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[Abstract]

In this study, we propose a language and platform to describe and manage the MLOps(Machine Learning
Operations) workflow for time series data anomaly detection. Time series data is collected in many fields,
such as IoT sensors, system performance indicators, and user access. In addition, it is used in many
applications such as system monitoring and anomaly detection. In order to perform prediction and anomaly
detection of time series data, the MLOps platform that can quickly and flexibly apply the analyzed model
to the production environment is required. Thus, we developed Python-based AI/ML Modeling Language
(AMML) to easily configure and execute MLOps workflows. Python is widely used in data analysis. The
proposed MLOps platform can extract and preprocess time series data from various data sources (R-DB, NoSql
DB, Log File, etc.) using AMML and predict it through a deep learning model. To verify the applicability
of AMML, the workflow for generating a transformer oil temperature prediction deep learning model was

configured with AMML and it was confirmed that the training was performed normally.
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I. Introduction
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II. Preliminaries

1. Related works

1.1 MLOps
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Google's MLOps Maturity Level
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Fig. 2. Microsoft's MLOps Maturity Level

@ level 1: DevOps but no MLOps
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1.3 LSTM
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1.4 YAML(YAML ain’t markup language)
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# Products purchased <!-- Products purchased >

- item : Super Hoop <items:
quantity: 1 <item:=

- item : Basketball <name:=Super Hoop</name=>
quantity: 4 <quantity= 1</quantity:=

- item : Big Shoes <fitem>
quantity: 1 <items=>

<name=Basketball </name>
<quantity=4-</quantity=
<fitems
<item>
<name:>Big Shoes</name>
<quantity> T</quantity>
<fitem:=
<fitemss

Fig. 3. Products purchased list using YAML and XML

III. The Proposed Scheme

1. AMML for workflow
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Al/ML-workflow Modeling Language (AMML)

s1 = normalsource col="val1', mean=50, std=3

s2 = normalsource col="val2', mean=30, std=4

s3 = normalsource col='val3', mean=10, std=5

p1 = join s1, s2, s3 | filter (val1 > 10 and val1 <= 20) or val3 ==
from p1 | mean 'val1' | select 'val1', 'vall_mean' | print

from p1 | std 'val2' | print

29 | split

Al/ML-workflow Diagram

normal from
source (p1)
(s1)

normal

] o]
(s2)

mean H select H print

source

normal

e o 1 e [ e

Fig. 4. Example of AMML and Workflow Diagram
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AFAL AA4F 3 H] 1, boolean A4t 5 712AQ1 AARS A
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P

normalsource col="val1’, mean=0, std=1 |
filter cond=val1 > 1 | print

WF_MAKE_COMPONENT normalsource
WF_DEF_CALLBACK
CONST_DEF_START
0 4
CONST_DEF_END
INSTRUCTION_START
LOAD_CONST 0
ASSIGN col
INSTRUCTION_END
WF_ADD_CALLBACK
[WF_MAKE COMPONENT filter
(W DL CATR AT = =
| CONST DEF_START
lo 1 i
] CONST_DEF_END
INSTRUCTION_START
I LOAD_VALUE valt
JLOAD_CONST 0
CMP_GT
1 ASSIGN cond
LINSTRUCTION_END  _

svall

WF_MAKE_COMPONENT print
WF_ADD_COMPONENT
WF_ASSIGN

WF_END

Fig. 5. Workflow and Callback Script bytecode
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Fig. 6. Component Class Diagram
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2. AMML for model

Yeld Do YAMLS ALgslel Aejgict 2ee) 4
o] t+&xE Hn sgoe PH dataset ¥ A
WY 52 9aZ2g o PY=] thzol w2 ot
Al U=r}. Fig. 82 <UurAlol DNN(deep neural
network)2 YAML=Z ZA|SH Zlo|t}, £ 6719 8] He
oA HolElg Wol e} F2te WSt ol

model:
input:
shape: 6
dense:
units: 64
activation: relu
dense:
units: 32
activation: relu
dense:
units: 1
activation: sigmoid
train:
loss: 'mse’
optimizer: ‘adam’

o
=

Fig. 8. Example of AMML for model

2'd 229 layerg 27dsto] R9| A5
ol ayer= 2/3°t &4 # unit 7§45 5 o2t
uElE AAskl 28T 4 ok 2 AN AAIE
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29h loss 24 3 optimizer & T=H0[HS A2A7sto]
98 2 o 23 ot HRdEE RN ok JES
0] 85to] Keras 2to]He2{2} S ARgsto] REAS /sl
SHSAIRICE. AFRH Keras: 2.9.0 YAS ARsIYIC
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o|20] A%t LSTM sl FxHEoM s 24 22
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3. Dataset

AMAZE 23 HAE 3 A5 95l ETDataset
(electricity transformer dataset)S 28351 CH17]18].
ETDataset:> $19}7] U9 =5 of&sto] HY7] o
e Eo] 2gsb] Yt clole] AO2 217t UA| SAE
o4 dolEls 4As Zolch B AHolA: ETT(
electricity transformer temperature)-Small dataset

Z AP ez &A% ETT-hl datasetS AR&sto] sk
SHCE. dlojg Ao g2 Exiet @Y 2= 25t

% 07§ Zy o2 YLt Fig. 9= ETT-h19] Z3 1
ok S HolHE &AIRH Zlojoh

HUFL HULL MUFL MULL LUFL LULL oT

date

2016-07-01 00:00:00 5827 2009 1599 0462 4203 1.340 30.531000
2016-07-01 01:00:00 5693 2076 1492 0426 4142 1.371 27.787001
2016-07-01 02:00:00 5.157 1.741 1279 0.355 3.777 1.218 27.787001
2016-07-01 03:00:00 5090 1942 1279 0.391 3807 1.279 25.044001
2016-07-01 04:00:00 5358 1942 1492 0462 3868 1279 21.948000
2016-07-01 05:00:00 5626 2143 1528 0.533 4.051 1.371 21.174000

2016-07-01 06:00:00 7.167 2947 2132 0.782 5026 1.858 22.792000

Field date | HUFL | HULL | MUFL | MULL | LUFL | LULL oT
Descriptio | The High High Middle | Middle | Low Low Ol
n Recorded | UseFul | Useless | UseFul | Useless | UseFul | Useless | Temperature
date Load Load Load Load Load | Load {target)
Type datetime fioat

Fig. 9. Structure and sample of ETT-h1

4. AMML model for ETDataset analysis
AMMLE 0]83F ETDataset 242 QJst 3=z
ots HAEE o5 YAEEe st Fig. 102
i*i HIE29 —_r%% mshl Qloh sk YAE=EE
2204 ETT-h19] Hlo]8E 2E5}o,
Ade  So8eth
min-max scaler= 9] min, max 32 AMESHo] O
olE|F 0x} 1Afo]o] gho 2 wgketct. Axj2] Algjo] e
H HojEfE LSTM 28 st ArHE ] sty 25
= o5 2 AR 222 AE HolEE 2A0A

Agsto] st

min-max AAY

A% AMEEIE LSTMS

AMML for ETDataset Model Training
source id="ett" | minmax_scaler | train_lstm model="ett:0.1",

epoch=20 | print

AMML Diagram

‘ source }—“ minmax_scaler H train_Istm }——‘ print ‘

Fig. 10. Workflow for model training

o YAML 43S 2

Fig. 118 2dlo] 150} &k
stpa= ‘tanh'2 AXY5HACT

&tk LSTMQ] activation

LSTM 2% &k 2], loss =2 ‘MAE(mean
absolute error) & AM8-5[900M, optimizer= ‘adam’
= ARSI s § 20 epochz o5t
LSTM 2% 8k ARLHELE epochd QXHloss)E &3
o= 5, U FEHEZ HGsi

oll
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model:
input:
shape: 1,7
Istm:
units: 128
activation: tanh
dense:
units: 1
train:
loss: 'mae’
optimizer: 'adam’

=

Fig. 11. Model for ETT-h1 analysis

orsd 29 o sks I AJARI(HDFS, hadoop
file system)o]] A7&oty, 2 el (LY, QHo]
515 AR tlolEluo] APostereSQLYO] AAstol
23 0] L5 o5 A] ALY 5 QRS S} Fig, 12
L ooE Bgol AY 392 HolEth @ LSTM
training ZLHEOA 2 &h5o] FakH 2}t e
HolHE 555171 Yol Model Managerof/] 87gztc}.
@ Model Manager= HE}{0|E|S PostgreSQL HJo|H
goj2of] A7ttt o= e R At AREE
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Fig. 17. ett-h1 predict and label data
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