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Me in 2018



Vilnius
Microsoft

Data Platform
Meetup

Looking for
enthusiasts to
share their stories






Inspiration for the talk #1






Inspiration for the talk #2

One thing about Microsoft - they have
multiple ways to solve the same problem
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What's new % X

Data Lake Analytics

Microsoft

Elastic Stack - Elasticsearch, Kibana

and Logstash
Elastic

Machine Learning Studio Workspace

Microsoft

Machine Learning Experimentation
(Retiring)

Microsoft

Machine Learning service workspace

(preview)
Microsoft
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So what do you mean by saying
“Making Data Scientists Productive in Azure"?
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6 Data Science stories




Tom

o Full stack software developer
« Android, Node.|s, React

> Scan faces to decide what ad to
serve






Azure Cognitive Services

What is it?
Azure services with pre-built Al and ML models

What can you do with it?
Easily add intelligent features to your apps




Azure Cognitive Services - Overview

o Text analysis

« Computer vision

e \V/ideo analytics

e« Speech recognition and generation

« Natural language understanding (LUIS)
e Search
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Azure Cognitive Services - Summary

Key benefits:

« Minimal development effort

o Easy integration via HTTP REST

o Built-in support with other Azure services



Azure Cognitive Services - Summary

Key benefits:

« Minimal development effort

o Easy integration via HTTP REST

o Built-in support with other Azure services

Considerations:

« Only available over the web (an exception is the Custom Vision Service)
o Just partial customization allowed

o Limited support for Non-English languages



Mark

« Business Analyst
« Basics of statistical analysis

> Create a sales lead list




Azure Machine Learning Studio

What is it?
Drag-and-drop visual interface for ML

What can you do with it?

Build, experiment, and deploy models using
pre-configured algorithms
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Data Format Conversions
Data Input and Output
Data Transformation

Filter

Learning with Counts
Manipulation
Sample and Split

Scale and Reduce

4 | 4 | Machine Learning

Evaluate
4 Initialize Model

Anomaly Detection
Classification
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Regression
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OpenCV Library Modules

Python Lanquage Modules

R Language Modules




Binary Classification: Direct marketing » Evaluate Model » Evaluation results
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Azure Machine Learning Studio - Summary

Key benefits:

 Interactive visual interface

e Built-in Jupyter Notebooks for data exploration

e Direct deployment of trained models as web services
e Built-in support for other Azure services



Azure Machine Learning Studio - Summary

Key benefits:

 Interactive visual interface

e Built-in Jupyter Notebooks for data exploration

e Direct deployment of trained models as web services
e Built-in support for other Azure services

Considerations:

o Limited scalability (the maximum size of a training dataset is 10 GB)
e Online only

e Limited support for custom Python/R code



Lucy

« Mlachine Learning Engineer

e Python, Scikit-learn, Keras,
TensorFlow

> Estimate damage (repair cost)
In auto Insurance
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Service
Azure Machine Learning Studio-

What is it?
Managed cloud service for ML

What can you do with it?
Train, deploy and manage models in Azure using
Python and CLI

&



Azure Machine Learning Service -
Overview

« Python SDK

o Data preparation

« Compute targets

« EXperiment tracking
« Deployment targets



Azure Machine Learning Service -
Overview

« Compute targets
« EXperiment tracking
« Deployment targets



Azure Machine Learning Service -
Compute Targets

Training




Azure Machine Learning Service -
Compute Targets

e Your local computer



Azure Machine Learning Service -
Compute Targets

e Your local computer

e LiInux VM In Azure

« Azure Batch Al Cluster

« Azure Databricks

« Azure Container Instance

« Apache Spark for HDInsight



Azure Machine Learning Service - Compute Targets

1  from azureml.core.compute import ComputeTarget, BatchAiCompute

2 from azureml.core import Workspace

3 from azureml.train.dnn import PyTorch

5 # Get Azure secrets

6 ws = Workspace.from_config()

7 # GPU-based Batch AI

8 compute config = BatchAiCompute.provisioning configuration(vm_size="STANDARD NC&",
9 autoscale_enabled=True,
10 cluster_min_nodes=0,
11 cluster_max_nodes=4)

2 # Create the cluster in Azure
13 compute_target = ComputeTarget.create(ws, compute_config)
14 # Create experiment in Azure ML workspace
15 experiment = Experiment(ws, "My pytorch experiment"™)
16 # Set PyTorch estimator
17 pt_estimator = PyTorch(source_directory='./my-training-files"’,
18 compute_target=compute_target,
1S entry_script='train.py’,

.

use_gpu=True, ...)
# Submit training scripts
experiment.submit(pt_estimator)
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OFFICE, Monday morning, 9:00 AM

Hi Boss,

where is our
free coffee?
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down a 4TB RAM
cluster on Friday.

We have to save money
on everything else now.
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Azure Machine Learning Service -
Experiment Tracking

Training
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Experiment Tracking

= Workspace.from_config()

experiment name = 'train-in-notebook’

experiment = Experiment(workspace = ws, name = experiment name)

T =

run
run
run
run
run
run
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= experiment.start logging()
.log("accuracy"”, 0.95)

.log list("accuracies", [8.6, 0.7, 8.87])
.log image("ROC", plt)

.upload_file("best _model.pkl"”, "./model.pkl")
.complete()



Edit Metadata

from azureml.train.widgets import RunDetails
RunDetails(run).show()

Run Properties Output Logs
Status Running Uploading experiment status to history service. -
Adding run profile attachment azureml-logs/80_driver_log.ixt
Start Time 9/15/2018 7:15:37 PM
alpha is 0.00, and mse is 3424.32
Duration 0:00:20 alpha is 0.05, and mse is 3408.92
alpha is 0.10, and mse is 3372.65
Run Id train-on- alpha is 0.15, and mse is 3345.15
local 1537053337 839 alpha is 0.20, and mse is 3325.29
40780 - alpha is 0.25, and mse is 3311.56
alpha is 0.30, and mse is 3302.67
Arguments N/A
alpha mse
5 3400
0.2
3350
0.1
0 3300
0 2 4 0 2 4 G

Click here to see the run in Azure portal
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iteration

Pipeline
Scale MaxAbs 1, extra trees

Normalizer, kNN

Standardize, SGD classifier

Standardize, gradient boosting

Robust Scaler, SGD classifier

10f4

iteration metric

0.93564621

0.98376915

0.95410701

0.97145517

0.86/735521

Best metric

0.93564621

0.98376915

0.98376915

0.98376915

0.98376915

Status

Duration

0:02:45

0:02:44

0:02:36

0:03:03

0:02:24

Started

Sep 5, 2018 9:58 PM
Sep 5, 2018 9:58 PM
Sep 5, 2018 9:58 PM
Sep 5, 2018 9:58 PM

Sep 9, 2018 9:58 PM




Azure Machine Learning Service -
Deployment Targets

Native support:
« Azure Container Instance
« Azure Kubernetes Service
« Azure lol Edge



Azure Machine Learning Service -
Deployment Targets

Native support:
« Azure Container Instance
« Azure Kubernetes Service
« Azure lol Edge

Requires rework:
e Linux VMs
« Other cloud providers



Azure Machine Learning Service -
Deployment Targets

Deployment Make prediction Register model
! v
* = Web service or g Model
i‘_.; loT module i *  registry
|

'

Deploy Image Provide application or

scnpt that uses model

L )i /




Azure Machine Learning Service - Deployment Targets

1 from azureml.core import Workspace

2 from azureml.core.image import ContainerImage

3 from azureml.core.webservice import AciWebservice

- # Get Azure secrets

5 ws = Workspace.from_config()

6 # Save a model in Azure ML workspace

7 model = Model.register(model path="local model.pkl"”, workspace=ws, ...)

8 # Specify scoring and Conda dependencies files

9 image config = ContainerImage.image configuration(execution_script="score.py",
10 runtime="python",

11 conda file="myenv.yml", ...)
' # Create an image in Azure ML workspace

13 image = ContainerImage.create(name="myimagel”,

14 models=[model],

15 image config=image config,

16 workspace=ws, ...)

17 # Create Azure Container Instances

18 aci_config = AciWebservice.deploy configuration(cpu_cores=1, memory_gb=1, ...)
19 # Create a web service based on

20 service = Webservice.deploy from_image(deployment config=aci_config,

21 image=image,

22 workspace=ws, ...)

23
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Azure Machine Learning Service - Summary

Key benefits:

e Central management of scripts and run history

« Run model training scripts locally, and then scale out to the cloud

« Deployment and management of models to the cloud or edge devices
 Start development locally (offline)



Azure Machine Learning Service - Summary

Key benefits:

e Central management of scripts and run history

« Run model training scripts locally, and then scale out to the cloud

« Deployment and management of models to the cloud or edge devices
 Start development locally (offline)

Considerations:
o Stillin preview
e Python only



Rick

o Specializes in R
« Not allowed to push data to
Azure

> Create personalized treatment
based on individual health data



Server
Microsoft Machine Learning Service

What is it?
Cross-platform standalone server for predictive
analysis

What can you do with it?
Build and deploy models with R and Python



Microsoft Machine Learning Server - Overview

« Anew name for Microsoft R Server

e Install on Windows / Linux / Hadoop cluster

« Deploy models as web services packaged as container images
o Satisfy security and compliance needs of any enterprise
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Microsoft Machine Learning Server - Summary

Key benefits:

« Built on a legacy of Microsoft R Server and Revolution R Enterprise
« Advanced security options
e Deploy R and Python models as web services



Microsoft Machine Learning Server - Summary

Key benefits:

« Built on a legacy of Microsoft R Server and Revolution R Enterprise

« Advanced security options
e Deploy R and Python models as web services

Considerations:

e YOou need to deploy and manage Machine Learning Server in your
enterprise



Bradley

o Data Scientist
« Apache Spark, SQL

« Wants to spend more time

outdoors than exploring new
toys

> Create a solution to help

structural engineers better
monitor the health of bridges
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Azure Databricks

What is it?
Spark-based analytics platform

What can you do with it?
Build and deploy models and data workflows




Azure Databricks - Overview

Collaborative Workspace
« Notebooks

« User access

o Git iIntegration



Azure Databricks - Overview

Collaborative Workspace Databricks Runtime
« Notebooks « Apache Spark
o User access « Rest APls

o Git iIntegration o Libraries



Azure Databricks -

Collaborative Workspace
« Notebooks

« User access

o Git iIntegration

Deploy Jobs & Workflows
« Job scheduler

e Notifications & logs

o Multi-stage pipelines

Overview

Databricks Runtime
« Apache Spark
e Rest APIs

e Libraries



Azure Databricks -

Collaborative Workspace
« Notebooks

« User access

o Git iIntegration

Deploy Jobs & Workflows
« Job scheduler

e Notifications & logs

o Multi-stage pipelines

Overview

Databricks Runtime
« Apache Spark

e Rest APIs
e Libraries

Security

. Single sign-on (5S0)

« Access control list (ACL)
e Secrets via Key Vault
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wscala

spark.conf.set("dfs.adls.oauth2.access.token.provider.type", "ClientCredential")

spark.conf.set("dfs.adls.oauth2.client.id", "....")
spark.conf.set("dfs.adls.oauth2.credential", "....")

df sqlContext.read.format('csv') .options(header="'true’',

InferSchema="'true').load('adl://demo.azuredatalakestore.net/data/test2.
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Create Cluster

Cluster Name

big_data_conf_2018

Cluster Mode
® High Concurrency Standard
Optimized to run concurrent SQL, Python, and R workloads. Recommended for single-user clusters. Can run SQL, Python, R,
Does not support Scala. Previously known as Serverless. and Scala workloads.

Databricks Runtime Version @

TS

5.0 (includes Apache Spark 2.4.0, Scala 2.11)

Python Version @
3

TS

Driver Type

TS

Same as worker

Worker Type Min Workers Max Workers

Standard_DS13_v2 2 8 ¢ Enable autoscaling @

oW

Auto Termination @

¥ Terminate after 120 minutes of inactivity

Spark Tags SSH | oggin
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Azure Databricks - Summary

Key benefits:

e Probably the most mature development environment for ML on the
Azure platform

e Nicely integrated with other Azure services



Azure Databricks - Summary

Key benefits:

e Probably the most mature development environment for ML on the
Azure platform

e Nicely integrated with other Azure services

Considerations:
e Online only
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« Research and development

| need a sandbox to learn and

evaluate new tools

Joshua
o« Data Scien



Data Science Virtual Machine

What is it?
A virtual machine with pre-installed data science tools

What can you do with it?
Develop ML solutions in a pre-configured environment
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Data Science Virtual Machine???
It's not the cloud! It's just another VM in the datacenter!




Azure Data Science Virtual Machine - Summary

Key benefits:

« Probably the most complete development environment for ML on the Azure platform

« Reduced time to install, manage, and troubleshoot data science tools and frameworks
e Included the latest versions of all commonly used tools and frameworks

o Virtual machine options include highly scalable GPU images

Considerations:
e Online only









