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Verification Monitoring
Configuration
Data Collection
ML Analysis Tools
Code
Serving S
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Infrastructure Machine
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Feature Extraction Management

Hidden Technical Debt in Machine Learning Systems
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https://papers.nips.cc/paper/5656-hidden-technical-debt-in-machine-learning-systems.pdf
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Endless EDW
BigQuery

Self-managed
data pipelines
Data Fusion,
Dataflow

Data models,
catalog
Looker, Data
Catalog

Machine
learning in SQL
BigQuery ML

Self-driving infra
BigQuery,
Dataflow,
Composer

Broad choice of
tools/language
Dataproc,
Dataflow

Data quality
llineage
Vertex Al,
BigQuery,
Dataflow

Real-time
capabilities
BigQuery,
Dataflow
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Explainable Al,
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Point-and-click
dev
AutoML

Collaboration
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Al Platform
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Images, videos
Vision, Video
Intelligence

Sentiment
analysis, entity
extraction
NL, Translation

Chatbots, voice
commands
Conversation

Fleet routing,
forecasting
Optimization
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Scalable model
hosting

Vertex
Prediction

ML CI/CD and
orchestration
Al Platform
Pipelines

Provenance and
lineage

ML Metadata
Management

Improvements
and retraining
Continuous
Monitoring
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Datasets

Select an objective

An objective is an outcome you want to achieve with a trained model. Don't worry, you can use this dataset for other image-based objectives later.

IMAGE TABULAR TEXT VIDEO
A
A A ===
B ——
[ N
|
® Image classification (Single-label) (O Image classification (Multi-label) (O Image object detection
Predict the one correct label that you Predict all the correct labels that you Predict all the locations of objects that

want assigned to an image. want assigned to an image. you're interested in.




Notebooks

Notebook instances NEW INSTANCE ' REFRESH » START mSTOP () RESET i DELETE
—_ > k

277k TEIK Jupyter Notebook ——
|:| ® Instance name Zone Environment Machine type

7_-\‘ —9 ﬁj\*ﬁ % “J_ ) L& j'aé: A 5% H O o example-instance OPEN JUPYTERLAB us-centrall-b NumPy/SciPy/scikit-learn 4VCPUs, 15GBRAM ~
O 0o credit-risk OPEN JUPYTERLAB us-west1-b TensorFlow:1.15 8VvCPUs, 30 GBRAM ~

. A E] (=] explanatinos-demo OPEN JUPYTERLAB us-west1-b TensorFlow:1.14 4VvCPUs, 15GBRAM ~

B I g Q Uery ‘b DataﬂOW % &ﬁ | O (=] finance OPEN JUPYTERLAB us-west1-b TensorFlow:1.15 4VCPUs, 15GBRAM ~
D (] finserv-codelab OPEN JUPYTERLAB us-west1-b TensorFlow:2.1 4vCPUs,15GBRAM ~

1 C PU b\ B 1 6 A1 OO i -tg (H] (=] fraud-detection-test OPEN JUPYTERLAB us-west1-b TensorFlow:1.15 4VCPUs, 15GBRAM ~
D (=] mortgage-dataset-fairness OPEN JUPYTERLAB us-west1-b TensorFlow:2.1 4VvCPUs, 15GBRAM v
|:| (] pipelines-08-29 OPEN JUPYTERLAB us-west1-b TensorFlow:2.1 4vCPUs,15GBRAM ~

G it %ﬁé O o redsox-demo OPEN JUPYTERLAB us-west1-b TensorFlow:1.15 4vCPUs, 15GBRAM ~
D (=] retail-forecasting OPEN JUPYTERLAB us-west1-b TensorFlow:1.15 4VvCPUs, 15GBRAM ~
O (V] sara-xai-tf2 OPEN JUPYTERLAB us-west1-b TensorFlow:2.1 16 vCPUs, 60 GB RAM ~
E] (=] sara-xgb-mortgage-codelab OPEN JUPYTERLAB us-west1-b TensorFlow:1.15 4VCPUs, 15GBRAM v
D (=] spectrogram-convert OPEN JUPYTERLAB us-west1-b TensorFlow:2.1 16 vCPUs, 60 GB RAM ~
D 0o stacko-demo OPEN JUPYTERLAB us-west1-b TensorFlow:1.14 4VvCPUs, 15GBRAM ~
D (V] test-06-06 OPEN JUPYTERLAB us-west1-b TensorFlow:2.1 4VvCPUs, 15GBRAM ~
r\ o ucaip-test OPEN JUPYTERLAB us-west1-b TensorFlow:2.1 4vCPUs, 15GBRAM ~

e
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Data sets
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Filter  Fifterdata sets

Name
spam_comments._bag_of_words
spam_cleaned
spam_cassification
untitled_1615243886556
untited_1614802847203
bike._data

wine_reviews

baking

Explainable Al ZF|FLT.
WEETIIVEHEmIEES
WELET

bakin

ingredients,

a
o
a
a
[m)
a
a
a
a
[m)
a

000000000 OQCTS

baking data

0
2681559326564286464
6199996535447486464
4247686096982376448
4451473980120891392
1706670744726929408
2756290932880965632
1770213720719360000
9213133384576925696.
6446234363511177216,

3588700399944597504

Region
us-centrall
us-centrall
us-centrall
us-centrall
us-centrall
us-centralt
us-centrall
us-centrall
us-centrall

us-centrall

Type
B Tabular
B Tabular
B Tabular
B Tabular
B Tabular
BB Tabular
B ext

B Tabular
8 Tabular
B Tabular

tems

Labels

Lastupdated §,
9 March 2021

9 March 2021
&March 2021
8March 2021
3March 2021

16 February 2021
13 January 2021
20 November 2020
20 November 2020

19 November 2020

Status Metadata
Created data set
Created data set
Crested data set
Created data set
Created data set
Created data set
Finished importing data
Created data set
Created data set
Created data set

Rowsperpage: 10w 1-100f many

Google Cloud
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Train new model

Select a pre-built container or build a custom container using ML frameworks (as well as
non-ML dependencies, libraries and binaries) that are not otherwise supported. Learn

@& Define your model e
@ Choose training method @ Pre-built container
. - . View the list of supported runtimes including TensorFlow, scikit-leam and PyTorch versions
, ' 2 9 l R I [T j‘% ﬁ I Z ]E *R l T— © Container settings I
> ~ (O Custom container
7 |7 7 .C*% /;FE é *L 1_ :E —_— © Hyperparameter tuning Build a custom Docker container. Must be stored in Container Registry
L—LALJ— 3 -ET)L %
. = © Compute and pricing
S . ) .
|~ _— I Pre-built container settings
L —_— / o Inference settings

Before you begin, you need to package and upload your application code and

dependencies to a Cloud Storage bucket. Learn more
START TRAINING CANCEL S

In order to run in a pre-built container, your code needs to be in Python 3.7

DL —=2T D3T7%FEFTL.

GPU £fERIL ThL—=2 S & MELET j
Vi Zie r 0) Eai ﬁ 1t 7 ) l/ j\ I) XA [ : J: é B gs// Package location (Cloud Storage path) * BROWSE

Learn how to package and upload your code and

/\/r/\o_/ \03)(_9;@%5& + ADD PACKAGE

Python module *

B8 gs:// Model output directory BROWSE
‘Your model artifacts and other data needed for training will be stored on Cloud Storage.

You should specify a path here if you do not set an output directory in your application
code or arguments;

Google Cloud
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HETURRAU EX

/Endpoints CREATE ENDPOINT

Endpoints are machine learning models made available for online prediction requests
Endpoints are useful for timely predictions from many users (for example, in response to
an application request). You can also request batch predictions if you don't need

immediate results.

HRZLI—F T

Au to M L -G To create an endpoint, you need at least one machine learning model
1’E E‘Zé*‘,f::Ei_\\)l/ pemigee (1owa) - @ ﬁk"éhf::Ej__‘\}l/

= Filter endpoints

O e Endpoint D Models Region
0De 8619010077484908544 1 us-centrall
\\:\ Q@ w 2518180694769795072 1 uscenlraly

NEAIL—LT—OTHEEIN-ETILOIRME
ETILEI TS 74990
IRRANNDR L BATENREITAR





http://www.youtube.com/watch?v=LaFYkAu3e3k
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AutoML
Vision Video Language Translation Tables
Data Labeling Feature ( Training )( Prediction )( Hybrid Al ) Cont.lnu.ous Metadata
Store Monitoring
Optimization
( Experiments )
Al Accelerators
Pipelines (Orchestration)
( DL Environment (DL VM + DL Container) )
( Notebooks )
\_ J

Google Cloud
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|¢e] Container Registry

;'/ Managed Pipelines

T 7—4i%i >4 ETIO — 5T = i ETILO
T — 2 T —HH&EL T3 %R ho—z o’ ET LT ET )VIREE Y
e s& .:
Data warehouse Il' Serverless Training Processing Il! Scalable Inference | I Artifact Store
BigQuery <.'/ Vertex Training ’( Dataflow c.'/ Vertex Prediction I I Cloud Storage
\ \ \

Google Cloud



Vertex Pipelines

TFX 4> Kubeflow pipeline %:& M

FEWNVENF-A—TY—X
Python SDK Z{# AL T
INATSAODIEE

BEbtsh,. A5 —57J LT,
Y—nN—L A, ERXBIENFL

taxi-pipeline-amyu-20210322183909

BlgQueryExampleGen

=4

1N
T

Pipeline run analysis

SUMMARY

Execution Info

VIEW J0B

Name
Type
Duration
Started
Completed

Input Parameters

Parameter

input_config

output_config

output_data_format it

@ completed

BigQueryExampleGen
aiplatform ContainerExecutiq
8 min 41 sec

Mar 22,2021,239:14 PM
Mar 22,2021, 2:47:56 PM

Value
{spiits:[{ ‘name":"sing}
‘pattern’: \n SELECT\n
pickup_community_area,
EXTRACT(MONTH FROM
trip_start_timestamp) AS|
trip_start_month.\n EXTR)
FROM trip_start_timestar
tip_start_houran
EXTRACT(DAYOFWEEK F
tip_start_timestamp) AS
rip_start_day\n
UNIX_SECONDS{trip_star
AS trip_start_timestamp,}
pickupatitudeAn pickup
dropoff_atitude.\n dropo)
trip_miles \n pickup_cens
dropof_cens tAn
payment_type,\n compar]

i nds\n
dropoff_community_area
FROM “bigquery-public:
data.chicago._taxi_trips 14
WHERE
(ABS(FARM_FINGERPRIN
| OXTFFFFFFFFEFFFFFE)|
My
{split_config™  splits*
hash_buckets®:2, ‘name}
hash_buckets™ 1, ‘namey
6

Google Cloud



Vertex Pipelines

INATSAUIZE B FETODYHE
JS5FMEM

INATSAVNIZE>TERAEN-FTARATD
T—TA77I9RDART—3%REFELET

ML O —5270—&{KT7—T4777h,
Rift. ARV BRURITDEH

& pipeline_job_1

9 SUMMARY  NODEINFO
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Vertex Pipelines

taxi-pipeline-amyu-20210322183909

@um eted | W E

TeLoNe

i

75%

ML A2 A4 DILIZEITS

CI/CD LEBREHE
T—T4279MT—43. ¥ E.
ETIL.NATZ5A40  EBER)D
BIEAREE. BB AN FUX
Kubeflow Pipelines &
TensorFlow Extension (TFX) @
H—/N\LRAEITEE

BT ML IL—LT—DI1Zx/ G
TensorFlow, Pytorch,
scikit-learn, XGBoost &

\
5

°

I¥  Resolverlatestmodel re

0

@sTop

Q aa

I
|

e Ll
l
o ssiescen

Examplevalidator

i

B

&
0

SchemaGen

Trainer

- B
°
3
& e ° =
o —
4 \“ \\‘
B ]
7 s
° =%

Pipeline run analysis

] SUMMARY NODE INFO
Executionlnfo & Completed
VIEWJOB  VIEWLOGS
Name BigQueryExampleGen
Type aiplatform.ContainerExecutiq
Duration 8min 41 sec
started Mar 22,2021, 2:39:14PM
Completed Mar 22, 2021, 2:47:56 PM
Input Parameters
Parameter Type  Value
input_config string {"splits™ [{"name": 'sing
‘pattern’ "\n SELECT\n
pickup_community_area,
EXTRACT(MONTH FROM
ip_start_timestamp) AS
rip_start_month\n EXTR
FROM trip_start_timestar
tp_start_hour\
EXTRACT(DAYOFWEEK A
ip_start_timestamp) AS
rip_start_day\n
UNIX_SECONDS(trip_staf
AS tip_start_timestamp
Resalverlatest biessed..
° pickup_latitude,n pickup
+ dropoft_lattuden dropo)
rip_miles,\n pickup_cen
| dropoft_census_tractn
[ payment_type:\n compar
; rip_seconds.\n
dropoft_community_ared
FROM "bigquery-public
. data.chicago. taxi_trps.t
WHERE
Resalveriatost blsssed..
° (ABS(FARM_FINGERPRIN
* | OXTFFFFFFFFFFFFFFF)|
0
| output_config st {'splitconfig® {"spits” |
- output_data_format int 6
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_ RREE
Development > Data Feature Model Model p | Training Pipeline > Source
datasets / Features : Prep Eng Training Eval § Automation Repository
% Training
.................................................................................. Pipeline
V  Parameters, metrics, artifacts Source Code
Experiment Tracking

Google Cloud



Vertex Pipelines IZ k&t F &

[ Training Pipeline CI/CD ]

WV Training Pipeline Source Code

FENRMTSAODEEFHIE

Development > Data Data Data Model Model Model > Model Registry &
datasets / Features Extraction Valid. Prep. Training Eval. Valid. Artifact Store

- Trained
Model

Training Pipeline Metadata

Google Cloud



Vertex ML Metadata TML 7—2270—®
ETCODAIT—E3%FE

Pipeline ML Platform / Workflow (e.g. TFX)
components/steps -

Graphical
User Interface

MLMD client libraries ------ ] [ | [ ] [ | [

Metadata and lineage ~ ------—---—]
about input/output

artifacts MetadataStore

[[_[ ArtifactType }*JL{ Artifact

Event
LL[ ExecutionType }-—@ Executlon
/ \ Components of
ML Metadata

| saLiteSource | | MySQL Source | |

SQLite
(on disk)

SQLite
(in memory)




Vertex ML Metadata

ML 7—5270—0
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ABAZEEFMICrSYFT
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T—T4770ca5 )L—T LT, A8
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ETILDERRRZENS VXTI

= ) GoogleCloud  $e uxproject

&

o I R & M 3 DO € B =

< md-artifact-20210310-131615

© tineageqraph | 100%
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Q a

o,
o>

@ 0 1 o Eeghk §
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Vertex Metadata
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__— AVTFATVR

———— MLOps
ML Metadata Store

o fEEFL—=24
e Google 0SS 7L THRML o #HTIO4q
Metadata M ;& H

NAZL AR T—H0OFT

o I A—FS54R SEEREBAR
e
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Vertex Feature Store

) Google Cloud ux-project v Q,  Search for products, resources, or docs v (=]
& < promotion EJ CREATE FEATURES  ® UPLOADVALUES /' EDITINFO I DELETE

FEATURES ENITITY TYPE INFO

Description Summary

a d maxime. Total columns: 6

A—R7—X[ET ML #8E : L =
HELTEIATS o =

“
O  Feature name Type Count  Missing Mean  Std. dev. Zeros  Values Most common Avg. string length Unique  Distribution Created
L —_— ~ o O promo.percentage T3z 870 3 57 o 6 Mino . - 7 101 AM, Jun 27, 207
N S
Medan: 52
B «:» ol
%E,*E ' ?E 1[ I a o o w0 o w0
O  promo_zipcode INT32 106 0 265 0 0 Min0 5 722 4 f 10:11 AM, Jun 27, 204
j \ ~TEI7< - 5
Max: 323 = H

O promo discountinfo  STANG 61 1 57 0 2 Mino “FREE RIDES” 6 [ 10:11 M, Jun 27,20
N W » Median: 52 Frequency: 454
N—=245 H—E>4
promo_offer-description  STRING Feature monitoring disabled 1011 M, Jun 27, 204
NE o °

O  promo_percentage INT32 342 0 57 0 0 Min0 - 999 g 10:11 AM, Jun 27, 20
Vedian: 52
Max: 80 =

O promo_zipcode INT32 735 7 265 0 87 Min:0 “Use this for free rides’ 6 687  4m 10:11 AM, Jun 27, 20
Median: 32 Frequeney. 122 w
Max: 323 2

&

g

3

Google Cloud
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e Training-Serving Skew
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Vertex Feature Store

= ) GoogleCloud 3o weprect - e
& < promotion ) CREATEFEATURES % UPLOADVALUES /' EDITINFO W DELETE

FEATURES ENITITY TYPE INFO

Description Summary

a d maxime. Total columns: 6

BHEEOHXALENA

2 t
FEREHBTIAHT I HEHES e e “
{fELNOST LY APl THS - | E—————————

o
o O promo_percentage INT32 870 o 57 0 % Min o
Vedian: 52
L Max: 80

R —5T - ERETHYEE S
H—E B EMENDASAY il W B A @ 1 GRE, Pow @
Y—EVINESIC

o

=)

promo_offer-description  STRING Feature monitoring disabled

=)

Training-Serving Skew Z##% i R

promo_zipcode INT32 735 7 265 0 87 Mino “Use this for free ides” 6

BB E LRSS ELRRT
B RSB ON L ILERGER

o

Unique.

™

99

B
o oW oW m w0

Created

1017 AM, Jun 27, 207

10411 AM, Jun 27, 207

1017 AM, Jun 27, 207

10:11 AM, Jun 27, 20

1017 AM, Jun 27, 207

1011 AM, Jun 27, 204



Feature Store @ API & SDK

Feature
Store

Data Lake
(BQ, GCS)

l

Batch Feature
Engineering

Streaming Feature
Engineering

Kafka/Pubsub

Feature
Management API

Batch
Ingestion API

Stream
Ingestion API

4(

Feature Discovery

Registry >
\

API

Online Store /

Feature Monltormg

{
g
1

Offline Store

> Online Serving API -  Online Prediction

Batch Serving APl —  Model Training

Google Cloud



Vertex Training

ARZL AT FITEKY

¥R ML IL—LT—91Z51

BHD GPU /—FZFIAT D

DEVFE O A EE

Google M &xE LY —)L Vizier [2& D
INAIN— INGA—R Fa1—

Train new model
Define your model
Choose training method
Container settings
Hyperparameter tuning

Compute and pricing

Inference settings

Select a pre-built container or build a custom container using ML frameworks (as well as
non-ML dependencies, libraries and binaries) that are not otherwise supported. Learn
more

@ Prebuilt container
View the list of supported runtimes including TensorFlow, scikit-learn and PyTorch versions

O Custom container
Build a custom Docker container. Must be stored in Container Registry

Pre-built container settings

Before you begin, you need to package and upload your application code and
dependencies to a Cloud Storage bucket. Leam more

In order to run in a pre-built container, your code needs to be in Python 3.7
Model framework *

TensorFlow -

Model framework version *
21 -

B gs:/ Package location (Cloud Storage path) * BROWSE

Learn how to package and upload your application code and dependencies

+ ADD PACKAGE

Python module *

M gs:/ Model output directory BROWSE

Your model artifacts and other data needed for training will be stored on Cloud Storage.
You should specify a path here if you do not set an output directory in your application
code or arguments.



Vertex Prediction [Z&BA T RRA U MESE

e TURRAUE

/Endpoints CREATE ENDPOINT

Endpoints are machine learning models made available for online prediction requests.
i eful for timely predictions from many users (for example, in response to

quest). You can also request batch predictions if you don't need d I

iate results

Models e |
trained with —9»> ' . <€4— trained with
custom code

us-central1 (lowa) -
AutoML

= Filter endpoints

O ®  Endpoint D Models Regi
D ° vl 8619010077484908544 1 us-centrall
@ o v 2518180694769795072 1 us'cenlral'\/

ZFEMLIL—LT—9DETILOHEGHY —E RERH
Bl—I R RANTCERETILEN—DaFERAHEE
R —ERADARE RFER % &R AT e



Vertex Model Monitoring
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i ML devel " Features r Features store Features
s evelopmen < Cloud Feature
:/ Notebooks l s
tore
v Code and
configurations
Features
Code repository f Training [ Retraining )
Q Cloud Source —> ) operationalization @ schedule
Repository L Cloud Build Cloud Scheduler
v Pipeline artifacts
o . Training
Pipeline i Co.nt.lnuous artifacts ¢ ML metadata
lU‘UI components —> iz} training %2 Vertex ML
L Container Registry & Vertex Pipelines #  \etadata
v Trained model
Model registry Model
“ @? Vertex Model _> )  deployment
W Registry Cloud Build
v Serving package
.il  Prediction serving ‘
'3, Vertex Prediction

Vertex Al [Z&5 MLOps Vi

Serving logs :;i Continuous monitoring
BigQuery . :/ Vertex Model Monitoring




Computing done

Y eR |
‘ ﬂﬂ i ) l This product is similar to
A ‘ ;‘l;‘ g e s ’ 1.BLK101750003 2.BLK101750004
“ »—‘{'-." ‘ [:\ l y ‘i ” Py ! A
) dh 4 2K b i 4 ] PR -
Visual features Wgmy | SAE 5 s a0 N Query product
(shape, color, style) & iy -*)en R Fa 4 U
£ = |
"‘ [ p - .
’ Q4 ‘( - similarity : 0.53184 similarity : 0.49584
4.5 b)
a
gv i — P_I. 6.8MZ0417M0009 7.AMR0118E0008
© ssimple
mosphere *woman
point because _
ent unceremon
Language fea.tur.es hie . 'elegant delicate Analytics
(product description) «coordination vele with Recommendation with insights of
¥ . S0 black Cloud Al the sense and use cases
scool “casua
lixuiry. . "9y “flower ' CTR, CVR and session time has

sexv increased significantly



Product recommender > Learning similarity

& Google Cloud

I I Tokenized sentences Word Embedding Product features Measuring similarity
I I cloud Storage Cloud Machine Learning BigQuery Cloud Machine Learning
"1'_  Tokenize Similarity result set
BigQuery

= Compute Engine

fTensorFIow |

........

nissen, -

. Product description
. .GustomerReview. . ... ...... .



An Odyssey of
Deep Learning
underwear
classification



http://www.youtube.com/watch?v=dLGREJvKeqg

Matching Engine

Vertex Matching Engine S RJ % &.

o AROUMNLIEBLUMBREZITASEH. KEDT—RIHLTHERMNDEELBRREFTIENTEET,

e MLETITIE, THFAMCEBLEDT—RANE. GRIERNIMNERT IOARTAJI1TEBLET,
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M5: Estimate the sales of Walmart retail goods.
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https://www.kaggle.com/c/m5-forecasting-accuracy/leaderboard
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