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Kubeflow Platform Dashboard

ff.‘ Kubeflow

Artifacts

$® kbm-g-rag-env (Admin) ¥

Quick shortcuts

4 Create a new Notebook
Kubeflow Notebooks

4 View Training Jobs
Training Jobs

+ Upload a Pipeline
Kubeflow Pipelines

4 View Pipeline Runs

Pipelines

4 View Katib Experiments
Katib

Dashboard Activity

Recent Notebooks

qwen3-2507.ipynb
Accessed 2025. 8. 16. 2% 9:00:43

gpt-oss.ipynb
Accessed 2025. 8. 15. 2% 4:58:01

Recent Pipelines

Recent Pipeline Runs

Documentation

Kubeflow Website
The Kubeflow website

Kubeflow Pipelines Documentation
Documentation for Kubeflow Pipelines

Kubeflow Notebooks Documentation

Documentation for Kubeflow Notebooks

>

Kubeflow Training Operator Documenta...

Documentation for Kubeflow Training
Operator

Katib Documentation

Documentation for Katib
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"f.‘ Kubeflow

@ Notebooks

olumes
Katib Experiment
Model Registry

ve End

build version - v1.10.0

Notebook AiM

$® kbm-u-owen (Admin) v

< New notebook

o
Jupyter
e
JupyterLab VisualStudio Code RStudio

An interactive development Alightweight but powerful An integrated development
environment for notebooks, source code editor, redefined environment for R, a
code, and data. Ideal for and optimized for building and programming language for
prototyping and debugging modern web and statistical computing and
experimentation cloud applications. graphics.

Custom Notebook

CPU/RAM @

Minimum CPU* Minimum Memory Gi *
05 1
v Advanced Options

GPUs
Number of GPUS

None -

Workspace Volume

Volume that will be mounted in your home directory.

New volume -workspace, Empty, 10Gi

(]
<

Data Volumes

Additional volumes that will be mounted in your Notebook.
+Add new volume + Attach existing volume
Configurations

Configurations .

Affinity / Tolerations

Tolerations Group.

Affinity Config - None -

Miscellaneous Settings

@ Enable Shared Memory

A Advanced Options

28 & 0|0|X] &8

Pod, Node & AN
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2. ML Task: LB E2HT 0I5
2.2. HIO|E{EfM &

DEINE

= {f; Kubeflow

< Notebook details

) kc-lb-pred-handson

OVERVIEW

Volumes

LOGS

@ kbm-u-owen (Admin) v

Notebook &2

[ CONNECT

EVENTS YAML

PersistentVolumeClaims (2)

artifact-pve

dataset-pvc model-pvc  handson-workspace

Other Volumes ()

docker-sock

Memory-backed Volumes (2)

dshm

Shared memory enabled Yes

Notebook creator

Configurations

Type

Minimum CPU
Maximum CPU
Minimum memory

Maximum memory

Image

Environment

Conditions

= Filter

Status

owen.j@kakaoenterprise.com

No configurations available for this notebook

JupyterLab
05
06
16i

1.2Gi

mlops.kr-central-2.kcr.dev/kc-kubeflow-registry/jupyter-scipy:v1.10.0.py311.1a |E]

Notebook CR

MY_POD_IP: undefined INGRESS_NODE_HOST: host-10-0-16-150 INGRESS_NODE_HOST_IP: 10.0.16.150

Other

NB_PREFIX:

Type

Ready

ContainersReady

PodReadyToStartContainers

e Tprer e

Last Transition Time {, Reason Message

3 hours ago

3 hours ago

3 hours ago

W STOP

>

@ DELETE

= {f; Kubeflow

< Notebook details

) ke-lb-pred-handson

OVERVIEW

LOGS

Notebook Pod Logs

@ kbm-u-owen (Admin) v

[E CONNECT m STOP

EVENTS YAML

2025-08-21 13:36:09.102 ServerApp] Kernel started: fccb@b6e-a78c-4a5d-9448-aab756b9a9bl

-21 13:36:10.221 ServerApp] Connecting to kernel fccb@b6e-a78c-4a5d-9440-aab756b9agbl.

-21 13:36:10.222 ServerApp] Connecting to kernel fccb@b6e-a78c-4a5d-9440-aab756b9agbl.

-21 13:36:10.223 ServerApp] The websocket_ping_timeout (90000) cannot be longer than the websocket_ping_interval (30000).
ing websocket_ping_timeout=30000

2025
2025
2025

Set:
2025
2025
2025
2025
2025
2025
2025
2025
2025
2025
2025
2025
2025
2025
2025

—08
-08
-08
—08
-08

-21 :36:10.286
-21 :36:18.081
-21 :36:30.452
-21 :36:30.499
-21
-21
-21
-21
-21
-21
-21
-21 13:36:50.556
-21 13:36:53.306
-21 13:37:02.044
-21 13:37:03.514

2025-08-21 13:37:11.896

ServerApp]
ServerApp]
ServerAppl
ServerApp]
ServerApp]
ServerApp]
ServerApp]
ServerApp]
ServerApp]
ServerApp]
ServerApp]
ServerAppl
ServerApp]
ServerApp]
ServerAppl
ServerApp]

Connecting to kernel fccb8b6e-a78c-4a5d-9440-aab756b9agbl.
Saving file at /Untitled.ipynb

Uploading file to /sample.json

Uploading file to /@1-eda.ipynb

Uploading file to /nlb-raw.txt

Notebook @1-eda.ipynb is not trusted

Saving file at /nlb-raw.txt

Kernel started: a333f9d2-55e2-409f-9ab7-6030584aad7f
Connecting to kernel a333f9d2-55e2-409f-9ab7-6030584aad7f.
Saving file at /@1-eda.ipynb

Notebook @1-eda.ipynb is not trusted

Saving file at /@1_eda.ipynb

New terminal with automatic name: 1

Saving file at /@1_eda.ipynb

Saving file at /@1_eda.ipynb

Saving file at /@1_eda.ipynb

>

@ DELETE

Page.17
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= {fq‘ Kubeflow $® kbm-u-owen (Admin) ¥

Notebooks

"= Filter Enter property name or value

Last
Status Name 1 Type Created at . Image
activity
-2
o ke-lb-...  wene 3 hours ago - jupyte..

Items per page: 10

v

Notebook &&

GPUs CPUs

1-10f1

>

+ New Notebook

Memory

1.0 Gi

]

CONNECT

»

File Edit View Run Kernel Git Tabs Settings Help

(%] 01_eda.ipynb X | [ 01-eda.ipynb X |+ o°
B+ X DO » ®m C » Code v O Notebook [7 # Python 3 (ipykernel)
O = . _ -3
import json

import pandas as pd # GJO/E FA/2[of Z2st ZES import

m

0+
+
-

™ Terminal 1 X |+

To run a command as administrator (user "root"), use "sudo <command>".
See "man sudo_root" for details.

(base) jovyan@kc-lb-pred-handson-0:~$ []

Page.18
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2.2. CIO|E{EM &

HEONE

import json
import pandas as pd # GJO/E ZX2jo] ER2sH ZEES import

file_path = '/home/jovyan/nlb-raw.txt' # NLB I} ZF=
raw_data = []
# load nlb dataset
with open(file_path) as f:
for line in f: # Zf line Of = JSONE4 HAEE 2/
# load json data

CIOJE] TXc

data = json.loads(line) # JSON &4/ 2XFE2 python dict Efg/oZ Higt

# append to raw_data
raw_data.append(data)

raw_df = pd.json_normalize(raw_data) # key:value &4/9 tabular GJO/E|Z ¥i8}, pandas< Dataframe Zi| &4/

# AlZtg 302 ZHH2= HZ

log_time_sr = pd.to_datetime(raw_df['time'],format="%Y/%m/%d %H:%M:%S:%f"').dt.floor('3@min')

# 302 ZIHo=Z 219 8 M1, Zt AlZt ¥ 21 +& dictionary EfCE XHE

log_count_dict = log_time_sr.dt.floor('3@min').value_counts(dropna=False).to_dict()

# GIO[EIX AlZt EPIE 44 (30 Z/F)

time_range = pd.date_range(start="'2024-04-01', end='2024-05-01', freq='30min')

# AlZtlZp 23 +8 ZgoZ = hjo/E{Zag 44
df = pd.DataFrame({'datetime': time_range})
df['count'] = df['datetime'].apply(lambda x: log_count_dict.get(x, 0))

JSON Line

{"project_id":"ZWRwWLXR1YWOK","time":'2024\/04\/01

00:03:19:000000"," lb_id":"ZGFOYS1jb3J1LXBhcnQK", " listener_id":"b3d1bi5qCg==",
stination_port":"10.1.2.3:1234","t1s_cipher":"-","tls_protocol_version":"-"}
{"project_id":"ZWRwWLXR1YWOK","time":'2024\/04\/01

00:04:25:000000"," lb_id" :"ZGFOYS1jb3J1LXBhcnQK"," listener_id":"b3d1lbi5qCg==",
stination_port":"10.1.2.3:1234","t1s_cipher":"-","tls_protocol_version":"-"}
{"project_id":"ZWRWLXR1YWOK" ,"time":"2024\/04\/01

00:05:07:000000"," 1b_id":"ZGFOYS1jb3JI1LXBhcnQK", " listener_id":"b3d1bi5qC
stination_port":"10.1.2.3:1234","t1ls_cipher":"-","tls_protocol_version":"-"}
{"project_id":"ZWRwWLXR1YWOK","time":'2024\/04\/01

00:06:39:000000"," lb_id":"ZGFOYS1jb3J1LXBhcnQK","listener_id":"b3d1lbi5qCg==",
stination_port":"10.1.2.3:1234","t1s_cipher":"-","tls_protocol_version":"-"}
{"project_id":"ZWRwWLXR1YWOK","time":'2024\/04\/01

00:07:15:000000"," lb_id":"ZGFOYS1jb3J1LXBhcnQK", " listener_id":"b3d1bi5qCg==",
stination_port":"10.1.2.3:1234","t1s_cipher":"-","tls_protocol_version":"-"}
{"project_id":"ZWRwWLXRLYWOK","time":'2024\/04\/01

"client_port":

“client_port":

“client_port":

"client_port":

client_port":

"172.1.2.3:4321","de

"172.1.2.3:4321","de

"172.1.2.3:4321","de

"172.1.2.3:4321","de

"172.1.2.3:4321","de

DataFrame

A W N

datetime count

2024-04-0100:00:00
2024-04-01 00:30:00
2024-04-01 01:00:00
2024-04-01 01:30:00
2024-04-01 02:00:00

26
29
51
32
69
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fig, axs = plt.subplots(2, 2, figsize=(20, 10))
fig.suptitle('Log Count by Week - 4 weeks')

for i in range(4):

axs[i//2] [i%2].set_ylim(@, max(df['count']))

HIOIH =4

axs[i//2] [i%2].plot(df [df ['week'] == 14+i] ['datetime'], df[df['week'] == 14+i]['count'])

axs[i//2] [i%2].set_title(f'Week {1+i}')

plt.show()

0
2024-04-01 2024-04-02 2024-04-03 2024-04-04 2024-04-05 2024-04-06 2024-04-07 2024-04-08

Week 1

Week 3

0
2024-04-15 2024-04-16 2024-04-17 2024-04-18 2024-04-19 2024-04-20 2024-04-21 2024-04-22

0
2024-04-08 2024-04-09 2024-04-10 2024-04-11 2024-04-12 2024-04-13 2024-04-14 2024-04-15

Week 2

Week 4

0
2024-04-22 2024-04-23 2024-04-24 2024-04-25 2024-04-26 2024-04-27 2024-04-28 2024-04-29

fig, axs = plt.subplots(2, 2, figsize=(15, 8))
fig.suptitle('Log Count Heatmap by Week')

for i in range(4):
week = i + 14

Page.20

df_grouped = df [df['week'] == week].groupby(["hour", "dow"])["count"].sum().reset_index()
df_heatmap = df_grouped.pivot(index="dow", columns="hour", values="count")

axs[i//2] [i%2].set_title(f'Week {i+1}')

axs[i//2] [i%2].imshow(df_heatmap, cmap='hot', interpolation='nearest')

axs[i//2] [i%2].set_xticks(range(24))
axs[i//2] [i%2].set_xticklabels(range(24))
axs[i//2] [i%2].set_yticks(range(7))

axs[i//2] [i%2].set_yticklabels(['Mon', 'Tue', 'Wed',

axs[i//2] [i%2].set_xlabel( 'Hour"')
axs[i//2] [i%2].set_ylabel('DoW')

plt.show()

'Thu', 'Fri', 'Sat', 'Sun']

Log Count Heatmap by Week

Week 1

DoW
=
-
c

01234567 8 91011121314151617 181920212223
Hour

Week 3

0123456 7 8 910111213141516 1718 1920212223
Hour

Week 2

DoW
e
-4
c

01234567 8 91011121314151617 181920212223
Hour

Week 4

0123456 7 8 91011121314151617 181920212223
Hour
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2.2. HIO[EIEA
=V

import numpy as np

time_sr = df['datetime'].apply(lambda x: Xx.hour * 2 + x.minute // 30)
dow_sr = df['datetime'].dt.dayofweek

dataset = pd.DataFrame()
dataset|['datetime'] = df['datetime'] # O/F X2 HoIE 25 4%

# AlZF 22 feature x1, x2

dataset['x1'] = np.sin(2*np.pixtime_sr/48)
dataset['x2'] = np.cos(2*np.pikxtime_sr/48)
# 22 22 feature x3, x4

dataset['x3'] = np.sin(2*np.pixdow_sr/7)

dataset|'x4']

np.cos(2xnp.pikdow_sr/7)

# O|5staxt st= Cf4, label
dataset['y'] = df['count']

# OOJEIL NE (O]F AZ0A AFE)
dataset.to_csv('/home/jovyan/dataset/nlb-sample.csv', index=False)

dataset.head(5)

datetime x1 X2 x3 x4 y
0 2024-04-0100:00:00 0.000000 1.000000 0.0 1.0 26
1 2024-04-0100:30:00 0.130526 0.991445 0.0 1.0 29
2024-04-0101:00:00 0.258819 0.965926 0.0 1.0 51
2024-04-0101:30:00 0.382683 0.923880 0.0 1.0 32

B W N

2024-04-01 02:00:00 0.500000 0.866025 0.0 1.0 69
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SEINE

from sklearn.linear_model import LinearRegression

params = {
# 29 248 Fusfo] M0l S5
}
model = LinearRegression(sxparams)
model.fit(train_df[['x1', 'x2', 'x3', 'x4'l], train_df['y'])
predictions = model.predict(test_df[['x1', 'x2', 'x3', 'x4'l])
print_metrics(test_df['y']l, predictions)
draw_predictions(test_df=test_df,
predictions=predictions,
model_name='Linear Regression')

MSE: 859.1780
MAE: 21.4167

DE

R2: 0.2425
Linear Regression
300 — Actual
—— Prediction
250
200
€
é 150
100
50
0
2024-04-22 2024-04-23 2024-04-24 2024-04-25 2024-04-26 2024-04-27 2024-05-01
Date
from sklearn.ensemble import RandomForestRegressor
params = {
# 29 2AE Husfof Djf0jE NF
}
model = RandomForestRegressor (xxparams)
model.fit(train_df[['x1', 'x2', 'x3', 'x4'l]], train_df['y'])
predictions = model.predict(test_df[['x1', 'x2', 'x3', 'x4']])
print_metrics(test_df['y'l], predictions)
draw_predictions(test_df=test_df,
predictions=predictions,
model_name='Random Forest')
MSE: 914.3245
MAE: 17.0766
R2: 0.1938
Random Forest
— Actual
300 —— Prediction
250
200
€
H
8 150
100
50
o

2024-04-22 2024-04-23 2024-04-24 2024-04-25 2024-04-26 2024-04-27

2024-05-01

=1,
=

from sklearn.naive_bayes import GaussianNB
params = {
# 29 2AE Eusio] mppojE &%
}
model = GaussianNB(xxparams)
model.fit(train_df[['x1', 'x2', 'x3', 'x4'l], train_df['y'])
predictions = model.predict(test_df[['x1', 'x2', 'x3', 'x4']])
print_metrics(test_df['y'], predictions)
draw_predictions(test_df=test_df,
predictions=predictions,
model_name='Gaussian Naive Bayes')
MSE: 2506.4180

MAE: 32.8060
R2: -1.2099

Gaussian Naive Bayes

300

200

Count
G
3

100

— Actual
—— Prediction

2024-04-22

2024-04-27 2024-05-01
Date
from sklearn.ensemble import GradientBoostingRegressor
params = {
# 29 2ME #usiof mEpoje &%
}
model = GradientBoostingRegressor (¥xparams)
model.fit(train_df[['x1', 'x2', 'x3', 'x4'l], train_df['y'])
predictions = model.predict(test_df[['x1', 'x2', 'x3', 'x4'l])
print_metrics(test_df['y'], predictions)
draw_predictions(test_df=test_df,
prediction redictions,
model_name='Gradient Boosting')
MSE: 876.9636
MAE: 16.9527
R2: 0.2268
Gradient Boosting
300 — Actual
—— Prediction

250

200
€
g 150

100

50

o

2024-04-27

2024-05-01
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7424
CRDs
Jupyter Notebook
a a Web App Controller
Notebook LE& MHO| ¥dk= specdt status
PodDefault
Jupyter Web App
Notebook Controller
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SEINE

Notebook
Controller
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Notebook CR &M

: Notebook CR

Reconcile
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b
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SN

Mutating Admission

Control
Admission <

\ 4

Webhook

Pod
Default

low.org/vlalphal

p-secret
MY_PROFILE_NAMESPACE

: “true®
: "add gcp credential"

: secret-volume
: /secret/gcp

: secret-volume

: gcp-secret

©Kakao Enterprise Corp. All Rights Reserved.
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2.3. 510/ mtat0|E EY Ko t| b

XtS3HE 714 sHS (AutoML)E fgt Z2HE

=975

AutoML : Hyperparameter Tuning, Early Stopping, Neural Architecture Search
« COHet z[AMet Yi12[E XA

. ML3H DY SR0 AR 210 AL THs

e Multi-node & GPU AHAEH|0|M
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2.ML Task:LB Ez2f™ o= thi b

2.3.510|H m2f0|E| /'S

olO|HI}Zt0|E &F'E ?

A9 0= Y& =|CH2t5t7| #{6H Sto|mm2tn|El* atE S £X2t5k= 1
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die|E Mo
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CMA-ES (Covariance Matrix Adaptation Evolution Strategy)
XARlo| #E BEE JIXE A BAS ALR510] BEXOZ T7hg BAMEILICE
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Sobol Quasirandom Sequence
Population Based Training DO MCHE S50t SHO|HI20[HE X[EX o= ZFeLIC
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2.3. 50| DjatO|E EY Katib

HAIHE o e

Experiment AutoMLZ @lot &iol 4™t =HE FO|
Suggestion ExperimentOiA] Ho|=l HEE HIEHO 2 5l0|II2t0|E ol M2 MEE X2t
Trial Suggestion@ 22 E U2 SI0|IIZI0|E MEE &K ML &t& 2ol M &30 B7Iot= 2Hd, 2 Trial2 HLte| st 2 S 20|
Worker Zt Trials 2ds5t= S2lX = 7H o A3 Tl

SIOIHIZIOE 7' Z2MA

o4 sts Experiment Experiment =
ojOjx| &&= 2 N&E (&) ™
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tune.py Dockerfile

import argparse

import pandas as pd

from sklearn.ensemble import GradientBoostingRegressor
from sklearn.model_selection import cross_val_score

FROM python:3.10.0-slim

WORKDIR /app

COPY requirements.txt /app/requirements.txt
COPY tune.py /app/tune.py

RUN pip install -r requirements.txt
parser = argparse.ArgumentParser()

parser.add_argument('——n_estimators', type=int, default= ) EI‘OIIHH-I'E-I'DIH H-I'é,l }é;’; ET requ1:emﬁnts.txt u
python", "/app/tune.py"]
parser.add_argument('--learning_rate', type=float, default= )
parser.add_argument('-—max_depth', type=int, default=3)
parser.add_argument('-—subsample', type=float, default= )
parser.add_argument('--data_version', type=str, default='sample') requirements.txt
parser.add_argument('--random_state', type=int, default= )
if __name__ == "_ _main_ ": pandas==2.2.2
args = parser.parse_args() numpy==2.1.1
df = pd.read_csv(f'/dataset/nlb—{args.data_version}.csv') scikit-learn==1.5.1

scipy==1.14.1
model = GradientBoostingRegressor(

n_estimators=args.n_estimators, E% Aég
learning_rate=args. learning_rate,

max_depth=args.max_depth,

subsample=args.subsample,

random_state=args.random_state

XE=Rd i [ [R>S S 2 I 53 e ]
y = df['y']
scores = cross_val_score(model, X, y, cv=5, scoring='neg_mean_absolute_err

mae = —scores.mean() Metric éa

print ("MAE=%f" % mae)

©Kakao Enterprise Corp. All Rights Reserved.
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2.3. 510/ IiatnE) S Experiment &-d

Page.31

trialTemplate:
apiVersion: kubeflow.org/vlbetal primaryContainerName: training-container
kind: Experiment trialParameters:
metadata: - name: n_estimators

description: "Number of estimators"

name: 1lb-gbr-tune ”
reference: "n_estimators"

spec:. . - name: learning_rate
objective: description: "Learning rate"

type: minimize reference: "learning_rate"

goal: 0.0 = name:-ma{(_depth .

objectiveMetricName: MAE description: "Maximum depth of the trees

tricCollectorS . reference: "max_depth"
metriclollectorspec: — name: subsample

collector: description: “"Subsample ratio"
kind: StdOut reference: "subsample"

parallelTrialCount: 2 Gl
maxTrialCount: 10 :Plzerjlz"‘ batch/vl
. . ind: Jo
maxFailedTrialCount: 3 g
algorithm: template:
algorithmName: random metadata:
parameters: annotations:
- name: n_estimators sidecar.istio.io/inject: 'false
5 spec:
parameterType: int anTainere
feasibleSpace: - name: training-container
min: "50" image: {{IMAGE}}
max: "200" command:

- name: learning_rate = ::PY”‘O“" .
parameterType: double ar;s_/app/t“”e‘py
feasibleSpace: - "——n_estimators"

min: "0.01" ~ ialParameters.n_estimators}"
max: "0.2" - "--learning_rate"

- name: max_depth = :: ‘:-:aﬁ:r:i;c::":. learning_rate}"
parameterType: int - .,f_,max‘(.jipth ——

i - "${trialParame .max_depth}
fea§1b1eSpace. s
min: “2" - "s${trialParameters.subsample}"
max: "10" resources:

- name: subsample requests:
parameterType: double S L
f ibleS . memory: 1Gi

easl espace: Gnite:
min: "0.5" cpu: '1'

max: "1.0" memory: 2Gi



2.MLTaosk: LB Eci™ 0|=
2.3. 50| mzto|E EY

apiVersion: kubeflow.org/vlbetal
kind: Experiment
metadata:
name: lb-gbr-tune
spec:
objective:

type: minimize

goal:

objectiveMetricName: MAE

metricCollectorSpec:
collector:
kind: StdOut
parallelTrialCount: 2
maxTrialCount:
maxFailedTrialCount:
algorithm:

algorithmName: random

parameters:

- name: n_estimators
parameterType: int
feasibleSpace:

min: "50"
max: "200"

- name: learning_rate

parameterType: double

feasibleSpace:
min: "@.01"
max: "0.2"

- name: max_depth
parameterType: int

feasibleSpace:
min: "2"
max: "10"

- name: subsample
parameterType: double

feasibleSpace:
min: "@.5"
max: "1.0"

Experiment &}

Ed S 23 4%

I print ("MAE=%f" % mae) |

2oty o Ed

Trial &3 23 2%

MR gn2iE 4d

SO|mHm2tn|Ef MY &3

trialTemplate:
primaryContainerName: training-container
trialParameters:
- name: n_estimators
description: "Number of estimators"
reference: "n_estimators"
- name: learning_rate
description: "Lear

reference: "learnir
- name: max_depth
description: "M h of the trees'

reference: "max_depth
- name: subsample
description: "Subsample ratio"
reference: "subsample"
trialSpec:
apiVersion: batch/vl
kind: Job
spec:
template:
metadata:
annotations:
sidecar.istio.io/inject: 'false'’
spec:
containers:

- name: training-container
image: {{IMAGE}}
command:

- “python"

- "/app/tune.py"

resources:
requests:
cpu: '0.5°'
memory: 1Gi
limits:
cpu: '1
memory: 2Gi

SO0 Ef a2

Al3f 2| AA (Worker) 2+ AH-
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2.3, 5101 IiatE| S Experiment A&

~
q’[.‘ Kubeflow $ kbm-u-owen (admin) ¥

Katib Experiments Edlt YAML

1
2
3
4
5
6
 /
8
9

apiVersion: kubeflow.org/vlbetal
kind: Experiment
metadata:
name: lb-gbr-tune
spec:
objective:
type: minimize
goal: 0.0
objectiveMetricName: MAE
metricCollectorSpec:
collector:
kind: StdOut
parallelTrialCount: 2
maxTrialCount: 10
maxFailedTrialCount: 3
algorithm:
algorithmName: random
parameters:
- name: n_estimators

anmamabasTonae dad

CREATE CANCEL

emplate

©Kakao Enterprise Corp. All Rights Reserved.

submit Y
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Page.34

oL
N
=
Ik
ro

r J
"6 Kubeflow @ kbm-u-owen (Admin) ¥ >
tiome < Experiment details @ DELETE
Noteb O A
n estimators learning rate max depth subsample mae
k1
15
k200 10.2 10
Volumes
Katib Experiments 0.8
| ’ 12
t-g
k150 0.15
| o6 L9
6
F100 L0
0.4
L& 6
Lso +0.05
L2 0.2 3
Lo Lo Lo Lo Lo
OVERVIEW TRIALS DETAILS YAML
Name Ib-gbr-tune
Status @ Experiment has succeeded because max trial count has reached
Best trial Ib-gbr-tune-dzzzr2nq
build version - v1.10.0 Best trial's params n_estimators: 164 learning_rate: 4.55743e-2 max_depth: 4 subsample: 0.78156

Dant teinl narfarmanan Asar an Ansa
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..................................

Kubeflow
Python SDK

ML Training
Code

...................................

©Kakao Enterprise Corp. All Rights Reserved.

Algorithm
Service

O

Experiment Experiment

Controller

O

Suggestion

Evaluation
Results

d

Suggestion

Hyper
Parameters

Controller

d

|

Trial
Controller

Get Trial
Metrics

Page.35
\\
Worker %
1
'
'
'
'
Job PyTorchJob Argo Workﬂow .
'
'
Worker :
'
'
'
'
Ll
Job PyTorchJob Argo Workflow !
'
'
Worker '
'
'
'
'
L
PyTorchJob  Argo Workflow 4

>
>

Collect Trial
Metrics

l

Katib DB

O|OIX| £A : http://www.kubeflow.org/



kakaocloud

ML Task
=L HEM EZYH OIS

AlLtE| 2 A
Step 1. G|O|E| &4 51 L=y
Step 2. ol0|I{ m2t0|H &4

step 3. 2 At
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H

KServe
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mjo
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%
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st MHE|A F=E FEE XA

(e.g. canary rollout, experiment, ensembles, transformers)
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* Inference Service
cBE MBI I 2 ES HiXE ot 2|5t | flet 7|2 2lAaA
« Serving Runtime

MY 2RSS e TEHY 2 ES ZClok= Blak

X3 &2

e LightGBM e Paddle e XGBoost
e SKLearn e TensorFlow e Hugging Face

e MLFlow e PyTorch e ONNX

TensorRT
PMML
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2.4, B At

Inference Service &

I Page.39
)
apiVersion: "serving.kserve.io/vlbetal"
kind: "InferenceService"
metadata:
name: lb-predictor
spec:
predictor:
model:
modelFormat:
name: sklearn
runtime:
args:

kserve-sklearnserver

— '——model_name=1lb-predictor’
©Kakao Enterprise Corp. All Rights Reserved.

Ll Bl NES

storageUri: "pvc://model-pvc/lb-predictor"

M BER X
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>4 %8 ] Inference Service 4

Page.40

0X
ng
E

-~
4"0‘ Kubeflow $ kbm-u-owen (Admin) ¥ B
-~
EndeintS + New Endpoint
= Filter Enter property name or value )
Status Name 4 Createdat  Predictor Runtime Protocol Storage URI
(V) Ib-predictor 21 minutes ago  sklearn kserve-sklearnserver vl pve://model-pve/Ib-predictor?ns=kbm-u-owen [E] [}
Model Registry items per page: 10 v 1=10f1

KServe Endpoints

Training Jobs

£2 3o

curl =X POST http://{ISVC_NAME}.{NAMESPACE}.svc.cluster.local/vl/models/{MODEL_NAME}:predict \
-H "Content-Type: application/json" \
-d '{"instances": [[0.1, 0.1, 0.1, 0.1]]1}' # &/2 GO/

e
2 2

{"predictions":[46.52174265571983]}
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oy =XIHIAl : Inference Service

ISVC CR‘4d 4d

KServe Reconcile
Controller

v

o o o e e o mmm M Rmm M M M Rmm M e e e
T o o e e e e e e e e e e e e e e e

*|SVC: InferenceService
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KServe Reconcile @ AESV/eeRR”)
Controller o N
...... , \I
! I
! I
' I
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' I
1
| Storage |
| Initializer |
! |
1
X|&= HERo2 ’é“’g: @ :
.......................... 1
! I
: container container :
| |
| |
! |
\
* SR : ServingRuntime S !
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2.MLTaosk: LB Eci™ 0|=
2.4, B At

Data Plane

Model Server Pod F

Control Plane

creates””

User Applied Resources

H Networking
i v
creates
scales based on
Tl

KServe Resources
InferenceService
"wa'tched by
optionally creates “.creates
Gelﬁerated Resources
A Autoscaling i
HPA KEDA
creates .
Autoscaler ScaledObject
scales

custom metrics
Kubernetes

Deployment

‘ HTTPRoute ‘

routes to  references
<
creates

r'd

Kubernetes

Service

Gateway API resources
T
forwards to

Gateway API
Gateway

uses cached model

creates
4

o

PersistentVolumeClaim

Model Cache

creates

LocalModel
v

Controller

PersistentVolume

Node Storage

O|0|X| £X : https://kserve.github.io
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2.5. 0| Zatol 715 Pipeline

ML {2 ES22& 150l HiESH/| /I8t EHE

=2 7|

oIr
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2.5. I}0|Zapol A= Pipeline e

0 e

mo|Z2t2l (Pipeline) Hil2d X FIE2RE Folots T2l t2/iel HEHER F1d
HEHAE (Component) HIAEZR ot HAE +Aot= 2 HE
28 (Experiment) et mo|Zatels Chfet 282 BiE 2dsh= =21y I A0 A
& (Run) 28 Hol|l M 3= B Mo ZatRl AAEHA
HEEHE 2 no| =2l &g X A Ipo| 22l S5 X o
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@ds1.component (base_image=LB_BASE_IMAGE) ﬁEL"jE xég.l EIIEEIIOI EI

def preprocessing(
source_data: str,

- data_mnt_path: str,

EI|0|E1 IL-'X-I E'I start_date: str,
eval_date: str,
raw_data: Output[Dataset]
import json
import pandas as pd
import os
file_path = os.path.join(data_mnt_path, source_data)

json_data = []

I[li% Aoﬂg with open(file_path) as f:

for line in f:
daté ; jsgn.iOAAS(line)
json_dé£a.éppendkdafa)
raw_df = pd.json_normalize(json_data)

log_time_sr = pd.to_datetime(raw_df['time'],format="%Y/%m/%d %H:%M:%S:%f"').dt.floor('30min")

log_count_dict = log_time_sr.dt.floor('30min').value_counts(dropna=False).to_dict()

olO|HIt=2H0|E 7'E

time_range = pd.date_range(start=start_date, end=eval_date , freq='30min')
df = pd.DataFrame({'datetime': time_range})
df['count'] = df['datetime'].apply(lambda x: log_count_dict.get(x, 0))

df.to_csv(raw_data.path, index=False)

©Kakao Enterprise Corp. All Rights Reserved.
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HI0IE X2

Ox 44

olO|HIt=2H0|E 7'E

©Kakao Enterprise Corp. All Rights Reserved.

HEAE X

@dsl.component(base_image=LB_BASE_IMAGE)
def featurization(

data_version: str,
eval_date: str,
data_mnt_path: str,
raw_data: Input[Dataset]

import pandas as pd
import numpy as np
import os

df = pd.read_csv(raw_data.path,parse_dates=['datetime'])

time_sr = df['datetime']l.apply(lambda x: x.hour * 2 + x.minute // 30)
dow_sr = df['datetime'].dt.dayofweek

dataset = pd.DataFrame()
dataset['datetime'] = df['datetime'] 4 f o/=

dataset['x1'] = np.sin(2xnp.pixtime_sr/48)
dataset['x2'] = np.cos(2*np.pixtime_sr/48)

reat

dataset['x3'] = np.sin(2*np.pixdow_sr/7)
dataset['x4'] = np.cos(2xnp.pixdow_sr/7)

~hel

unt']

dataset['y'] = df['co

train_df = dataset[dataset['datetime'] < eval_datel]
test_df = dataset[dataset['datetime'] >= eval_datel

train_df.to_csv(os.path.join(data_mnt_path, f'nlb-{data_version}.csv'), index=False)

test_df.to_csv(os.path.join(data_mnt_path,f'nlb—{data_version}-test.csv'), index=False)

Page.48
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Ox 44

olO|HIt=2H0|E 7'E

©Kakao Enterprise Corp. All Rights Reserved.

HEAE X

@ds1l.component (base_image=LB_BASE_IMAGE, packages_to_install=['kubeflow-katib', 'scikit-learn==1.6.1'])
def tuning_with_katib(

data_mnt_path: str,
model_mnt_path: str,
artifact_mnt_path: str,
katib_exp_name: str,
model_version: str,
data_version: str

import os
import ast
import joblib, json

import pandas as pd
from sklearn.ensemble import GradientBoostingRegressor

import kubeflow.katib as katib
katib_client = katib.KatibClient()

katib_exp = katib_client.get_experiment(katib_exp_name)
katib_exp.metadata.name += f'-d{data_version}

exp_name = katib_exp.metadata.name
katib_exp.metadata.resource_version = None

container_spec = katib_exp.spec.trial_template.trial_spec['spec']['template']['spec']['containers'][0]
container_spec['args'].append('--data_version')
container_spec(['args'].append(data_version)

katib_client.create_experiment(katib_exp)
katib_client.wait_for_experiment_condition(name=exp_name)

optim_params = katib_client.get_optimal_hyperparameters(exp_name)
print(optim_params)

params = { param.name: ast.literal_eval(param.value) for param in optim_params.parameter_assignments}

df = pd.read_csv(os.path.join(data_mnt_path, f'nlb-{data_version}.csv'))
print(“read df")

X8 =TTl xR SRS VAR x4 L ]

y = df['y']

model = GradientBoostingRegressor (xxparams)
model. fit(X, y)
print("Model train")

model_dir = os.path.join(model_mnt_path, model_version)
os.makedirs(model_dir, exist_ok=True)

joblib.dump(model, os.path.join(model_dir, ‘model.joblib"))
print("Dump to model")

artifact_dir = os.path.join(artifact_mnt_path, model_version)

os.makedirs(artifact_dir, exist_ok=True)

with open(os.path.join(artifact_mnt_path, model_version, 'param.json'),'w') as f:
json.dump(params, f)
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@ds1.component(base_image=LB_BASE_IMAGE, packages_to_install=['scikit-learn==1.6.1"'])
def evaluate_model(
data_mnt_path: str,
model_mnt_path: str,
E% g7|- artifact_mrﬁt_path: str,
model_version: str,
data_version: str

import os
import joblib
import json

import pandas as pd

from sklearn.metrics import mean_absolute_error

df = pd.read_csv(os.path.join(data_mnt_path, f'nlb-{data_version}-test.csv'))
X =df[['x1", 'x2', 'x3', 'x4']]

real = df['y']

cll =
DA SE
model_dir = os.path.join(model_mnt_path, model_version)
model = joblib.load(f'/{model_dir}/model.joblib")
pred = model.predict(X)
mae = mean_absolute_error(real,pred)
metrics = {'mae': mae}
print(f"MAE: {mae}")
EE“ HHE artlfacts_path = osl.path.]91n(art1fact_mnt_pat.h, model_version)
= with open(os.path.join(artifacts_path, 'score.json'),'w') as f:

json.dump(metrics,f)
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@dsl.component(base_image=LB_BASE_IMAGE, packages_to_install=['model-registry==0.2.21"])
def push_to_registry(
model_registry_host: str,
il model_registry_port: int,
EE g7|‘ mr_author: str,
model_name: str,
model_version: str,
model_pvc: str,
namespace: str

from model_registry import ModelRegistry

if not model_registry_host.startswith("http"):
model_registry_host = f'http://{model_registry_host}"

EE“ =2 registry = ModelRegistry(
= o= server_address=model_registry_host, # default: http://model-registry-service.kubeflow.svc.cluster.

port=model_registry_port,
author=mr_author,
is_secure=False

)

registry.register_model(
model_name,
f"pvc://{model_pvc}/{model_version}/model. joblib",
model_format_name="joblib",
model_format_version="1",
version=model_version,

metadata={"namespace": namespace}
o HY I P

©Kakao Enterprise Corp. All Rights Reserved.



2.ML Task: LB E2iY 0= - o
2.5. M0 Za}0l & |;='|| I E Ell'g

@ds1l.component (base_image=LB_BASE_IMAGE, packages_to_install=['--user', 'model-registry==0.2.21"', 'kserve==0
def update_kserve(

model_registry_host: str,

model_registry_port: int,

mr_author: str,

model_name: str,

model_version: str

from model_registry import ModelRegistry
from kubernetes import client
import kserve

ag g} - , ,
= if not model_registry_host.startswith("http"):

model_registry_host = f"http://{model_registry_host}"

registry = ModelRegistry(
server_address=model_registry_host, # default: http: vdel-registry-service.kubeflow.svc.clust
port=model_registry_port,
author=mr_author,
is_secure=False

model = registry.get_registered_model(model_name)
print(“Registered Model:", model, "with ID", model.id)

version = registry.get_model_version(model_name, model_version)
print(“Model Version:", version, "with ID", version.id)

[=]=TR=%="1 . _ .
=2 o/ art = registry.get_model_artifact(model_name, model_version)
print(“Model Artifact:", art, "with ID", art.id)

isvc = kserve.VlbetalInferenceService(
api_version=kserve.constants.KSERVE_GROUP + "/vlbetal",
kind=kserve.constants.KSERVE_KIND_INFERENCESERVICE,
metadata=client.V10bjectMeta(
name=model_name,
labels={
"modelregistry/registered-model-id": model.id,
"modelregistry/model-version-id": version.id,
+H
),
spec=kserve.VlbetalInferenceServiceSpec(
predictor=kserve.VlbetalPredictorSpec(
sklearn=kserve.VlbetalSKLearnSpec(

E% HHE args=[f'--model_name={model_name}'],

storage_uri=art.uri

),
)
ks_client = kserve.KServeClient()
try:
ks_client.get(model_name)
ks_client.replace(model_name,isvc)
except: # imption: not found err
ks_client.create(isvc)
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@dsl.pipeline(name="Load Prediction Model Pipeline")
def 1b_model_pipeline(

source_data: str,

start_date: str,

eval_date: str,

mr_host: str,

mr_author: str,

namespace: str,

dataset_pvc: str='dataset-pvc’,
model_pvc: str='model-pvc',
artifact_pvc: str='artifact-pvc',
katib_exp_name: str='1lb-gbr-tune’,
mr_port: int=8080,

model_name: str='lb-predictor'

load_dataset_task = preprocessing(
source_data=source_data,
data_mnt_path="'/dataset’,
start_date=start_date,
eval_date=eval_date

)

kubernetes.mount_pvc(

load_dataset_task,

pvc_name=dataset_pvc,

mount_path="/dataset’

featurization_task = featurization(
data_version=start_date,
eval_date=eval_date,
data_mnt_path="'/dataset’,

raw_data=1load_dataset_task.outputs['raw_data']

)
featurization_task.after(load_dataset_task)

kubernetes.mount_pvc(
featurization_task,
pvc_name=dataset_pvc,
mount_path="/dataset’

ool 2l ol b Aol E
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@dsl.pipeline(name="Load Prediction Model Pipeline")
def lb_model_pipeline(

source_data: str,

start_date: str,

eval_date: str,

mr_host: str,

mr_author: str,

namespace: str,

dataset_pvc: str='dataset-pvc',

model_pvc: str='model-pvc',

artifact_pvc: str='artifact-pvc',

katib_exp_name: str='lb-gbr-tune',

mr_port: int=8080,

model_name: str='lb-predictor’

# stepl: Load dataset

load_dataset_task = preprocessing(
source_data=source_data,
data_mnt_path="'/dataset’,
start_date=start_date,
eval_date=eval_date

)

kubernetes.mount_pvc(
load_dataset_task,
pvc_name=dataset_pvc,
mount_path="'/dataset"’

# step2: Featurization

featurization_task = featurization(
data_version=start_date,
eval_date=eval_date,
data_mnt_path="'/dataset’,

raw_data=load_dataset_task.outputs['raw_data']

)
featurization_task.after(load_dataset_task)

kubernetes.mount_pvc(
featurization_task,
pvc_name=dataset_pvc,
mount_path="'/dataset’

©Kakao Enterprise Corp. All Rights Reserved.
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# step3: Tuning

tuning_model_task = tuning_with_katib(
katib_exp_name=katib_exp_name,
model_version=start_date,
data_version=start_date,
data_mnt_path="'/dataset’,
model_mnt_path='/model’,
artifact_mnt_path='/artifact’

)

tuning_model_task.after(featurization_task)

kubernetes.mount_pvc(
tuning_model_task,
pvc_name=dataset_pvc,
mount_path="'/dataset'

)

kubernetes.mount_pvc(
tuning_model_task,
pvc_name=model_pvc,
mount_path="'/model’

)

kubernetes.mount_pvc(
tuning_model_task,
pvc_name=artifact_pvc,
mount_path='/artifact'

# step4: Evaluation

evaluate_model_task = evaluate_model(
model_version=start_date,
data_version=start_date,
data_mnt_path="'/dataset"',
model_mnt_path='/model’,
artifact_mnt_path='/artifact’

)

evaluate_model_task.after(tuning_model_task)

kubernetes.mount_pvc(
evaluate_model_task,
pvc_name=dataset_pvc,
mount_path="'/dataset"

)

kubernetes.mount_pvc(
evaluate_model_task,
pvc_name=model_pvc,
mount_path="'/model’

)

kubernetes.mount_pvc(
evaluate_model_task,
pvc_name=artifact_pvec,
mount_path="'/artifact'

# step5: Regist model

regist_model_task = push_to_registry(
model_name=model_name,
model_version=start_date,
model_pvc=model_pvc,
model_registry_host=mr_host,
model_registry_port=mr_port,
mr_author=mr_author,
namespace=namespace

)

regist_model_task.after(evaluate_model_task)

kubernetes.mount_pvc(
regist_model_task,
pvc_name=artifact_pvc,
mount_path="'/artifact'

# step6: Update svc

update_task = update_kserve(
model_name=model_name,
model_version=start_date,
model_registry_host=mr_host,
model_registry_port=mr_port,
mr_author=mr_author,

)
update_task.after(regist_model_task)
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import kfp
kfp.compiler.Compiler().compile(lb_model_pipeline, "1lb-pipeline.yaml")
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= Ib-pipeline.yaml X |+

paromece Ty P s
deploymentSpec:
executors:
exec—evaluate-model:
container:
args:
- ——executor_input
= {{s}}!
— ——function_to_execute
— evaluate_model
command:
- sh
- -c
- "\nif ! [ -x \"$(command -v pip)\" 1; then\n python3 -m ensurepip ||\
\ python3 -m ensurepip --user || apt-get install python3-pip\nfi\n\nPIP_DISABLE_PIP_VERSION_CHECK=1\
\ python3 -m pip install --quiet --no-warn-script-location 'kfp==2.11.0'\
\ '--no-deps' 'typing-extensions>=3.7.4,<5; python_version<\"3.9\"' &&\
\ python3 -m pip install -—quiet ——-no-warn-script-location 'scikit-learn==1.6.1"\
\ && \"$0\" \"s$@\"\n"
- sh
- -ec
- 'program_path=$(mktemp -d)

printf "%s" "$0" > "$program_path/ephemeral_component.py"

_KFP_RUNTIME=true python3 -m kfp.dsl.executor_main
"$program_path/ephemeral_component.py" "$@"

——component_module_path

= "\nimport kfp\nfrom kfp import dsl\nfrom kfp.dsl import *\nfrom typing import\
\ *¥\n\ndef evaluate_model(\n data_mnt_path: str,\n model_mnt_path:\
\ str,\n artifact_mnt_path: str,\n model_version: str,\n data_version:\
\ str\n):\n import os\n import joblib\n import json\n\n import\
\ pandas as pd\n from sklearn.metrics import mean_absolute_error\n \
\ df = pd.read_csv(os.path.join(data_mnt_path,f'nlb-{data_version}-test.csv'))\n\
\ X = dfL[x1Y; %2, %x3%; X4YT]\n real = df['y']\n\n model_dir\
\ = os.path.join(model_mnt_path, model_version)\n model = joblib.load(f'/{model_dir}/model.joblib")\n\
\n pred = model.predict(X)\n\n\n mae = mean_absolute_error(real,pred)\n\
\ # you can add more metrics (e.g. mse, r2, etc.)\n metrics = {'mae':\
\ mae}\n print(f\"MAE: {mae}\")\n\n artifacts_path = os.path.join(artifact_mnt_path,\
\ model_version)\n with open(os.path.join(artifacts_path, 'score.json'), 'w')\
\ as f:\n json.dump(metrics, f)\n\n"
image: mlops.kr-central-2.kcr.dev/kc-kubeflow-registry/jupyter-scipy:v1.10.0.py311.1a
exec-featurization:

container:
args:
- ——executor_input
= {{s$}}'
— ——function_to_execute
- featurization
command :
- sh
- -c
- "\nif ! [ -x \"$(command -v pip)\" ]; then\n python3 -m ensurepip ||\

\ python3 -m ensurepip --user || apt-get install python3-pip\nfi\n\nPIP_DISABLE_PIP_VERSION_CHECK=1\
\ python3 -m pip install --quiet --no-warn-script-location 'kfp==2.11.0'\
\ '——no-deps' 'typing-extensions>=3.7.4,<5; python_version<\"3.9\"' && \"\
$0\" \"$@\"\n"
- sh
- -ec
- 'program_path=$(mktemp -d)
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{f.‘ Kubeflow

Home

Notebooks

Tensorboards

Volumes

Katib Experiments

Model Registry

KServe Endpoints

Training Jobs

Pipelines ~

Pipelir

Experiments

Recurring Runs

Artifacts

Executions

build version - v1.10.0

$ kbm-u-owen (Admin) ¥

Experiments > |b-exp-a

< @ Run of Ib-pipeline (86967)

Graph Detail Pipeline Spec

Layers | root

DLIHZ

preprocessing

raw_data

featurization

tuning-with-katib

evaluate-model

push-to-registry

update-kserve

0 0~

>

Clone run Terminate Archive
preprocessing
Input/Output Task Details Log@

"artifacts": [
ntype": {
"schemaTitle": "system.[]
"schemaVersion": "0.0.1'

1 "s3://kubeflow-9bc36d

¥

}I
"outputFile": "/tmp/kfp_outputs/output_metad

}

}

[KFP Executor 2025-08-13 14:33:31,971 INFO]:

[KFP Executor 2025-08-13 14:33:31,971 INFO]:

[KFP Executor 2025-08-13 14:33:33,762 INFO]: Wrote
10813 14:33:33.886635 23 launcher_v2.go:692] E

"artifacts
"raw_data": {
"artifacts": [

"name" ',
"uri" s3://kubeflow-9bc36d8d-a681-4472—
"metadata": {}

23 object_store.go:274]

23 object_store.go:283]
10813 14:33:34.199957 23 launcher_v2.go:151] p
i ''2025-08-13T14:33:34.538Z" level=info msg="sub
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< Ingestion > < Preparation > < Machine Learning =———p

‘E ‘: ] @ Kubeflow
Load Balancer Object Storage Load & ETL

ML CI/CD
.u ‘: Test & Analyze @ <+— Train

Hadoop Eco Data Catalog
Managed Kafka

kakaocloud

druid 1 T

> @ Deploy — Pre-Process
Dashboard |

|
I
|
Hadoop Eco . |
Stiperset |
R . 00 i : |

I |

A e -  -—_———— —-—— Serving
Pub/Sub :
Hadoop Eco :
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3.1. Kubeflow

Network

Node
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Load Balancing

Virtual Machine
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GPU
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Auth O IAM

Storage E File Storage

O Object Storage

Data
Store @ el
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3.1. Kubeflow
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3.1. Kubeflow KC Ku beﬂOW9—| %él

MEXL/ & HI-ATIO|AR Z&E Quota Aiet H
D2 XIAEL, QEME ARLX| HS

CHet ML Zef| 92 7|8 = E=/I0[ 22l 0|0|X] XS

AAIZERLEE F£1H GPU/CPU/Memory A2 IL|EEZ IA|IEE X|1Z

PN LTI Ef 22 CSP (Azure, GCP) HILHHA ZIA F X2 (1,10 7|1%)

1 oA QEAA TIZHME HL|HE HJ A
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3.2. MLOps on kakaocloud MLOpS on KCI kOOCIOUd

Page.64

W ey,

- ~
” ~
1AM Management \ 7 Ny \ El o] -1‘-’%%; Pub/Sub
; — 3 Data Ingestion -
\ Monitoring / / \\ Managed Kafka
Cloud Trail / N
\ I \ Beyond Storage Service
Alert Center
; < l kakaocloud ‘
Monitoring Flow

Vs

Analytics Preparation [/
& ML /
/
> = Ol
AT —
otS 7
7o ”
Kubeflow 40 ~ ~eae - ™ Data Catalog

Infrastructure as a Service

Beyond Computing Service ‘ ’ Beyond Networking Service ’
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