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We are ...

* Hoon Dong Kim. * Chan Yup Park

- SK Telecom, Al Center , Al Product DevOps Team Leader. - SKTelecom, Al Center, Al Product DevOps
: . _ Team, Al DevOps Engineer
- Microsoft BigData MVP(Most Valuable Professional) :

20164 ~ 20174 - =30 2t2l 0| B0} docker, kubernetes2|
=F/ae|/H S| PE S Vi H5tE €=

- Microsoft Al MVP(Most Valuable Professional) : Ok QI |C}

2018H ~2019'A = ol A S A|RS)A 2HE AENHOf

— - R = o8 = = 0 e s

- Korea Spark User Group (XT3 AFE A 2 Q) 2E ¢ 7|87 Q8l st Q& L|Ct
http://hoondongkim.blogspot.kr [ = 1] https://mrchypark.github.io/[& 2 1]
https://www.slideshare.net/ssusere94328/ [ 20| E 4| O1] https://github.com/mrchypark [github]

https://www.facebook.com/kim.hoondong [SNS]
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Our Pain Point 1 — ML Serving Dilemma

[ 1] Tensorflow Serving
* bazel 2 E , C++ code, gRPC.

* python serving performance £ X| 2

« 2F 2 pytorch, mxnet StA| =

« Scikit learn M X 2| 2 EH 27

« [2FE2] Cloud Paas

* Azure Machine learning Service , AWS SageMaker , GCP CloudML
« 3AMZECH10%/F 50 220 /US.

S
- [AE3) Flask 52 0|82t HE M O17|H A i“g .
o H_%:.'__I—I_ 'Tﬂ}” prototype %l' —Jlk— %{QL}, production% O|-7| -?—l OHAJ %I H’O,_l' Engineering Art 7|'
— o
— | Y
L

* Python 2 L& & *10 =2l 210{ Q.

 [2FE4] Full AFY GPU M H 22 VM 2 = Serving?
« & 492 W2 CPU Docker vs 2 10002HR R2| X[ A GPU VM



Our Pain Point 1 — ML Serving Dilemma

* ML Serving for Lots of Frameworks

Tensorflow Serving 2t 7t X[ 1=,

+ O

TensorFlow PyTorch

Q@ o

MXNet Chainer

oD

Keras SCikit-Learn




Our Pain Point 1 — s &4 E!

Model File
(e.g. PMML)

Model Training
(scikit-learn / Tensorflow /
PyTorch / LightGBM / etc.)

Model File

(e.g. pickled)

Research / Development Trained Models

¢ Predictive Model Markup
Language (PMML)
o XML-based file format for

Y

Model File

JAVA Application

model interchange

o scikit-learn to PMML:
sklearn2pmml

o LightGBM to PMML:
jpmml-lightgbm

3y

Model File

Python Application

¢ References: Converting
Scikit-Learn to PMML

Production System

» The model (or even the module to load, pre-process and generate predictions) is
wrapped in a micro-service that expose endpoints to receive requests from clients

Module(s) for data preprocessing,
feature extraction, and inference

Model File
Model Training / Selection -

Research / Development

Micro-service

Reqguest
(Raw data input)

via TCP, HTTP etc.

Production System

Response
(Predictions)




Our Pain Point 1 — ML Serving Dilemma 8l & El

(28 1] Tensorflow Serving
« bazel 2E , C++ code, gRPC.

| S

- 2ZF 2 pytorch, mxnet StA| = =& 245 1 AUS.

e Scikit learn T X 2| 2227
e [2E2] Cloud Paas

* Azure Machine learning Service, AWS SageMaker , GCP CloudML

. 3AF7}CH10% 7t 2ESH HE20[ 9e.

o O H|A
+ [&Ei3] Flask S O| &t HE M QA Of7|HK - I

. tl_lﬂ E 31 2l A prototype & = U 2Lt productions oF7| 2|6 & LSt Engineering Art 7t
P e

_Q_I-
e Python 2 HF HE *10 =&l O‘|OI

[ 84] Full AFY GPU MBE 22 VM 2 = Serving?
« 2 42t 2| CPU Docker vs & 1oooD+°J Rr2| z[4 gPu vm =
Ao 2E




Our Pain Point 2- Poor Python Performance

Best database-access responses per second, single query, Dell R440 Xeon Gold + 10 GbE (404 tests)

Rnk Framework

actix-core
wizzardo-http
actix-pg
vertx-postgres
es4x
vertx-web-postgres
h2o

drogon-raw

W N O AW N e

greenlightning

cpoll_cppsp-raw

swoole
cpoll_cppsp-postgres-raw-threadpool
ulib-postgres

fasthttp-prefork
fasthttp-postgresql-prefork
cpoll_cppsp-postgres-raw

e e o =
N oA W NP, O

gemini-postgres

-
=]

go-my-prefork
fasthttp-postgresql

-
0

Best performance (higher is better)
886,499 |
863,265
816,955
753,286
702,052
671,894
558,915
545,313
512,477
506,222
497514
473,731
468,513
456,925
454,010
446,091
441,137

Errors Cls
100.0%
97.4%
92.2%
85.0%
79.2%
75.8%
63.0%
61.5%
57.8%
57.1%
56.1%
53.4%
52.8%
51.5%
51.2%
50.3%
49.8% esdx

49.6% vertx-web-postgres

ve rtx—postg?és

417,542

47.1%

h2o

753,286 |
702,052 |
671,894 |
558,915 |

47.1%

46.8%
45.7%
45.5%
45.0%

45.0% EyXBldjango
44.7%

()
o

proteus 417,332
atreugo-easyjson 415,166
atreugo-sjson 404,939
atreugo 403,740
atreugo-gojay-prefork 398,740
atreugo-gojay 398,515
atreugo-prefork 396,099
atreugo-sjson-prefork 395,428
atreugo-easyjson-prefork 394,425

NN
[

86 m [felis-mongodb-raw 200,628 |

NN
N

19,409 | 2.2%

)
i

N
=

44.6%
44.5%
44.1%
43.5%
42.5%
41.5%
40.6%

15,526 | 1.8%

)
~

NN
O

go-pgx-prefork-easyjson 390,606

W
(=]

go-pgx-prefork 385,281
light-4j 376,491
aspcore-ado-pg 367,461

W W
N

I
I
I
I
I
I
I
I
I
I
I
I
I
I
I
I
439,808 |
I
I
I
I
I
I
I
I
I
I
I
I
I
I
I

w
w

reitit 360,046



Our Pain Point 2 — Poor Python Performance

* Disadvantage of Using HTTP APIs

e HTTP REST APIs are simple to implement, however the process is synchronous

e The client must wait until the ML service has finished the process of generating
predictions

¢ |In a complex system involving a lot of components, this may not be efficient

Service 1 Service 2 ML Service

HTTP Request

A 4

HTTP Request

Time to generate predictions

HTTP Response

HTTP Response

"
<

Service 1 Service 2 ML Service




Our Pain Point 2 — off &4 E!

Poor Python Performance
» Pandas Data & ™ &
-> Data Copy 1’3 Of| M o H =,
-> Thread , Multi Process 0| A| Thread Safe S} X| &=
= Sf A0 ME 7Hy e S AL St 2+ K| Bt
-> Python Of| A| Map, Lambda< : functionstools.partial
= Python Thread = GIL {20 FHLIA =,
-> Xt2F2| muti-process 7t <L} : Go 2| Goroutine A= 0| AN X} SFEFEH | cotyledon
MomoryView =2
» Data SH=T A|, pointer 82 St=...
= [ 22F Data Memory S AL 2H X

Microservice & 2 A| Z AL},
DEA2HS7 2.
PySpark, ScalaSpark...
PMML + Java ZAH M ...



Our Pain Point 2 — off &4 &l

* Pandas : Poor Python Performance -> Pandas UDF

Pandas UDF was introduced in Spark 2.3, which uses Arrow for
data exchange and utilizes Pandas for vectorized computation.




Our Pain Point 3

* Multiple System, Multiple Dev-env. , Multiple Production-env.

Data Pracassing Machines used for
Spark cluster Training ! Distributed Training
fz : & = J\Z
spar A aracus
' WYl s Acaddya |
| 1> idng l
’ Distributed Storage |
Laptop Spark + Spark Cloud

Separate infrastructure for
ML/DL training/inference




Our Pain Point 3—=0 724 =

e Auto Scale Out, Auto Scale Down & Env. Abstraction.

Kubernetes is All You Needs.

But, 20| 5=X| 0= FE L.
F0l A Al Devops &2 & T2 A5~



Our Pain Point 4

» BigData Scale Data Pre-processing & Distributed Training & Training Performance

XI= =X : Databricks Web Sites

Required: Be able to read from Required: distributed GPU cluster
Databricks Delta, Parquet, for fast training
MySQL, Hive, etc.

Answer: Horovod, Distributed
Answer: Apache Spark Tensorflow, etc



Our Pint Point 4 — o4 &

» BigData Scale Data Pre-processing & Distributed Training & Training Performance

 Recommendation : High-performance FUSE clients to mount remote storage as
local files so DL frameworks can load/save data directly.

FUSE clients:
Goofys TensorFlow

sS://buckgt “Bloblise +
wasb://container Horovod




Our Pint Point 4 — off &4 El

amlic

XGBoost

S

* XGBoost4): Distributed XGBoost for Scala/lava

* XGBoost4J-Spark : XGBoost on Apache Spark
e USE Case : Airbnb, Alibaba, eBay, Microsoft, Snapshots, Tencent, Uber, etc...

* https://github.com/dmlc/xgboost/tree/master/jvm-packages

Performance Evaluation

Airline Dataset (22M examples), 48 Workers in XGBoost/Tasksin Spark
Hardware: 6 D4V2 VMs on Azure serving Spark Executors

Per Iteration Training Time

210



https://github.com/dmlc/xgboost/tree/master/jvm-packages

XGBoost + Spark + GPU

e XGBoost + Distributed mode via Spark
* XGBoost + GPU support via CUDA

* XGBoost + Multi-GPU via NCCL2

e XGBoost + Spark + GPU : Multi-GPU + Multi Node

4
i
e

Open

L E
— T

=
2o

Oro
LS 11—

Source

10l A

0.

Spark Cluster
. Standalone cluster on GCP

- 64 vCPUs (32 physical cores)
- 416 GB memory

4 x NVIDIA Tesla T4

- 400 GB SSD persistent disk
- Default networking

- 4 Spark workers per VM

. 5 virtual machines, each has:

Sample Code

val xgbParam = Map("eta" -> 0.1f,
"max_depth" -> 20,
"max_leaves " -> 256,
"grow_policy" -> "lossguide",
round" -> 100,

_workers" -> 20,
"nthread" -»> 16,
"tree_method" -> "gpu_hist")

setFeaturesCol("features").
setLabelCol("labels")

import ml.dmlc.xgboost4j.scala.spark.XGBoostClassifier

val xgbClassifier = new XGBoostClassifier(xgbParam

Preliminary Results

Accuracy Training Loop
(AUC) (Seconds)
CPU 0.832 1071.002
Max Tree GPU 0.832 139.641
Depth = 8 Speedup 766.97%
CPU 0.833 1088.662
P GPU 0.833 165.868
Depth =20 |Speedup 656.34%

XEZEX : Spark + Al Summit 2019




Our Pain Point 5 - Serving Cost & o2 El

« Low Cost & Agile & 20| CHsHY

O] tHAl= &5t H,
@ Deep Learning Output
® e =
Graph DB 2t StHLY,
HashDB & 2 &2

C| E.I L| EI:-II E.I —
Microservice =

Graph DB,
= D=7

**

A 4

- NosQL 7} & A= \ Deep Learning Framework inverted-Index 3} il OF
Clydg 221 KM= o 7] 7HX| B 75 &M 1 Ho|Z 9|
N ’ts Engineering 2 & O]
A Hp |

—

. : O] CHA 2 =™, Allibaba
GPU VM > CPU VM > GPU Docker > CPU Docker > K8S PaaS > Docker PaaS > Docker BaaS > ML BaaS > Serverless Microservice

Scale®2| Front Al A{H| A7}
0f S #2102
MNESHA M E 7ts.

GPU on-premise

1 Docker,
1A|Zt0)| Hof?

=20 €0t

1GPUVM,
1 20 E0f?

1,000,000 Transaction 9|

Production Al = & & H L} Engineering 0| T O{ H L. A 0p??

Productlon Al = Engineering Art off 7HZC}.
Cloud & & & 8SICIH M2 20| ECh




Our Pain Point 6

* None-Stop CI/CD deploy & DevOps & MLOps

S—" N

Parquet / CSV /
JSON / Avro

Hive Tables

Disparate Schemas
Real-time vs. Batch

=

Data Integrity, security,

Complexity arises from Different Workflow Needs

Visual ——» scikit-learn | numpy...

Feature Engineering {
Data Transformation

XEZEX : Spark + Al Summit 2019




Our Pain Point 6 — ol & & ( Al DevOps )

* None-Stop CI/CD deploy & DevOps & MLOps

Data Analysts / Data
Engineers / Software
Engineers

Complexity arises from Different User Needs

Data Visualization

Feature Engineering

——» scikit-learn | numpy...
Data Transformation {

e
e
A

V.

Research Scientists / Data Scientists / Research/ML Engineers

ML Engineers / Production Engineers

XEZEX : Spark + Al Summit 2019




2. Production Al Open Source Eco System



BigData Scale {Deep Learning + None Deep
Learning} Production Model Pipe Line

Non-DL

DL

Data Label/Feature
I r (Driver Telematics
- Map Trip
- Trip
- Other

Data Label/Feature
' r (Driver Event definition
Featur

Model Score
sparkML Transformer re al \
\(d E-:«::‘ St

XM trips in training
XM trips in validation
Saved model pipeline

Spark Spark
Model Score
Multi-layer LSTM Sensor embedding

xM trips in training
Saved protocol buffer



Horovod (Distributed Deep Learning at Scale)

e Open source library developed at Uber
Distributed training for TensorFlow, Keras & PyTorch
Uses bandwidth-optimal communication protocols &
makes use of advanced networking

e Seamlessly installs viapip install horovod




Horovod (Distributed Deep Learning at Scale)

horovod.spark

horovod.spark is a new feature in Horovod 0.16 release. Similar to
HorovodRunner, it runs Horovod as a Spark job and takes python

train functions. Its assumption is more general:

e nodependency on SSH,

e system-independent process termination,
e multiple Spark versions,

e and more ... also check out horovodrun:)




Petastorm (BigData Scale Data Deep Learning)

e Open source library developed at Uber ATG Apache Parquet as a dataframe with
e Enables deep learning directly from Parquet tensors

e Supports Tensorflow, PyTorch, and PySpark

/J
Hedgenag \ .
?
Fog Ft@
Harse L » |
Y o ) L
scalars
(e.g. images, Apache P
lidar point ))ﬁ (/'D T arque@
clouds)

- 4u




Horizon (Deep Reinforcement Learning at Scale)

e Open Source End-To-End Large-scale RL framework By Facebook
* distributed popular deep RL algorithms training.

workflow management.

data preprocessing.

feature transformation.

counterfactual policy evaluation.

optimized serving.

* Reinforcement Learning & Contextual Bandits.
* PyTorch for Modeling and Training.

* Caffe2 for Model Serving.

* https://reagent.ai/

* https://github.com/facebookresearch/ReAgent



https://reagent.ai/
https://github.com/facebookresearch/ReAgent

Horizon (Deep Reinforcement Learning at Scale)

Spark

Timeline Generation

Horizon: Applied Reinforcement Learning Platform

* Robust

* Massively Parallel

* Open Source

* Built on high-performance platforms
* Spark
* PyTorch
* ONNX

* OpenAl Gym & Gridworld Integration
tests




ML WorkFlow

Airflow Kubeflow Pipelines

<

5\

sitsticsgen

CsvExampleGen )
S

D

StatisticsGen

SchemaGen ——
——— N,/
o <
Transform ExampleValidator B varator

Trainer

N —— capurite ooy
- q \ -
ModelValidator Evaluator ® ®



TEX

[FX CONFIG

AIRFL W RUINTIMF

TensorFlow
Extended

Data Analysis &
Validation

ExampleGen SchemaGen

TRAINING &
EVAL DATA

Data Ingestion

Iransform

_ T @ 4 ... <SS 3 TENSORFLOW
Iralher kvaluator : v HUB

Data ,Mndel Pusher

Validator
Transformation

SERVING

METADATA STORE



mlflow

ML Lifecycle Challenges _Mmijlov

learning litecycle

databricks




mlflow

Supported Integrations: June ‘19

Programming Languages ML Libraries Storage Backends Deployment Systems

o )@ i - NFS & B

et Azure Storage i CP\Z o
Sp a fK Machine Learring

.00 =) sFTP ;

PyTorch
Google Cloud




Serving at Scale

databricks Sp Q

wiflow

)

-

Research
Images, &
containers
docker

kubernetes

Model serving




Rapids.ai

* End-to-End Data Analytics Pipeline with GPUs
e Apache Arrow , cuDF(on Spark) , cuML(like Pandas)

Ease of Use
A
Python
C/C++

CUDA

GPU

Performance

ARCHITECTURE

GPU DATA SCIENCE

1 ACCELERATED DATA SCIENCE
The RAPIDS suite of open source software
libraries gives you the freedom to execute end-to-
end data science and analytics pipelines entirely
on GPUs.

Learn more »

© TOP MODEL ACCURACY
Increase machine learning model accuracy by
iterating on models faster and deploying them
more frequently.

2 SCALE OUT ON GPUS
Seamlessly scale from GPU workstations to
multi-GPU servers and multi-node clusters with
Dask.

Learn more about Dask »

(© REDUCED TRAINING TIME
Drastically improve your productivity with more
interactive data science.

Learn more about XGBoost »

@ PYTHON INTEGRATION
Accelerate your Python data science toolchain
with minimal code changes and no new tools to
learn.

1 OPEN SOURCE

RAPIDS is an open source project. Supported by
NVIDIA, it also relies on numba, apache arrow,
and many more open source projects.

Learn more »



ONNX - Multiple ML/DL Framework Collaboration

+ Tensorflow Caffe £ caffe2 theano PYTHRCH [d Keras
= R O @et G
: ==
€ ONNX
Frameworks

# : _| Cognitive
. 144} !
> Caffe2 Q‘ Chainer @ Toolkit [m
OPyTorch 4 PaddiePaddle  MATLAB 5 Sas w Network
' - : AW Libraries

Converters

"F' dmi )
@ O learn XGBoost  LibSVM @
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(The confirmation of results and conclusions from one study obtained
independently in another)

=X : https://www.sciencemag.org/



https://www.sciencemag.org/
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File Edit Selection View Go Debug Terminal Help Extension: Remote Development - business-answer-engine [WSL: Ubuntu-18.04] - Visual Studio Code

EXTENSIONS: MARKETPLACE = README.md azure-pipelines.ym = Extension: Remote Development X

remote

Remote Development

Remote - WSL 0399 i
Open any folder in the Windows Subsyste... ) ( Microsoft 5 AL * k% kK Repository License

. 5 P
Microsoft BeloadBequired] < An extension pack that lets you open any folder in a container, on a remote machine, or in WSL and take advantage of VS Code's full feature set.

Remote - SSH 0.47.1
Open any folder on a remote machine usin...
Microsoft 52

Disable v Uninstall This extension is enabled globally.

Remote - SSH: Explorer 0.47.1
(Deprecated) Provides an explorer for SSH r...
Microsoft 23

Details Extension Pack

Remote - SSH: Editing Configurati... 0.47.1

Edit SSH configuration files
Microsoft

Visual Studio Code Remote Development Extension Pack

Remote - Containers 0.21.0 The Remote Development extension pack allows you to open any folder in a container, on a remote machine, or in the and take advantage of VS Code’s full
Open any folder inside (or mounted into) a ... feature set. Since this lets you set up a full-time development environment anywhere, you can:

Microsoft Reload Required {53

* Develop on the same operating system you deploy to or use larger, faster, or more specialized hardware than your local machine.

Remote Development 0.17.0

An extension pack that lets you open any f * Quickly swap between different, isolated development environments and safely make updates without worrying about impacting your local machine.

Microsoft 82 * Help new team members / contributors get productive quickly with easily spun up, consistent development containers.
Remote Workspace 043.1 PROBLEMS OQUTPUT EBUG CONSOLE ~ TERMINAL 1: zsh
Multi protocol support (like Azure, Dropbox... 0

Marcel J. Kloubert Install

Remote VSCode 1.1.0

A package that implements the Textmate's ...

Rafael Maiolla Install

Remote FS 0.0.16

Working with any file in everywhere like the...

liximomo Install

JavaScript Remote Debugger for J... 1.0.44

Debug your JANUS-based applications in Vi...

otris software Install

Remote - SSH (Nightly) 2019.10.15300
Open any folder on a remote machine usin...
: Microsoft Install

remote-browser 0.7.2
> WSL: Ubuntu-1804 2 dev & ®0A0




Remote target

e SSH
 Container
* WSL



Remote-container

ujo

Devcontainer 2 1t Dockerfilem S0l 72 2t4d= I EZ 22

File Edit Selection View Go Debug Terminal Help devcontainer.json - business-answer-engine - Visual Studio Code

@ EXPLORER {} devcontainerjson X Dockerfile

“ OPEN EDITORS .devcontainer > {} devcontainerjson

 BUSINESS-ANSWER-ENGINE . R .
gjz name™: “"Python 3%,

"context™: "..",
"dockerFile": "

v .devcontainer

{} o




DevOps ZF
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=X : https://aws.amazon.com/ko/devops/what-is-devops/



https://aws.amazon.com/ko/devops/what-is-devops/

=X : https://aws.amazon.com/ko/devops/what-is-devops/



https://aws.amazon.com/ko/devops/what-is-devops/

=X : https://aws.amazon.com/ko/devops/what-is-devops/



https://aws.amazon.com/ko/devops/what-is-devops/
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=X : https://aws.amazon.com/ko/devops/what-is-devops/



https://aws.amazon.com/ko/devops/what-is-devops/

=X : https://aws.amazon.com/ko/devops/what-is-devops/



https://aws.amazon.com/ko/devops/what-is-devops/

kubernetes

- .
ot

®)
I

kubernetes



DEPLOYMENT CRONJOB

DAEMON SET REPLICASET STATEFUL SETS

REPLICATION
CONTROLLER




Al A

L L

M AM™OZ olmpat Iig

apiVersion: apps/vlbetal 28 apiVersion: vl
kind: Deployment 29 kind: Service
metadata: 38 metadata:
name: cookiemap 31 name: cookiemap
spec: 32 spec:
replicas: 1 33 sessionAffinity: ClientIP
template: 34 ports:
metadata: 35 - port: 80
labels: _ 36 targetPort: 8080
app: cookiemap 37 selector:
spec: 38 app: cookiemap
hostAliases: -
- ip: "52.231.34.29"7 @ apiVersion: autoscaling/vl
hostnames: 41 kind: HorizontalPodAutoscaler
- "internal.commbot.nginx" -
. 42 metadata:
containers: B .
- name: cookiemap - name: cookiemap
image: acrcommbotprdinternal.azurecr.iofcookiemap:latest 44 spec:
imagePullPolicy: Always 45 scaleTargetRef:
imagePullSecrets: 16 apiVersion: apps/vl
- name: commbotprdsecret 47 kind: Deployment
ports: . 48 name: cookiemap
- containerPort: 80808 19 minReplicas: 1
envFrom: _— Repli . 10
- configMapRef: fw maxpepricas:
51 targetCPUUtilizationPercentage:

name: configmap-cookiemap



HH £

e Azure Devops2| Pipelines®| 7| s= & &

commbot + Al pipelines > 1.prd > % cookiemap-prd-k8s
ﬂ Overview Pipeline  Tasks Variables  Retention  Options  History
s;. Boards
Repos Artifacts | + Add Stages | + Add -
f Pipelines
%

3 Builds &A

s % Stage 1 Q

_cookiemap Q 1 iob, 2 task
Releases Jo5, 2 tesk
MY Library
Task groups 4
"+ Deployment groups _kBs-setting

A Test Plans

B Atifacts ®




HH £

» {22 O|0|X| Hi 2= 2|5l latest EH 1 AFE X[

All pipelines > 1 prd > % cookiemap-prd-k8s Create release = View releases

Pipeline  Tasks v Variables  Retention  Options  History

Sta?ﬂ” Command line © (¥ View YAML [i] Remove
Agent job Task version 2% v
£ Run on agent
b Command Line Script (V) Display name *
il Command line e

Command Line Script

_&_ E’L{bﬁectl apply Script *

C y to Kubernetes

sed -i "s/:latest/:$(Version)/g" $(System.DefaultWorkingDirectory)/_k8s-
setting/cookiemap/cockiemap-prd.yml



HH £

e Kubectl 3= devops LHY| A BF A2

Pipeline  Tasks v Variables

Stage 1
Deployment pro

Agent JOb

> Command Line Script

.@_ kubectl apply

Deploy to Kubernetes

Deploy to Kubernetes ®

Task version 1.* ~

Display name *

kubect| apply

Kubernetes Cluster ~
Service connection type * @)

Kubernetes Service Connection

Kubernetes service connection *

CON-AKS-COMMBOT-PRD-INTERNAL

Namespace (1)

Commands A

®

Manage 2

[T View YAML

] Remove

New



Releases Deployments  Analytics

Releases

0 Release-29

ga 201910162 2 dev
Release-28
g4 201910161 ¥ dev

Release-27
g 20191014.10  §° dev

Release-26
g2 20191014.8 P dev

Release-25
ga 201910147 £° master

Release-24
g4 20191014.6  £° master

Release-23
g2 201910145 P dev

Release-22
g2 201910144  ¥° master

Release-21
ga 201910143 ° master

Created

2019.

2019.

2019.

2019.

2019.

2019.

2019.

2019.

2019.

10.

10.

10.

10.

10.

10.

10.

10.

10.

16.

16.

14,

14,

14,

14,

14,

14,

14,

2 10:55:15

2% 10:51:06

2Z 10:57:26

2= 10:31:31

22 9:46:04

2= 9:40:20

2F 9:40:19

D= 9:29:56

22 9:22:39

Stages

@ Stage 1
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Overview

Boards

Repos

Pipelines

Builds

Releases

Library

Task groups
Deployment groups

Test Plans

Artifacts

Pipeline  Tasks - Variables  Retention  Options  History
Pipeline variables ~  Name
Variable groups ~  k8s_service_alias (11)

Predefined variables 2

~  database_config_dev (21)

@ Link variable group

| Manage variable groups 2



config / config.py

Contents  History Compare  Blame

[NV

[N =N

import os

class log connection_info:
port = os.environ[ "ES_PORT']
host = os.environ[ "ES_URL"]
elastic_user = os.environ['ES_USER']

¢ Edit =B Rename

elastic_pw = os.environ['ES_PASSWORD" ]
multi_turn_log_index = os.environ[ 'ES_INDEX_MULTITURN']
user_info log index = os.environ['ES USERINFO"]

doc_type=' doc’

class redis _connection_info:
host = os.environ[ REDIS_CACHE_URL']
port = os.environ[ REDIS_CACHE_PORT’
db = os.environ[ "REDIS CACHE DB']

]

password = os.environ[ 'REDIS_CACHE_KEY_ PRIMARY']

if os.environ[ "REDIS_CACHE_SSL'] ==
ssl = True
else:

sl = False

“"TRUE":

] Delete

{4 Download



CI/CD Pipeline Workflow with Kubernetes

Create Restart
new pod new pod

Commit code, Build new

push to git Docker image Pull new
Docker image

Let old pod
continue running

New pod is New pod is
healthy not healthy

Cl Server notices Push new
new code in Docker image

Git repo & starts
running through
its pipeline.
Update
Kubernetes
deployment Kubernetes receives request
to use new image

Delete

old pod




Function as a Service Flatform

* Kubernetes ¢ 0| Al S&I5t= opensource serverless = 1=
- XV EF 2ZE0 ESE = QA X152t 7ts

v/ (,arn el h}ﬁ AppSCGIE fission % fn w ©kubeless
OpenWhisk Knative
PipelineA| -
2 nuclio —E g Er__ﬁ
Kyma LunchBadger OPENFAAS Virtual Kubelet

=X : https://landscape.cncf.io/format=serverless&fullscreen=yes&zoom=150
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Our Open Source



Korean BERT pre-trained cased (KoOBERT

[] SKTBrain / KoOBERT @unwatch~ 10  Wunstar 230  YFork 32

<> Code Issues 0 Pull requests 0 Projects 0 Wiki Security Insights

Korean BERT pre-trained cased (KoBERT)

korean-nlp language-model

D 10 commits ¥ 1 branch © 0 releases 42 1 contributor & Apache-2.0
Branch: master » New pull request Create new file  Upload files = Find file
haven-jeon Update README.md Latest commit 21c6de6 16 days ago
m imgs initial commit 22 days ago
il kobert add pkg install script 22 days ago
i logs initial commit 22 days ago
i scripts/NSMC add MXNet example 16 days ago https://glthub.col I I/SKTBraIn/KOBERT
[£) LICENSE Update LICENSE 22 days ago
[E) README.md Update README.md 16 days ago
[E] requirements.txt add pkg install script 22 days ago
[E) setup.py add pkg install script 22 days ago

README.md

« Korean BERT pre-trained cased (KoBERT)
o Why'?'
o Training Environment
o Requirements

* How to install

* Using with PyTorch

* Using with ONNX

* Using with MXNet-Gluon


https://github.com/SKTBrain/KoBERT

USE Case 227H(& M LHE2 )

4 CPU * 10 Docker on Cloud
e 1.5GB LSTM Tensorlfow NLP 2 & A A| 7t Serving (batchsize = 1)
- 2 2] (7=l 2[0] Bl=

* Deep Learning Inference 12F TPS 7+ 45 & 7|.
* NginX + ASGI + FastAPI + asyncio + aiohttp + tornado
e Pandas 2Ll 7|, MemoryView Z-&73}7].
* Distributed Shared Session2 = Redis A&



Q&A

. https://www.facebook.com/kim.hoondong
. https://www.facebook.com/mrchypark



https://www.facebook.com/kim.hoondong
https://www.facebook.com/mrchypark

