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I CO|EE Eol O UM A AMEE TITket 4~ 12712 = Time-Series Classification(TSC)
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I 2Hel ZX|of w2t 2191 ko 2 Csl s = SOoHEI? = Time-Series Forecasting(TSF)
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> WS SASC = 0| E4 3 51H AHE, ARI0|2k= £/80]| 2lsl 2F T4
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Background Knowledge

| 2zxis o120 22
> Alvs MLvs DL
@ AR YDE|E

2 ML:ZH™ Eg|, M¥3]7, XGBoost, SVM (Support Vector Machine)
3 DL:CNN,RNN, GAN, EHARM, .-

—_— e —

> Deep Learning

f(X)




SHAID ZOFRISAIS2| M8 U 287 tsd A olet

Background Knowledge

| 23715 0182 25

> Alvs MLvs DL
@ Al A O|gLTR|E
@ ML:Z8H™H Eg|, M&3|7, XGBoost, SVM (Support Vector Machine)
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Background Knowledge

I Artificial Neural Network?2| &i2|

> FIOIE(ZRE, w)E S50 Hf0/0[A(PIZfE, bR} S| CistL, SHE|H|0]4! )
of2{7|X| 2E/tjo/A0| £XY. Linear, Sigmoid, ReLU, tanh - S,

>
> ZOfEl 20| Chsh Yt 20| LI == SYI0|E, HIO|O|AE HafiF/} SHt.
>
>

> £ LC(Z2 unitR} WX/(ZL connection)2 O|20{X L}, ' E : '
&\ v o s g

0{71M, Al7} HZ3H SJO]E (), HIO|0JA (b)S Lol (01242 “AIv} BHE3ICY Bfa HH)

ol st activation, &5 G5t activation, .. HHE

A(w- x +b) b

S\X
XL A

L(Y.Y)

w-A(w- A(w- A(w-x+b)+b)+b)+b---=y
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I Deep-Learning 22
> SHE0[2? A2, 2t L Coj| UYL AT S S8 20| wetbS A= 2p
> BE0[2r? et52 Sdll 2P E mf2t0|E|(Weight, Bias)2 71°dEl Matrix2| =g}
Parameter containing:

tensor([[ ©.422 1.8829, B.7585 e 1.3811,
[ 3.3346 -8.5697, .1163, ..., -13.4995, 3.8654, 1.6683],
[ 8.1e18 3.1551, 3.5475 .5368, A.5084 3.6319],

Jot

3.9214, 8.196 -0 . 7361, 1. 3.7439],
3.3737, .5125, ... .6938, -@. 1.1959],
4.2671, -2.6@278, ..., 1.8184, 2. -8.4789]],
device="cuda:8"', requires grad=True)
Parameter containing:
tensor([[ @.0@@3, -0.0174, 0.8091, ... . . -6 . 08.8066],
[ @.8276, ©.8565, -8.8226, ... 5 , @ » B8.8686],
-8.0884, ©.9156, ©6.8493, ..., 5 » B ., ©8.8188],

.BB64, -P.0641, -8.8178, ... ) , 6 . -8.0747],
.6164, -9.0333, 8.8448, .. . , 6 . 8.8243],
96, O . -8.8345, ..., -8. . 6 , -8.0482]],

', requires_grad=True)

[Goeffrey Hinton]

> o[t 7[2H QU AE(MLP)of|A CrfFet A1 (d =t LA, Convolution §)2 =50 1}
> [EH Y2|(X[sHA, SAHIH)| v|dH X 0| 'Y S CllolE|2} Hal'd 7|== 1

> Computer Vision(CV), Natural Language Processing(NLP) : C|O|E{7} BC},

> GPT3 REo| of2jO|E| £~ : 1750219l(175B) / 45TB text data
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> YERTITH R : HIO|EIE Sl S QUX[510] LT AL| ANYERE EF/(Encoder)
> Ajol|F 2 : CiSZX|0) 2 AEHUE WAFSSE FY| 0f|Z(Decoder)
/x M M=
AT I Mt dsE+ exx| =2
[ (
P :_-----------.--1 SBO
- T 1 oo B asjo1 - 2sj02
- : —i Encoder 23102 Decoder - S
i AN “ AL TLOFW v | S
R 1 'f.ég l il e . . :—l“'u s
1 ) 1 =) ) ESmETD
NS
| | _ oy otstoa  wstos
etc i_ I_ / \
! e
> Encoder-Decoder L% : QI2to] A4 npd 2 xHfod

I XpA0 X2 HADof| F= AL

I Sequence-to-Sequences= UHE A|RAZEE|CIE SH[QIQ| A|RAE =5
I Encoder : 23 O[3lidt= AE > HEE S8l 482 ?_XI(Understandlng)
I Decoder : O[slizt L& S HIZIOE OutputS 44’d >

14

QIX|E HIEC 2 2HAEI HIEE ‘4/d(Generating)
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> Time-Series Classification CHE HItH =
I Distance-based method(#z2| 7|g} HHH =)
I E8 metric2 7|2 A|H|E H|O|& 2t HEIE HASHA 2012 HE|2| Class2 &5

I AAIZ To|E 2| LiXHERI EF S $§5f04 =028
I AHI2 O0[& XpM|2| LI X QI E2E ZASH= 22 Challenging & -> Encoder
A Instance-based classification B High throughput, feature-based classification

compute distances between time series comparesetsof extrocted fentures

i.Time series  x; W Xo W

ii. Extensive — 1000s features — — 1000s features—
feature vector 11 fo
X1 ¢ ¢
X2 iii. Reduced selected features selected itires

» feature vector ¢ -:I:. o _
t for classification fi 1)
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> Base Tech
I CNN(Convolutional Neural Network)
2 I I I I
T 1 [ 1 238 85 |255{221| O
I _1
] 1 1 136| 17 |170| 19| 68
1 |
R[] \% © - 0 [238{135] 0 255
: ‘Féﬁ’;y ] 255| &5 (170{136|238
| |
i | ; 1T | 221 68 |118 | 255
etc i |_ Q i 170 118|221 17 [136
Input T N Output
Pooling Pooling Pooling et - A\
L-eliE - )
g “%\i\\‘.ﬁi.}“&' - Horse
m v Aha 7
- . S 7 ebra
N g - Dog
N f, SoftMax
Convolution Convolution  Convolution - '}Eﬁ:‘ﬁ%‘;\"
Kernel R;LU R;-LU R;LU Flatten
Layer
Fully
L Connected——

Feature Maps

e Sequential &t
N L dEEAE
Feature Extraction Classification Probabilistic ﬂ-gﬁl-xl %g'.
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> Base Tech T T T
P

I E0{0} 5= 24| : Seq2seq 24| n i | i

I X{Q10] X2| 20F0i|A] 2 H| XS ) : __:

I XI910{= Tokenizer2t Word EmbedingS E38ff HIE{S} 2. R[] \% © :

| XIO|= A|2F2M0f| 2t AFRE|D 2 525 2X| 2t & 4 S, ol ‘#gé—“ :

I EXA ASFE [MxQ] I ERIALL X0 HIE|[MxQ] HERIA = ! !

AJZ10] CH2 HIE{ | 181aHs Sl SUSHSHEID 8 4 912, N !

etc !___L__ .!
Token String Token ID Embedded Token Vector | . o " '-0;-}
'<s>' -> @ -> [ 0.1150, -0.1438, 0.0555, ... ] il Bcthdl M 2
'<pad>' -> 1 -> [ 0.1149, -0.1438, 0.0547, . ] like :0.65 0.27 | 0.8 | 0.89 0.43:
'</s>' -> 2 -> [ 0.0010, -0.0922, 0.1025, ... ] : 1 oo | 077 | oo 098;
'<unk>' -> 3 -> [ 0.1149, -0.1439, ©0.0548, ... ] AN : : : S
'.' -> 4 -> [-0.0651, -0.0622, -0.0002, ... ] apple 1029 | 076 | 0.21 | 0.95 | 05 |
' the' -> 5 -> [-0.0340, 0.0068, -0.0844, ... ] S8 i
l'l -> 6 -> [ 9.0483, _9.9214’ _0.9927’ . ] and I0.55 0.95 0.29 0.22 0.44I
' to' -> 7 -> [-0.0439, 0.0201, 0.0189, ... 1 |Mobanana 1 o2s | o | 0ss | 017 | 095 |
''and' -> 8 -> [ 0.0523, -0.0208, -0.0254, ... ] i !
' of' -> 9 -> [-0.0732, 0.0070, -0.0286, o] but ; 0.86 | 0.37 | 046 | 0.35 | 0.13 |
''a' -> 10 -> [-0.0194, ©0.0302, -0.0838, ... ] 1 o
I EE NS IS I — IE—

17
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> Base Tech Forget Gate A

I LSTM(Long-Short Term Memory) 4 LSTM Cell ™\ o e

I 4)H9_| j‘”OlE jHléll EIO:I Ct—l » Ncur:Ll:::wmk g:.:rt::::ﬁ

Input, Forget, Output, Cell — >
—< a : Logistic
hey > L ?

Qutput Gate

Input Gate

iy = (Wi + big + Whaih—1) + bri)
= o(Wisz, + big + Wiph—1) + biy)

X i
gt = tanh(Wigxy + big + Whgh—1) + brg)
h-1 B
O — O-(VViomt + bio + Whoh(t—l) + bho)

¢t = fe*xcpo1) +ix g

hy = o, * tanh(c;)
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2 Base Tech
I Seq2Seq

I IDEA: JHS HIEIZ Qo= ZHS UHE

I QX=X M2 2 [0|F2| oAl dS =551 | 2I6H Long sequenceE ¢HHO|| 0| =
~__LSTM Encoder | LSTM Decoder )
/ I:|—||'| E}-2| OI 3“ \\-, i Decoder Qutputs A

LSTMY] StAIE2 O1F5| =X

1. Y42 AFZICt (enc, dec 250
sigst= 2H)

2. context vector O] OfX|2}t £H0{2Q]
271 718 SF35HA g2t

Vi Vi1 Ytz Vie+3

= Flet

o
1

Xy Xg o o v ..

LSTM =5 LSTM = LSTM =) LSTM ===

I i i [

[X¢—g0 Ve—al [Xe—z, Vel [Xe—2, Ye-2][Xp-1, ye-1]

23je3s Japoouy

Observed Historical Data

19 Copyright 2022. FNC TEFEE%CHEICO Ltd. all rights reserved.
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> Base Tech | o054 o |
. | 1
I 9 RNNS Hoio |2 &t otmaly) like !0.65 027 | 0.8 | 0.89 0.43!
| OEX|2 S E O S QA| 2C12 Q12H9| AF HEAIO| OFl an : 0.1 [ 099 | 0.77 | 0.05 0.98:
I LSTM, GRUZ} QUCHX|2E 22 X1 SHZ2 OtE! apple | 029 | 0.76 | 021 | 0.95 | 05 |
I O RS 2Orr SR, oM B2 S S0t EEXIE oS and : 0.55 | 0.95 | 0.29 | 0.22 | 0.44 :
EEHA L o} M2sHL}? —.—X =- i i 1 i
: ARM= A IEAL? (=Z M= Attention is all you need) banana 1 028 | 0 | 058 | 0.17 | 0.95 &
I Attention2 E2HA T 0|F0f 0|0] Q& JH ; |
but ! 086 | 037 | 046 | 035 | 0.13 !
I RNN->RNN + attention -> EFHATH 2 2 : :
I OH A E "F=F"LXE 6*¢5*Ef ' I Y IV SO I I

I EsHATMHE= attentionS =2
1. Decoder?t OFX[2f THO{RF A4
2. RNN2| vanishing gradient (E+£ & 4*“3) <- self-attention 2= 0H74'
3. 52 X|= HE0 attention <- self-attention © 2 s{Z!

elf—attentlonE EoH RNN= 2Wo| = e

o

RNN LSTM Seq2Seq E Attention Transformer GPT-1 BERT GPT-3
(1986) (1997) (NIPS 2014) = (ICLR2015)  (NIPS2017) (2018) (NAACL 2019) (2020)
| .
COﬂtOXtVOCtOl' -—
37| 18 = AIHA HH M HEE FE5Hs WHC= UM
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2 Base Tech

I Attention Mechanism
U2 22X LHOf| M THo] 2Ho| 2HHIS ShEAIP 17| QI8 LIEIS AR SITH

H=a T o |E
I O, O THo|2F O THo{oF 2tADF 24 2X| F, Ot T E F=0H{0F XS AP ehEsiA otLioF S| L{X 2
o202 EH Qo 140 OFE.! O3 CHX| & of& TI2t0|E 2 A=D1
I LS THo{o| BT HIEE A1 #12t5h= FC layer(linear) S 20| 511 0HE eh& AP 1A
Query : 2tH 20{= 7| & THO{ HE QKT
Key : 7| Ciofet 2712 2ot thof e Attention(Q, K, V') = softmax( N )V
Value : 27| 0F2 Eofo] O|0] S B2 HIE] k
Output
Probabilities
-Linear —
*Ma“\"”' ] A-B=|A||B|cosé
h
SoftMax Concat .
- A
+ L Add & Norm pud o
Multi-Head
askKk (0OpL. caled Dot-Froduc preed Attention
Mask (opt Scaled Dot-Product ) ==
) Attention ~ 9
l l l Nx Add & Norm | Msi::”” >
Scale pra « g e « sy e o= et et E'
4 [ Linear PJ{ Linear P Linear 1) =
MatMul Enoghng ¢ 0 Bovarn
1 T [ Ern::%du(tiing I [ EIEDLIS;E::I]Q I
Q K V V K Q s (slgtigail:ht]

21



2 Base Tech
I Attention Mechanism

Time |0.248
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FNC Techno
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0.206

0.685
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0.256

0.532

0.489

0.024
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0.031

0.711

0.057

0.541

0.644

0.680

0.258

0.206

0.685

0.112

0.256

0.532

0.658

0.027

0.345
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0.541

0.644

0.680

0.258

0.553
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0.075

0.311

0.504

0.658

0.027

0.345

0.058

0.709

0.818

0.395

0.910

0.994

0.916

0.553

0.900

0.075

0.311

0.504

0.821

0.191

0.839

0.501

0.517

0.818

0.395

0.910

0.994

0.916

0.378

0.046

0.657

0.435

0.383

0.821

0.191

0.839

0.501

0.517

0.023

0.290

0.253

0.364

0.113

0.378

0.046

0.657

0.435

0.383

0.272

0.431

0.923

0.656

0.028

0.023

0.290

0.253

0.364

0.113

0.519

0.853

0.099

0.344

0.868

0.272

0.431

0.923

0.656

0.028

0.949

0.752

0.348

0.977

0.079

0.519

0.853

0.099

0.344

0.868

0.740

0.097

0.037

0.672

0.672

0.949

0.752

0.348

0.977

0.079

0.015

0.003

0.536

0.656

0.277

0.740

0.097

0.037

0.672

0.672

0.965

0.855

0.669

0.445

0.514

0.015

0.003

0.536

0.656

0.277

0.408

0.383

0.393

0.821

0.877

0.965

0.855

0.669

0.445

0.514

0.745

0.164

0.820

0.181

0.915

0.408

0.383

0.393

0.821

0.877

0.266

0.058

0.239

0.481

0.737

0.745

0.164

0.820

0.181

0.915

0.019

0.618

0.399

0.038

0.118

0.266

0.058

0.239

0.481

0.737

0.896

0.254

0.258

0.379

0.537

0.019

0.618

0.399

0.038

0.118

0.896

0.254

0.258

0.379

0.537
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> Time Series Classification 22
I Papers with code 0f|A] ArabicDigits Dataset0l| CHeF Model Rank

Rank Mode Accuracy® HMLL Paper Code Result Year Tags &

Improving Position Encoding of Transformers for
. o . ) L > 2023
! ConvTran 0.9945 Multivariate Time Series Classification 0 2

Bayesian Learning from Sequential Data using Gaussian
2 GP-Sig-GRU 0.994 0023 _ roentearning dquen na O 3 202
Processes with Signature Covariances

Seq2Tens: An Efficient Representation of Sequences by
3 FCN-SNLST 0.993 Low-Rank Tensor Projections 0 8 2020

Bayesian Learning from Sequential Data using Gaussian
-Sig- . . - : > 2020 1
4 GP-Sig-LSTM 0.992 0047 Processes with Signature Covariances 0 8
5 | MALSTM-FCN 0.99 Multivariate LSTM-FCNS for Time Series Classification | ¢) 5 2018

Bayesian Learning from Sequential Data using Gaussian
6 GP-GRU 0.986 0.066 _Y ) g N : d (w) 2] 2020
Processes with Signature Covariances

I ConvTlran, MALSTM-FCN &g
I GP-Sig-LSTM, GP-Sig-GRU = Bayesian Learning & £¢t ML 7 |&(Gaussian process (GP), Signiture Covariance)
I FCN-SNLST : Seg2Tens: An Efficient Representation of Sequences by Low-Rank Tensor Projections == 201 0|

23 Copyright 2022. FNC Technology Co., Ltd. all rights reserved.



> Time Series Classification 2%!

I LSTM Fully Convolutional Networks for Time
Series Classification, September 2017 IEEE
Access PP(99)

I Convolutional blocks
I Batch normalization
I RelU activation

I Attention LSTM : be used detect regions of the input
sequence that contribute to the class label

I Multivariate Attention LSTM-FCN : Multivariate
LSTM-FCNs for Time Series Classification, Neural
Networks, Volume 116, August 2019

I Squeeze-and-Excite block(S&E Block)

FNC Techno

x

c

£
=
>

I
7]

|
v
wiD

ConviD
BN+ReLU

BN+RelU
Con

4
\
5

P
5

Q

Squeeze-and-Excite block

24

[
= nput
B ConviD S '
4 .
4
& ConviD ) 1
8
BN+RelU |/ o~ 5 comid ‘»)
asic /
Aftention LSTM BbRetL) g Basic LSTM/
Squeeze and Excite Aftention LSTM
8 ConviD
BN+ReLU -
+ 4 5 ComiD f
BN+Rel U |4
Global Pooling Global Pooling
Concat ’ ’
Softmax ’ _Soﬂmax ’

AXIBE HAE A}
+ Validation Dataset Accuracy : 44.92 %
* Test Dataset Accuracy : 40.18 %




> Time Series Classification 2%!

I ConvTran : Improving Position Encoding of Transformers for Multivariate Time Series
Classification, Springer Nature, 05 September 2023

#M (1xt) #dmoder (dyXM)

TP b N e

7
ot ey o Bk i'
del @ T dy a —"(:)"-"
x| . . : model
L <

tAPE

VHIN — ddde
o
: Ndd
-
4
4
4
| anding |

,

I CNN with #M filter : extracts temporal patterns in the input series

I CNN with #d_,.4 filter : capture the correlations between variables - d. 4 Size input
embeddings

I Add Time Absolute Position Encoding (tAPE) : capture the temporal order of the time series(L x
dmodel)

I Multi-Head Attention block with Efficient Relative Position Encoding (eRPE)
| 3P T4 ZQ0 S0 H W2 ISXIE 200t 2 30 g2+ E'*I
I A|ZHE O|=M S *l’f’“ O|EM S BHASHH, A|H|Yo| Lot
I 2R 2AE 1B : 2 A[FHAOM 2l

1At 4 QUi 2 sEHEE
— - OT — o™ =
| €2 H2|: AIRAS E%Riiift’doﬂ EIEES 9101,EE*'9| SHSTHEE PO %9 42 12| 53 g



MH2CR1 ZWV  PPSTRB(3) MFPWB(2,3)

TIME features Features(n)
0.000000 1.553135e+07 988.37443 0.000000 6712370 10497.684600 0.000000  0.000000
0.000000 70 10497.686728 0.000000  0.000000

300005525 11.37429 ). 74963 0.000000 6712370 10610.922523 0.000000  0.000000 Window

600.098525 1.3308 5394 0.000000 6.712370 10637.030370 0.000000  0.000000 size(m) ! (o, of
T 0.0
900.098525 |1.309044e+07 .88 0.000000 6.712370 10647.300461 0.000000 0.000000 [ dataset
EX)
.783103e+05 100.000000 108330616 4312400 21266.333103 0.000002 171.480895 No. of data row = 1076
100.000000 108330616 4.535665 21184 0.000002 171.497192 No. of feature(n) =14

100.0000 108330616 4.309454 0.000002 - H -
100.000000 10833 Window size(m) = 4

322390.074890 2.77 100.000000 108.330616 4.520843 2 116768 0.000003

322630432005 2.777315e+05 100.000000 108.330616 4.302035 20976.14901 0.000002 171.541975 > No. of dataset(m by n)
=1076-4+1 = 1073

onfusion Matrix . TP TP y

C SI0 d Precision=————  Recall = ———— * Precision0| &Lh= 212 A LH(FP)2
Actually Actually TP+ FP TP +FN Ajl. I-”:F_ 7-|2 o||:||
Positive (1) | Negative (0) TP +TN . RecaIIOI i[.l"_ Ho 7 1 I%* (FN) | A7

: T False Accuracy = L =
Pre'd'lcted Posrisises Positives Y TP+FP+FN+TN X_-I”:’I' j-lo 0||:||
Postve @ | (e (¢ps) .y - YU SHS YO 2Fots 20| 2%
Precision X Reca =03t 74O
bins Nez::’es Neg;:ie"es e Precision + Recall SHeH 37 Flscore
Negative (0) (FNs) (TNs)

26



P—fxil

> {5 71X] 8l|0|&, Window size 12

I Learning rate 2e-4, epoch 5,000, embedding size 64, ff dimension 512, dropout 0.1
I Trainable Parameters: 416,626 (2 3400 KB)
I Learning rate 2e-4, epoch 5,000, embedding size 32, ff dimension 256, dropout 0.2
I Trainable Parameters: 110,450 (2F 940 KB)

'I;;Jeedl ‘ Precision Recall ‘ Fl-score | * ?;;:EESt -ll;rruezl ‘ Precision Recall ‘ F1-score | * g;:st
0 0.903 0.814 0.856 10,427 0 0.882 0.769 0.822 10,427
1 0.940 0.935 0.937 8,232 1 0.910 0.894 0.902 8,232
2 0.998 1.000 0.999 16,287 2 0.998 0.999 0.999 16,287
3 0.931 0.938 0.934 7,737 3 0.893 0.911 0.902 7,737
4 0.999 1.000 0.999 12,424 4 0.999 1.000 1.000 12,424
5 0.999 0.995 0.997 12,205 5 0.995 0.995 0.995 12,205
6 1.000 1.000 1.000 8,903 6 1.000 0.999 0.999 8,903
7 0.832 0914 0.871 10,417 7 0.799 0.899 0.846 10,417

Average 0.956 0.955 0.955 86,632 Average 0.942 0.941 0.941 86,632
[Z]H Fine-Tuning Z1}] [@2%} Fine-Tuning Z1f]
ote 2RAZF 939 AlZH40 2 « oS 28AT 22 AZte =
4795 epochOf| A| Validation Accuracy Z[CH 4695 epoch0| A Validation Accuracy Z|CH

27
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> Time-Series Forecasting(TSF) @tH 2

FNC Techno

RNN (1986) : RNN A1 A|ZH 10 2 LSTM
LSTM (1997) : Cifsh A| A HE RER Jts - FI0SF, FoIet+ o=

Seq2Seq (NIPS 2014)

I LSTM 2-83liM Hif'd 2|8t 7| =2 B, oIt Hal'd 7[&S0| LT AIF0| B,

I LSTM S 28| A 117" El 37|9| context vector £ AFRSH= BIAIO 2 EHOd S8H

I OEfM A4 RS TR D7FE 30(2| o #HIEof| =310k 5t= o%’%*?_l SHAPHEMRE S (bottleneck)
Attention (ICLR 2015) : Seq2Seq Z20f| Of§llM 7|8 MES510{ s O 22 £ e
Transformer (NIPS 2017) ‘Attention is all you need.’

I OO RNN AtHIE AtEE TRt giCt X[k,

I 2% Of&ld 7| 0|l 2| 5= 0P [HIM E AL 450 8 2.

| EHATHE J|IHOE X0 X2 7| H2Z RNN I 0|4 A I

I OEHIA HIHLIZ S8 0| U A|EA XM FEE FE5H= Lo

[=NeoNe]
I Ol 7S 2E0t= EUMARMH OP[HINE W2 YA = Lot 1ds ZASO| M1 /S,

RNN LSTM Seq2Seq E Attention Transformer GPT-1 BERT GPT-3
(1986) (1997) (NIPS 2014) = (ICLR2015)  (NIPS 2017) (2018) (NAACL 2019) (2020)
COﬂtOXtVOCtOl' -—
37| 18 = AIHA HH M HEE FE5Hs WHC= UM

28
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afH| = LHE

| Zatoilz 2o

> RNN + Attention X-89| 5174
I HEe 24 : RNN2 1-71 o =XtH oz UAS X23HOF 5o [0 RSt S7HSSIL. O] LEo|
Cirt 29| HIO|EAIS 0| 8¢t at50] §7f“3*(°** AlIZFO] L2 Z0{ZICY).
I long distance dependency 24| : A|ZIAOf|AM EHe| Ho{Zl gHeE 2| 2|42 gradient
vanishing/exploding 2X|2 50| & £|X| 2.
I The prediction capacity of RNN+Attention methods limits long-term prediction’s performance.
From length=48, MSE rises unacceptably high, and the inference speed drops rapidly.

4 --- Ground truth 6
® Prediction

(=]

=
The predictions/sec
(in log scale)

—
o]

—— MSE score
Inference speed

.

%
MSE score
S

’ ~
~ ’
~ .
~
P
N
~

o® %o,  _o°
hone f s R 1243 96 192 480
0d 2d 4d 6d 8d Time The predict sequence length

> Transformer(2017) limitations when solving the Long-term problem
I 2] AFEEF : Al RA 2O 20| RF AL IR E| METO| 7[5tesHO 2 St
I 2X= 21 AAIE Ho|EoM = Z85t HE O /IXIE olIE517] o=
I 2L AAG0IME ZXIM'E Q1T 0| SfHO|X] 9I2 4= IO, A|2te| S 20| 2 TiE Sk ofA|




| Zatols = ope

(a) Bi-directional

(normalization) LSTM

> eQRNN 2 R S EEEEE e
: ) taining (o) 7-th quantile (d) Model
$_-9- jl%ﬂi THd:'?ade E ;') validation I(C] e trsemble
L . xY) — [ st !
I Positional Encoding(PE) & e
. . . I
I Bl‘dlreCtIOI’]a| LSTM Data preprocessing I
I
1
I

I Quantile regression
I Model Ensemble -TZ::o

I Input(X) : constant vector
I X1~X16 concat PE1~PE8

I Output(Y) : Target time-series

(b) Positional
Encoding

Lo on on oo oo o o o e o m em m mm em e mm wm
U R U i gy

T1 0.2929 0.58 0.12 0.91 0 1 1

T2 0.1531 0.58 0.12 0.91 0.8414 0.5403 1

T3 0.2220 0.58 0.12 0.91 0.9092 -0.4161 0.9999

T4 0.2221 0.58 0.12 0.91 0.1411 -0.9899 0.9999
T358 0.7747 0.58 0.12 0.91 -0.9092 0.4161 0.9369
T359 0.7740 0.58 0.12 0.91 -0.1410 0.9899 0.9365
T360 0.7163 0.58 0.12 0.91 0.7568 0.6536 0.9362

Probabilistic deep learning model as a tool for supporting the fast simulation of a thermal hydraulic code, S.Ryu et al., Expert
Systems with Applications 200, 2022
30
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FNC Techno

> eQRNN Test : AHHE L Cs| ZZHRE 0|
I Target Sequence & 1174 HIE| (1

le-5 0.08
0.025 0.035
0.07
4 0.030
0.020 0.06
0.025
0.05
34
0015 0.020
0.04
0.015
2 0.010 0034
0.010
0.02
14 0.005
0.005
0.01
ol 0.000 0.004 o000 - T T T
0 200 400 600 800 1000 [ 200 400 600 800 (‘) 5[‘)0 m‘o 0 15'0 o B 0‘0 o [ 200 400 600 800

[[0.94, 0.87, 0.69, 0.74, [[0.12, 0.35, 0.28, 0.10, [[0.96, 0.99, 0.79, 0.86, [[0.58, 0.12, 0.91, 0.60,
0.16, 0.21, 0.86, 0.56, 0.88, 0.14, 0.70, 0.74, 0.61, 0.94, 0.69, 0.06, 0.06, 0.46, 0.23, 0.69,
0.17, 0.19, 0.69, 0.54, 0.26, 0.47, 0.93, 0.23, 0.25, 0.14, 0.99, 0.17, 0.10, 0.03, 0.90, 0.37,
0.15, 0.82. 0.20, 0.15]] 0.68, 0.64. 0.79, 0.91]] 0.38, 0.46. 0.50, 0.01]] 0.43, 0.34. 0.25, 0.91]]

le-5
le—6
le-6 ] 2.00
a0 0.0007 5|
175
35 0.0006
1.50 1 4
30 0.0005
125
25
0.0004 31
1.00
20
0.0003 P
15 075
10 0.0002 0.50
14
05 0.0001 4 0.25
0.0 0.0000 4 0.00 4 04
0 200 400 600 800 0 200 400 600 800 1000 1200 4 200 00 600 800 0 200 400 600 800 1000

[[0.33, 0.56, 0.02, 0.73, [[0.95, 0.07, 0.86, 0.35, [[0.77, 0.19, 0.67, 0.96, [[0.07, 0.91, 0.02, 0.64,
0.34, 0.99, 0.84, 0.82, 0.93, 0.52, 0.43, 0.83, 0.15, 0.83, 0.62, 0.20, 0.20, 0.32, 0.20, 0.02,
0.72,0.62, 0.18, 0.73, 0.86, 0.52, 0.63, 0.04, 0.10, 0.65, 0.76, 0.49, 0.16, 0.47, 0.14, 0.24,
0.98, 0.37. 0.69, 0.28]] 0.12, 0.70. 0.52, 0.07]] 0.08, 0.04. 0.64, 0.55]] 0.95, 0.74. 0.13, 0.05]]
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| Zatols = ope

X
oM
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]
=2
4

> eQRNN Test : AL HS L Csl &

104 — eQRNN 107 — eQRNN
— real — real

0.8 7 0.8

0.6 7 0.6 1

0.4 0.4

0.2 - 0.2

0.0 1 0.0
T T T T T T T T T T T T T T T T
0 100 200 300 400 500 600 700 0 100 200 300 400 500 600 700

T T T T
0 100 200 300 400 500 600 700
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> eQRNN Test : 24FAH

Ho

ENG Techno

101 1.01 — €QRNN g ST e et e S
— real
0.8 0.8
0.6 0.6 |
0.4 0.4 4
0.27 0.2
—— eQRNN
0.0 4 — real 0.07
0 100 200 300 400 500 600 700 0 100 200 300 400 500 600 700
1.04 — eQRNN
— real
0.8
0.6
0.4
0.2
0.0
0 100 200 300 400 500 600 700 0 100 200 300 400 500 600 700
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> eQRNN Test : ALHE LY Cs| HALE 0=
0] — prediction rsequitas
[ e q10-q90
054 1.0
HE 30~q70
0.6
0.4 A O_B -
0.2 A
0.0 1 J
L 0.6 1 -
0 700
0.4 1
LO-:::zﬁ st
0.8
064 0.2 1
0.4 4
0.2 1 0.0 1
0o e
‘(‘)7 700

T T T T T T T
0 100 200 300 400 500 600 700
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SCHAL E0FQIER|50| KB U TR M ot $igt

Considerations -
Hald 384 U #E Iy
> (3-1-1-4F 2414 x| 0471 H[
I 12{5Ql XJ|AFH 1 LLOCA, MLOCA, SLOCA, SGTR, SBO, LOFW
SA ZIQH Event
LLOCA| SIT SIS HIN CSR
MLOCA| SIS HIN CSR
SLOCA]| SIS SHR ASC  SCsSI SDC MSHR SD SIF CHR CSR
SGTR SIS ASC1 SHR ISLK  SCSI SDC RF MSHR SD SIF CHR CSR
SBO AAC AFWT RSF RACE SHR RACL SDC MSHR SD SIF CHR CSR
LOFW | SHR SDC MSHR SD SIF CHR CSR
I 12432l k3R : SADP, SASI, SACF, SACS, SAFC &

I AlLI2|2 4 : 2F50,00074

2 Shs|| H|0|E{ £HE.2} Prototype A{H|A JHtof| XX

> SCHALD GIOJE{Q] Bl 7|& MM

SLHAID O|O|E{= Multivariate Time-Series2M] 2t time-step'& A4 He|= H|0|E{ 2} XF10] X{2 (0| A
22 E|= Word embedding Vector?}l 5%t

Gixf| o1 25| Tlks 2l X110{x 2| 20ofe| BE{'d 7|e5S STHAILL H|O|E{of| X850 SCHAtn S|
Ik 91 WA 15 0120) 7t %

CHE R[S QI At n2HA0lAM 2] X8 2RI H LT ROl 2HA0|M X8/ 2iQl= 2ol Ci|olE 2 3l
REE N0l At

FO1EOR YWHA L AAH T QI3 CIFSH HR AT D0 WR(MHIMSAY, VAV, AlA-ERS 5)
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Considerations

I For Next One Step

> BE MHHM QS X|S 7l HE2 MEI0] Of] T2 A2 2t 0 S

> CHAZte| i3 a2 X 2ol Hal'd 71= HE0| 7hssitt= 22 =AUUS

> Hold REONLS lsiM Eaeh A2 HOEPL FMECK 2t & = AS FER Jlg 2EH2 KO
>

H
SCHALL C|O|E{o]| CHSt Oof2{=22] MH2t2?
I AX| SCHARD CIO|E{2F EXHSH=7}?
™|, M2, S 2A|0HH|O|E = 22| JIHY| 281012
OaIstH|0|E{= FESHA H|O|E{7 HE
I JCH, siM HIO|E= & BE610 Q=912
I JHE PCOIAM ME TP C|AT/HOEEX| = AP
I G|O|E{e| 7}X|of| 35St U=2}?
| =X E2IX | Z2E=HO|HE e ZOL}?
> siM A2 H|O|E| 4 C|X|EFet T
| ARICIX| Y HSHETIH - 2022.7.5 A2
| MESEXID|=EH - 1996.1.1 ASH
| AMAEGOH 28 Sl B | MEAIY X S HE SX|A 2H

= 1y = - O OT1T od

I Digitization =» Digitalization = Digital Transformation(&st= Bi4lo| Hig})

> SCHAM sl 2ofe] Cx|E Tehs Soll ColE| SH2| sHMMP 1= ER
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Considerations

I For Next One Step

> Sthrfx 54 Fofe| Cx|E HEHDX)

Ch

DATA

A e A
1DATA  IDATA

7iQ! pc HjojA

JE 4 INPUT 2

Virtual Computing

MAAP CINEMA MELCOR

ISSAC GOTHIC

MH]| H|O| X
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