse self-attention network for remaining useful
life prediction.” Reliability Engineering & System Safety, 2023.
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1) Zhang, Jiusi, et al. "An integrated multi-head dual sparse self-attention network for remaining useful life prediction.” Reliability Engineering & System Safety, 2023.

Introduction

 7i{41 =l Transformer 7| 2t2| multi-head dual sparse self-attention network | ¢t
- Transformer2| SHAIQl A4 =&-d2 1084
- Local key region0fl &5t A+ ZQ
- Multi-head ProbSparse self-attention network (MPSN)

- Dot product operationO| /0 Y& O|O0|E{ & 2| FQ featureE ZE{ I AL 2802 et

- Multi-head LogSparse self-attention network (MLSN)
- Time window Z O|0f| 2} S7t5t= A4t & ES =0[7| fIet 2 7[4F sparse strategy H| 2t

Sensor Data v 2 Linear / T
Selection ProbSparse ProbSparse / ‘ Multiplication
Self-attenti Self- i T ?
d . q /
v + \ Multi-Head Integration [ SoftMax
(;)Eﬂmc Sensor " D?F . Relationship Add & Norm < Add & Norm 4\ T? T
! Trﬂmlormahon . \ I T ‘ ProbSparse
ata ] l
b | Multi-head ProbSparse Self-attention ‘ Strategy
FeedLFurwurd FewiFurward \\ ? Eqgs. (8)-(14)
ayer ayer
TWM'H [Tmining Dala}f > + ¢ \ T ‘ m ‘ ﬁ ‘ T
Offfine IMDSSR Y Linear || [ Liuenr|| |LincarH \| | [ Multiplication|
Training Phase Data Add & Norm < Add & Norm  +/ ) \
Pre, cessi
reprocessing l \ oy K 0 | 2 K v
MPSN
T 32
MLSN :
] L 1| _— \
Sensor Data 1 incar ultiplication
LogSparse LogSparse /
’ s, || e ; r
Selfeattent Self:
$ $ ‘\ Multi-Head Integration / Snﬂ?Max
; ) /
M [ Data ] [Tes““g Dm] Add&Norm «l | Add & Norm 4‘\ |‘ ﬁT ; | i
g Strategy
\
) [T ) = Lo B ﬁT o A
Online RUL Extraction IMDSSN v ! [Tincar ]l [Cincar|P [Cinear]l \ Theorem 1
Prediction Phase Data Add & Norm Add & Norm < | ? ? ? T 7
\ |
Preprocessing \
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Method

« 1) Multi-head ProbSparse self-attention network (MPSN)

- Dot product operation2| =8 featureg ZEEHESI0 Alit 224 2k Dense < Sparse

- Self-attention mechanism2| dot product operation®| %! 0{ probability distribution sparse®} Z40|2t 7+

-+ &, attention score2| probability distribution<= sparse & A &

- 24=9| time point0®l| A 2| dot product operation2t0| RUL 0| =0f| A &st Jakg O] &
1 B2 3 HS Sl dot product operations ZE{ 2SI AL B &S SFAA|ZA
- MPSN ¢4 1Hd
MPSN2| dot product operation 7|Z dot product operation
A (g, K, V) = E k {qi’kj) v, =E [v ] Attention(Q, K, V) = softmax(QKT)V
4%V )= 2 S % T Ealkgla) 1Y RV =
Tk (anky) Vi

7| & dot product operation= computational load”7} &
;= MPSN - conditional probability p(k;lq;) : query q;7t ZOH RS M key k; Y &
vO|E &3l, dot product operationd| L0 key2| Lt query?t= F et
o k(g ky) o exp (q,-k}r/\/_k) 9 = exponential function 2!

| 4% udhn IVRS \
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Method

« 1) Multi-head ProbSparse self-attention network (MPSN)

- Dot product operation2| =2 featureE ZE 2ot Altt 228 SFaf Dense «  Sparse
- Self-attention mechanism2| dot product operation®| %! 0{ probability distribution sparse®} 40| 2} 7Hd
'« &, attention score2| probability distribution= sparse 2 24 &
- 24=9| time point0®l| A 2| dot product operation2t0| RUL 0| =0f| A &st Jakg O] &
= B R% A4S Sh= dot product operation=S ZEH 21510 GA E S THAAZ
_ Ab TIFA
MPSN g '_l- J_|- © feature
- p(k1lq0)
time - p(k2|40)
QK"
A!- (q‘-, K, V) = — ... d p(k3|QO) /) = softmax ( ) Vv
JE' 2] L - p(kalqo) Vi
query key

7| & dot product operation= computational load”7} &
;= MPSN - conditional probability p(k;lq;) : query q;7t ZOH RS M key k; Y &
vO|& &3, dot product operationOfl L] key2| L £ 2} queryZtS F|et

s k(g k;) o exp (q;k}/ﬂ) © £ exponential function &
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Method

« 2) Multi-head LogSparse self-attention network (MLSN)
- Time window Z 0|0 2t S7t5t= &&= =0[7] fIet 22 7|8t sparse strategy Al ©F
- MPSN2} S ALSHA|, MLSN. = multi-head self-attention mechanism network 7| gt
7| & 2] Transformer model2 301 &l time window length (L)l EHSHY full self-attentionO| =2 =l
s« Cell index set IF = {1,2, ..., 1, ..., L}
- 8 O[O[H Xl LO| S7retof et A4l 2880 MeE22 57t
- 74|).k_F SEdE 22lst7| f18H cell index set X7+
= {1 —2llog2tl | — pllogz2 =1 7 20 17420 [+ 2llog21l-17 4 pllogz Uy
/?:IE—". OOl & Xt+& LO| %W%*Oﬂ 2 Al it ST Q0| FHil = Sotet

(a) Full self-attention in conventional Transformer

N
e, D, Wizio,
e LIS TS
HACS PR AF TR, s
St / Z ) I P

Bt ~ K - & & 8 The ~1a

(b) LogSparse self-attention mechanism in IMDSSN
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Method

o 74 =l Transformer 7| 2t2| multi-head dual sparse self-attention network Xﬂ?i
- MPSN2} MLSN 2| output feature 7| concatenationz| O =& 0| ==l RUL 2t S

MPSN
Ry Re LT L f
ProbSparse ProbSparse / Multiplication
Self-attention Self-attention T 4
. e . f
S ——— v + \ Multi-Head :m,;mnon J T
Offline Sensor Relationship Add & Norm <! Add & Norm
ity R S — o 1| e
Data :
Feed Forward Feed Forward \\ |Mu]t1 -head PmbSparsc Self- attennon ‘ EqSll?sli fla)
5
Layer Layer \
: . Training Data > ‘ It \ T
Oftline THDESR \\ Lincar | Lmear Lmear Multiplication|
UL DAL AL . Data : Add & Norm =/ Add&Norm < [ f N
reprocessing l - K y 0 ¥ v
\—. MPSN
| t f
LogSpacee LogSperse 1 Linear "’ Multiplication
Self-attention Self-attention T T I
v v ‘\\ Multi-Head Integration ,," Sﬂﬁ?MBX
: /
Online Sensor Testing Dt Add&Nom < | Add&Nomn : st , i
Measurement : ﬁ\ Strategy
TR Feed Forward Feed Forward \\ ‘ Mu]n-head LogSparse Self- attemlon Eqgs. (15)-(16)
\
Online RUL IMDSSN v v ' | Linear mear Lmear Theorem 1
Prediction Phase Data Add & Norm < Add & Norm ‘\ T . T 4
Preprocessing l \ % K \ 0 K 1%
MLSN
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Results

« Comparison between the actual RULs and the estimated RULSs

150 1 = Ground Truth 4 150 [ = Ground Truth 1
RUL Predicted Value RUL Predicted Value
[l ] ] ] [ ] akx g m wo T m W Ge -] ng @ oy
E i K 3 b g ! ,f‘1 . | = Tl H T ;J a Lﬂg ; “ ! T ¥ bg % | \
2,100 s all | L el T ¥ | 1 2100 % ! = :*‘ a 1
Q W w 4 i f ? n @) g4 TX4P =K = 7 &
= 5 allf ~ W [] L] 0 7
5 50 I 1k Il ¢ gIe & 5 soll = | g3 C LI LA il
M i f r 1 M ”“ a Lnu R 3 un |
] | ] | P I -_n ] " v 1] “ ] 1
a [ L 4 0 | P | &
B o 8 08 ‘ ah ] % o
0 : : ; : 0 ! ; ! !
20 40 60 80 100 20 40 60 80 100
Approach RMSE S-Score
FDO0O01 FDO002 FD003 FD004 FDO001 FD002 FD003 FD004
SVM [32] 40.72 52.99 46.32 59.96 7703.33 316483.31 22541.58 141122.19
CNN [12] 18.45 30.29 19.82 29.16 1286.70 13570.00 1596.20 7886.40
ELM [32] 17.27 37.28 18.90 38.43 523.00 498149.97 573.78 121414.47
MLP [32] 16.78 28.78 18.47 30.96 560.59 14026.72 479.85 10444.35
CNN-LSTM [11] 16.13 20.46 17.12 23.26 303.00 3440.00 1420.94 4630.00
DBN [32] 15.21 27.12 14.71 29.88 417.59 9031.64 442.43 7954.51
MODBNE [32] 15.04 25.05 12.51 28.66 334.23 5585.34 421.91 6557.62
CEED+DLSTM [33] 14.72 29.00 17.72 33.43 262.00 6953.00 452.00 15069.00
BiLSTM-ED [34] 14.74 22.07 17.48 23.49 273.00 3099.00 574.00 3202.00
IESGP [35] 14.72 24.81 14.99 28.61 331.90 4245.40 355.20 6280.80
Attention-LSTM [36] 14.53 — - 27.06 322.44 - - 5649.14
CNN-LSTM-DA [37] 14.40 27.23 14.32 26.69 290.00 9869.00 316.00 6594.00
BiGRU [13] - 26.54 - 29.13 - 6352.00 - 6339.00
BiLSTM [38] 13.65 23.18 13.74 24.86 295.00 4130.00 317.00 5430.00
LSTM [18] 13.52 24.42 13.54 24.21 431.70 14459.00 347.30 14322.00
Transformer 13.32 19.83 13.92 21.88 329.00 3394.25 431.34 3566.14
AdaBN-DCNN [39] 13.17 20.87 14.97 24.57 279.00 2020.00 817.00 3690.00
MPSN 13.16 18.06 14.09 21.36 270.84 2168.99 410.73 3216.68
BiGRU-TSAM [31] 12.56 18.94 12.45 20.47 213.35 2264.13 232.86 3610.34
MLSN 12.50 18.30 13.57 22.65 245.76 2561.82 316.89 4056.62
Proposed IMDSSN 12.14 17.40 12.35 19.78 206.11 1775.15 229.54 2852.81
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Conclusion
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