J Intell Inform Syst 2021 September: 27(3): 57~73

ISSN 2288-4866 (Print)
ISSN 2288-4882 (Online)
http://www jiisonline org

http://dx.doi.org/10.13088/jiis.2021.27 3.057

ICT 212} OIYEAE 7@
LEIL 0

Azl

Z0iH|0[E}
(bjshin@moadiata,co, kr)
StALzl

=Zofd|o[E}
(sihan@moadiata,co,.kr)

ICT 1Zeke] ol $GA\& & 702 o) o] FR3AL 9k o) A% AshA o35l the 2
SolA T Qow, AN theksk oA 7Y F A2 ATZIIAE Pede 25T or QEAHE B
£ oIzl Tk gl Bl E EdA 0 ezt Jbssiths Aold @ 9
QWS W27 FVF 5 glof AN 2EHY AUzt b

& g Aetsha gk, o

1=
5 Allls B2 e Ado] 2RFAT FEFA M=

st

-

ZAS YE|og

—

245t 01

—_

SolH|0[E}
(hlee@moadiata,co,.kr)
ap5A

utchstu
(leciel@u1.ac.kr)

o ofp O

B AFdAE 71E A5 2 LEQFAT 271 24 F sty o] 'R Y A ol 1A stk 1A o
A dolH7t 7HA A Qe 4491 BAE A Fdste] &8ar] sl HERE NdE A8 HEEY QEQIFT
£ 28319t CPU, Memory, network & A2 o] IE ARES 7ol /19 EgE F43td 85 A%S Hol1
2 S5t =3 AAE dolee B4 dolEY AdS YA g1 EHHO 2 F5ely] fJ8te] 2AE L EIIY
(conditional autoencoder) T&E5 &-83h= 27§ HEEY 2 EQIFH(Conditional Multimodal Autoencoder, CMAE)E

Aekaldet. Aok CAME Rde v 43S B8 AEgon, 7|

ATEANA Bol 28H 2ETH 9} WLl

AUC, Accuracy, Precision, Recall, Fl-score®] A5 3715 Fds 23 FURE S EQIIH(UAE)Y HE LY 2 EQS
Tl(Multimodal Autoencoder, MAE)S] A%< 438l 2FE do] ojeA|d glo] axtdolgte AL F<lsiych
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ok Al 2® BRUHE S Z8ate] Aol
O}, YA (operator)7} Al 2-Ele] B
5 A E(performance metric)E 2% &RIs}aL ¥
23t Aolle oJ#wo] ATHD. Lee, 2017). ©]
A3 FAE siAst] fla ZIASES aleet

:]7__01

22 7IRE 29 714 st 1 % ~°l A
S HTHAggarwal, 2017). &2 mdd= 3
# 2A(extreme value analysis)( P. Billingsley,
1986; V. Barnett and T. Lewis., 1994; S. Roberts.,
1999)3} Zlo] 719K depth-based) B (T. Johnson, 1.
Kwok, and R. Ng., 1998; 1. Ruts and P. Roussecuw.,
1996), |} 71¥H(deviation-based) *H(A. Arming,
R. Agrawal, and P. Raghavan., 1996), Zt%= 7]}
(angle-based) *H(H.-P. Kriegel, M. Schubert, and
A. Zimek., 2008; M. Radovanovic, A. Nanopoulos,
and M. Ivanovic., 2010; J. Laurikkala, M. Juholal,
and E. Kentala., 2000; M.-L. Shyu, S.-C. Chen, K.
Sarinnapakorn, and L., 2003), A2] 7]¥HKdistance-
based) BH(R. De Maesschalck, D. Jouan-Rimbaud,
D.L. Massart, 2000; D. Pokrajac, A. Lazarevic,
and L. Latecki., 2007; P. Rousseeuw and A. Leroy.,
2003) s°| Aot AEF BEdoe FAAE 4
(PCA, Principal Component Analysis), A& 3|7
2 Fo] vt &4 Rdi Ay Rde B
e sl st 2ol ItatH, 48t
A= A3o] Aok ot ol2idk RdEo F9
3k AL 22 5] X|(Local outlier)E 7+A]3}
7] ofel$ul, Aflo] AWFE Ao] ol
SHAIZ7F ITHYY. Bengio and Y. LeCun, 2007). X
gk Hlolg o] S7tol wet kel A S7kst
of AR A-goll= A7 SAFTHC. C. Aggarwal,
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2017)
ol# 3 ZAIE A5t St AF AN
HIA S g<5o] dFQd 2 EQIST(Autoencoder)

AA F3Hlatent space)SZ Y-S F43H] T
olEle] 54& A g Yehd & ITHG. E.
Hinton and R. R. Salakhutdinov, 2006). A|2~&l =
YEE ZopollA el o] dEA= tatd AA<E
tlolg oA WA= A S g KHekol
ettt 7|E A= AAIE HolEE ¥
& FE A8E+E RNN9 LSTM, GRU 52 {
ojo]E AARE FAT ATFES AU
(D. Lee, 2017; Y. Su, Y. Zhao, C. Niu, R. Liu, W.
Sun and D. Pei, 2019). =3+ CounterS -85}
False positive”} #5381 o] A== FAH
S Btz she AEZE AUTH B Aol A
= AAY delE el BAE shash] skl =
i 4% (conditional inputs)s F7FetHoH, ¢
S medE TSk oAl HolHg
°0F UE F JES WHEY 08w
THRGT. DEEGe ANHOE &4
dH 2ol AE TE FH dES I
1 918 AHgE=E £ dFelA= CP,
Memory, Disk, Network, Process
= Rofstsich. el 4%
=2laeel 9 mg RER!
ot
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Z5 dE|2Y 2 EQIFT(CMAE: Conditional

Multi-modal AutoEncoder)©]t}.



ICT QlZ2} O|MEIRIE fIEt =S HE|ZE =170 2H5t o7

1.2. g7 W 3 dhH o] 3lo|E wo|2E ety

LEQFITE &85 o] HA= fE oy
& Fr(reconstruction) 3} °} HFE A=t 2. CMAE= &25t 0|4 EH|
v FABH AAE F&ate oS EA = ' seos= e s

o Fe} Mo AR sl
-T"P(o o= L]-ﬂTZ]— O]}‘ X]/] OO = EZOO]-I_. 21 0|é>|'|E=|I'XI T.;FEJ °._‘|?
A LERAT Y 28 JAAE A=
g B5ol| st wEbA A4 HlolE el of ol EHAE FEF RdH Ay B, A 2
g 5 A5 7<q/‘"/ 173 el mE YA 7} A 7 2, 714 5 7N 2l Fo] ARE
FEo] TREE=R olsjof ) HEFFHOoR HHAggarwal, 2017). &% Zdol= S35k
B A5g Hlusle] o) dex] nde] XS £-2(extreme value analysis)( P. Billingsley, 1986;
Hlngth, & AFoA e 7]&E OEOI:IEM = V. Barnett and T. Lewis., 1994; S. Roberts., 1999)
A"S M) 9t CMAEE A8kt 3} Zlo] 7]9K(depth-based) WH(T. Johnson, I
Aret o] A%S A=3r] 93t UAE Kwok, and R. Ng., 1998; 1. Ruts and P. Rousseeuw.,

(Unimodal Autoencoder) =2} MAE(Multimodal
Autoencoder)®} 35S Hlaste] AQkgE o
ot -4 ASsHAnh
A5 BlALE 918t o) 'R 7P AT
ZAo7 WAEE 5709 ®E(CPU, Memory,
Network, Process, Disk)oll A4, & 41719 45 A
£ TR HolH = dlo]d E(agent)E 5
st A o] A ARE FHsIAS A7IA
H F71= 10=0]H, 24 7o) Hlo|HE AA|s}
of ARgsTh s 71ztell Aozt WA A
4 tlolE ks 3tith HolEe &
1728071()7F =R E ATk o &4 %S 3
7vst7] 13t A4 HolHE 7|Rke 2 O]*]' o]
olHE AT ol dHlolH = AHEgH 4
H7VE et 1) 2AI9E, 2) ol Y —r7]',
3) Z}o|E o]= F7Le| GAIE FHSATHY.
Pei and O. Zaiane, 2006). ©]/¢ 3|82 okl 5o
X|(weak outlier)$} 743+ £-©]X|(strong outlier)”}
AgE FEHE 471 o= FAsTh o
e 7 o]-g-a}

oro
Lo

L

o

- (uniform distribution)&

1996), =} 7]9Kdeviation-based) HH(A. Aming,
R. Agrawal, and P. Raghavan., 1996), Zt%= 7|4k
(angle-based) WR(H.-P. Kriegel, M. Schubert, and
A. Zimek., 2008; M. Radovanovic, A. Nanopoulos,
and M. Ivanovic., 2010; J. Laurikkala, M. Juholal,
and E. Kentala., 2000; M.-L. Shyu, S.-C. Chen, K.
Sarinnapakorn, and L., 2003), 2] 7]%¥}H(distance-
based) FH(R. De Maesschalck, D. Jouan-Rimbaud,
D.L. Massart, 2000; D. Pokrajac, A. Lazarevic,
and L. Latecki., 2007, P. Rousseeuw and A.

Leroy., 2003) s°] Uth A¥ mdol= F4E
A

L

F{

£2(PCA, Principal Component Analysis), A3
37 =4 Atk &4 2l AF
< BE & dstA she] A 8ol 1hekeie,
st7] gdohe Aol St
JRHA] foks HEo] 22 A7 BokE =
lol= 54 P AN T2 AR
e, & 71 A 8<5(M. Amer, 2013; P.
Juszczak and R. P. W. Duin, 2003; B. Raskutti and
A. Kowalczyk, 20043 AFA7RH(V. Ciesielski
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and V. Ha, 2009)& A-&3t= A7} @EsiA
AP ot o A= AfEol wet o)
A2 e 2dy epil s 2y wgkste

2 78 E g Ak A7 7)ol oY
gloJefell tigh aref ek AAIE dlolH, &3t v
B, g2E dlole] 5 dlojele] §Fo] 17 ¥
Al g2 BAHR] W E0l 75 ol ¥ F
A9l wrale] AMAIAHQ] olo|tjole= AF RIS
g3t So +XH SHe 0 BEo] W A

= 53 ol B

Ak olel W %L%ﬂ” ) go] gol
sht, thazke] 49 2 gol ofelgol Atk o
W] A9 HolHE 713k8t4 A el(Euclidian

2 g3}o] 22l

755 datagol

dlstance)% ALFEAY, PCAE
423175 gk A 7]ee
= HlOlEi ko] Z7to)] aFA o7 th$3}y)
91, PCAE WA 7 A 2 IFS 1
=t} olol] digh Beho 2 W Ih "JT_T’J#]%
18E & Jdom, 3F #E|(Eigen vector)S &
43l a3A o2 AALE = Mahalanobis &)
= &83 4 JATKR. De Maesschalck, D. Jouan-
Rimbaud, D.L. Massart, 2000). |23+ 57 7]4ke]
PHE2 dHlo]H7l HlEAH(non-homogeneous)
A go] ojg, 224 E-o]X|(local outlier)
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(Table 1) Pros and cons of techniques for timeseries

714 ESgs! SES

sopoly C Aol ad STl A b s el el

A= 719 - 719l thE o)zt & i i]-%jsq Aol WA 7] 2%
23 E T3 ¥ A J(non-stationary) HOJE] | - AAE EE A vy AAo] Q.
AALD &l £ A’ (stationary) HOJEE W3 715 - dlolE Wst Al wi A A A of sk

-dF de HAZEC] A=)
» _ - 2 Fx7F s B33
Conditional - AR HolHE AT d¥or AFRS - a3
> i - o sl RS wle) e
Autoencoder qare anH oz s 37}7} ;}O] 3 S 71l wa 2
=3 A=

F2 A5+ VAE(Variational Autoencoder)E
ol deA o &85 ATE EATTHY. Guo, W.
Liao, Q. Wang, L. Yu, T. Ji and P. Li, 2018, Q.
P. Nguyen, K. W. Lim, D. M. Divakaran, K. H.
Low and M. C. Chan, 2019). VAE:= H|o]E{7} 3
23tE = a3t o HolelZF 9 At
€ wehok gt Alefo] Utk ofof] tidt 7l
#3F] GANs(Generative Adversary Networks)S
837 (V. H. Son, U. Daisuke, H.
Kiyoshi, M. Kazuki, S. Pranata and S. M. Shen,
2019).
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W. Liao, Q. Wang, L. Yu, T. Ji and P. Li, 2018).
HEHREY LEQIFNE AE & AL 7t

RIES T Edhe Als weith
= S FA TR U=
Joint representation 347} coordinated representation
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o] SJt}. Joint representatione A FIHS I
= FElE 74 F ) coordinated representation
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= vk oy} me 1te]
A SkEE7] W&ot & dATelAE
joint representation FEIZ TAIS HE|RG Q&
FCE A-83AT joint representation FHE|Z
T3 A5 54 =r< vlolE 7t ek sl
M= 28 5 v Aol UTKT. Baltrudaitis,
C. Ahuja, and L. Morency, 2017).
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(Figure 1) Generating test data with anomaly pattern and white noise

HolBE Washs WEmSs o] Axdld
Ao E4ME TEgos Y mdd =
Hway ohjet WHE EHE 1P 4 Yok
43 BEIA B, AAY Holele] 57
2 dolElY] A9S 5eA ¢u E}A O 3
S
sheich. QutH oz
5B 2 AGIHAT B AP 2714

SRS ALE 20T AL TAsHE
=

3.1. HIOIE =& ¥ HIOIE M2

HEEE 9% o AWE FAskiem, S
7N¢] Z2H(CPU, Memory, Disk, Network, Process)
of st ZF 41719 A5 BEE TR
(Table 2). 7t A2 ElolEle] W97} =5 D}
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Min-Max Scales A-&3l9t} 3 F7]+= 10=
ojd, 2¢ 7ol wlo|HE AHAIStA ARESFATH
dolEle & 172807 (2L X24(MZH)*60(E) <

6 (Q))#@H Atk %S 9T wlolEH F3 7)
2roll= Aol7b vblEA] e A} o] Euke

s

32. O|&t%| HIOIE M

LERJIFY gFolls A tlolElTHS AME-3)

o, B|2-E dlojE & o4 HolH Y
7¥ste] As& BriskATh o HolE &
g ol Jee SOl E wo|2E FUlshE W
S AF83FtH(Yaling Pei and Osmar zaiane,
2006). & 3HAIR FAASIFOH, 1) 2AYD,
2) o] WE F71, 3) 3}o|E kol= Frhe]
AZ 4359 HFigure 1). WE-S 3714 FEE
2 3] g E FAst F 9T o= 7453
T} 3}o|E ol A EEE AFESIAT ©]
4 dHolE e JEER 100712 oo A
tste B AE Hlo|HE TSkt Figure 1
o’ sl et dlAeI™ 9,0007H(3 x 3 x 10 x
10071)¢] ©)/d dlolElE AT



2 de|Rg QEQITC st oA

X
(None, 41)

xf

(None, 41)

(Figure 2) Structure of Unimodal Autoencoder(UAE)

33. 24 slg 3 45 8t

227404 AF7E Hke} o]
B 2zE o]g3le J|E QEJIIANE A
S}JJ} At LEIAHS| Sk REe UE
doleE Ak fFAsHl 5
A 7)1BA0 S ESFEC U QBT
9] :rL + Figure 29} 2t} 74 <l
A dlolE e S S4
E@g A Fztel vt} o
oF Wit & ZhA) F7holl A o]
43t e e viad e 242
% S EE g4y, ¥E 92 95y
X €R™ ze R*"Y W, n<me WS EF 74

shefof e,

Encoder: Po(x) =2z
Decoder: qu(z) =X

k5 Al &4 &<(loss function)= MSE (mean

squared error)E ARE-SF O, off] 2|3} o]

=

A

argming gmean squared error(x — q¢(ps(x)))

Figure 3= MAE®] 725 Uehd Zoltt. ¢k
Al TR v} o] R g —}% 25 ux
= —?-Mz‘;]-gg{l:} 7} ol A ke =5
ZFZ(Feature selection) ¥4 #|o]oi7} A2

HX] %, 4 F HEEE dlo]oj(Merge layer)
£ 53 A F7(latent space)THS I3
TAE Aok o3 AAHS T3 E’.%}%E
tolg o] EAS afHor FE3to I5E
A Hoh

Figure 4+ & AFolA Adstaz s
CMAEES &3 Zlolth. HolHE 59 A Azt
ZAE ZT)Ele 5SS =Y 4 52 A
%At} Figure 39+ B3 MAES] A 332l
W3} A Z(Merge layer)oll 2% 98 Rio] 3
7H A A Aok & ATl =35

= Zlolt 7|4 Al
54& 1dstr] sl

dY AR A F71s

7ol A3 gl 7717
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A AIZEL sin

Feature

i

B Feature
Modal 1 Selection - Modal 1 -
'
X Merge X
(None, 41) (None, 41)
Feature Feature
Modal N - - - —+| ModalN |-
(Figure 3) Structure of multi-modal autoencoder (MAE)
—| Modall |- F“‘"':n - = ::“"n —| Modal1 |-
I
X Merge x
(None, 41) (None, 41)
- | ModalN - s':"""‘ © | ModaN |
C
(None, 6)

2} cos

(Figure 4) Structure of conditional multi-modal autoencoder (CMAE)
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E|2Et @Eolar) Bat 97

(Table 3) Results of training

Losses by modal
Modal name

UAE MAE CMAE
CPU 0.0017 0.0008 0.0004
Memory 0.0001 0.0001 0.0001
Disk 0.0001 0.0003 0.0001

Network 0.0002 0.0 0.0
Processes 0.0018 0.0018 0.0018

7y 2 A 20 3 Jrirt desit SEA
o 2do] A3k o)l e A4 HolE et
o]} HlolH ol thet 27t FEEHA TEE o
oF gt} oo thsl &<l3lr] Y3 WHH O Z box
plot3} paired t-test WS A3 TH
dugES AT /‘]'E A4 H-E 76ke
2 o]dE A ehs HAHOE o] R Ut w
ghA, ol s Aol thE Aot o] '
B Hrksiain o3 A T1E Y
ol M w7t Bt T=E= Aol thet
of AFH o7 Wrtstr] 9138k paired t-testE
TSI t-scoreS AILFSEAL o] E o]83
A2l A9 pvalueZ BHiFs] 7S A
Z3t}h tscores F R W] zbolo] WD)
H2KSHE ©]-&3tq ALt

_ Y (Xai — Xg,)
n

S = JZ?:l(XA,i — Xp,i— 5)2
s

n—1

Sl

ol BA AHAIA FRltr] 95t ROC
48334t ROC curves |l &0l
A JAIX2] W3] wE True Positive Rated}
False Positive Rate-S H|n g Z ]t} ROC curve
o] WMzl AUCZ} 19 742 B7 A%l
=2 g2 A8 5 At

curves 2

4. CAME 249| #H)} A3}

4.1. S¥l(Reconstruction) M5 HI}

41712 WS Uitk o &
< skt HTEHE 5 l
O™, Table 3¢} o] REd = *é%% H| &
Ak 379 LERIFYH
Disk, Network &9 =
Edo] HJHom & TS & F 4
Processt 371¢] Rd 2% & X}o]E Ho|A] &
ko, CPU 2 CMAE«] A5 Aol 7
SHAl UEFS T Figure 5& Y& dolEle} B3
tolBlE vl ZAog AWUA 42 d&E, F
HA d& 5 HolH, Al §iA 42 A& U
Bl Zlo|th Figure 5= 78 & Aol& Kol
AE®} CMAEE H|w g Aot}
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(Figure 5) (a) reconstruction result of UAE model, (b) reconstruction result of CMAE model

ol M AE2 9 tlolH 9 54 tolH
o] MSEE o] &35tk 4AH= A7 ehdidS A
E317] 9138k box-plot¥} t-testS 3 3F T of
B 1HE ol B frioll mE Aol Aols

(a) (b)

box-plot>. &2 YERH Z o]t}

Figure 65 %13 A7} 3719 24 25 o]
WA o] M2 A4 B 2 AjolE Kol
Atk Al A BHOA ttestE T A BF
p-value7} 0082 X7t HEsHA thE5& &
Atk meEtA o] BRE S A= &80

TR
1

(0)

{Figure 6) comparison of anomaly scores between normal and abnormal, (a) UAE, (b) MAE, (c) CAME
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(Table 4) Results of anomaly detection

UAE MAE CMAE

AUC 0.8641 0.8974 0.9145
Accuracy 0.7832 0.8491 0.8712
Precision 0.7796 0.8035 0.8104
Recall 0.8138 0.9403 0.9828
Fl-score 0.7963 0.8665 0.8883

10 A

0.8

0.6

TPR

0.4

0z

0.0 1

0.0

02 04 06 08 10
FPR

Madel
— AR
MAE
— CMAE

(Figure 7) ROC(receiver operating characteristic) curve

Fssteta soE,

43. 0|4 BIA| 45 I}

oA Ae H7HE #18te] ROC curveE 2}

]oO-l
2R AA

CMAE®] 7% 0.98282 7M o2

< A CMAE= AEQ}
H) w3k 1521709 O]}?)Tg: 22 stk A=
o, 87.12%% YEt
%3} Fl-score® 0.8883.0.82 o|4ekA|o] 2

A51e] o 3 paleif=
J3liom, AUC, AHE(accuracy), HALE stah welo)elm EhETHTable 4)

(precision), A} E(recall), Fl-scoreS B]nl3}%]
T;]-(Table 4). & E R FA CMAE, MAE, AE <=
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Abstract

A Study of Anomaly Detection for ICT Infrastructure
using Conditional Multimodal Autoencoder

Byungjin Shin* * Jonghoon Lee** - Sangjin Han** - Choong-Shik Park***

Maintenance and prevention of failure through anomaly detection of ICT infrastructure is becoming
important. System monitoring data is multidimensional time series data. When we deal with multidimensional
time series data, we have difficulty in considering both characteristics of multidimensional data and
characteristics of time series data.

When dealing with multidimensional data, correlation between variables should be considered. Existing
methods such as probability and linear base, distance base, etc. are degraded due to limitations called the
curse of dimensions. In addition, time series data is preprocessed by applying sliding window technique
and time series decomposition for self-correlation analysis. These techniques are the cause of increasing
the dimension of data, so it is necessary to supplement them.

The anomaly detection field is an old research field, and statistical methods and regression analysis
were used in the early days. Currently, there are active studies to apply machine learning and artificial
neural network technology to this field.

Statistically based methods are difficult to apply when data is non-homogeneous, and do not detect
local outliers well. The regression analysis method compares the predictive value and the actual value after
learning the regression formula based on the parametric statistics and it detects abnormality. Anomaly
detection using regression analysis has the disadvantage that the performance is lowered when the model
is not solid and the noise or outliers of the data are included. There is a restriction that learning data with
noise or outliers should be used.

The autoencoder using artificial neural networks is learned to output as similar as possible to input
data. It has many advantages compared to existing probability and linear model, cluster analysis, and map

learning. It can be applied to data that does not satisfy probability distribution or linear assumption. In
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Bibliographic info: J Intell Inform Syst 2021 September: 27(3): 57~73 71



addition, it is possible to learn non-mapping without label data for teaching. However, there is a limitation
of local outlier identification of multidimensional data in anomaly detection, and there is a problem that
the dimension of data is greatly increased due to the characteristics of time series data.

In this study, we propose a CMAE (Conditional Multimodal Autoencoder) that enhances the performance
of anomaly detection by considering local outliers and time series characteristics. First, we applied
Multimodal Autoencoder (MAE) to improve the limitations of local outlier identification of multidimensional
data. Multimodals are commonly used to learn different types of inputs, such as voice and image. The
different modal shares the bottleneck effect of Autoencoder and it learns correlation. In addition, CAE
(Conditional Autoencoder) was used to learn the characteristics of time series data effectively without
increasing the dimension of data. In general, conditional input mainly uses category variables, but in this
study, time was used as a condition to learn periodicity.

The CMAE model proposed in this paper was verified by comparing with the Unimodal Autoencoder
(UAE) and Multi-modal Autoencoder (MAE). The restoration performance of Autoencoder for 41 variables
was confirmed in the proposed model and the comparison model. The restoration performance is different
by variables, and the restoration is normally well operated because the loss value is small for Memory,
Disk, and Network modals in all three Autoencoder models. The process modal did not show a significant
difference in all three models, and the CPU modal showed excellent performance in CMAE. ROC curve
was prepared for the evaluation of anomaly detection performance in the proposed model and the
comparison model, and AUC, accuracy, precision, recall, and Fl-score were compared. In all indicators,
the performance was shown in the order of CMAE, MAE, and AE. Especially, the reproduction rate was
0.9828 for CMAE, which can be confirmed to detect almost most of the abnormalities. The accuracy of
the model was also improved and 87.12%, and the F1-score was 0.8883, which is considered to be suitable
for anomaly detection.

In practical aspect, the proposed model has an additional advantage in addition to performance
improvement. The use of techniques such as time series decomposition and sliding windows has the
disadvantage of managing unnecessary procedures; and their dimensional increase can cause a decrease in
the computational speed in inference.The proposed model has characteristics that are easy to apply to

practical tasks such as inference speed and model management.

Key Words : Anomaly detection, Multimodal, Artificial intelligence, Autoencoder, System monitoring
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