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Data Machine Resource
Verification Management

Data Collection

Configuration Serving

m Infrastructure
- Analysis Tools

Feature Extraction Process Management
Tools
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Data Engineers

Probe for

Process
insights

raw data

Deliver results to

Function behind
business users

the scenes

Apply machine learning,
algorithms and other

analytics approaches

Build infrastructure to
consolidate and enrich
numerous data sets

Handle large-scale Uncover meaning in
data processing large amounts of data

Interpret results

Monitor and
of analysis

maintain systems

Articulate analysis,

Prepare data
often visually

for analysis
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Designing
Data-Intensive
Applications

THE BIG 1DEAS BEHIND RELIABLE, SCALABLE,
AND MAINTAINABLE SYSTEMS

Martin Kleppmann




DATAOPS (AIOPS / MLOPS)

DevOps
Process

DataOps
Process
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GCP: Al

PLATFORM

ML
ac tivity

GCP
services

Workbench

Repository
(notebooks,
modules,
pipelines)

Q0000000

Ingest data

Transfer Service

Cloud Storage

STUDYA.TW

Prepare

Cloud Dataprep

Cloud Dataflow

Cloud Dataproc

BigQuery

Preprocess

Cloud Dataflow

Cloud Dataproc

BigQuery

Discover Develop

Data labeling

service

AI Hub Deep Learning
VM Image

Al Platform
Notebooks

Q Al Platform

B On-premises: Kubeflow Pipelines
B

Q AI Hub

Train Test & Analyze

Al Platform
Training
TFX tools
Kubeflow
(on-premises)

Deploy

Al Platform
Prediction

Kubeflow
(on-premises)




(7o Kubeflow

Pipelines
Notebook Servers
Katib

Artifact Store

GitHub

Documentation

Privacy « Usage Reporting
build version vibetaTl

@ default ~

Quick shortcuts

Cluster CPU Utilization = C

20%

Upload a pipeline

Pipelines

View all pipeline runs

Pipelines

Create a new Notebook server
Notebook Servers

View Katib Studies

Katib

View Metadata Artifacts

Artifact Store

NEGREPVW/PROS

e\ Mo~

2:18 pm

Dashboard Activity

Recent Notebooks

Recent Pipelines

o [Sample] Basic - Exit Handler

Created 05/08/2019, 14:07:26

o [Sample] Basic - Conditional execution

reated 05/08/2019, 14:07:24

o [Sample] Basic - Parallel execution

Created 05/08/2019, 14

o [Sample] Basic - Sequential execution

Created 05/08/2019, 14

o [Sample] ML - TFX - Taxi Tip Prediction ...

Created 05/08/2019, 14:07

Recent Pipeline Runs

Y Google Cloud Platform

Stackdriver Logging
View clus ngs for the past hour

view ciustier

Project Overview

Manage your GCP Project

Deployment Manager

View your deployments

Kubernetes Engine

Administer your GKE clusters

Documentation

Getting Started with Kubeflow
Get your machine-learning workflow up anc
ng on Kubeflow

MiniKF

A fast and easy way

Microk8s for Kubeflow

Quickly get Kubeflow running locally on native
"'.‘[]E'[',‘ SOrs

Minikube for Kubeflow
Quickly get Kubeflow running locally

to deploy Kubeflow locally



AWS: SAGEMAKER

dWs

\-/‘7

Products Solutions Pricing Documentation Learn

Amazon SageMaker Overview  Al/ML Services v

Partner Network AWS Marketplace

Contact Sales

Features Pricing ¥ FAQs Developer Resources

Support ¥

English ¥ My Account ~

Customer Enablement Events Explore More Q

Customers

BUILD

Collect & prepare training data

Data labeling & pre-built notebooks for common
problems

Choose & optimize your ML algorithm

Built-in, high-performance algorithms and hundreds of
ready to use algorithms in AWS Marketplace

TRAIN

Set up & manage environments for training

One-click training using Amazon EC2 On-Demand or
Spot instances

Train & tune model

Train once, run anywhere & model optimization

DEPLOY

Deploy model in production

One-click deployment

Scale & manage the production environment

Fully managed with auto-scaling for 75% less
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AZURE: ML SERVICES

Go to your studio web experience Build and train Deploy and manage

® O O

Welcome!
You can author new models and

{n Home

i store your compute targets,
s5 Automated ML —|— é% % E models, deployments, metrics,

&% Designer Automated ML Designer Notebooks and run histories in the cloud.

Create new ™ Automatically train and tune a Drag-n-drop interface from Code with Python SDK and run

- model using a target metric. prepping data to deploying sample experiments.
3 Notebooks models,

Assets

Start now Start now Start now
B3 Datasets
; Experiments My recent resources
Fj Models
Runs

@> Endpoints

Manags

Run Number Experiment Status Updated Time Status

(|
= CompUte 1 Crmnmla 1 DAamenmrinm QM7MNNia 1.20.27 DAA Camnmlndnd
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AZURE: ML SERVICES

Go to your studio web experience Build and train Deploy and manage

O ® O

Home Auto ML

Automated Machine Learning Use automated machine learning

Automatically train custom machine learning models with minimum effort and machine learning expertise. Learn more to identify algorithms and
+ New automated ML run hyperparameters and track
experiments in the cloud. You can
Recent automated ML runs View all runs = also author models using
notebooks or the drag and drop
Experiment Best Model Author Duration Status Creation date Tags deSigner
Mytestexperiment VotingEnsemble (G 31m 54.10s Completed Jun 13,2019 3:46 PM Key:Value Key:Value
Mytestrun MinMaxScaler, RandomForest (ﬁ 31m 54.10s Completed Jun 13, 2019 3:46 PM Key:Value
Testexperiment MinMaxScaler, ExtremeRandomTrees (G 31m 54.10s Completed Jun 13, 2019 3:46 PM Key:Value
MyAutoML Run RobustScaler, ExtremeRandomTrees (ﬁ 31m 54.10s Completed Jun 13, 2019 3:46 PM Key:Value
My AutoML run 2 StandardScalerWrapper, RandomForest (a 31m 54.10s Completed Jun 13,2019 3:46 PM Key:Value
My AutoML run 3 MinMaxScaler, ExtremeRandomTrees (a 31m 54.10s Completed  Jun 13, 2019 3:46 PM Key:Value

STUDYA.TW
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AZURE: ML SERVICES

Go to your studio web experience Build and train Deploy and manage

O O ®

Deploy your machine learning
model to the cloud or the edge,
monitor performance, and retrain
it as needed.

Set up Real-Time Endpoint

®) Deploy new real-time endpoint O Replace existing real-time endpoint

titanic-real-time-inference

sting compute target(s Refresh
Compute name Node count Region Status |
DefaultAKS - 3 eastus Succeeded

STUDYA.TW




SELDON DEPLOY

UI, collaboration, control, audit

Multi-arm bandits Outlier detection Explanation Bias detection

SELDON CORE

runtime ML graph engine

microservices

Istio service mesh (optional)

kubernetes

deploy anywhere

cloud services or on-prem

STUDYA.TW NET Conf 4" &




PAPERSPACE

Transform data nvida docker TensorFlow TF Serving
H20.ai Driverless AI TPU runtime PyTorch Clipper
Feature extraction Caffe Flask

e Datalogue @_ MXNet ONNX
3 GDRP N e e Inference @ the edge

PII extraction
12 i

© pata PYTSRCH
o Accelerators

o Train step

° Refitting

SED!‘"M NET Conf




INFUSEAI

/.\ InfuseAl| InfuseAl Home - PrimeHub - Documentation - GitHub - Blog - Jobs - About

PrimeHub Features

Cluster Computing One-click Research Environment

- — » Rapid construction of research
environments

= Develop interactively with Jupyter

m Support various deep learning frameworks

= Expansion to hundreds of nodes = Visualize training progress

m Container orchestration with Kubernetes

m Supports to on-premises and cloud

installations
Enterprise-class account management Management of resource quota and
D privileges
@ m 2FA user account protection
= Support to Single Sign-On (SSO) I = Personal and shared group folders
= Tools for internal auditing = Fine-grained quota allocation for members
® and groups

oTUDY4.TW NET Conf-
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DATA SCI

Configuration

-NCE “SILO”

Data Machine Resource
Verification Management

Data Collection

Serving

m Infrastructure
- Analysis Tools

Feature Extraction Process Management
Tools

I 2
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DATA ANALYST

Go to your studio web experience Build and train Deploy and manage

® O O

Welcome!
You can author new models and

{n Home

i store your compute targets,
s5 Automated ML —|— é% % E models, deployments, metrics,

&% Designer Automated ML Designer Notebooks and run histories in the cloud.

Create new ™ Automatically train and tune a Drag-n-drop interface from Code with Python SDK and run

- model using a target metric. prepping data to deploying sample experiments.
3 Notebooks models,

Assets

Start now Start now Start now
B3 Datasets
; Experiments My recent resources
Fj Models
Runs

@> Endpoints

Manags

Run Number Experiment Status Updated Time Status

(|
= CompUte 1 Crmnmla 1 DAamenmrinm QM7MNNia 1.20.27 DAA Camnmlndnd
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ML ENGINEER/OPS

Go to your studio web experience Build and train Deploy and manage

O ® O

Home Auto ML

Automated Machine Learning Use automated machine learning

Automatically train custom machine learning models with minimum effort and machine learning expertise. Learn more to identify algorithms and
+ New automated ML run hyperparameters and track
experiments in the cloud. You can
Recent automated ML runs View all runs = also author models using
notebooks or the drag and drop
Experiment Best Model Author Duration Status Creation date Tags deSigner
Mytestexperiment VotingEnsemble (G 31m 54.10s Completed Jun 13,2019 3:46 PM Key:Value Key:Value
Mytestrun MinMaxScaler, RandomForest (ﬁ 31m 54.10s Completed Jun 13, 2019 3:46 PM Key:Value
Testexperiment MinMaxScaler, ExtremeRandomTrees (G 31m 54.10s Completed Jun 13, 2019 3:46 PM Key:Value
MyAutoML Run RobustScaler, ExtremeRandomTrees (ﬁ 31m 54.10s Completed Jun 13, 2019 3:46 PM Key:Value
My AutoML run 2 StandardScalerWrapper, RandomForest (a 31m 54.10s Completed Jun 13,2019 3:46 PM Key:Value
My AutoML run 3 MinMaxScaler, ExtremeRandomTrees (a 31m 54.10s Completed  Jun 13, 2019 3:46 PM Key:Value
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Al ARCHITECT/OPS

Go to your studio web experience Build and train Deploy and manage

O O ®

Deploy your machine learning
model to the cloud or the edge,
monitor performance, and retrain
it as needed.

Set up Real-Time Endpoint

®) Deploy new real-time endpoint O Replace existing real-time endpoint

titanic-real-time-inference

sting compute target(s Refresh
Compute name Node count Region Status |
DefaultAKS - 3 eastus Succeeded

STUDYA.TW




DATA SCIENTIST

7o Kubeflow

Home
Pipelines

Notebook Servers

Artifact Store

Documentation

Privacy « Usage Reporting
build version vibetal

STUDYA.TW
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@ default ~

Quick shortcuts

4

Upload a pipeline

P peline

View all pipeline runs

peine

Create a new Notebook server

Notebook Server

View Katib Studies

Katib

View Metadata Artifacts

Artifact Store

Cluster CPU Utilization

WM

T M-

2:18 pm

Dashboard Activity

Recent Notebooks

Recent Pipelines

o [Sample] Basic - Exit Handler

reated 05/08/20 4:07:26

[Sample] Basic - Conditional execution

reated 05/08/2019, 14 -

[Sample] Basic - Parallel execution

reated 05/08/2019, 14

[Sample] Basic - Sequential execution

reated 05/08/20 4

[Sample] ML - TFX - Taxi Tip Prediction ...

reated 05/08/2019, 14

Recent Pipeline Runs

Y Google Cloud Platform

Stackdriver Logging

View cluster logs for the past !

Project Overview
Manage your GCP Project

Deployment Manager

View your deployment:

Kubernetes Engine

ster \

Documentation

Getting Started with Kubeflow
Get your machine-learning workflow up and
on Kubeflow

MiniKF

A Tast ana easy wa)

Microk8s for Kubeflow
ckly get Kubeflow

YPervisors

Minikube for Kubeflow

ckly get Kubeflow
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