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Bio / Short Intro

Currently:

* Al/ML Tech Specialist @ Microsoft

Past:

e Cloud Solutions Architect Al/AA @ Microsoft
e CTO @ Opscaling

e Solutions Architect @ AWS

* Cloud Architect @ Bestiario

* (...more)

Likes:

Being a Dad :)

Endurance Sports (specially Sky Running)

Open Source

Digital Fabrication
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No Longer an Individual Sport...
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Tip #1
Track your ML Experiments
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Building blocks for a Data Science Project
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Building your own Al models

Build and train

Accuracy
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Experimentation

R

——

_l’_

Leverage service-side capture of run metrics,

output logs and models

80%

75%

90%

85%

Use leaderboards, side by side run comparison

and model selection
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Manage training jobs locally, scaled-up or scaled-
out

95%

Conduct a hyperparameter search on traditional
ML or DNN



Tip #2

Leverage Cognitive Computing
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Azure Cognitive Services
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Uncover insights from all your forms

John Doe

Invoice no.
Date

Melbourn, Victoria Other Details

Unit price Amount
ith Blue P

Emb!

Subtotal
Discount (15%)

Total

US GOVERNMENT
LEASE FOR REAL PROPERTY
=

 THIS LEASE, made and entered into this date by and between YES!

Whose address is 1000 SECOND AVENUE, SUITE 1800
SEATTLE, WA 98104-1046

and whose interest in the property hereinafter described is that of OWNER
hereinafter called the Lessor, and the UNITED STATES OF AMERICA, hereinafter called the Government
WITNESSETH: The parties hereto for the considerations hereinafter mentioned, covenant and agree as follows:

1. The Lessor hereby leases to the Govemment the following described premises
A total of 172,322 rentable square feet (RSF) of office and related space, which yields 152,268
ANSBOMA Office Area square feet (USF) of space at Fifth and Yesler Building, 300 Fifth Avenue,
Seattle WA 88104, 10 be used for such purposes as determined by the General Services Administration.
The space is located on the main floor and on floors 4 through 12. Included in the rent at no additional
cost to the Government are 27 inside secure parking spaces and 40 bicycle spaces for exclusive use of
Government employees and patrons.

2. TO HAVE AND TO HOLD the said premises with their appurtenances beginning approximately
September 1, 2010 for the term of 10 years firm. The lease will take effect upon acceptance of space of
the first agency installed by the government and continuing for 10 years, subject to termination and
renewal rights as may be hereinafter set forth. The rent start date will be recognized via Supplemental
Lease Agreement (SLA).

The Govemnment shall pay the Leseor annul ron of $6,031,270.00 at the rate of $502,605.83 per
month in arrears. The first six (8) months are rent free. Rent consists of the following

Shell (taxes included) $3,706,646.22
Operating rent

Tenant improvement

Total

CREDIT APPLICATION

APPLICANT INFORMATION

EMPLOYMENT INFORMATION

CO-APPLICANT INFORMATION, IF FOR A JOINT ACCOUNT

Responsible Party

Insurance Information

Employer Questionnaire

IMPORTANT INSTRUCTIONS
Please tal us about the traning provided by the organisation that sent you this questionnaife. Your feedback wil play an
e term vaining’ 'S 1 learing ex
1 from your training
apoly. I you want 1o change your answer, fil n the entre

Exanple: (N MO0
ABOUT YOUR EMPLOYEES TRAINING

s were effectve in ther teaching.
had good knowled erinc industy
elate material 1o the workplace.
with the wraining
®commend the training 1o Ohers.

Assessments were based on realsic ackvifes.

y and practce.
recommend the raning or
The training was an efectie i
The training ref t prac
The training was effectvely integrated

Our employees gained the skils they need

Withholding allow
Netincome
Federal tax withheld

Check if federal tax withheld was not deposited with the IRS becaus
s vyt e o o

ihoiding Agents Name (f apalic

and 9)
ithheld) {see instructions)

a Withholding agent’s EIN ohis ode] 126
& entity's name.

d Withholding agent's name
e Withholding agent's Global Intermediary Identification Number (GIN)

f Gountry co 129 Forcign taxpayer identification number, if any

b Address (umber and street)

64|

ba Reapients name

o ddress umber and steel) fthheld | 17b Payer'

Jrformation about Form 1095-B and its soparate instructions is at WWW.rs.gov/form 1095b. I

3 Dateof bt (1SS i not avadable]

_

Direct Deposit / Automatic Payment Information Form

The fastest, most convenient way to manage your everyday financial transactions - and its fr

Three Easy Steps to Set up Direct Deposit or Automatic Payments

tap 1. Gather Account Information
utng umber TN I the account nformation o the kft s ot completed use the ol
o For Owrect Deport and Autortic aymant pam

o chahin Inte Prepesd Cord o mings
Account Number e

Routing
Number

ur Employer or |




Form Recognizer

Preview

Start with any type of form

Quickly extract test, tables and key value
pairs with simple REST API calls
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Tip #3

Prototype quickly
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Machine learning for any skill level

Welcome to Automated Machine Learning

Getting Started

Create your first experiment with automated machine learning to
produce quality models with zero effort.

Create experiment

What's Possible with Automated Machine Learning

Automate the process of algorithm selection, hyperparameter tuning, and best model selection
with automated machine learning, and accelerate your productivity. Select your data and let
automated ML do the rest to provide the best model from endless possible options.

Automated
machine learning Ul

e 0
[ Data Format Conversions
E.) Data Input and Output
&) Data Transformation

4 @ Machine Learning
4 Evaluate

Evaluate Model

4 Initialize Model

Classification

N

Regression
Boosted Decision ...
Decision Forest R.
Linear Regression

Neural Network R

N

Score
Apply Transformation

Score Model

Sample 1 - Regression: Automobile Price Prediction (Basic)

Visual interface

" Jupyter distributed-pytorch-with-horovod Last Gheckpoint: 5 minutes ago (autosaved)
File  Edit  View Insert  Cel  Kemel  Widgets Help Trusted

+ %< @ B 4 ¥ MRun B C M Makdown 4 | @ | i Edit Presentation @ Show Presentation

Gopyright (c) Microsoft Gorporation. Al rights reserved.

Licensed under the MIT License.

Distributed PyTorch with Horovod

In this tutorial, you will train a PyTorch model on the MNIST dataset using distributed training via Horovod across a GPU cluster.

Prerequisites

+ Go through the Configuration notebook to install the Azure Machine Learning Python SDK and create an Azure ML Workspace
« Review the tutorial on single-node PyTorch training using A:ure Machine Learning

In [ ]: # Check core SDK version number
import azureml.core

print("SDK version:", azureml.core.VERSION)

Diagnostics

Machine learning notebooks

Python 3



Machine learning for any skill level

Create a new automated machine learning experiment

Experiment name *
my_automated_ml_exp
Select a compute * ®
p filing enabled)
=1 C r‘pute%' Refrest put
ot

Select compute

Automated
machine learning Ul



Machine learning for any skill level

New capabilities in Azure Machine Learning service

Automated
machine learning Ul

<

Search experiment items yel

is Data Format Conversions

e_) Data Input and Output

?u Data Transformation

4 @ Machine Learning
4 Evaluate
Evaluate Model

4 lnitg?ize Model

Classification
4 Regression

Boosted Decision ...
Decision Forest R...
Linear Regression

Neural Network R...

4 Score
Apply Transformation
Score Model
ST

Sample 1 - Regression: Automaobile Price Prediction (Basic)

G Automonie pice ots o)

!

E + : ~
G select Colmns inDatoset

[ tresrregreszon

Visual interface

5+ 2B 4 v HAm m C

jupyter distributed-pytorch-with-horovod Last checkpoint: 5

1t (6) Micros

r the MIT License.

Distributed PyTorch with Horovod

In this tutorial, you willtrain a PyTorch model on the dataset using distributed training via

Prerequisites

Diagnostics

Machine learning notebooks




Machine learning for any skill level

New capabilities in Azure Machine Learning service

Automated Visual interface
machine learning Ul

"~ Jupyter distributed-pytorch-with-horovod Last Gheckpoint: 5 minutes ago

File Edit

View Insert Cell Kernel Widgets Help Trusted

+ < @ B 44 ¥ MRun B C » Markdown 4 @ i Edit Presentation @ Show Presentation

Copyright (c) Microsoft Corporation. All rights reserved.

Licensed under the MIT License.

| Python 3

In [ ]:

Distributed PyTorch with Horovod

In this tutorial, you will train a PyTorch model on the MNIST dataset using distributed training via Horovod across a GPU cluster.

Prerequisites

« Go through the Configuration notebook to install the Azure Machine Learning Python SDK and create an Azure ML Workspace
« Review the tutorial on single-node PyTorch training using Mwure Machine Learning

# Check core SDK version number
import azureml.core

print("SDK version:", azureml.core.VERSION)

Diagnostics

Machine learning notebooks




Tip #4

Automated Machine Learning
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Machine Learning is Complex

Transform, Binning,
Feature Generation,
Feature Selection

Algorithm Selection,
Ensemble, Parameter
Tuning, Retraining

Cross validation,
Model Metrics,
Testing

Feature
Engineering

Model Training

Model
Evaluation

Define Business
Objective,
Hypothesis

Business
Understanding

Data Acquisition &
Understanding

Inferencing,
Operationalization Performance
Monitoring etc.

Data Source

Wrangling,
Exploration &
Cleaning

Databases, Datalakes etc.
Structured,
Unstructured

Data Validation,
Cleanup and
Visualization



Azure Machine Learning

Automated machine learning

/N

How much is this car worth?



Model creation is typically a time consuming process

Which features? Which algorithm? Which parameters?

Mileage Gradient Boosted Baitmmeter 1

Condition Nearest Neighbors Pasameter 2

Car brand SVM Réira Geetgrl s Split

Model

Year of make Bayesian Regression Réira feetgrids Leaf

> > > > >

Regulations LGBM Qthers



Model creation is typically a time consuming process

Which features?

Mileage
Condition

Car brand

Year of make

Regulations

Which algorithm?

Nearest Neighbors

Gradient Boosted

SGD
Bayesian Regression

LGBM

lterate

Which parameters?

NrNeighrbors
Wsights
MatiSamples Split
Min Samples Leaf

XYX

m

Model




Model creation is typically a time consuming process

m

30%

Which features? Which algorithm? Which parameters?

15%




Automated Machine Learning accelerates

model development

Input

101010
010101
101010

Enter data

(&

Define goals

N1
N

Apply constraints

Intelligently test multiple models in parallel

70%




Understand the inner workings of ML by analyzing feature importance

Feature Importance 95% model Feature Importance 70% model

Mileage Condition
Regulations Year of make
Car brand Mileage
Condition Regulations
Year of make Car brand -
| l | l | | l | l
| I ] I 1 | I ] I
0 1

Enable model explain-ability for every automated ML iteration, not just the optimal model
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Azure Automated ML — Sample Output

AutoML_ab755820-4bfd-4e8a-8b4b-9e0a2446b1c2:
Status: Completed

! ' ' ' ' ' | ' ' l
0 10 20 30 40 50 60 70 80 90

v

Iteration Pipeline Iteration metric Best metric Status Duration Started Runid :

99 Ensemble 0.93702349 0.93702349 Completed 0:02:18 Dec 4, 2018 12:18 AM 0 .

10 MaxAbsScaler, LightGBM 0.93289307 0.93289307 Completed 0:01:22 Dec 3, 2018 7:49 PM 0

67 SparseNormalizer, LightGBM 0.9154763 0.93289307 Completed 0:01:31 Dec 3, 2018 10:19 PM &)

64 MaxAbsScaler, LightGBM 0.90148724 0.93289307 Completed 0:01:24 Dec 3, 2018 10:09 PM 1)

69 MaxAbsScaler, LightGBM 0.88975241 0.93289307 Completed 0:00:55 Dec 3, 2018 10:22 PM 0 y

Pages: 1 2 3 4 5 6 7 8 9 10 14 15 . Next Last [5 v|perpage
[r2_score v
AutoML Run with metric : r2_score
! °
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Automated ML

Where can | use it?

Training the Model

You can call the fit method on the AutolL instance and pass the run configuration. For Local runs the execution is synchronous. Depending on the data and B saenies [ Adaen X clo
number of terations this can run for while. You will see the currently running terations printing to the console.
fit method on Auto ML Regressor triggers the training of the model. It can be called with the following parameters ey e Customize Acrons
Parameter Description » riineshopper; Customize input fields 53
x (sparse) amay-like, shape = [n_samples, n_features] e et lesant s o you gt nd relsted enties You G Stz hem el o poceed it th ecommended inpus
y (sparse) array-like, shape = [n_samples, | [n_samples, n_Classes] p——
Mult-class targets. An indicator malix tums on mitiabel classifcation o see esscticrte

compute_target

Indicates the compute used for raining. local ndicates train on the same compute which hosts the jupyter notebook
For DSVM and Batch Al pleass refer 1o the relevant notebooks. Base entity

« 8 ontneshoppers
show_output Trus/False to rn on/of console output "
@ samisuatie
In [6]: local_run = experiment.submit(autonl_config, show_output=True) I

Parent Run ID: Autolil_e7ad236e-8935-4¢93-888d-1ea8310a6022

ITERATION: The iteration being evaluated. Froducicies
PIPELINE: A summary description of the pipeline being evaluated. roducelre Dursion
DURATION: Time taken for the current iteration v

METRIC: The result of computing score on the fitted pipeline.
BEST: The best observed score thus far.

 pagevaies
 specaony
ITERATION  PIPELINE DURATION METRIC BEST Vot
What's Possible omated Mac earni o Normalize extra trees regressor 0:00:12.069893 0.688  0.688 .
* with At hine Learning 1 Howmalize lightGan regrescor 152015 olsr  olsee
2 Normalize Elastic net 866233 0.689  0.689 @
3o T peOCEs O BGOATIM Selech S PIIMETE Tunng B . 3 Scale 0/1 1ightGBl regressor 069764 0.65  0.689
2 Robust Scaler KNN regressor 090668 0.59%  0.689 B o
weth machune learming and accelerate your prc 1 your data and let 5 Normalize 1ightGBM regressor 562876 0.689  0.689
. N 2 8 Samdd p " . 6 Robust Scaler KN regressor 361137 0.600  ©.689
h 0 the rest to provide del fro . 7 Normalize SGD regressor 10672 oloo  olsss
8 Scale 0/1 extra trees regressor 442752 0.685  0.689 ok e el
9 Robust Scaler Gradient boosting regres:00:09.567582 0.651  0.689

Automated Power Bl
machine learning Ul



Tip #5

MLOps — DevOps for Data Science
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« ,: Code reproducibility

v

N«

DevOps

Code testing

App deployment

MLOps

Model reproducibility

C
@ Model validation
V.

Model deployment

ce0@e- Model retraining



Model Lifecycle (Data Science PoV)

Cloud “
{5 AN
Model CI/CD

v
Apps A
* «
Validate Deploy Model ¥
Store Model Model [{"cat": 0.99218,
"feline": 0.81242 }]
Edge 4

ﬁ‘ /:v

Customize Model

K.
4 Publish Model
Batch Scoring
Data Scientist . w
A Batch Scoring
_ 1
Jupyter

w
Create Model Data La ke Collect
Model Data, Customer Feedback
Data, ...




MLOps with Azure Machine Learning

Collaborate Build app Test app Release app Monitor app

a Q9 4 A @

App developer
using Azure DevOps

Data scientist using
Azure Machine Learning

D Model reproducibility D Model validation D Model deployment D Model retraining




MLOps with Azure Machine Learning

Collaborate Build app Test app Release app Monitor app

20O % 4 & @

App developer
using Azure DevOps

Code, dataset, and
environment versioning

Data scientist using
Azure Machine Learning

D Model reproducibility D Model validation D Model deployment D Model retraining




MLOps with Azure Machine Learning

Collaborate Build app Test app Release app Monitor app

2 O—%—4 & @

App developer Train model Validate model
using Azure DevOps

Model validation
. & profiling

Data scientist using
Azure Machine Learning

vy

D Model reproducibility E Model validation D Model deployment D Model retraining




MLOps with Azure Machine Learning

Collaborate Build app Test app Release app Monitor app

2 O —% A48 @

-App developer Train model Validate model Deploy model
using Azure DevOps

! Model packaging
‘ Simple deployment
across cloud and edge

Data scientist using
Azure Machine Learning

vy
vy

D Model reproducibility E Model validation ﬂ Model deployment D Model retraining




MLOps with Azure Machine Learning

Collaborate Build app Test app Release app Monitor app

2 0¥ —a ®

App developer
using Azure DevOps

vy
vy
vy

Train model Validate model Deploy model Monitor
A model

Model
management &

. monitoring

Data scientist using Retrain model <

Azure Machine Learning
Model performance
analysis

D Model reproducibility E Model validation ﬂ Model deployment D Model retraining




MLOps with Azure Machine Learning

Collaborate Build app Test app Release app Monitor app

2 —0O—%—A ®

App developer
using Azure DevOps

vy
vy

vy

Train model Validate model Deploy model Monitor
model

. ( ' A Azure Machine Learning extension for Azure DevOps

Data scientist using Retrain model
Azure Machine Learning

D Model reproducibility E Model validation ﬂ Model deployment D Model retraining




MLOps with Azure Machine Learning

Collaborate Build app Test app Release app Monitor app

vy
vy
vy

a &

Train model Validate model Deploy model Monitor
A model

A
A

App developer
using Azure DevOps

A Audit trail management and model interpretability

Data scientist using Retrain model <
Azure Machine Learning

D Model reproducibility E Model validation ﬂ Model deployment D Model retraining
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Recommended architecture to build e2e ML solutions
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Streaming data

IE

Batch data

Ingest

Azure Event Hubs

Azure Data Factory

Store

-

Azure Data Lake Storage

Prep and train Serve

Model Serving

ul_Ju |
ul_fall_ful J
o e DD

Azure Kubernetes
service
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Operational Databases
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‘ ! R Cosmos DB, SQL DB

> Azure Databricks Azure Machine
Learning service
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Ad-hoc Analysis

-

—————————

Azure SQL data
warehouse

Power BI

—————b

Azure analysis
services



Wrap-up
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Microsoft Al platform

Al for every developer

e Microsoft



+20%

Increase in
customer satisfaction

2 FINANCIAL
f FABRIC

90%

Reduced time from
documents to insights

S

kodisoft

+32%

Increase in sales

TAL

40x

More insurance cases reviewed

Rockwell
Automation

S300K

Cost savings per day

200K

Customers interacting with
chatbots



What's next? Some closing thoughts...

- Read more about Team Data Science Process
- Try Azure Machine Learning!

Too basic ? Check further topics:
- Deep Learning

- Data drift

- Model Interpretability

-  GPUs and FPGA

- Transfer Learning


https://docs.microsoft.com/en-us/azure/machine-learning/team-data-science-process/overview
https://ml.azure.com/

Thank Youl!
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