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Azure ML — Integrated Notebook

Azure Machine Learning studio (Lt &SN T3S Jupyter B0/ -+JvIIRIE

Jupyter & DE #a4
- Jupyter Notebook &1 Vi—LZDE S T Al A o

+ Notebooks
L]
— o
- I O r = > B & A Jupyter Vv @ Compute: | computebuild2020 - Running v | G) -+ .| Python 3.6 - AzureML v |
El » ] )
computebuild2020 - Jupyter kernel idle Python 3.6.9| Ao 1B
. .
- M ditor, IntelliS & Gath £ =z
Onaco e I Orl n e I ense a er & D Ridge(alpha=1.0, fit_intercept=True, normalize=False, copy_X=True, max_iter=None, to
wv " " o
Train a mode 1=1e-3, solver="auto", random_state=None)
Linear least squares with |2 regularization.
B Ml Dx Minimizes the objective function:
2 3 Ily - Xw||A2_2 + alpha * [[w]|A2_2
I J L D X @ from sklearn This model solves a regression model where the loss function is the linear least squares function and W
~ from sklearn regularization is given by the I2-norm. Also known as Ridge Regression or Tikhonov regularization. This
27 from sklearn estimator has built-in support for multi-variate regression (i.e, when y is a 2d-array of shape [n_samples,
. \\'_: )I:I: import math = n_targets]).
° G It & %IJ % l_/ 7.'_ I\ EE b Cl C D @ 0 Read more in the :ref: User Guide <ridge_regression> .
k_. K alphas = [o.
% Parameters
for alpha in
9 -~ } I/ % \ 7_ g }_l_ —I.:— \ o I_|_I print("a alpha: {float, array—lilke), shape (n_targets) Regularization strength; must be a positive float.
° — L -— 0) L E_ model = Ridge(alpha=alpha))
Pz CEHEOEWRIEERTE 2
model.fit(X=X_train, y=y_train)
8 y_pred = model.predict(X=X_test)
rmse = math.sqrt(mean_squared_error(y_true=y_test, y_pred=y_pred))|
print("rmse", rmse)
VS ( : O d e J lJ D (P reVI eW) model_name = "model_alpha_" + str(alpha) + ".pkl"
filename = "outputs/" + model_name
Abe Omorogbe
VS C d ‘.— 0) i i é n -L\b joblib.dump(value=model, filename=filename)|
. ode [C%Z EE | e |

- ANR—=AT Jupyter Notebook Z%E1T9 5 - Azure Machine Learning | Microsoft Docs



https://docs.microsoft.com/ja-JP/azure/machine-learning/how-to-run-jupyter-notebooks
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https://docs.microsoft.com/ja-jp/azure/machine-learning/concept-automated-ml

Azure ML — Designer
BWMEEOETIVEE, TAM TT0153EHDEIATIVINAT (1Y

Microsoft Azure Machine Learning

AN = azureml > FHAF— > {ER
W o5 TRL |
/| RY << His K==y IMT51Y  UTLIA LERIA T5A Y
@ R—L4 -
e Oz, 57 BETREUET |  EmomEIL-RE 5 zromonL | | am |
[El' Notebooks R o ~
% B A 105 EORE o b @ soRErs 9o oom v A Q & P ) =R EROBBERR
j: 1 } I/ & Ffr— ) Sample datasets (16)
) Data Input and Output (3)
é 1 l /: ') | — 7wk
E B Pty h » Data Transformation (19) 8 catdog
/ = ~ \ 7 I ~ \ L =% » Feature Selection (2) C\
[ ] ~ (RO PP ) statistical Functions (1) O
\ — Eabe @® Convert to Image Directory
\ @ 7N ¥ Machine Learning Algorithms (18) Convert image dataset to “Image Directory”
— LN sz =
° :E ) [/ r=A ﬂ-;.l E ),_| / \* { ’ 7 z 57 IJ / 7 @ TYRRIVE RegiRson (e - N
rh \N 7] / SN\ 55:1 4 Boosted Decision Tree Regression /
R Microsoft X
—\V S avea-—51v7 O
r : .
\ I Creates a regression model using the Boosted ® s
plit Image Directory
o ° 8 F—ox k7 Decision Tree algorithm.
/ 11/6/2020 _ Split the input dataset into training/validation
F=5 DI NI @ Init Image Transformation 5
4 Decision Forest Regression Initialize transformation which will be applied O o)
R Microsoft .
Creates a regression model using the decision e o
forest algorithm.
11/6/2020
Vavay I o —_ ~ ~ - =/\T1T0O | —_\\
*ﬁ EIS - / \ ’ / li y — ! ) b 2 l = Hﬂ ER ( & Fast Forest Quantile Regression
j i% - o A L A Microsoft
Creates a quantile regression model
W 11/6/2020 O O - N
D n b / \ W I 7 ® Apply Image Transformation © Apply Image Transformation
H b \ £ Linear Regression Apply transformation defined by Init Image Apply transformation defined by Init Image
8 Microsoft =7
Creates a linear regression model. 7 .
11/6/2020 ] /f

Azure Machine Learning T Y1+ —¢ (4 - Azure Machine Learning | Microsoft Docs



https://docs.microsoft.com/ja-jp/azure/machine-learning/concept-designer

A FEIRIE (DEER

Azure Machine Learning ¢E#EL FIB IR FEIRIE (IDE) 21857 LT,

Azure Machine Learning DV®—JF
Compute Instance flICEBINICHEERIN., BEREEINS,

ERXTIR-FEINTVBRERIE APl ZAIYVAMIEBEHTT,
Azure CLI v2 (Preview) ED API (T IAIFTRERAVAR-ILENTUVE R A,

X$5R IDE : Jupyter Notebook, JupyterLab, Visual Studio Code, R Studio
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1-YB 5 CRIEEZHELERBTETINENHS,
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f5 : PyCharm, Visual Studio, Vim #%¢



Azure Machine Learning APl MD3E1R

Azure Machine Learning (& Web 12597J1—-2X (Azure Machine Learning Studio) H'o
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Python SDK

R SDK » X deprecated

Azure CLI Azure CLI

REST API
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JOU3IVJEZBOE =HD5 Azure Machine Learning THIFH Y% APl &
BEIRTBDEARNBAMSIA1UTY,

Python

Python SDK . Azure CLI v1 OFBHERXYN-FSNTVET,
FFRBIICE Azure CLIE v2 [CBITSNS FERD TH AZRE IS,

R SDK (3 deprecate SN=M T, Azure CLI v2 ADZEZL - BITERFI IS,

Z0ft (Julia &)
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Designer F—H3

Azure Machine Learning Designer ZF| B9 30N ~EBEF—Y
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Machine Learning Algorithm Cheat Sheet
This cheat sheet helps you choose the best machine learning algorithm for your predictive analytics solution.
Your decision is driven by both the nature of your data and the goal you want to achieve with your data.

B Microsoft Azure

Multiclass Classification

Answers complex questions with
multiple possible answers
Answers questions like: Is this A or B or C or D?

Fast training times,

linear model
o
i

Depends on the
two-class classifier

Depends on binary classifier,

Non-parametric, fast
training times and scalable

Two-Class Classification

Text Analytics

Derives high-quality information from text
Answers questions like: What info is in this text?

Sroup ettt ars s What do you want to do?
Creates a dictionary of n-grams
from a column of free text

Converts text data to integer
encoded features using the

Vowpal Wabbit library

Performs cleaning operations on text,
like removal of stop-words, case

normalization Recommenders

Converts words to values for use in 'A"e"'ﬂ; what syn_mnle v-;;l:l:.be;,mm::-":
NLP tasks, like recommender, named \nswers the question: What will they be interested in?

entity recognition, machine Hybrid recommender, both collaborative

translation filtering and content-based approach
Collaborative filtering, better performance
with lower cost by reducing dimensionality

Answers simple two-choice questions,
like yes or no, true or false
Answers questions like: Is this A or B?

| Ee
linear model

[T SR R st i, nea mocel
e
[T oS st i, inear model
=
=

Image Classification

Regression

Makes forecasts by estimating the
relationship between values
Answers questions like: How much or how many?

BisdicB S dstbLuSH Separates similar data points into intuitive groups
Ansuwers questions like: How is this organized?

e

Predicts event counts Accurate, fast training,
large memory footprint

Accurate, long training
times

Fast training, linear model

Linear model, small data sets

Accurate, fast training times Anomaly Detection

Classifies images with popular networks
Answers questions like: What does this image represent?

[ et g gy

Identifies and predicts rare or unusual data points
Answers the question: Is this weird?

e

© 2021 Microsoft Corporation. All rights reserved.  Share this poster: aka.ms/mlcheatsheet
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Accurate, long training times.

Accurate, fast training times,
large memory footprint
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https://docs.microsoft.com/ja-JP/azure/machine-learning/algorithm-cheat-sheet
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Cookiecutter Data Science
. Home - Cookiecutter Data Science (drivendata.github.io)

DSLP

dslp/dslp: The Data Science Lifecycle Process is a process for taking data science teams from Idea to Value
repeatedly and sustainably. The process is documented in this repo. (github.com)



https://drivendata.github.io/cookiecutter-data-science/
https://github.com/dslp/dslp
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RAEYIR-FEN TS Compute Target

< Compute Targets FH 7704
c I
>

Local Computer v

A Linux VM in Azure (such as the Data

Science Virtual Machine) v

CO m pUteS Azure ML Compute Clusters v v

Azure ML Compute Instance

Computes [FFEBAIVTbEETLEVET Azure Databricks /
VEERARTRAN 30D EYY-2 R _ ;
¥ zure Data Lake Analytics

° Azure HDInsight v

Azure Machine Learning Python SDK, CLlI,
Studio MoAERLIEA BRI RIENTEXT,

Azure Container Instance

Azure Kubernetes Service

BEOVY-RET7IYFIBIEETEET, Azure loT Edge

ETRT-WTYT - AT=WTIT BN TEXT,

Azure Functions (preview)

AU N B N N N

Azure App Service (preview)

Azure Synapse Spark Pool (preview) %

Azure Arc enable Kubernetes (preview) v v



DEEFEE (Distributed Training)
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Data Model

Data Parallelism

« FAILETINES GPU [CEEELT. T2 2 E|LED%% GPU
DETNVICADLTHENDZE L REICENDEREZESTTS

= WIARBICZZNYTF A AN AKEZBBREITEENLE

Model Parallelism

s TFNDR/C-YE GPU [ EERELTT-9E2B AN L. Data

GPU BITIEUN-POE RS ELDDETINODETERTD

» PEECEDEAIIEAICHEE T2 EEOHNIEEZDEDE D
LA ETB55EHD

Model

SEL—-Z07 ¢4 - Azure Machine Learning | Microsoft Docs



https://docs.microsoft.com/ja-JP/azure/machine-learning/concept-distributed-training
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Distributed GPU Training | Azure Machine Learning



https://azure.github.io/azureml-cheatsheets/docs/cheatsheets/python/v1/distributed-training/
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Azure Machine Learning L THEIFEE (Distributed Training) #3935 5% 5T
LET,

Azure Machine Learning #1717

EEBFEHTCLEDONS GPU DD EEZ DM Azure ML D APl [CBESNTVWET, I-FF
A-HRICHEFEITIHNELNHYFITA, BERNBIVIIE D DIEE - ERX Azure [CBEETEEY,

- MPI AL

PyTorch
° PyTorCh Lightning
- TensorFlow

>
Distributed GPU Training | Azure Machine Learning @

(A


https://azure.github.io/azureml-cheatsheets/docs/cheatsheets/python/v1/distributed-training/
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Azure Machine Learning El{EE#&HY
EROEMFEET IV T ALDDEF B OHRE L E R Azure ML O API A6 IFIRELTVEE AN,
Comunity A=ATHY YT I-tPS1TIUNREINTWET, IVEI-T1VT ISR~ L THFATESR5.
BT VM 28R THETSIVERBICTHERIRTEEXT,

« Spark

« DASK

« RAY
SEETKE
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Azure Machine Learning ETN\1/\=/\SX-5F1-227 (Hyper Parameter Tuning)
ZEREILHELRFTLET,

« Azure Machine Learning [Z[& Hyperdrive & WO\ /N\=/\SX=FF 1227 DEEEED
AELSN TV, Hyperdrive [ “Grid Search”, “Random Search”, “Beysian
Optimization” @ 3 DDFENELEINTNET,

. A-TVY-A77./)0I-0 Optuna, FLAML, NNI €% Azure Machine Learning £ET
FATBIENTEZXT,

ETIDNIN=INTA-F—5F%EE - Azure Machine Learning | Microsoft Docs



https://docs.microsoft.com/ja-JP/azure/machine-learning/how-to-tune-hyperparameters
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Results

@ Dockerfil
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Environment
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Pipelines

120 Azure Machine Learning Pipeline (&
FTERLIEBFEEIAIDT-II0-%%0.

BHEEORYTIRT AT V%K
HI5—EDFIELLTREINS

Azure Machine Learning Pipeline [Z[&. Python XZ7U7h
ERUHILETOYYTINEEDND, HoDBIEEEITISE
DETEFET .

JARJ

Pipelines [FA T DL BHEMFEE I AT (CTA-NA:
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s |
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https://docs.microsoft.com/ja-JP/azure/cloud-adoption-framework/innovate/best-practices/ml-deployment-inference

HEsm R (DEEIR

IR U TCEYIGHERIRIEICET VAT JOM1LET, Azure Machine Learning D#gEs L THR-FENT
WEHERIRIBEE T EE T,

HERE HE IS RE AEEIE GPU a5 AVTVIA RiE
Local Computer Both v v TAL- TNy
Azure Container Instances Real-time TAN-TNYT
Azure Kubernetes Service Real-time v v v U7 W1 Lt
élzure ML Compute Batch v " IOy FHER
uster
é;::lf Fs)zr;;l:wpse Analytics Batch y v Ny FHER
Azure loT Edge Realtime v v loT Ty JHsm
Azure Arc Both v v v v IMTYyR

EHEEOBMFEHEE - Cloud Adoption Framework | Microsoft Docs



https://docs.microsoft.com/ja-JP/azure/cloud-adoption-framework/innovate/best-practices/ml-deployment-inference
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MLflow

BWRFEEDOIMITAMINEERTEA-TVY-ADT 5V ITA-L

- EE® Experiment
- BIRM4 Reproducibility
- 7704 Deployment
- T JVEE Model Registry

- APl First

- HoWBEMFEET VI
- Python, R. Java. REST AP

- AVTVIR & 57 THIFARIBE

MLflow - A platform for the machine learning lifecycle | MLflow

mIfI)w

> 9.9k stars, 319 Contributers on GitHub


https://www.mlflow.org/
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IR1E (Environments) DG EDIRET

IRIE (Environments) DEREA EHIT A CHIREOEVWETINFE - ET IV HREITO
ZENTEBLDICHYET, $5(C Python /NI -V IIER (CHEMBKERBBRTERINTL
2EDNZ N6, IRIBOMREFEELEE2EELET,

T, MW EEOEERCIIAITHELE(TOEO. BEEDYI I I7RIECIEMEENES
TLES578. Data Scientist ’"$H312E B H USKVFEI‘H*E@I)%iﬁ%ﬂ‘ﬁﬁ?%%\%h%Ui?'o

« conda YAML H
</> * pip requirements —- w ——

 DockerFile

NT—IKEREROERIT7II Docker 1 X—3Y 1218 (Environments)
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Azure Machine Learning E CEEBRZEHHEND—E%CE
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Azure ML Studio (AutoML, Designer)

LET,

ETIVORBEREEARNBANYIPOJ(EBEE TEUS

£E O Python J-FT3E%
Azure ML Python SDK N

Azure ML D#gE% )L Y R—-k

£E O Python J-FT3E%

MLflow (+Azure ML) xnFEER

Auto Logging % & & RERIB B REN'F FE AT 68

Third Party D77 n/a

ZHIEEHINI-Y BB TREBREERNOE

FHTERBREE(CEVEDIH S Azure ML Python SDK OFBZH#RELET, -, MLflow ZEWEN TV,
MLflow DEFIGHERE (1F(C Auto Logging) ZF B LEzW\HE L MLflow OFFZEREET<IZEL, Azure CLI v2 + YAML
TMIITEIT (Preview) DY FTUATE MLflow ZFBW\BZE T Python SDK DEEENAEICLES (I-FEEHNARE) &L

XUy EHYET,




EBIRDEZEN1 51 (cont'd)

MLflow (+ Azure ML)

Azure Machine Learning [Z[& MLflow Tracking Server BT M1V &Y. MLflow D API %
ERALTERTEITEIENTEXT,

A Azure Machine Learning — @ ol
Azure Power Bl
»  MLflow Tracking Server T RiA Yk Synapse
Logging APl | [T [ [ Analytics
Tracking URI —
Model API B 7= @
Artifacts Metrics Models Artifacts Metrics Models .4
AiferTA"’i’A?feLffar?,l?,?g?xv;i‘i?n?fn??l AP
Azure Machine Learning Models
Azure
»
Azure Machine Learning Endpoints —t—sPPP» Kubernetes -
DD .
Service
FER FEREIE -k 7704

7LD MLflow 1B - Azure Machine Learning | Microsoft Docs



https://docs.microsoft.com/ja-JP/azure/machine-learning/how-to-use-mlflow

%<® Python /0y —IH A V9 -2y MADEEEEBELTHY., X1V T1DE S TONB T I EAESIRT
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ishicicidy N -

T =JURI NI T BBIEZEFA] « pip ¥ conda ENIVYE, 1T5V%ZDFEXERTES o J\UT-JHEFITOFRAISEELL

FLEAD Proxy ZFAEL T, FFRILE/\WT—Y
UIRI MU D+ Proxy fREHTOBIEEEFA]

pip ¥ conda EOIVYF, S1T5V%EEZDFXFEATES
O-HbFvyy1E LTHERET 2128, TAADNKREWNWT-I-ET
Vo5 Y0-FEEORMEN IR TES

proxy DIR=F - ZRETZHENHD
I\ =BG TOFFERATISEEL L

O-AIONYT—-JUIRI R &L TiEE «  pip ¥ conda ENIVYF2ZEZDXXERTES «  BEICBELEURINZRST - ERTILENHD
Proxy &L, &SN /\yT— /(D’f/Z o J\WT-IEMTRIMNANAX THAZHFITEIENTES + huggingface %, J17SUAR BT BURIMIICIE

b—IVE&EFR] o O-NFvyv1eUTHERES 210 YAANKEWYT-IDFD WA TERWN, Bl Proxy ZFET2LENHS
vO-FEBOEMREN AR TE5
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NOT—I%&CIAVTTEA-TVRETLEILE REDFE HRCHHOTUHERLETON\YT-I-ETINEEE PO RECRD
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https://docs.microsoft.com/ja-JP/azure/machine-learning/concept-ml-pipelines

Azure Event Grid & DEIEMERE(CKYANY FEEEIL Azure Event Hubs, Azure
Functions, Logic Apps BEDIRY MY RI—=(HEESTBIENTEXT, (Preview)

Azure Machine Learning i i—Fg 31V K~

ANY ~DTERE

Microsoft.MachineLearningServices.RunCompleted BRFEEBOETNTE T ULEEICRELET,

Microsoft.MachineLearningServices.ModelRegistered B BET DD ANR-RICBFINTEE(CRELET,

Microsoft.MachinelLearningServices.ModelDeployed 1 DU EDET AR R -LADT TOMNE T LIE EICRELET,

Microsoft.MachineLearningServices.DatasetDriftDetected 2 DT -FYrDT-Y FUTMEHYITNTE T UL EICRELET,

Microsoft.MachineLearningServices.RunStatusChanged EITIRENEBINEEICRELEXT, BEFR TR, EITIKED failed’ DIFELOHAFKELET,
. 1_1 yj— IJ j— Evences

Event Handlers

Job DEXIN%ZEX=)LP Teams C:@EFT B,
TS RUTDOIRHZEFEZED SMS TERT S
Cl/CD S\M TSV &) H-9 3,
ML 7-770-WNTANY & RUH-93 (FLE1-) - Azure Machine Learning | Microsoft Docs



https://docs.microsoft.com/ja-jp/azure/machine-learning/how-to-use-event-grid
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https://www.microsoft.com/ja-JP/ai/responsible-ai?activetab=pivot1:primaryr6
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https://github.com/microsoft/responsible-ai-toolbox
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https://techcommunity.microsoft.com/t5/ai-machine-learning-blog/responsible-ai-dashboard-a-one-stop-shop-for-operationalizing/ba-p/3030944
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Can the problem be addressed with a non-technical (e.g. social) solution?

Can the problem be solved without Al? Would simpler technology suffice?

Will the team have access to domain experts (e.g. doctors, refugees) in the field where the Al is applicable?

Who are the stakeholders in this project? Who does the Al impact? Are there any vulnerable groups affected?

What are the possible benefits and harms to each stakeholder?

How can the technology be misused, and what can go wrong?

Has the team analysed the input data properly to make sure that the training data is suitable for machine learning?

Is the training data an accurate representation of data that will be used as input in production?

Is there a good representation of all users?

Is there a fall-back mechanism (a human in the loop, or a way to revert decisions based on the model)?

Does data used by the model for training or scoring contain PII? What measures have been taken to remove sensitive data?
Does the model impact consequential decisions, like blocking people from getting jobs, loans, health care etc. or in the cases where it m:
appropriate ethical considerations been discussed?

Have measures for re-training been considered?

How can we address any concerns that arise, and how can we mitigate risk?

code-with-engineering-playbook/responsible-ai.md at main - microsoft/code-with-engineering-playbook (github.com)



https://github.com/microsoft/code-with-engineering-playbook/blob/main/docs/machine-learning/responsible-ai.md
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