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Who am |

o RBRHER
e Coding BRilR, hR—RFHE
o WAHEUGEIREN

Google Cloud
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About Cloud Industry
o HERE
o EiIGRM(Cloud Provider) vs Zii{CEE
o MifFERES

Google Cloud
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HERE (cont.)
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HERE (cont.)
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Cloud security is a
“shared responsibility”

We are responsible for securing
the infrastructure

You are responsible for securing
your data

We help you with best practices,
templates, products, and solutions

[ Google-managed laaS

. IT-managed Compute  Cloud
Engine Storage

Content

Access policies

Usage

Deployment

Web application security
Identity

Operations

Access and authentication
Network security

Guest OS, data, and content

Audit logging

Network

Storage and encryption
Hardened kernel and IPC
Boot

Hardware

PaaS
App Big
Engine Query

Gmail

SaasS

Drive
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Hh iR S S

e AWS EBE jﬁ‘ﬁfﬁ 5 Ry HEE Table 1. Worldwide laaS Public Cloud Services Market Share, 2019-2020 (Millions
of U.S. Dollars)
o Microsoft 2 —; Alibaba = (====== —— R
2020 12020 I 2019 2019 Markeli 2019- 2020
i W — Compan IMarket I I Growth (%
e Alibaba 55;MZE pany Revenue | | Revenue  Share (%) | ( ) I
. N [ ° 1 I I
e Google Wb EERS Share (%) | I I
Amazon 26,201 140.8 120,365 44.6 11287 |
[ l | 1
Microsoft 12,658 :19.7 : 7,950 17.4 :59.2 :
Alibaba 6117 /9.5 14,004 8.8 152.8 |
| 1 1 }
Google 3,932 16.1 12,367 5.2 166.1 I
1 [ I [
Huawei 2,672 : 4.2 : 882 1.9 : 202.8 :
Others 12,706 9.8 110115 221 125.6 |
I 1 1 1
Total 64,286 :100 .0 145,684 100.0 : 40.7 [
I I
Source: Gartner (June 2021 ————— ! o= - !



https://www.gartner.com/en/newsroom/press-releases/2021-06-28-gartner-says-worldwide-iaas-public-cloud-services-market-grew-40-7-percent-in-2020
https://www.gartner.com/en/newsroom/press-releases/2021-06-28-gartner-says-worldwide-iaas-public-cloud-services-market-grew-40-7-percent-in-2020

Wi EEES) (cont.) Amazon Leads $180-Billion

Cloud Market

AWS
. Worldwide market share of leading cloud infrastructure
o 2006%FHHE—EAMRFE S3, Rt EC2 service providers in Q4 2021*

o TITrh/hibZ, REMRAE aws _
MR AHE o -
. MERAHE Anve I > %

Azure & Google Cloud _ 10%
o 2010FEXHH, HERBEAEVM, SQL. Storage CIaibabacioud [N 6% @
e Windows ;FE4E Al Comeoud [N 4% ,
2021 cloud infrastructure
o EEIRBENHETOREER __EU service revenue
$178 billion
¢y Tencent Cloud - 3% (+37% vs. 2020)
o 20084 HEH 5 —1EIRFS App Engine
Bl AT * includes platform as a service (PaaS) and infrastructure as a service (laaS)
o IRIELRRIAE N ETR as well as hosted private cloud services
o EHIIMZEMEHE Source: Synergy Research Group

©@®O statista %a



https://www.statista.com/chart/18819/worldwide-market-share-of-leading-cloud-infrastructure-service-providers/
https://www.statista.com/chart/18819/worldwide-market-share-of-leading-cloud-infrastructure-service-providers/
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i EBES (cont.)

Table 1. Worldwide laaS Public Cloud Services Market Share, 2019-2020 (Millions

Google EEEM of U.S. Dollars)
o MRMEESEEE 2020 2020 2019 2019 Market 2019-2020
e am e Compan Market Growth (%
FTAEIE. REFIKEE) oy Revenue Revenue  Share (%) %)
o Share (%)
o NIFEREE
24 BE 3 L Amazon 26,201 40.8 20,365 44.6 28.7
o HilTBHIEFFAEMESE
o Microsoft 12,658 19.7 7,950 17.4 59.2
(K8s, istio, Tensorflow)
N _ _ Alibaba 6117 9.5 4,004 8.8 52.8
) %EE;hbé;ii(Hybrld ClOUd)E"]ﬁi‘F o
. . Google 3,932 6.1 2,367 5.2 66.1
iR 73 % (Anthos) i _ i
Huawel 2,672 4.2 882 1.9 202.8
Others 12,706 19.8 10,115 221 25.6
Total 64,286 100.0 45,684 100.0 40.7

Source: Gartner (June 2021)



https://www.gartner.com/en/newsroom/press-releases/2021-06-28-gartner-says-worldwide-iaas-public-cloud-services-market-grew-40-7-percent-in-2020
https://www.gartner.com/en/newsroom/press-releases/2021-06-28-gartner-says-worldwide-iaas-public-cloud-services-market-grew-40-7-percent-in-2020
https://opensource.google/projects
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AWS
o LIFRHH

o IRTEREMBEIRM Solution, FAFIR
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o [%T & SageMaker, {RRIFAZHE ;1B

EEAEH#EH Canvasi?

[1] Amazon SageMaker Studio — E—1{#
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Football League #11 Seattle Seahawks FEEE48
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ELKXEILUAIE Next Stats ZENEENFS, 1E
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ML Solutions Lab 28517, &&4HE. {#J!e“ NS
MIRRASTELSRSIEAIE, LINETE,
REGEZIZT SNSRI EHRIRE, §+¥1§
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TESEEEZE, ML Solutions Lab EBEFIES4ER,
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[2] Announcing Amazon SageMaker Canvas — aV|suaI No Code Machine Learning Capability for Business Analysts | AWS News Blog



https://aws.amazon.com/tw/sagemaker/studio/
https://aws.amazon.com/blogs/aws/announcing-amazon-sagemaker-canvas-a-visual-no-code-machine-learning-capability-for-business-analysts/

Hi 8% 5 BESY (cont.)

Google Cloud
o LUfiTHiZE

o 52 Solution SEEMITEARIRDID,
LRUXHRIESFTHBR &LH &
SEHEALEZEFHM solution M

o Vertex Al 2—ETEHZETE, BAN
LiEAGRZE. FA,

[1] Al and Machine Learning Solutions | Google Cloud
[2] Al & Machine Learning Products | Google Cloud

Al BENE

(O  Contact Center Al

EA Al BRTEESUERRP L - FEIER
¥ ERBRHEAMENE SR -

L Vertex Al
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E’;' Document Al
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Speech-to-Text
Text-to-Speech
Natural Language

Dialogflow

AutoML
Vision
Natural Language

Video Intelligence

Document Al
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https://cloud.google.com/solutions/ai
https://cloud.google.com/products/ai

How to become a solution architect
o HiInPIRENTERN

Google Cloud
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e Infra BU##EE (VM. Database)
o ZEHERET LIFFAIEEER (High availability / Disaster Recovery / Scalability / Hybrid)
e Database Optimization

e Cost effective

e Application Refactoring
e Al/ML Enablement

e Resources Management
e Monitoring

e Security
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Architecture: (TWDS ) three-tier architecture

End Point

(1]
() ]

User

=1

Application

(0

Mobile

Lo

Desktop

& Google Cloud

Against DDos WEB Layer APP Layer
Cloud Armor
J ~""*. Web Applications """ Application

Global HTTP(S) A :.f.: Compute Engine , FF‘ Internal TCP/UDP | :.f.: Compute Engine

Load Balancing Load Balancing

Instance Group Instance Group

Database & Storage Layer

g Dynamic Content
“% Cloud SQL (HA)

—

Back up

|-1= === -]

I .

\
{4> Cloud CDN
v

| ] Static Content
=01 Cloud Storage

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

Analytics and Process Layer

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

security and administrative

3 Data Loss ? Data Processin .-4—
{---) Cloud Function ) “ 9 .
A 4 Prevention API i Dataflow
O,
. 1 e}o Cloud IDS
Service o

E Cloud Logging @ Monitoring 8 Cloud 1AM 9 Key Management




Architecture: (TWDS) MMORPG Gaming

End Point G | .
& oogle Cloud
9 Frontend Platform Services Static Content
& Backup
) Cloud Storage
asia-southeast1 us-east1 ¥
Back u
:';': Login Server :';': Login Server i .
“fii~ Compute Engine “fin Compute Engine ! l }
1
E-‘D Instance Group Instance Group | Analytics Backend
Mobile T ) Gaming Database
Game Q Real-time Analysis
Client Global Load Balancer l Auth DBs BigQuery
Cloud Spanner
F External HTTP(S) F Internal
Load Balancing Load Balancing
| Game DBs “£, Data Processing
Android F TCP Proxy Dedi 46 S Cloud Spanner i Dataflow
Nt Load Balancing edicate ame servers

asia-southeast1 us-east1
i0S . ';' . Character Server o ';' . Character Server
. “rri~  Compute Engine “fmi~  Compute Engine e 1 o Streaming

7o Pub/Sub
Instance Group Instance Group
:';': Zone Server =""". Zone Server
i Compute Engine “yii Compute Engine Data Visualization
= Memory Caching
= E Memorystore for Redis Instance Group Instance Group @® Dashboard Report ¢ Business Intelligence

@@ Data Studio Looker




Architecture: (TWDS) MMORPG Gaming (cont.)

Client

End Point G |
& oogle Cloud )
g Static Content Machine Learning
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- _ L
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-

Operation Suite Security

Security
BN Monitoring || = Logging 9 KMS 8 cloud e Command c>\.i Cloud IDS 5n@osDa‘a Loss
IAM 7/ Center o Prevention




Google Cloud B&%E##

) Google Cloud Platform AR R Data Loss On-Premises 3 B8 55
GCP &ML RBE éie? l B I Prevention API
° vy User Identity
( N Cloud Security Container NG Oli—r\:\::ay— Active
E/ I= Cloud DNs Scanner Registry %ggﬁ g < MR5 Directory
Captch — s
ret-aptcha = Access Internet
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<4> CloudCDN = Cloud NAT Z CloudSQL | gimpps Security
[ / Private subnet Private Google Access — @ SIEM Vuln.
(K] I 1 Cloud Scan
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‘ VM  K8S Engine e Gateway ~— e Gateway
Harden Images Q BigQuery S
il | Interconnect pr
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g d @ ::Eientlty-Aware Cloud  security Security @ Storage
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Al/ML in Cloud

e Google Cloud (BQML, Vertex Al)
e Amazon Web Service (SageMaker)

Google Cloud



Google Cloud Al/ML Strategy

Tools & Solutions

Solution senario or tools
ML API for tech (e.g. develop)

build GUI for ML API. (e.g. document Al, NLP, image, Vision, Table, etc.)
Al Platform integrate all . (ready to deprecate)

Vertex Al integrate , Kubeflow, and TensorFlow Extended (TFX)

PaaS for tech and non-tech

Tools & Solutions

Solution senario or tools
Contact Center Al (CCAI) | integrate Dialogflow, STT, TTS, NLP

Retail Al integrate Vision Product Search, Recommendations Al, Retail Search



Al for

every level
of expertise

& Google Cloud

Building Blocks

Services and
Solutions
Ease of
Implementation

APIs
Pre-trained
Models

AutoML
Custom
Models

Vertex Al
(Al Platform)
Development
Environment

Data Analytics
& Management

Infrastructure

Al Foundation

Horizontal solutions | Industry solutions | Collaboration
=, < = E_l ]
== [
E—. e b Q oo U=
Document Contact . . .
Understanding Al Center Al Dialogflow Talent Solution Recommendation Al Al Hub
Sight | Language | Conversation
< 3¢ [=] n il =1
Vision V|_deo Natural Translate Speech-to-Text Text-to-Speech
Intelligence Language
Sight | Language | Structured Data
= ~ = = “
Vision Video Translate Natural Language Tables

Built-in Tools for Data Science and Machine Learning | On-prem
mmm [ - /b
S @4 £ & € € € v
Data Pre-built ~ Workbench - - Continuous - o
Datasets Labeling Algorithms  (Notebook) VM Images Training Predictions evaluation Explainability Pipelines Kubeflow

Ingestion and Processing | Storage and Analytics

el e > o, i °° =0 /\>| 0 o -
> 4 < | F =i & Z 5 -
Cloud Cloud Cloud Data Datapre Cloud BigQuery Cloud Cloud Data Data
Pub/Sub  Dataflow  Dataproc Fusion prep Storage & BQML Bigtable SQL Catalog Studio
Accelerators, Compute | Orchestration | Instrumentation | Frameworks
L # @ 9§ @ @ ) ol
e ' () Qo Spoﬁtx
Compute Cloud Cloud Cloud Cloud Container

Cloud

Engine GPU TPU i Composer Build Registry




Al for
every level
of expertise

A ML developer

Intelligent apps
& Data analyst
Query and analyze

Data scientist
Models that work
9q.,»r

'—! Data engineer
~N

Get clean, useful data

ML engineer
Models in production

&) Google Cloud

Services and
Solutions
Ease of
Implementation

APIs
Pre-trained
Models

Al Platform
Development
Environment

Data Analytics
& Management

Infrastructure

Al Foundation

Fastest way to start using Al today

No training data needed, get started right away

Easily create custom models (A no-code approach)

Lots of control possible, but need Data Science / ML expertise




GCP - Vertex Al

Build, deploy, and scale ML models faster, with pre-trained and custom tooling
within One unified end-to-end Al platform for everything.

Data Feature Training/ Model Understanding/ Edge Model Model
Readiness Engineering HP-Tuning serving Tuning 9 Monitoring Management
AutoML no-code/
. ) , low code
Vision Video Language Translation Tables
workflow
e e
o Data Feature - . . Continuous
: . ! CLabeling Store Training Prediction Hybrid Al Monitoring Metadata
' [ N}
® p Datasets Vizier Explainable Al Cust
Optimization ustom
development
C Experiments ) workflow
Vertex Al
( Pipelines (Orchestration) )
Deep Learning Environment (Deep Learning Virtual Machine and Deep Learning Container )
( P 9 (Deep 9 i 9 ) Infrastructure
( Workbench (Notebooks) ) services/

Add-ons



GCP - Vertex Al (AutoML)

W &5 R, S RB)

& -4 R &5 %

Ry aH

XESH(ERE. SHE

TRMESE 1 2 Sk

Image

Video

Language

XFRAEHA XFiR#EI

Tabular

@ Image classification (Single-label)

Predict the one correct label that you
want assigned to an image.

A ==
H —

O Image classification (Multi-label)

Predict all the correct labels that you
want assigned to an image.

O Image object detection

Predict all the locations of objects that
you're interested in.

O Image segmentation

Predict per-pixel areas of an image
with a label.

»
(]

@ Video action recognition

Identify the action moments in your
videos.

O Video classification

Get label predictions for entire videos,
shots, and frames.

(O Video object tracking

Get labels, tracks, and timestamps for
objects you want to track in a video.

(@ Text classification (Single-label)

Predict the one correct label that you
want assigned to a document.

A ==

O Text classification (Multi-label)

Predict all the correct labels that you
want assigned to a document.

@ Regression/classification

Predict a target column'’s value.
Supports tables with hundreds of
columns and millions of rows.

O Forecasting

Predict the likelihood of certain events
or demand.

(O Text entity extraction

Identify entities within your text items.

(O Text sentiment analysis

Understand the overall sentiment
expressed in a block of text.




GCP - Bnguery ML éé

BigQuery is NOT just analytics

Built-in intelligence
BigQuery ML - build custom models with standard SQL

Google Cloud provides extensive integrated Al and ML services for data analytics including; BigQuery ML, Auto ML, Cloud ML Engine,

Tensorflow, and more.

Q o

Execute ML initiatives without
moving data from BigQuery

Iterate on models in SQL in BigQuery
to increase development speed

Automate common ML tasks,
and hyperparameter tuning

Built-in infrastructure
management, security &
compliance



The AWS ML Stack

Broadest and most complete set of Machine Learning capabilities

Al SERVICES

VISION SPEECH TEXT SEARCH CHATBOTS PERSONALIZATION FORECASTING FRAUD DEVELOPMENT
RS 2y = S — = D QPpstic Y
=) _| =0 = =ol &) il (O
$ =4
Amazon Amazon Amazon Amazon Amazon Amazon Amazon Amazon Amazon Amazon Amazon Amazon
Rekognition Polly Transcribe Comprehend Translate Textract Kendra Lex Personalize Forecast Fraud Detector CodeGuru
+Medical +Medical
ML SERVICES
%} SageMaker Studio IDE
Ground AWS
Amazon SageMaker Truth  Marketplace S Model
for ML Built-in . . oo . Model a
2 Notebooks Experiments Processing training & Debugger Autopilot ¢ Model Monitor
algorithms e hosting
ML FRAMEWORKS & INFRASTRUCTURE
?TensorFIow m {2 GLUON K Keras ; ;
Deep Learning GPUs & Elastic iferertia
AMIs & Containers CPUs Inference

PYTORCH

DeepGraphl ibrary

CONTACT CENTERS

Contact Lens

For Amazon Connect

Neo Augmented
Al

FPGA

dWs

\/7



Amazon SageMaker

a fully-managed platform that enables
developers and data scientists to quickly and
easily build, train, and deploy machine learning

aWS machine

= 2y learning

© 2020 Amazon Web Services, Inc. or its affiliates. All rights reserved |



AWS - SageMaker: Build, train, and deploy models

Monitor quality, detect
drift, and retrain

Debug, compare, and
evaluate experiments

h 4 h 4
. Set up and track . Choose model
Build E enment Train Deploy
Build models in > Train and tune models > Deploy and scale models
notebooks

L Share, review, and j

collaborate

GRS

N

© 2022, Amazon Web Services, Inc. or its Affiliates



AWS - SageMaker: Build, train, and deploy models

1

Prepare Build Train & tune Deploy & manage
, Web-based IDE for ML
‘ Automatically build and train models
One-click collaborative i Oneidlick Automatically Addhumain Fully
Fully _mar)aged data notebooks and built-in, Oneiclick Visually track. and deployment and auto- spot review of managed with
rocessing jobs and datd high performance training Debugging and optimization compare experiments scaling concept drift predictions auto-scaling
labeling workflows algorithms and models for 75% less
| (]
101011010 N = q
010101010 =i /7 % 0 {(:5}
000011110 Z R %ﬁ: ‘ / \ A\ LA
2 %)
Collect and . Set up and Train, debug, Manage training runs Deploy Monitor Validate Scale & manage
Choose or build an d del el :
prepare ML algorithm manage and tune models model in models predictions the production
training data environments production environment
for training

NSt Servicas Inc_or its Affiliatac

adWs

\-/—7




AWS - SageMaker Overview

............................................................................................ Amazon SageMaker ..........................................................................................

PREPARE

SageMaker Ground Truth

Label training data for machine learning

SageMaker Data Wrangler
Aggregate and prepare data for
machine learning

SageMaker Processing
Built-in Python, BYO R/Spark

SageMaker Feature Store
Store, update, retrieve, and share features

SageMaker Clarify

Detect bias and understand
model predictions

© 2022, Amazon Web Services, Inc. or its Affiliates.

BUILD

SageMaker Studio
Notebooks

Jupyter notebooks with elastic compute
and sharing

Built-in and Bring

your-own Algorithms
Dozens of optimized algorithms or bring
your own

Local Mode

Test and prototype on your local machine

SageMaker Autopilot
Automatically create machine learning
models with full visibility

SageMaker JumpStart

Pre-built solutions for common use cases

SageMaker Studio

TRAIN & TUNE

Managed Training
Distributed infrastructure
management

SageMaker Experiments
Capture, organize, and compare
every step

Automatic
Model Tuning

Hyperparameter optimization

Distributed Training
Training for large datasets
and models

SageMaker Debugger

Debug and profile training runs

Managed Spot Training
Reduce training cost by 90%

Integrated development environment (IDE) for ML

DEPLOY & MANAGE ——

Managed Deployment
Fully managed, ultra low latency,
high throughput

Kubernetes & Kubeflow

Integration
Simplify Kubernetes-based
machine learning

Multi-Model Endpoints
Reduce cost by hosting multiple models
per instance

SageMaker Model Monitor

Maintain accuracy of deployed models

SageMaker Edge Manager
Manage and monitor models on
edge devices

SageMaker Pipelines

Workflow orchestration and automation



AutoML with Amazon SageMaker Autopilot

SageMaker Autopilot covers all steps

= Problem identification: looking at the data set, what class of problem are we trying to solve?
= Algorithm selection: which algorithm is best suited to solve the problem?

» Data preprocessing: how should data be prepared for best results?

» Hyperparameter tuning: what is the optimal set of training parameters?

Supported algorithms at launch:
Linear Learner, XGBoost

ilistes aWws
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Amazon SageMaker Autopilot

Core Features

Automatic model creation for tabular data with full visibility and control

Quick
to start

Provide your data in a
tabular form and
specify target
prediction

Automatic
model creation

Get ML models with
feature engineering &
model tuning
automatically done

Visibility and
control
Get notebooks for your

models with source
code

A

Recommendations
and optimization

Get a leaderboard &
continue to improve

your model

aWws
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Autopilot for model candidates

Fully runnable Model Candidate
Notebook:

« Data transformers
» Featurization techniques applied
* Override points:

Algorithms considered
Evaluation metric
Hyper-parameter ranges
Model search strategy
Instances used

The SageMaker Autopilot Job has analyzed the dataset and has generated 10 machine learning pipeline(s) that use 2 algorithm(s).
Each pipeline contains a set of feature transformers and an algorithm.

Available Knobs

dpp0-xgboost: This data transformation strategy first transforms 'numeric’ features using Robustimputer (converts missing values
to nan), 'categorical' features using ThresholdOneHotEncoder, 'text' features using MultiColumnTfidfVectorizer. It merges all the
generated features and applies RobustStandardScaler. The transformed data will be used to tune a xgboost model. Here is the
definition:

: automl_interactive_runner.select_candidate({
t
50
h
t {
h
Tru
rue
3

aWws

\-/7



AWS - SageMaker: Build-in algorithm

Amazon SageMaker
has built-in algorithms
or bring your own

Classification
Linear Learner | XGBoost | KNN

Working with text

BlazingText | Supervised | Unsupervised

Sequence translation
Seq2Seq

© 2022, Amazon Web Services, Inc. or its Affiliates

Computer vision

Image classification | Object detection |
Semantic segmentation

Recommendation

Factorization machines

Regression
Linear Learner | XGBoost | KNN

Anomaly detection

Random cut forests | IP Insights

Topic modeling
LDA | NTM

Forecasting
DeepAR

Clustering

KMeans

Feature reduction
PCA

CAAS)

N



QMWSMO Fle Eft View Run Kemel Gt Tabs Settings Help

- Gt : R AWS - SageMaker: jumpstart

0 o Back Q Search
° Solutions (15)
@ Launch end-t0-end machine learning solutions that tie SageMaker to other AWS services with one dick.
a Fraud Detection in @) Explain Credit Predictive Detect Malicious Reinforcement
Financial Decisions Maintenance Users and Learning for
& Transactions ikt sy Transactions Battlesnake Al
Frarce Seracem Frwncisd Servoss Awmvrens
Predict credit default in credit Use historical sensor readings %o
e Use Deap Graph Library (OGL) %o vain applcatcns and provde explanators. predict the remaining useful ife for Automate the detection of p Y Provide a rerforcement learning
2 gragh neural network model to detect each sersor. fraudunnt ACSVRy in trarsacsons ¥Sow for tening and info it
' fraead In firacisl lransactions. T BaltleSrake Al compedtions.
8
SageMaknr JumoStart
[
Demand @ @ Handwnhng @ Purchase Modelling Predictive
Forecasting Reinforcement e Maintenance for
B S ey Learmning Challenge “""“"“"“ e e Vehicle Fleets
Sarernnen 4 L Adranime
Demand forscasting for muli-variate Recognize handwritien tex! in images SagaMaker
time seres dats using deep laaming Dvstriutad recnforcement leaming using Amazon SageMaker. Pradct vehicle feet falures usng
maodels. starter kit for NeurlPS 2020 Procgen wehicle sensor and mantenance
L g Ch Information.

we

CEo® Gride



Amazon SageMaker | Training

Use built-in algorithms

linear = Estimator('linear-learner’,
traln instance count=l,
Lraln instance type—'ml.ecd.xlarge’,
output path=output location,
gagemakerVese=sulon=se=s |

Images

Xgboost

PCA

DeepAR
BlazingText

Image classification

» ECR < ébject Detection

EC2

linear.set hyperparameters (
feature dim=784,
predictor type="'binary classificer’,
mini batch size=200)

linear.fit({'train': s3 train data})

. c4.xlarge
Linear
Learner
S3
Model

aWs
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Every model run on a SageMaker training job
has its own

That means you have a dedicated EC2 instance
alive for the your model
needs to train.

This after the
model finished training.

aws

N



@ Amazon SageMaker Automatic Model Tuning

Hyperparameter Optimizer

4 Decision Trees Neural Networks
Tree depth Number of layers
Max leaf nodes Hidden layer width
Gamma Learning rate
Eta Embedding
. Lambda dimensions
. F Alpha Dropout
A =
), - \ J
- |
“Hyperparameters”

(algorithm parameters that significantly affect model quality)

CAAS)

© 2022, Amazon Web Services, Inc. or its Affiliates.
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Hyperparameter Tuning Jobs

Bayesian

/ Optimi;er @ ] \

LLLLI LLLLl LLLLl
EC2 EC2 EC2
Instance Instance Instance

Docker
Containers

tulnlelrl.flit() \ 1 / Round Count

EC2
Instance

TTTT1 \/ | 1/7

P —
EBS

Volume aws

© 2022, Amazon Web Services, Inc. or its Affiliates.
N7
S3 Bucket




© 2022, Amazon

Use Amazon SageMaker Experiments to

track and manage thousands of experiments

Trial Component List
@

Experiment

X & Trial Component Chart

¢

customer-churn-predi...

customer-churn-predi...

customer-churn-predi...

customer-churn-predi..

customer-churn-predi..

Trial

Trial-9
Trial-8
Trial-7
Trial-6

Trial-5

train:loss_last with 1-minute aggregation

¢

@ Amazon SageMaker Studio  File Edit View Run Kernel Git Tabs Settings Help

X

TRIAL COMPONENTS 5 rows selected. Select rows to toggle chart visibility.

Trial Component

Type

Training job
Training job
Training job
Training job

Training job

¢
Q0 o
@
@ o
@
A @
& 1 CHART
O 04
= 03
i
Q 202
B
0.14
2o @©

w

Web Services, Inc. or its Affiliates.

Add Chart

¢

Training time ¢
~6 minutes
~5 minutes
~6 minutes
~4 minutes

~4 minutes

Actions @

CHART PROPERTIES
Data type
O Time series

[ ] Summary statistics

Chart type
[ ] Histogram
O Line

X-axis dimension

® tpoch

® Time

O Periods from start

X-axis aggregation

O 1-minute
® S.minute

® 60-minute

Y-axis

train:loss_last ¥

v

Trial Component Chart

CAAS)
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Deployment options

Model in Amazon S3

A

Amazon SageMaker
Real-time endpoint

Amazon SageMaker
batch transform

Amazon container services
(ECS, EKS, Fargate)

Anywhere
you like

1 line of code
Vanilla HTTPS
Post data, get a prediction
Any tool, any language
Auto Scaling available

1 line of code
Predict data stored in S3
Read results from S3

Use AWS Deep Learning containers
Use your own container

Grab the model
in S3 and run

GRS

N



Amazon SageMaker Real-time endpoint

Inference request
(Input data)

O ]
| — <
Client

Inference response
(Prediction)

© 2022, Amazon Web Services, Inc. or its Affiliates

1

1

Amazon e 7 |ttt b
~ SageMaker : i :

Auto Scaling group

i
1t 7 1 X |
Avalidabil Lone ! |
‘ |
! A 1
1 [ 4 1
! 1
! ! |
I ! |
' | |
| | ! H
' | |
! - 1
I

i
1
1

1, Amazon EC2

Inference

Endpoint Load Balancing

Amazon EC2 :

t
I
I
' , — e
! i
! Availability Zone 3 i
1 £ |
1 1 ! !
1 ; 1
! | |
! |
' | '
! | 1
! | I
£ | e i !
d S i

| ]

|

Amazon EC2



Multi-Model Endpoints

E@’! Amazon SageMaker

Multi-model endpoint @ Amazon S3

model storage

Mode: MultiModel 3:/ /Dbl ket/vour-endpoint-models/
tifact Lo , new_york.tar.gz

;53:\//buéket/ybﬁ‘r—endpoint-models
florida.tar.gz

1

texas.tar.gz

nevada.tar.gz

Key Capabilities

» Deploy tens to tens of thousands of models; target model for each inference
request

* Two modes for model caching: Caching Enabled, Caching Disabled

» Support for built in algorithms, SageMaker frameworks, and custom models

« Support for inference pipelines and condition keys to restrict access to models
| adWws
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Multi-model endpoints
Significant savings for large-scale deployments

10 separate endpoints 1 multi-model endpoint
$3,430/month $343/month

EP-1
Model 1

EP

Model 1

EP-2
Model 2

Model 2

Model 10

EP-10

Model 10

Sample scenario: ml.c5.xlarge, $0.238/hour, 2 instances running %S
© 2022, Amazon Web Services, Inc. or its Affiliates.
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SageMaker Serverless Inference (preview)

Deploying ML models using SageMaker Serverless Inference
(Preview)

el Pham, Rishabh Ra 1audhury, and St Eige rde | 05 JAN 2022 | in Amazon Machine Learning, Amazon

SageMaker, Artificial Intelligence | Permalink | #® Comments | # Share

Amazon SageMaker Serverless Inference (Preview) was recently announced at re:invent 2021 as a new model hosting
feature that lets customers serve model predictions without having to explicitly provision compute instances or configure
scaling policies to handle traffic variations. Serverless Inference is a new deployment capability that complements
SageMaker's existing options for deployment that include: SageMaker Real-Time Inference for workloads with low
latency requirements in the order of milliseconds, SageMaker Batch Transform to run predictions on batches of data, and

SageMaker Asynchronous Inference for inferences with large payload sizes or requiring long processing times.

Serverless Inference means that you don't need to configure and manage the underlying infrastructure hosting your
models. When you host your model on a Serverless Inference endpoint, simply select the memory and max concurrent
invocations. Then, SageMaker will automatically provision, scale, and terminate compute capacity based on the inference
request volume. SageMaker Serverless Inference also means that you only pay for the duration of running the inference
code and the amount of data processed, not for idle time. Moreover, you can scale to zero to optimize your inference
costs.

Source: https://aws.amazon.com/blogs/machine-learning/deploying-ml-models-using-sagemaker-serverless-inference-preview/

aws

N



How it works

Creating a Serverless Endpoint

7]

@ Create /7= Create Endpoint

Model 5 Configuration

: 1 create_endpoint_config(

o N ‘
/\<\ : ! "ServerlessConfig":

: "MemorySizeInMB":
"MaxConcurrency":

Inference  Trained
Container ~ Model :
Image ¢

{
2048,
20

@ Create
: Endpoint

i——>» create_endpoint (

Amazon
SageMaker

SageMaker
Serverless Endpoint

e

AWS machine

> learning

© 2022, Amazon Web Services, Inc. or its affiliates. All rights reserved. Amazon Confidential and Trademark.




Our mission at AWS

Put machine learning in the
hands of every developer

dWs
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How to Build a AI/ML Kingdom

e Use what you need

Google Cloud



How to Build a AI/ML Kingdom

BEEmEMAHEES,

BEAREE
e Coding FAT#E — FRE AWS - SageMaker (EMEI &R LM )
e XE nollow code — i GCP - Vertex Al (FEE % Z no/low code BIE R FI#EEIERE )
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About Data Pipeline

Part of Google Cloud comprehensive data analytics portfolio
Source examples | Store | Use

Vachine data Data ingestion Reliable streaming data Data lake and data Data _Advanced analytics,
at any scale pipeline warehousing warehousing visualization, and integration
Sensor data @
efe e R R = O Looker
Weblogs, PEEN - __ P i |
Clickstream ° '( Cloud St L 0
Pub/Sub  Data Transfer Dataflow Dataproc oud storage i i;! |

Social data

Service ¢ Google Data APigee
| | °°‘F 3 Vertex Al Studio
Third-party data 6&6 I 1 o BigQuery

analysis 3
Transaction Cloud loT  Storage Transfer Dataprep Apache eng)ilne lll

. Beam BigQuery
data (OLTP) Core Service storage Partner Bl Sheets
tools
""""""""""""""""" Cl'oha'FDﬁEt'iSn'"""""""""""""""""""'"'"""'"""""""?’""
Tensorflow
i
A
Cloud Data
Fusion
%y
| R
("3

Data Catalog

i

Cloud
Composer



What’s Next
e MLOps
e Data Governance

Google Cloud



High Level MLOps Framework that aligns with Vertex Al

Training Serving
1 2 3 4 pm—
. . .. ontinuous
Experimentation (Re) Training Model Deployment R
Monitoring
EDA/ Training Pipeline Candidate Model Canary & A/B -
Prototyping pipeline dev CI/ICD Model generation Serving Testing - ISEE | gEitie e ekt
Data Feature Model Model R .,
Validation Engineering Training Evaluation 99

Model Management & Governance

Model Pipeline / Model Model ML
Registry Approvals Provenance Wipeout



Experimentation

Development > Data Feature Model Model > Training Pipeline > Source
datasets / Features Prep Eng Training Evaluation Automation Repository
E 2 Training

Pipeline
V' Parameters, metrics, artifacts Source Code

Experiment Tracking

Tools and services Key artifacts
+  Notebooks + Vertex Tensorboard + Development datasets
« Vertex Training - Vertex Pipelines - Features
« AutoML in Vertex Al « Vertex Feature Store « Experiments

+  BigQuery ML «  What-if Tool «  Parameters, metrics



Training

[ Training Pipeline CI/CD }

WV Training Pipeline Source Code

Orchestrated Training Pipeline

Development > : Data Data Data Model Model Model > Model Registry &
datasets / Features Extraction Validation Prep Training Evaluation Validation Artifact Store

} ~ Trained
.............................................................................................................. Model
v
Training Pipeline Metadata

Tools and services Key artifacts

+ Vertex Pipelines + Vertex Explainable Al + Training datasets + Pipeline Metadata

+ Vertex Training + Vertex ML Metadata + Features + Models

+ Cloud Build « Vertex Feature Store + Pipeline source code &

containers

« Artifact Store



Model deployment with monitoring

Model CI/CD

Serving data, features
Model Registry > : Model |y, | Automated |y, |  Model § p | Online > Live Production
& Artifact Store Staging Testing Release : Experiment < Data

Trained
Modal v T
Performance q 5 q
[ Alerts } | [ Tracking } | Logging & Monitoring
Tools and services Key artifacts
+ Vertex Prediction + Vertex Model Monitoring « Deployed Models
Vertex Pipelines + Vertex ML Metadata « Production Serving Data
Vertex Explainable Al « Vertex Feature Store « Features

« Artifact Store «  Online Predictions

3&4



Data Governance

iR RIEBRNE EHTBBOHESE,
MRA—FEBRAENER FRERSE, B, R, IBRUAER ERERA R

Data Capability Framework

@ Data Culture

________________________________________________________________________________________

Data

Data

Collect and @ Analyze and Al-powered
Producers Publish Activate outcomes

Consumers

Data Management
Data Governance

Framework Data Protection

Data Accountability

@ICI’OFI.ISIOIT


#
#
http://go/cloud-data-fw

Data Governance

At its most basic level, data governance is the practice of enhancing an organization’s data such
that it is discoverable, understood, protected, and trusted.

Data Governance Framework

Data Masking

Data Lifecycle and Records Data Ownership

Data Recoverability

(%]
X
—
s
qE’ Data Classification Management Data Encryption
@©
[ Data Policies & Standards
> Data Lineage Reference Data Data Access Management
43 Management
5 : ; Data Domain-Based
o Data Audit & Compliance
% Metadata & Data Catalog Master Data Governance
= Data Qualit Management Data Residency
uality .
>
g Data SRE Data Ethics
e}
©
S
o
o)
(-4

Data Management Data Protection Data Accountability

Data Governance Pillars
@ICI’OFI.ISIOI)



Data Governance

M50 E | SIS EMAMERUIRERR LT, SHAIW 25, B, §FE, fENEE
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Data Governance Framework

BigAEaEHR
FfCEEE
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RiEHEE

BIEBURIRE
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Data Management Data Protection Data Accountability

BiRaEMEERR
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Data Governance Framework
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Data governance in Google Cloud

How Google Cloud services can help you govern your data

Data Management

Create, secure, and manage data ’

Data Ingestion
Quickly and securely transfer your data into Google Cloud

el e - O |
C— - E 1l 3
N = | |- | .
Transfer Dedicated Partner Cloud Data
Pub/Sub . .
Appliance Interconnect Interconnect Fusion

" > 1
> O q. < >
g
Data Dataplex Dataproc
Catalog Metastore

- ~
., ~
N
— ’

4
,/ Central Storage K
/. Secure & cost-effective |

1 \

1 \

1

| (= i

1 I | Q :
! 1
\ Cloud

\\ Storage

1

BigQuery

Storage )/

Security
Ensure data is secure and users’
identities are verified

Processing & Analytics
“Bring your own processing” for descriptive & predictive analytics

R o: Q@ ¢

Dataproc Dataflow BigQuery Vertex Al

I o

O

Looker

Data Studio
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https://www.104.com.tw/job/7l08q
https://www.104.com.tw/job/7l08q
https://www.104.com.tw/job/7lovj
https://www.104.com.tw/job/6kaqu
https://www.104.com.tw/job/7bgim

Any Questions

linktr.ee/youjun
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