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

AWS of U.S. Dollars)
o 2006 EHHE—ERE (S3) [— 2020 :I(:l(()et 2019 2019 Moarket (2;::::10(;())
o I :]:T |:|:| I % EI’-E: 1#& ﬁﬁ ; 5& 75% Revenue Share (%) Revenue Share (%)
Amazon 26,201 40.8 20,365 44.6 28.7
GCP Microsoft 12,658 19.7 7,950 17.4 59.2
o 2008 FHHE—E Alibaba 6.117 9.5 4,004 8.8 52.8
AR 75 (App Engine) Google 3,932 6.1 2,367 5.2 66.1
o HTEIBASEEEHE Huawei 2,672 4.2 882 1.9 202.8
Others 12,706 19.8 10,115 22.1 25.6
Total 64,286 100.0 45,684 100.0 40.7

Source: Gartner (June 2021)

Cho1 f+EREiRTHX


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

Hih R% B EE S Amazon Leads $180-Billion
Cloud Market

AWS Wor!dwide r'narke't share of l*eading cloud infrastructure
service providers in Q4 2021
0 ctbRm L (B aws
o FITH/NibE, RMAERAE Arre T 21

& Google Cloud _ 10%

) AlibabaCloud - 6%
GCP ~ O
Coevcoud [ 4% By
- 2021 cloud infrastructure
e 2008 FHtHFE—E B 3% service revenue
¥ i 178 billion
AR#5 (App Engine) Tencentcioud [ 3% :E37% vs. 2020)

o RTEFZERENENR

* includes platform as a service (PaaS) and infrastructure as a service (laaS)
as well as hosted private cloud services

Source: Synergy Research Group
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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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Table 1. Worldwide laaS Public Cloud Services Market Share, 2019-2020 (Millions

Google EEE of U.S. Dollars)
o HIRMEBESHEE 2020 2020 2019 2019 Market 2019-2020
Company Market Growth (%)
FTAEIE. REFUKEE) Revenue Revenue  Share (%)
o Share (%)
o NIEZRE
f= B L Amazon 26,201 40.8 20,365 44.6 28.7
o BUfEIRTFEMRSE
o Microsoft 112,658 19.7 7,950 17.4 59.2
(K8s, istio, Tensorflow)
N . Alibaba 6.117 9.5 4,004 8.8 52.8
o ZEHRE A ZE (Hybrid Cloud)ayfi#
. L Google 3,932 6.1 2,367 5.2 66.1
R ZE (Anthos)
Huawel 2,672 4.2 882 19 202.8
Others 12,706 19.8 10,115 22.1 25.6
Total 64,286 100.0 45,684 100.0 40.7

Source: Gartner (June 2021)
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https://opensource.google/projects
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
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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/
https://aws.amazon.com/blogs/aws/announcing-amazon-sagemaker-canvas-a-visual-no-code-machine-learning-capability-for-business-analysts/
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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 . (ready to deprecate[1])

Vertex Al integrate , ML Engine, 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

CHO02 [1] Google Cloud ;2 HBH:R, EREHFZHIX A EEE|Vertex Al T,
ATHEHMBRBENRREATR [2] Vertex Al i) AutoML #1 AutoML EEZFRIEKREH#E, ERRARETSH,
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® Image classification (Single-label)

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

(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.




Instance

i Ll . . Classification . .
=am J: H‘]&#g E Classification '\ 1ioation Object Detection

R&R5 % (R, ZIRE)
[ {8 o 4R &5 &

o (HFAANIRES
o ORPER
o BIRITHR
o KB T S
o BHEE#E T —

CAT, DOG, DUCK CAT, DOG, DUCK
24 N 7

Y
Multiple objects

Semantic Segmentation

& o

Object Detection Instance Segmentation

ATEZREEREETNREEALTR


https://yuweichiu.github.io/%E4%BA%BA%E5%AD%B8%E6%A9%9F%E5%99%A8%E5%AD%B8%E7%BF%92/p0009-Object-Detection-S7-FCN/
https://www.itread01.com/content/1546830390.html
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|

o {EFRAMBIRA s Rk L -
AR

o)
* E u l ﬁ .ﬂ |] ® Regression/classification (O Forecasting
<
© % Predict a target column’s value. Predict the likelihood of certain events
Supports tables with hundreds of or demand.
¢} Eﬁﬁ* columns and millions of rows.
o HIBREBHRA

ATEZREEREETNREEALTR
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IMAGE TABULAR TEXT

(@ Text classification (Single-label)

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

VIDEO

A ==

(O Text classification (Multi-label)

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

(O Text entity extraction

Identify entities within your text items.

~~
N/

(O Text sentiment analysis

Understand the overall sentiment
expressed in a block of text.
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IMAGE TABULAR TEXT VIDEO

»

@ Video action recognition (O Video classification
Identify the action moments in your Get label predictions for entire videos,
videos. shots, and frames.

(O Video object tracking

Get labels, tracks, and timestamps for
objects you want to track in a video.
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e Quotas and limits | Vertex Al | Google Cloud
e Quotas and limits | AutoML Tables

e Quotas & Limits | AutoML Vision

e Quotas & Limits | AutoML Natural Lanqguage

e Quotas and limits | AutoML Video Intelligence | Google Cloud

e (Quotas & Limits | AutoML Translation Documentation | Google Cloud

ATEZREEREETNREEALTR


https://cloud.google.com/vertex-ai/docs/quotas#model_quotas
https://cloud.google.com/automl-tables/docs/quotas
https://cloud.google.com/vision/automl/quotas
https://cloud.google.com/natural-language/automl/quotas
https://cloud.google.com/video-intelligence/automl/quotas
https://cloud.google.com/translate/automl/quotas
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Your Data + Your Models Your Data + Google Models Google Data + Google Models
App Cloud TPU AutoML Video Cloud Cloud Natural Cloud Dialogflow

Engine

© 0

Cloud Kubernetes
Dataproc Engine

: L APl Text-to-Speech
Intelligence AutoML anguage ext-to-Speec

s B

Recommendations Cloud Cloud
Inference APl  Vision API

| Cloud Cloud Video  Cloud
; Translation Intelligence Speech-to-Text
- API API

AutoML Natural  AutoML
Language Translation

O

Compute
Engine AutoML Tables AutoML Vision
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Your Data + Your Models Your Data + Google Models Google Data + Google Models

Machine Learning
API
(ML API)

Compute

AutoML
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Your Data + Your Models Your Data + Google Models Google Data + Google Models

Machine Learning

Compute AutoML
API
(ML API)
<€ @ @ @
Build Train by Call

your own models Google's state-of-the-art models Google's perception APls
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Your Data + Your Models

oo@me W
SO o

-« @

Your Data + Google Models

Google Data + Google Models

a unified Al platform

Vertex Al

Build

your own models Google's state-of-the-art models

®
Train by

Call
Google's perception APls
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One comprehensive end-to-end platform for everything Al

Data Feature Training/ Model Understanding/ Edae Model Model
Readiness Engineering HP-Tuning serving Tuning 9 Monitoring Management
L] L] L] L] L] L] L]
AutoML
Vision Video Language Translation Tables Forecast BigQuery ML
Data Feature - i . Continuous
° CLabeling)C Store ) C Training )C Prediction )C Hybrid Al ) CMonitoring) C Metadata )
H.
ol
™Y [ J Vizier Explainable Al
B
°
( Experiments )
=

( Pipelines (Orchestration) )

( Deep Learning Environment (Deep Learning Virtual Machine and Deep Learning Container) )

( Workbench (Notebooks) )

no-code/
low code
workflow

Custom
development
workflow

Infrastructure
services/
Add-ons



How About Data

Google Cloud is significantly simplifying big data analytics

(v ) @

Deliver serverless Empower analytics Embed ML and Enable the best Build for enterprise
analytics, not across the entire drive an end-to- 0SS technologies at any scale
infrastructure data lifecycle end lifecycle



How About Data

Part of our comprehensive data analytics portfolio
Source examples | Store | [ Use |

Data ingestion Reliable streaming data Data lake and data Data _ Advanced analytics,
at any scale pipeline warehousing warehousing visualization, and integration
ofe p— 2 Q = O Looker
Weblogs, PEEN -__ P 1 |

Clickstream ° o( Cloud St . n

- Pub/Sub  Data Transfer Dataflow Dataproc oud storage i;! )
Service & Google Data ARigee
I | oo Vertex Al Studio !
Datapre, Apache analysis . i
Transaction Cloud loT  Storage Transfer prep Bpeam BigQuery engine |II 2] !
data (OLTP) Core Service storage Partner Bl Sheets '
T tools |
1
i Cloud Function ? :
Tensorflow
i
A
Cloud Data
Fusion
e
b )
A4

Data Catalog

hi

Cloud
Composer



BQML

BigQuery ML for
predictive analytics

Execute ML Iterate on models Automate
initiatives without in SQL in BigQuery common ML
moving data from to increase tasks, and
BigQuery development hyperparameter
speed tuning
éé

BigQuery is NOT just analytics



BQML

Classification

Regression

supported models and features

Logistic regression

DNN classifier (Tensorflow)
XGBoost

AutoML Tables

Wide and Deep NNsPreview GA 2022

Linear regression
DNN regressor
XGBoost
AutoML Tables

Wide and Deep NNsPreview GA 2022

Other Models

Model
Import/Export

k-means clustering
Time series forcasting

Recommendation:
Matrix factorization

Time series anomaly detection

Importing TensorFlow and XGBoost
models for batch prediction

Exporting models from BigQuery
ML for online prediction

Hyperameter tuning using Cloud
Al Vizier



BQML

Behind the scenes

Through two lines of SQL

Leverage BigQuery's processing power to build a
model

Auto-tuned learning rate

Auto-split of data into training and test
Null imputation

Standardization of numeric features
One-hot encoding of strings

Class imbalance handling




Last Pieces

Train with

Vertex Training
& TensorFlow

AutoML
& CloudML APIs

BigQuery ML

— Your Data | Your ldea | What position do you stand for

Making ML accessible for all audiences

ML

Developer

Data
Scientist

Use when Serve with

« Your problem doesn’t match the criteria
listed below for BigQuery ML or AutoML.

« You're already running training on-premises or
another cloud, and you need consistency across the
platforms.

« Your problem fits into one of the types AutoML

supports. Offers a point-and-click workflow. Ve

« Natural Language or Video models are served from Prediction

Google Cloud. While Vision and Tables support
edge / downloadable models.

« All your data is contained in BigQuery.
- Users are most comfortable with SQL.

+ The set of models available in BigQuery ML
matches the problem you're trying to solve.



https://cloud.google.com/bigquery-ml/docs/reference/standard-sql/bigqueryml-syntax-create#create_model_statement

A

Demo:

P PR



Google Cloud Platform 8 sandbox v Q  vertex

Vertex Al & Create dataset

Ii! Dashboard Dataset name *

untitled_1632885993746
E MEEREE Can use up to 128 characters.
&  Features

Select ada and objective
Q@  Labeling tasks typean )
First select the type of data your dataset will contain. Then select an objective, which is the outcome that you want to achieve with the trained model. Learn more about model types
B Notebooks
IMAGE TABULAR TEXT VIDEO
o Pipelines
= Training
A
A  Experiments A A ==
I ——
®  Models
[ N

@ Endpoints u
@& Batch predictions (O Image classification (Single-label) O Image classification (Multi-label) (® Image object detection (O Image segmentation
speas Metadat Predict the one correct label that you Predict all the correct labels that you Predict all the locations of objects that Predict per-pixel areas of an image
ik 2 want assigned to an image. want assigned to an image. you're interested in. with a label.

Region

us-central (lowa) v @

v ADVANCED OPTIONS

You can use this dataset for other image-based objectives later by creating an annotation set. Learn more about annotation sets

¥  Marketplace
CREATE CANCEL

<I




Google Cloud Platform 8 sandbox v Q  vertex

Vertex Al & untitled_1632885993746 untitled_1632885993746_. ¥ @ CREATE LABELING TASK :

IMPORT BROWSE ANALYZE
Ii! Dashboard
[El et Add images to your dataset
@  Features Before you begin, read the data guide to learn how to prepare your data. Then choose an import

method.
Q@  Labeling tasks

g TOMATO
B Notebooks Select an import method
+ Upload images: Recommended if you don't have labels yet
{5 Pipelines « Import files: Recommended if you already have labels. An import file is a list of TOMATO
Cloud Storage URIs to your images and optional data, like labels. Learn how to create
i=  Training an import file
A Experiments (® Upload images from your computer
5 Object detection models draw bounding boxes around

° Models O Upload import files from your computer items of interest. For example, identifying vegetables from
: (O Selectimport files from Cloud Storage images of food.
® Endpoints Instead of creating a custom model, try Google's Vision API

to detect generic objects, faces, and text. Learn more (£
Upload images from your computer
A Batch predictions
Add up to 500 images per upload. Images will be preprocessed and stored in Cloud Storage.

Hup Metadata

SELECT FILES

¥  Marketplace

<I



%’“ﬁﬁ*ﬂ' Lgﬁ%;ﬂﬁﬁ mﬁu #EE ¥ Formatting a training data CSV | AutoML Vision
= Object Detection | Google Cloud

CSV formatting guidelines

To use the importData method, both the CSV file and the images it points to must be in a Google Cloud Storage bucket.
Additionally, the CSV file must also fulfill the following requirements:

» The file can have any filename, but must be in the same bucket as your image file.

» Must be UTF-8 encoded.

* Must end witha .csv extension.

» Has one row for each bounding box in the set you are uploading, or one row for each image with no bounding box
(such as row 4 below).

» Contain one image per line; an image with multiple bounding boxes will be repeated on as many rows as there are
bounding boxes.

For example, rows 1 and 2 reference the same image that has 2 annotations ( car,08.1,0.1,,,0.3,8.3,, and
bike, .7, .6,,,.8,.9,, ). Row 3 refers to an image that has only 1 annotation
(car,0.1,0.1,0.2,0.1,0.2,0.3,0.1,0.3), while row 4 references an image with no annotations.

Four sample rows:

TRAIN, gs://folder/imagel.png,car,06.1,0.1,,,06.3,0.3,,
TRAIN, gs://folder/imagel.png, bike, .7, .6,,, .8, .9,

UNASSIGNED, gs://folder/im2.png,car,06.1,06.1,0.2,0.1,06.2,06.3,0.1,0.3
TEST,gs://folder/im3.png



https://cloud.google.com/vision/automl/object-detection/docs/csv-format
https://cloud.google.com/vision/automl/object-detection/docs/csv-format
https://cloud.google.com/vision/automl/object-detection/docs/csv-format
https://cloud.google.com/vision/automl/object-detection/docs/csv-format

ﬁiﬂﬁ _tﬁ mﬁ“ 2E &% Preparing your training data | AutoML Vision Object
A I Detection | Google Cloud

Labels and bounding box requirements

Label instances for training 10 annotations (instances) minimum.

Annotation requirements For each label you must have at least 10 images, each with at least one annotation (bounding
box and the label).

However, for model training purposes it's recommended you use about 1000 annotations per
label. In general, the more images per label you have the better your model will perform.

Label ratio (most common  The model works best when there are at most 100x more images for the most common label
label to least common than for the least common label.

label):
For model performance, it is recommended that you remove very low frequency labels.

Bounding box edge length At least 0.01 * length of a side of an image. For example, a 1000 * 900 pixel image would
require bounding boxes of at least 10 * 9 pixels.

Bounding box size (pixels) 8 pixels by 8 pixels minimum.

Bounding boxes per distinct 500 maximum.
image

Bounding boxes returned 100 (default), 500 maximum.

from a prediction request
You can specify this value as part of the predict request in the

params.max_bounding_box_count field.



https://cloud.google.com/vision/automl/object-detection/docs/prepare
https://cloud.google.com/vision/automl/object-detection/docs/prepare
https://cloud.google.com/vision/automl/object-detection/docs/prepare
https://cloud.google.com/vision/automl/object-detection/docs/prepare

Error details

MR EEENAR, BE—B TR

Operation ID: projects/593039475026/locations/us-
central1/operations/399735973493080064

Error Messages: Error: Unable to preprocess image. for: gs://mask-ai-
sean/train.csv line 2055,gs:/mask-ai-sean/train.csv line
2056,gs://mask-ai-sean/train.csv line 2057

Error: Unable to preprocess image. for: gs://mask-ai-
sean/train.csv line 2928,gs://mask-ai-sean/train.csv line
2929,gs://mask-ai-sean/train.csv line 2930,gs://mask-ai-
sean/train.csv line 2931

Error: Unable to preprocess image. for: gs://mask-ai-
sean/train.csv line 3220,gs://mask-ai-sean/train.csv line
3221,gs://mask-ai-sean/train.csv line 3222,gs://mask-ai-
sean/train.csv line 3223,gs://mask-ai-sean/train.csv line
3224,gs://mask-ai-sean/train.csv line 3225

Error: Unable to preprocess image. for: gs://mask-ai-
sean/train.csv line 3883,gs://mask-ai-sean/train.csv line
3884,gs://mask-ai-sean/train.csv line 3885,gs://mask-ai-
sean/train.csv line 3886,gs://mask-ai-sean/train.csv line
3887

Error: Unable to preprocess image. for: gs://mask-ai-
sean/train.csv line 1581

Error: Unable to preprocess image. for: gs://mask-ai-
sean/train.csv line 1694,gs://mask-ai-sean/train.csv line
1695,gs://mask-ai-sean/train.csv line 1696,gs://mask-ai-
sean/train.csv line 1697

Error: Unable to preprocess image. for: gs://mask-ai-

sean/train.csv line 2048,gs://mask-ai-sean/train.csv line
2049,gs://mask-ai-sean/train.csv line 2050
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* AutoML: Train by Google's state-of-the-art models
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Google Cloud Platform 8¢ sandbox ¥

Q

Vertex Al & untitled_1632885993746 untitled_1632885993746_. ¥ @ TRAIN NEW MODEL CREATE LABELING TASK H
IMPORT BROWSE ANALYZE
Dashboard
Datasets All 682 = Filter Filter items i =
Labeled 682
Features
Unlabeled 0 [] selectall
Labeling tasks Training 682
Notebooks Validation 0
Pipelines st 8
. = Filter Filterlabels =
Training
Experiments imeges -
Hiask 654 no_mask (6), mask (1)
Models
no_mask 270
Endpoints
ADD NEW LABEL

Batch predictions

Metadata

Marketplace

Items per page: 10w 1 =10 of many < >



Google Cloud Platform e sandbox v Q  vertex X v 2 e @

oon

Vertex Al & untitled_1632885993746 untitled_1632885993746_.. ¥ = @ H
- IMPORT BROWSE ANALYZE
Ijl Dashboard
[ Datasets All 682 = Filter Filter items == = 51
Labeled 682 4 N\
©  Features Training jobs and models
Unlabeled 0 [] selectall
® B Training 682 Use this dataset and annotation set to train a new machine
learning model with AutoML or custom code
B Notebooks Validation 0
i1y Pipelines Test 0 TRAIN NEW MODEL
= Training = Filter Filter labels <4
= Labeling tasks
A Experiments Images v
K6 KA KQ If your data still needs to be labeled, create a labeling task to have
mask 654 no_mask (6), mask (1) mask(1) others label it for you
®  Models Y
no_mask 270
@ Endpoints CREATE LABELING TASK
ADD NEW LABEL
A Batch predictions \_ "

i Metadata

no_mask (3), mask (2) mask (4)

W Marketplace

< Items per page: 10w 1-10 of many < >



Train new model Dataset

untitled_1632885993746 - @
@ Training method I

Annotation set
© Model details untitied_1632885993746_iod - @
© Training options Objective

Image object detection W

@ Compute and pricing

Please refer to the pricing guide for more details (and available deployment options) for
START TRAINING CANCEL each method.

@® AutoML

Train high-quality models with minimal effort and machine learning expertise. Just specify
how long you want to train. Learn more

O AutoML Edge

Train a model that can be exported for on-prem/on-device use. Typically has lower
accuracy. Learn more

(O custom training (advanced)
Run your TensorFlow, scikit-learn, and XGBoost training applications in the cloud. Train with
one of Google Cloud's pre-built containers or use your own. Learn more

CONTINUE




Train new model
@& Training method
© Model details

e Training options

@ Compute and pricing

START TRAINING CANCEL

- Model name *
‘ untitled_1632885993746_20219294146 (2]

Data split

(® Randomly assigned (O Manual (Advanced)

Your dataset will be automatically randomized and split into training, validation, and test
sets using the following ratios.

Training - - Validation - —~ Test - -
80 % | | 10 % ‘ ‘ 10 %

,ﬁ'

Encryption

[C] use a customer-managed encryption key (CMEK)

A SHOW LESS

CONTINUE



Train new model
@& Training method
Q Model details

e Training options

@ Compute and pricing

START TRAINING CANCEL

Goal Accuracy Latency
@ Higher accuracy Higher 800ms - 1,500ms
O Faster predictions Lower 300ms - 500ms

Please note that prediction latency estimates are for guidance only. Actual latency

depends on your network connectivity. Edge TPU predictions typically will have lower
latency.

CONTINUE



Train new model
@& Training method
Q Model details

e Training options

@ Compute and pricing

START TRAINING CANCEL

Goal Accuracy Latency
@ Higher accuracy Higher 800ms - 1,500ms
O Faster predictions Lower 300ms - 500ms

Please note that prediction latency estimates are for guidance only. Actual latency

depends on your network connectivity. Edge TPU predictions typically will have lower
latency.

CONTINUE



Train new model
@& Training method
Q Model details

Q Training options

© Compute and pricing

Enter the maximum number of node hours you want to spend training your model.

You can train for as little as 20 node hours. You may also be eligible to train with free
node hours. Pricing guide

Budget *
(

Maximum node hours

Estimated completion date: Sep 29, 2021 3 PM GMT+8

‘ Enable early stopping

Ends model training when no more improvements can be made and refunds leftover
training budget. If early stopping is disabled, training continues until the budget is
exhausted.




Google Cloud Platform $e sandbox

& mask-ai-sean-vertex_202181074449 [E] VIEW DATASET ¥ EXPORT
"1 EVALUATE DEPLOY & TEST BATCH PREDICTIONS MODEL PROPERTIES
lll
B T Filter Filter labels Confidence threshold @ ~——@ 0.5 loU threshold @ ———@ 0.5
e All labels 0
All labels
? mask 0.68372
B no_mask 0.51767 Average precision @ 0.649
Precision @ 94.2%
m o,
Recall @ 60.9%
= Created Aug 10,2021, 9:18:25 PM
Total images 898
A Training images 682
° Validation images 100
- Test images 116
@
To evaluate your model, set the confidence threshold to see
how precision and recall are affected. The best confidence
W threshold depends on your use case. Read some example
-2 scenarios to learn how evaluation metrics can be used.
1>
n. " N n. L. al 1 11 o




REGRE

Deploy to endpoint
o Define your endpoint

0 Model settings

DEPLOY CANCEL

@ Create new endpoint O Add to existing endpoint

Endpoint name * o

Location

Region
us-centrall (lowa) v @

Access

Determines how your endpoint can be accessed. By default, endpoints are
available for prediction serving through a REST API. Endpoint access can't be
changed after the endpoint is created.

@® standard
Makes the endpoint available for prediction serving through a REST API. AutoML and
custom-trained models can be added to standard endpoints.

QO Private

Create a private connection to this endpoint using a VPC network and private
services access. Only custom-trained and tabular models can be added to private
endpoints. Learn more

v ADVANCED OPTIONS

CONTINUE




e Al & ML
KT—%

o Why Model Deployment is hard
e MLOps - Capability We Need
o ¥ MRELAE (Data Governance)



Why is ML deployment/operation difficult?

DATA
COLLECTION

FEATURE
ENGINEERING

LOGGING &
MANAGEMENT

EXPLORATION
&
ANALYSIS
TOOLS

DATA
MANAGEMENT

MODEL TRAINING
AT SCALE

AUTOMATION MONITORING

SERVING
BATCH AND
ONLINE
PREDICTIONS

Inan IT system

Behavior of system is defined by Code

In an AI/ML System

Behavior of system is defined by Data



MLOps - Capability We Need

Software
engineering

Data
engineering

Data

pipelining

MLOps

Model
deployment

Data
science



MLOps - Step by Step

EEIH MLOps

streaming e No Code /Low Code
batch e Use pre-trained model
serverless e Sample code

Governance Visualization

e catalog real-time
e lineage concept report
e version control

CI/CD/CT Concept
Model monitoring
Service log




Streamline and scale with MLOps

Training Serving
1 2 3 4 pm—
- - .. ontinuous
Experimentation > (Re) Training » » »  Model Deployment P> o
Monitoring
EDA/ Training Pipeline Candidate Model Canary & A/B -
Prototyping pipeline dev Cl/CD Model generation Serving Testing ilgite | peieiklee el
Data Feature Model Model Retrain Triggers
Validation Engineering Training Evaluation 99
Organization & Maintenance
5 6
Governance & Management Monitoring & Visualization
Model Pipeline / Model Model ML Bl Dashboard

Log Monitor

Registry Approvals Provenance Wipeout and Report



Data Pipeline

ML Pipeline Operation Pipeline

Focus on Data

Focus on Model
3

., Training Serving .
. . o Continuous
Experimentation > (Re) Training » » »  Model Deployment » L
Monitoring
R —— PoTTTTTTTTT T PoTTTTTTTTT T
| M i Online / Hybrid / Edge | i Streaming / batch |
r Datafrocessing : Latency | ' Model / APl delivery |
__________________ 1 1
L | | o e e e e e e e e e e e e e 1
EDA/ Training Pipeline Candidate Model Canary & A/B o
Prototyping pipeline dev Cl/CD Model generation Serving Testing e PR R e ey
Data Feature Model Model Retrain Triggers
Validation Engineering Training Evaluation 99

Governance & Management

Model Pipeline / Model Model
Registry Approvals Provenance

Organization & Maintenance
6
Monitoring & Visualization

ML s e Bl Dashboard
Wipeout 9 and Report



Data Pipeline ML Pipeline Operation Pipeline
Focus on Data Focus on Model
3

Training Serving

Continuous
Monitoring

Online / Hybrid / Edge

Experimentation > (Re) Training » » »  Model Deployment »

__________________

Streaming / batch |
Model / API delivery |

Latency
EDA/ Training Pipeline Candidate ~TTTTT7C Model =~~~ """ ' Canary & A/B I__IVT _d_l__r_f ________ ; ot
Prototyping pipeline dev Cl/CD Model generation Serving Testing odel periormance monitoring
______________ . A t\f\. S SO
& B | 1 Integration HA, EFfG :
e BigQuery | i o AutoML (Vertex Al) , I e Pipeline (Vertex Al) e Batch Prediction, Endpoint (Vertex Al) i
e GCS \s © BQML i1 o TFX KFP o AutoML / Custom !
e Cloud SQL e Experiment (Vertex Al)* o o Visualization, Lineage o Streaming / batch |
° BlgTabIe | i e Vizer Studio (Vertex Al) | \::::::::::::::::::::::::: e Explainable Al (Vertex A|) |
e Spanner i ' e Tensorboard (Vertex Al) i f Runtime o AutoML i
e Dataset (Vertex Al) 11 e Training (Vertex Al) ' | o Container Registry o BQML !
e Labeling (Vertex Al) ! i e Feature Store (Vertex Al) ! i e Cloud Build o Workbench |
_____________________________________________________ | _® Anthos . Organization & Maintenance
Queue, Serverless i :' ETL i 5 6
e PubSub i 1 e Workbench (Vertex Al) j e . T
o Cloud Eunction |« Dataflow: Apache Beam | Governance & Management Monitoring & Visualization
e Cloud Run 1\ Dataproc: Sparkon Google ' ______________ ______________________.
________________________ 1 H I 1 ( ‘I FmoTTTTTET TR ________.____‘
¢ Data Fusion + 1 Data iy Model | | e datastudio | | e Logging
e Dataprep ! 1 e Catalog jap e Metadata (Vertex Al) !w e Looker Pri----on EEARET
| @ composer | | e Dataplex* | i e Model (Vertex Al) e - e
Tttt ! eDLP ' | e Apigee i

: in preview B it ttmmmmmmmomommo oo



BHRRGE
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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



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

BHRRGE

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
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Data Governance Framework
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