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https://www.slideshare.net/matthiasfeys/running-tensorflow-in-production
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https://www.slideshare.net/matthiasfeys/running-tensorflow-in-production
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Today's topic

{F' Make it Easy for Everyone
A

to Develop, Deploy and Manage Portable,
Kubeflow distributed ML on Kubernetes

httos.//www. kubeflow.org
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Kubernetes@t?

* ({2 NodeE |0 2HAHE 14
* Containerg2 A& ot 2{X|0]] HiZE(Auto—placement)

« Container A= 23 (Auto-restart)

« Q0| 2t ContainerE 37 Kscaling), = X|(replication),
A0 E(rolling—update), E8t(rollback)

* https://kubernetes.io
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What is Kubeflow Kubeflow mission

* Kubernetes 7|22 =2 Machine Learning 2{%= €il, « &2, XISHOZ LRSI} BHAS QTHH REIZ/
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« Jupyter Hub 7|2F Jupyter Notebook 442 /2t2] Jgpyter O P)/TO rch
e \ |'\ |
* Multi—architecture, =2t Training 24 Tensor
o o5 SELDOW
* Model serving= ?2t Multi framework X|&
* Al Process £t2|ol/| £| ¢t Integration =+ X|S
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Composability

D—> Portability
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Composability
Machine Learning O|0|E]l &=H|, Training, Servingg 2| AMH|AZS0| A E|¢ ofLte] workflow= ALV
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Ingestion analysis transformation validation splitting

Building ]_) Model ~_,  Training

UAe: [ a model validation at scale

—> Roll-out — Serving — Monitoring —  Logging
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Composability

Machine Learning O|0|E]l &=H|, Training, Servingg 2| AMH|AZS0| A E|¢ ofLte] workflow= ALV
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Data Data Data Data Data
Ingestion analysis transformation validation splitting

— RPN Building — I\{Iodc_al — Training
a model validation at scale

—> Roll-out — EREWLEE — Monitoring —  Logging

- Kubeflow
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Portability

Containerized® Model2 At235t0{ Machine Learning =3 Workflow2| Zt &[0 HIZ M Jts
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Portability
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Portability

Experiment Scalable Serving
:  Training : On Cloud
- y H
Data Data Data Data : _ : _
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Portability

Experiment Scalable Serving
:  Training

On Cloud
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Kubeflow

kubernetes
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Portability

e

Kubeflow
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Portability

Experiment Scalable Serving
:  Training : On Cloud
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kubernetes
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Portability

Experiment Scalable Serving
:  Training : On Cloud

r Kubeflow | Kubeflow i Kubeflow
Kubeflow '

kubernetes
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Scalability

Machine LearningQ| A+Z0| 2HH T MX} 271 HAX|HA Resource A

© More accelerators(GPU,TPU) & Servers

© More storage, faster networking

© More team & members

© More experiments & integrations
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Al/ML MH|A QFARE 7[8t9 = Cloud 7[8te] Al/ML 7Hetetd 714 HQ

Private / Public Cloud 0|A] Al/ML Q1Z 2= X|25}7]| $ist A

© AlI/MLZ ¢|5t Bigdata XZt/X{2| ZQ

© Data process AlSst HQ

© [}4=9| Data scientistE ¢3! Tool M2 TR
© Cloud Native &z2| ZQ

© X[SH Al/MLEHE S| Halofl HHE TS 2
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Al Engineering Framework
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Al Engineering Framework with Kubeflow

<< Al workflow >>

Development Production

Data Data Model
Ingestion Prep Building
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Github 0|+ Et0|S A5 & O

Github issueli tiet 2= UWE = URL= Y= R0t offs 0|+0] Ciet Et0|S= d-ddt= ML MH[A

Demo Service Ul Demo Scenario

O

Github Issue Summarization

Instructions: This is a demo of the github issue summarization model by Hamel Husain. Enter the

boedy of a github issue or the url of a github issue and click on Submit. The model then tries to [ ] J U pyter note book Creation

generate a title or summary of the issue

Enter Github Issue Body L MOdel experimen’[s

Populate Random Issue

© Training the model using Jupyter notebook

make it more flexible to switch between a game with only game field and a game with additional

© Scalable Training the model using
TF-Job Controller

OR Enter Github Issue URL
https://github.com/kubeflow/kubeflow/issues/157

© Deployment to Serving

Generate Title

Machine Generated Title
“game widget widget”

© Querying the Al Service

This demo is run using Kubeflow - a machine learning toolkit for Kubernetes. Kubeflow is dedicated to
making deployment of machine learning on Kubernetes simple, portable and scalable.
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Demo Workflow
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Without Kubeflow vs With Kubeflow

Setup infrastructure Create a docker image

* AIE M, AEZ|X], HERR 4
- A/t E8/M|A 2HE THE Ty

Setup schedullng R
e TUNE| 317 = Of ZRIAES AIREIK| BN Run training job

* Training Model& 2+ AH{0f| HHE * Ksonnet BISS A4
* Training L}2{0|8 4H

Launch training . Al5H

o ZtZ10| MH0]| Training &3

Deploy model Deploy model

* Ksonnet EIZ2] MM

Setup load balancing « Serving If2{0[E 4%
- A3l
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220| ztef

© Training2t Serving=S #Igt Private Cloud +d
« GPUZ L&tst Kubernetes Cluster 7+
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© Private CloudOjjA| SXI51-S HA
» Storage HI?IE S
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* TensorBoardZ H|Zst
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Cloud Infrastructure for Al HPC

© Al HPC =Q EXI Al Development Environment
. _ C e
+ Bigdata 4-%l/X&/2| 7ts . Kubeflow
Experiment Training Serving
« Al 4|0|E1E et Dataflow 2]
Kubernetes
* GPU Pool2 &t2|old, Bigdata Environment
LS let Al ZHE Tool Mi& Dataflow Management
_ Data Ingest Data Preparation Data Processing
 Kubernetes 7|2t 2t4 14
Mass/Bigdata Storage
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