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A. to_pandas_dataframe ()

B. as_download()

C. as_upload()

D. as mount ()
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Reference:
https://docs.microsoft.com/en-us/python/api/azureml-core/azureml.data.filedataset?view=azure-ml-py
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import numpy as np
# Import library to log metrics

v
from azureml.core import Run
import miflow
import logaing

# Start logging for this run

v

run = Run.get_context()
miflow.start_run()

logger = logging.getl.ogger{ Run'})
reg_rate = (.01

# Log the xreg rate metric

Microdo¥t
run logf'reg_rate’, np float{reg_rate))
miflow log_metric('reg_rate’, np float(reg_rate))
logger.info(np_float(reg_rate))

#§ Stop logging for this run
v

run.complete()
miflow.end_run()
loaaer.setLevellloaaina INFO)
IEfiZ:



iAmport numpy as np
# Import library to log metrics

v

import miflow

mport logging
# Start logging for this run

v

run = Run.get_context()
miffow sfart_rin()~ ™, .
logger ='logging gefl ogger(Run’)
reg rate =000

# the-reg rate metric
ool v

runlog('reg_rate’, np.float(reg_rate)) _ _ _ _
miflow log_metric(‘reg_rate’, np float(reg_rate))
logger.info(np.floaf{reg rate))™ ~ — — — — °
# Stop logging for this run

v

miffow.end “run{) _ |
oaaer setl evel(loaaina INFO)
Explanation:

Fn-complete{]
I



import numpy as np
# Import library te log metrics

v
]
from dzurerticore import Run
import miflow
import logging
# Start logging for this run

v

run = Run.get_context()
miflow.start_run()
logger = logging.getkogger(\Run’) |
reg rate~= 0L 01

# ng the" reg rate metric

v

runlog(‘reg_rate’, np.float(reg_rate))
miflow.log_metric(‘reg_rate’, np float(reg_rate))
logger.info(np float(reg_rate)) ' '
# Stop logging for this run

v

run.complete()
miflow.end_run() R
logger.setLevel(logging INFO)

Box 1: import miflow

Import the miflow and Workspace classes to access MLflow ' s tracking URI and configure your workspace.
Box 2: miflow.start_run()

Set the MLflow experiment name with set_experiment() and start your training run with start_run().
Box 3: miflow.log_metric('..")

Use log_metric() to activate the MLflow logging APl and begin logging your training run metrics.
Box 4: miflow.end_run()

Close the run:

run.endRun()

Reference:

https://docs.microsoft.com/en-us/azure/machine-learning/how-to-use-miflow
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from azureml.core import Workspace
from azureml.core import Experiment
import pandas as pd

import datetime as dt

ws = Workspace.from_config()

X\
AR

o B B W
.
|

experiment = E:rperiunt{u?q:ir g!ci:%hi, name="my experiment”)

run = experiment.start ] {
print(‘run_time', gt datetine.now())

9%}‘
row_count = {Ilﬁdﬂl]]
run.log('observations’, row_ ' 1 -
run.complete() il MlcrUSth

B LEXIZOVWT, ELWMEEEF RNV ZRBRLTLEED, 53 THEVEEEF DX ZERLTLESY,
AR ELWERIEICTI ARSIV FBFTEESNET,

Answer Area

B\ icresoft .

will occur if an expenment named my_expenment does
not already exist in the workspace.
If the expeniment does not exist, it will be created. If the
expenment does exist, the code will create a new run of the
existing expernment.
After the code completes, @ metric named run_time is recorded in
the expenment run. The metric will contain the date and time for
the run.

After the code completes, the data.csv file will be available in the
run's output.

Statements Yes No

An emror will occur if an experiment named my_expenment does I I
not already exist in the workspace.

If the experiment does not exist, it will be created. If the
expenment does exist the code will create a'new run of the

existing experiment.

After the 'code completes, a metnc named run_time j in
the experiment run. The metric will contain the date
s M.

After the code completes, the data.csv file will be av in the
run's output.

— =
| =1

icrosaft

Explanation:




Statements

An emmor will occur if an experiment named my_expenmeant does
not already exist in the workspace.

If the experiment does not exist, itivill be créated. If the S
expenment does exist, the coge will create a new run ofthe ﬁ / ol @l =
VIICIOS

existing experiment.

After the Code compietes, a metric named run_time is recorded in
the expériment run. The metric will contain the date and time for
the run.

After the code completes, the data.csv file will be available in the
run s output.
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21,3 3,50000,0

35,7 k)JL,120000,1

23,27 ~JL,65000,0

45,27 ~JL,130000,1

18,37 3,48000,0
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L \V FT 7 (Tt =

o P import pandas as pd

'}ff:?}st ___J import matplotlib.pyplot as plt

ilng_row ] # Create an Azure ML experiment in workspace

e experiment = Experiment(workspace = ws, name = "demo-experiment")
|log_table | # Start logging data from the experiment

' log_image ‘ run = experiment.start_logging()

# load the dataset

data = pd.read_csv('research/demographics.csv')
# Log the number of observations

row_count = (len(data))

run. Segment ("observations”, row_count)

# Log box plot for income by home_owner

fig = plt.figure(figsize=(9, 6))

ax = fig.gca()

data.boxplot(column = 'income', by

ax.set_title('income by home_owner'
ax.set_ylabel('income')

run. Segment (name = 'income_by_home_owner', plot = fig)

# Create a dataframe of mean income per city

mean_inc_df = data.groupby('city')['income'].agg(np.mean).to_frame().reset_index()
# Convert to a dictionary

mean_inc_dict = mean_inc_df.to_dict('dict"')

# Log city names and average income dictionary

run. Segment (name="mean_income_by_city", value= mean_inc_dict)

# Complete tracking and get link to details

run.complete()

"home_owner", ax = ax)

)




Code segments Answer Area

Ilog from azureml.core import Experiment, Run
e import pandas as pd
;%gg:%;iizz::j import matplotlib.pyplot as plt
| log_row j # Create an Azure ML experiment in workspace
——— = — — — experiment = Experiment(workspace = ws, name = “demo-experiment")
LEEE:EEEEE_._J # Start logging data from the experiment
log_ 1@fﬁ_m___t run = experiment.start_logging()

“““““““ # load the dataset

data = pd.read_csv('research/demographics.csv')
# Log the number of observations

row_count_= (len(data))

run. |1og | ("observations", row. count)

— — — — — e —

# Log box plot for income by home_owner
fig = plt.figure(figsize=(9, 6))

= fig.gca()
data.boxplot(gcelumn = 'income', by =
ax.set_title('dincome by home_owner')
ax.set_ylabel('income")
run.!lng_image ' (name = ‘income_by_home_owner', plot = fig)
# Create a dataframe of mean income per city
mean_inc_df = data.groupby('city')['income'].agg(np.mean).to_frame().reset_index(
# Convert to a dictionary
mean_inc_dict = mean_inc_df.to_dict('dict’)
# Log city names and average income dictionary

run. lcg_table (name-"mean income_by city",!

Vircrosoft

"home_owner", ax = ax)

# Cnmplete tracklng and get link to details
run.complete()

Explanation:



from azureml.core import Experiment, Run

import pandas as pd

import matplotlib.pyplot as plt

# Create an Azure ML experiment in workspace

experiment = Experiment(workspace = ws, name = "demo-experiment”)
# Start logging data from the experiment

run = experiment.start_logging() |
# load the dataset 24 l
data = pd.read_csv('research/demographics.csv') |

# Log the number of observations

row_count = (len(data))

run. log | ("observations", row_count)

# Log box plot for income by home_owner

fig = plt.figure(figsize=(9, 6))

ax = fig.gca()

data.boxplot(column = 'income', by = "home_owner", ax = ax)
ax.set_title('income by home_ owner')

ax.set_ylabel('income')

run. log_image ‘(name = 'income_by_home_owner', plot = fig)
# Create a dataframe of mean income per city

mean_inc_df = data.groupby('city')['income'].agg(np.mean).to_frame().reset_index(’
# Convert to a dictionary

mean_inc_dict = mean_inc_df.to_dict('dict’)

# Log city names and average income dictionary

run. log_table (name="mean_income_by_city", value= mean_inc_dict)
# Complete tracking and get link to details
Box 1: log

The number of observations in the dataset.

run.log(name, value, description="")

Scalar values: Log a numerical or string value to the run with the given name. Logging a metric to a run causes that metric to be stored in the run record in the experiment. You can log the same metric multiple times
within a run, the result being considered a vector of that metric.

Example: run.log( " accuracy ", 0.95)

Box 2: log_image

A box plot of income by home_owner.

log_image Log an image to the run record. Use log_image to log a .PNG image file or a matplotlib plot to the run. These images will be visible and comparable in the run record.
Example: run.log_image(" ROC ", plot=plt)

Box 3: log_table

A dictionary containing the city names and the average income for each city.

log_table: Log a dictionary object to the run with the given name.

B 6



Azure Machine Learning7 — > AR—XEZEFLET, T—U AR—=XI[Z(EIsrcE WV T+ LT =D HY ZDFITscript 1 .py& Ly3PythonX Y 1 T A EFRTUVET,

Azure Machine Learning Python SDKv2 ZER L THIEIR V) T &R LET, bL—=0F P03 TD—FHELTRY YT lpy ZETTBHICIE, CORERI ) T rE2ERTLIHELHY FT,
CATNSGA—BEERTDIRIVT DI VAV ERTTIRELAHY ET,

RDYTREEDESITERSIEIRETTMN? BAETHICIE BZET) 7TEULEA T aoEBIRLTLESLY,

FEELWLMEBIRSEICT RSV I EShET,

Answer Area

ws = Workspace.from_config()
ml client = MLClient(
ws.subsceription_id,
wh. I‘ESI‘.‘IUFE\E_EF‘QUP,

Wi .name )

job 'l-nﬂcﬂeru "! [{
0 ommang”™ <.
 micient
[code v ]-"./src",
code ¥ "python scriptl.py”.
INputs snt="AzureML-sklearn-9,.24-ubuntul8.®4-py37-cpuilatest”,

path ‘cpu-clUSEer”,

o15p ur‘-““'"h’ﬂ“"’“rMiﬂro S O ft

1E fiz:
ANSWer Area

ws = Workspace.from _config()
sl_client = MLC1ient(
ws.subscription_id,
WS . resource_group,

Wi . name )

job =| micliens 'E '{
(Ol gommand -~ <.

i code . "python scriptl.pyBRl Mn
wMicrosalt

Inputs snt="AzureML-skleafieg . 24

“cpu-cluster”,

path

aisplay_name="hello-world-example”,

Explanation:



=
oI s

ws = Workspace.from_c uqf_}i{).;:
wl_client » Miclient( L 8
ws.subscription id ,{;\"?'
ws . resource_gtguph

WS . name ) _:;::'__.r:-'

job = Ly t"}t-%g" {
C,Dde% -, /src”,
Qs fMpane-"python scriptl.py”,

e"!'ﬂ.i.l""ftmnent-'ﬂzurem. ssklearn-9.24-ubuntulB.@4-py3i7-cpulatest™,
% # Sompute="cpu-cluster”,

W display names="h -world-exansple”,
MICTOSOTE
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21 isport pyspark.pandas as pd

a2 from pyspark.m].festure import Imputer

a3

84 of = pd.read_csv(“abfss: '.f'nF:LE_ﬂ-‘FSTE'-'"NA.‘ﬂEth"ﬂﬂAﬁE,_-ﬁl:cM-‘Jgﬂ-Eb_-alh..-m'r'-.u:nm:n-s.n-t.‘ﬂatr-t:nn:c.uv‘..
index_cole"Fassengerld™) =

a5

@5 isputer = Imputer(inputColss["Age”], outputlol=Tlpe ™ dvSetStrategy( “mean”)

87 ¢f . Fillna(value={"Cabin®: "None"}, inpledg=Snlse’

88 of .droprna(inplaceaTrue) ' -

w T

10 df . to_csv( “sbfss:// cPILE_ ST Em_name ;p!.Tdﬂ:«G!_AECMT_!mﬁ'ﬁLw wi 1. nat/data/wrangeds,

index_col=“Fassengerld™) . = I CFOSO
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Interactive data wrangling with Apache Spagk

Statement ' Yes No
All missing values in the Age colugiyFare filled with the mean value

_abin column is tilled with NoRESRdata s missing

Data is imported from AyfreyMta Lake Storage Gen2

User identity passthrake 15 enabled to access data

IEfi:
4.
Interactive data wrangling with Apache Spark
Statement Yes No
ol
f T a = - . it W rmMean 3 L | =
el
| lum il I L | 1%
~ i - G 7
Data is import<inom Aturelata Lake Storage Gend
nn ) - i -
User identity pEstacouby & bhatliddhddcels ata I
Explanation:
nteractive data wrangling with Apache Spark
Statement Yes MNo
All muss g values in the -'-l_:|: eolurare flléd with the mean value -
Bab%h column is filled WishiNerie ¥ data is missing -
Data is importedrof{Psure Data Lake Storage Gen? -
User ideftify.passthrough is enabled to access data .
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A. HTTP#ZHBOURL

B. Azure T—% L4 9 R kL — Gen2

C.EHRINIT—42 X MT7HHED AzureBlob R FL—2 2V TF—

D. &8s hi=T—4tv bk

E.Azure SQL T—42 X—2X
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run = Run.get_context ()

5 —4=pd.read_csv (data.csv')

label_vals = data ['label'], unique ()

# Z CICHERERE Y S — FZEm

run.complete ()

EERTH BRTHETELIRTOA MYV ELT T—EAAD—EDINLERRT IRENHYET,
QA MTREINFZARA VI TEFTA M) YO ELT—EBDOINIVEZREHETDICIE RV T MIa—REZEMT I2LELHYFET,
RRER OAV MERDO—RIZEETHRZAET,

label_vals®label_valDiF& :

run.log (S RJL{E', label_val)

Y )a—YavFBREEERLTOEIMN?

A. [FLy

B. L MMZ

EfR: (EffZzRTLET)

The run_log function is used to log the contents in label_vals:

for label_val in label_vals:

run.log('Label Values', label_val)

Reference:

https://www.element61.be/en/resource/azure-machine-learning-services-complete-toolbox-ai
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from azure.ai.ml,.sweep import Normal, Uniform

command_job_for_sweep = command Jjobf

learning rate=Normal(mu=10,)5igma=3),

kesp prablhiliﬁ(ruﬂiform{min wplue=0.05, max value=0.1),
— :',p ~ - -

i
s

UTDEXIZDWT ELWMERIX KUV ZFEBRLTLESWDN, 25 THRWMGSIE DDWA 1 ZEIRLTLES,
Answer Area

‘Statements Yes No
The code defines a search spadé Dy usingsthe lesrning_rate and

keep_probabili®y Dafameers

The logarithim o the Lcgrning_rate parameter has a normal distribution

Fh KEEEhpfbbabil ity parameter has a uniform distribution with a minimum
walee of 0.05 and a maximum value of 0.1,

1E fiz:
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Answer Area l

m MicrQsQft

Yes No
! ol
The code defines a searchspace by using the learning_rate and 10)
keep_probabilityparamelers.
The logarithm of the lesrning_rate parameter has a normal distribution. 10
The keep_prebability parameter has a uniform distribution with a minimum D '; P
value of 0.05 and a maximum value of 0.1. L - -

Explanation:

Statements
The code defines a search space by using the lesarning_rate and

keep_probability paramefers,
The logarithm of the lesfning rote Parameter has a normal distribution.

Yes
-
-
The keep_probability parameter has a uniform distribution with a minimum -
value of 0.05 and a maxdimum value of 0.1. E
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Compute Targets

= Tranansg
| Apache Spark poody |r-1,-|1-m..-'-

[Azure Machine Leaming Kubermetes |

B¥ Microsoft




Compute Target

TEAtET

Explanation:
Compute Targets Aniwer Ares
OCIN COmpuse Activity Compute Target
; . Teaanins Loc# computen
ARG S0 RO
iferende Aguhé Machend Laaming Kubernetss
Arnure Machineg Leaming Kubemetes
L
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GPUR—ZX M k L—=2 % %R L T Azure Machine Learningt— E X CEHEZRHBDI=OD T+ —TS5—=VFETILEERLET,

7R A LOGPURN—RADHRERREICT HIVTXRAMIETILET IOAATIRLENHYFET,

ETIWVHRDE-DICAVEL—T A VTV —REEBRT IBENHYET,

EDHEIA TEHERATIVENHYETM?

A Azurea > TFH—A2VAZ VR

B. Azure Kubernetest—E X

C.74—ILKTOTSTINT—+T7 LA

D. ¥ E I Ea—Ta27

IEf#: (EfEZRTLET)

You can use Azure Machine Learning to deploy a GPU-enabled model as a web service. Deploying a model on Azure Kubernetes Service (AKS) is one option. The AKS cluster provides a GPU resource that is used by
the model for inference.

Inference, or model scoring, is the phase where the deployed model is used to make predictions. Using GPUs instead of CPUs offers performance advantages on highly parallelizable computation.
Reference:

https://docs.microsoft.com/en-us/azure/machine-learning/how-to-deploy-inferencing-gpus
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D.ETIDL—ZVUJRIC, FL—Z VT BREE—EDFET BRIHBREI—EEOFET, FL—ZUJEEEISESRY ET,

IEfR: (EffzRnLET)

An overfit model is one where performance on the train set is good and continues to improve, whereas performance on the validation set improves to a point and then begins to degrade.
References:

https://machinelearningmastery.com/diagnose-overfitting-underfitting-lstm-models/
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IEf#: (EfEZRTRLET)

Spearman's rank correlation coefficient assesses how well the relationship between two variables can be described using a monotonic function.

Note: Both Spearman's and Kendall's can be formulated as special cases of a more general correlation coefficient, and they are both appropriate in this scenario.
Scenario: The MedianValue and AvgRoomslInHouse columns both hold data in numeric format. You need to select a feature selection algorithm to analyze the relationship between the two columns in more detail.
References:

https://docs.microsoft.com/en-us/azure/machine-learning/studio-module-reference/feature-selection-modules
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Resource type Option

v
the Microsoft Surface device
the ds-workstation notebook VM
the cpu-cluster compute target
the gpu-cluster compute target

v
the ds-workstation notebook VM

Run code to submit the expenment

Run the training script

the cpu-compute target
the gpu-compute target

Microsgit Surface device

IEfZ:
Resource type

Run code to submit the experiment

Run the trainingﬁwﬁf@; =

Explanation:

Resource type

Option

the Mi @'Bu'rface device

. the gpu- cluster compute target

v

the ds-workstation notebook VIM

— e e

soft Surface device

Run code to submit the experiment |

Run the training script ",

SRR u__.'_.

't*he'cpu cluster compute target

\ § the gpu-cluster compute target

v
the ds-workstation notebook VM
the -::pu-cc-mpme target
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)—9 AR—XRDJupiter/ — b Ty O M LEEEEERET BIZ(E Python SDK V2EFRTH2ULELAHY FT, KB TIEAXFINA N Y REZRBFTIDHELNHY FET,
XFHA M)y EOTICRRBETEIA VY FERETIDLENHYET,

ELLDAEEZFERAIRETLLIN?

A. miflow.log. dist0

B. miflow.log. artifactO

C. miflow.log-text0

D. miflow.log-metricO
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FCOBERBIX RLTIAZRTTHI—EQEMO—MTY, V) —XOFREMICIE, BHEIN-BEZERT HAEEOHLIBEOV ) 21— a3 UAEFENTUVET, —HOERtE Y FMIFEHDE L UVEREN
HHEELHNIEL, ELVEBRENGVMEEIHYET,

OV avOBEMICEETSE  TDEMICRSZ LI TETERA, ZOHR, ChoDBEMELEA—EHEICRRIRINFETA,
BRI REBZECHET 2y FESWLTLET,

Whety FORTICHEEZEZ S LG BYGREEZERALTREBEZEET OIVLENHYET,

FTRTDEZEDDICF  TELGT 2Ly FEITTILENHYFT,

ERE  RATWBST—RRAV FEELIHNEARZHIBRLET,

Y )a—LaVFBREERLTOETMN?

A. [Ty

B. LMMZ

Eff:B(IA EHEEKT D)

Use the Multiple Imputation by Chained Equations (MICE) method.

References:

https://www.ncbi.nlm.nih.gov/pmc/articles/PMC3074241/
https://docs.microsoft.com/en-us/azure/machine-learning/studio-module-reference/clean-missing-data
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Automobile data

!
e
!
-

Apply Math Operation o
Replace price with Ln{price)
. li
Linear Regression V] ?p It Datg ¢
70% train f 30% validate
kS = { AN |
Train Model ]
Predict Ln{price)

—

[ Score Model
Get Ln(price) prediction

Apply Math Operation

@
Replace Scored Labels w. Exp{Scored Labels)

—==hcrosoft

[
¥

Apply SQL Transformation @
| SELECT [Scored Labels] AS predicted_price

BRISRT LIS, b=V T RNATSA D) TIVEALERNNA T4 VEERLET (VTR ALNRATZAU2TEIVVILET ) IVTLEAL N T4



& Web Service Input Automobile data

»

Apply Math Operation

Replace price with Ln(price)

MD-Automobile_Price_Regress...

-
% Score Model

et Ln{price) prediction

-

Apply Math Operation & Web Service Output

Replace Scored Labels w. Exp(Scored Labels)

Apply SQL Transformation
SELECT [Scored Labels] AS predicted _price

Web H—EXDF RSN -EBHEMELE LTRAIATHITINEZINILOEHRERL I53A4T7o 8 T7T)5—2 a3 0N ARNEICHREEZEHIDLENBEVESIC HRBNNA TSAVEERTTINENHYFET,
RN TSA VISR LTITSRENHDIEEZ 3 DBIRLTKESD, T ETNOERIE BREO—HMETRLTVET,

FEELGERT BEUITTRASA Y FOMIELHY T,

A ML—Z=VT T3ty bk EDa—ILE BRIEEFLVT—FANICEETHRZAFET,

B. iz BEAMMICEETMAIEMEEDERAE 2 —ILET—42 70—HmSHIBKRLET,

C. [lHEUNDTARTDINEZEIRT BHICIE, ETILDRATHIFTED 2a—IILORINZHOBREDS 2 —ILEEMLET,

D. SQL Z#DERES 1 —ILET—4% JO0—hmSHIBRLET,

E.SQL ZEDBFADENE Web H—ERHADES a—ILICEHKLET,

FWeb U—ERXAAED 21— I)ILE BHRINEEFLEVT—FIAAICEZTHRAET,

EfR: (EfEZzRTLET)
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SOtV avOBERICEEL-ZE, TOEBEMICRACZLFITEFRRA, TORE,. ChoDERELEAa—BERERIZRRESNELTA,
PythonX % 1) 7 k % L T, Azure MachineLearning® &% ETT S E2HBEILTVWET RV U T I EBRETAVTIRAMDSBEEZERL 274/ LT—42%20—KL SRLIO—EDNENE Y +
ZEA LT EREITERETLET,

azureml.core™ 5 A Y iRk— FELT

N ZEpdELTA UR—FT B

run = Run.get_context ()

T —#%=pd.read_csv (data.csv')

label_vals = data ['label'], unique ()

# IR ZRHEI 53— FZEM

run.complete ()

ERTH BTHETELIERTOAMNIYIELT T—AHAD—BEDIRNLERRT ILENHYFET,

AAVRTCRENFZRA DV ETEFTA M) YT ELT—EDSNIVMEZRHFETDICIE RV T MIa—RZEMTI2LELHYFET,
fRIRER QA PERDOI—FIZEEMAET,

run.log_table (S ~)L{E', label_vals)

Y )a—TaVEEEZERLTVWWETAN?

A. [Ty

B. L MMZ

Ef#: (EfEZRTLET)

Instead use the run_log function to log the contents in label_vals:

for label_val in label_vals:

run.log('Label Values', label_val)

Reference:

https://www.element61.be/en/resource/azure-machine-learning-services-complete-toolbox-ai
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IRFEUTILEAA LOWRERELET,
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* Azure Log Analytics ~D O S 5E8EEHHR—rLET,
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Requirement
Endpoint type

e Kubemetes online
Batch
t component Docker i

R - Azure Contaner Instances (ACI)
2 I c r 0 S Of t Azure Kubernetes Service (AKS) cluster

Requirement -~ &
Eﬁplﬂyment component

.. M |crosoft

Explanation:

Managed online
Kubemetes online
Batch

Docker image v

Azure Contamner Instances (ACI)
| Azure Kubernetes Service (AKS) cluster

Managed online

Docker image
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TOEAF—ZFEALT, T—9 ARX—2X1[Z Azure Blob Storage T—32 X F 7 & BT AMENHYET , T 23X FTOERICBLELIRTOE D 2—ILEA ViR— b3 518D Python SDKv2 O— FZRFL

F9,

T—RXARTEERT HICIE, Python SDKV2 I— FEFTER S ELIRENHYET,
OA—RFZEDESICERBIBEINETI M BETAHICE BETY 7THEUGA TS a3 vEBRLTLLEZSL,
AR ELWEBIRIEICTRA Y A ESIET,

store = AzureBlobDatastore(
name="blobdatastore”,
description="Sample blob datastore”,

account_name= "sampleaccount1”,
="samplecontainer1”, gm 1\

container name ¥
filesystem
contlaineér_name

% .:-.:"I.-:?' s
L B azureml

"\ e credentials=AccountKeyCredentials( . M ft
)% “accountkey: ICITOSO
"6LAVGVXLY30FM/RwmfLGppGj+ xNEtTUWDVENPYWYDQDT1E P18 +xCHI+D9BTwLnYKhrERO+ AStap8yKw=="
7

)




store = AzureBlobDatastore(
name="blobdatastore”,
description="Sample blob datastore",
account_name="sampleaccount”,
="samplecontainer1”,

container_name | ¥ |
fllﬁ}rstem

ﬁte__*;l:l_are__na[ne_
protocol="_abfss L4
credentials“
.m:" azureml |
IVI I C ro S Oftedenmzﬁccountﬂeycﬁdemials{

"account_key™:
"HLAVGVXLY20FM/RwmfLGppGj+ xNEtTUWDVBNPYWYDQDT 1E+ SirZ¢jP 13 + xCHI+ DIBTwLNYKhrERO+ AStap8yKw=='
H
)

\‘
miicroseft

“Sample blob datastore”

Explanation:
ANSWer Arca

d
account_names="sampleaccount1”,

| container_name ¥, ="samplec lanevly,

protocol="abfss ¥l

credentials= AccountieyC

"account_key":
'ISLWGVKL}*SDFM}RWN@MEHUWWBNPTWYD&DHE4SIchjPia+xCHI+D‘JBTw1.n‘|'IChrEH0+AStapSwa=-'
L
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Azure Machine Learning 754 +— %R L THEETILEERT HFETT,

D3ATF N TFIVr—2aMHTTP U IRAELTT—2ZEBEL BEELTFAEZRETEDLLEZRDRTHIVENHYFET,
IERIZKITT ORENHD 3 D2DT7 I aVEENTIA BETHICF BNGETIa2ET70ay YA MY LEEBREICEBEHL  ELWEFICERFET,



Create a real-time inference pipeline and run the pipeline on the compute
cluster.

Create a batch inference pipeline and run the pipeline on the compute cluster. @

Deploy a service to the compute cluster. |

OO

Create 3 pipeline that trains 2 classification model and run the pipeline on the
compute cluster.

= — — - — — N

Deploy a service to the inference cluster.

Create a real-time inference pipeline and 1 pipeline that trains a classification model and run the pipeline on the
cluster. | | compute cluster.

Create a pipeline that trains a classification model and run the pipeline on the
Lcumpute cluster.
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Azure Machine Learning 7—%9 AXR—ZXMNHY FT,

Azure Machine Learning Python SDKv2 2R L T BB D EETILEZ FL—=200F 311 TS5A0aVR—2 VU FE2EETDHFETT, COAVKR—RY FOETOT Y IE_modeljrainpy EWVNS 774 ILD
train() BAEIZEENTULVET,

HBLBITRTDSA TS5 )&% viR— b3 Ba— K%k L model_train.py &R L 7 # LA —IZ train_component.py & LTRELZET,

train_component.py &Y DO — FE#ERSEEIBLELHY FT,

O—FZ2EDKSICERSEEIRETIMN? AEZETDICE EED) 7TEYGA T a vERBIRLTLES LY,

EEELWLEIRSCEICTI ARSIV A EShET,



Azure Machine Learning Python SDK v2 code

# command_component Ly
tion”,

1eation”,

ation”,
environeent=dict(
mnda_HlFPath{_fQ},paren‘r [ “conda.yam]”,
image="mcr . mic ftl com/azurem] fopenmpid. 1. 8-ubuntua, 04,

ba

) <&
def triinhr%

inpug put{type="uri folder®),

. . outp 1: Output(types“uri_folder™),
B Microsoft 6y

}:.o
" model_train w| dmport train
ra

"\Qt 1'“;'.“ 1, epochs)

train_component

=. Micre Sﬁ£thmppnem_ -

tool ation”®,

assification®,
command_component ssific i

»

environment=dict(
conda_file=Path(_ fil j@ t / "conda.yaml”,
inage-“mr.nicrn;nft.ﬁa

Y, L

IR VL~

def train co

zureml /openmpid. 1.0-ubuntu20.04”,

nput{type="uri_folder"),
el: Output(type="uri_folder"),

3 Q
\ from modeltrain __ ~
trai i 1, epochs
train [ )

rocevan |

train_component |

import train

Explanation:



Azure Machine Learning Python SDK v2 code

g command_component b
name="train_image classifica
A
sSplay name rain Ima 251 at i
an Faar '.".‘E 3
---- I ment =d |
a ftile=Path{ 1 I
MARRs WCF . WLOTOR0T i rem np I miu
e fitr OB t(
put data put(t I
It mod Out Ve T 1 ¥
chs=14
i model_tram w L
'|.-|:':::_:-|||1 lata, itput modal, apochs)
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GPU ®ISETILE Web H—ERXRELTRARTIHENHY T,

ED22QAVEaA—TFT4VT 3=y hEFERATEEFITMN? TNTNOERIE TELMRRERBRLET,
FEEFENFRDOELLERIT 1 RS Y bOEEAHY T,

A.O—AJ)L Web H—E X

B. Azure Machine Learning A v Ea—F 4 25 45X 48—

C.Azure AVTF— A 2AZ VX (ACI)

D. Azure Kubernetes H—E X (AKS)

EfZ:CD(OQAY LEHREKT D)
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SmartNoise SDK IZ& > TERSNIZER TSA N — T—AN L FEHEROELEHET ILENHY FT,
ENTIFANY— T80 FEHEFEMHEEZLERT 5 Python I— FETHSEIRENHY FET,
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import opendp.smartnoise.core as sn
cols = list(df.columns)

age_roange = [0.0, 120.0]

samples = len(df)

with sn. Analysis() ¥ s snmethod:

B e N

QAUILSynthesizer()

MWEMSynthesizer() |
:.Hes-calsj

data = sn.Dataset{path=data_path; co
age_dt = sn.to_float(data[ 'Age’

age_mean = sn.dp_mean(d -b_dt,

@ h

&ﬁun;e * {*" [epsiton v

alpha
delta

epsilon

data_lower = age_range[8],
data_upper = age_range[1l],
data_rows = samples




import spenfBBTREECTOFE 50

cols = listfd#.a;ulumij
age_range = [9.0, 120.8]
samples = len(df)

with sn, Analysis(} ¥ b5 snmethod:
QAUILSynthesizer()
MWEMSynthesizer()

data = sn.Dataset{path=data_path, column_names=cols)
age_dt = sn.to_float(deta[ 'Age'])
age_mean = sn.dp_megan(datal= age dt,

privacy usage = ("' I -
epsilon 6-1
alpha

delta

data_lower = age_range[@],
data_upper = age_range[l],
data rows = samples

}

snmethod.release()
print(asge_mean.value)

Explanation:

import opendp.smartnoise.core as sn
cols = list(df.columns)

age_range = [8.0, 120.0]

samples = len(df)

k]

with sn. | Analysis() ¥  as snaethod:

data = sn.Dataset{path=data_path, column_names=cBls ), *
age_dt = sn.to_float(data[ age’]) .
age_mean = tn.dp_mean(data,+ q.i_;l'l:,
Aetyaeyiusege = (" angijon w | i .58},

data lower = age rangefa],
data_upper = age_range[l],
data_rows = samples

)

snmethod.release()

Print{l‘!_ﬂln.\-llua; MiCTOSth

=
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Azure Machine Learning 7—9 AR—XZEEB L FT,

MLflow ZERA L TEHD A ) v 207 IRBRTIVENHYET,
ORI+ =R REHERLT DDLEAHYFET,

COBEEZERT A, EDLSL2DDHAENHYEITI? TNTNDERITLEMREERLET,
FEELWMEBIRSEICTIRA U IR EShET,

A. miflowlog_metrics

B. miflow.log_param

C. miflow.log. metric

D. MLflowClient.log_batch

IEfE: (EffER T LET)
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Y)a—2aVIFBEEEBEEZLTOETMN?

A. [T

B. LMVZ
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A. Set the threshold to 0.5 and retrain if weighted Kappa deviates +/- 5% from 0.45.

B. Set the threshold to 0.05 and retrain if weighted Kappa deviates +/- 5% from 0.5.

C. Set the threshold to 0.2 and retrain if weighted Kappa deviates +/- 5% from 0.6.

D. Set the threshold to 0.75 and retrain if weighted Kappa deviates +/- 5% from 0.15.

IEf#E: (EfEZRTmLET)

Scenario:

Performance curves of current and proposed cost factor scenarios are shown in the following diagram:
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The ad propensity model uses a cut threshold is 0.45 and retrains occur if weighted Kappa deviated from 0.1

+/- 5%.

Topic 1, Case Study 1

Overview

You are a data scientist in a company that provides data science for professional sporting events. Models will be global and local market data to meet the following business goals:
*Understand sentiment of mobile device users at sporting events based on audio from crowd reactions.

*Access a user ' s tendency to respond to an advertisement.

*Customize styles of ads served on mobile devices.

*Use video to detect penalty events.

Current environment

Requirements

* Media used for penalty event detection will be provided by consumer devices. Media may include images and videos captured during the sporting event and snared using social media. The images and videos will
have varying sizes and formats.

* The data available for model building comprises of seven years of sporting event media. The sporting event media includes: recorded videos, transcripts of radio commentary, and logs from related social media feeds
feeds captured during the sporting events.

*Crowd sentiment will include audio recordings submitted by event attendees in both mono and stereo Formats.

Advertisements

* Ad response models must be trained at the beginning of each event and applied during the sporting event.

* Market segmentation nxxlels must optimize for similar ad resporr.r history.

* Sampling must guarantee mutual and collective exclusivity local and global segmentation models that share the same features.

* Local market segmentation models will be applied before determining a user's propensity to respond to an advertisement.

* Data scientists must be able to detect model degradation and decay.

* Ad response models must support non linear boundaries features.

* The ad propensity model uses a cut threshold is 0.45 and retrains occur if weighted Kappa deviates from 0.1

+/-5%.

* The ad propensity model uses cost factors shown in the following diagram:
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The ad propensity model uses proposed cost factors shown in the following diagram:
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Performance curves of current and proposed cost factor scenarios are shown in the following diagram:

0.6-

0.4- Scenario
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a
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Penalty detection and sentiment
Findings
*Data scientists must build an intelligent solution by using multiple machine learning models for penalty event detection.

*Data scientists must build notebooks in a local environment using automatic feature engineering and model building in machine learning pipelines.
*Notebooks must be deployed to retrain by using Spark instances with dynamic worker allocation

*Notebooks must execute with the same code on new Spark instances to recode only the source of the data.

*Global penalty detection models must be trained by using dynamic runtime graph computation during training.
*Local penalty detection models must be written by using BrainScript.

* Experiments for local crowd sentiment models must combine local penalty detection data.

* Crowd sentiment models must identify known sounds such as cheers and known catch phrases. Individual crowd sentiment models will detect similar sounds.
* All shared features for local models are continuous variables.

* Shared features must use double precision. Subsequent layers must have aggregate running mean and standard deviation metrics Available.
segments

During the initial weeks in production, the following was observed:



*Ad response rates declined.

*Drops were not consistent across ad styles.

*The distribution of features across training and production data are not consistent.

Analysis shows that of the 100 numeric features on user location and behavior, the 47 features that come from location sources are being used as raw features. A suggested experiment to remedy the bias and variance
issue is to engineer 10 linearly uncorrected features.

Penalty detection and sentiment

*Initial data discovery shows a wide range of densities of target states in training data used for crowd sentiment models.

*All penalty detection models show inference phases using a Stochastic Gradient Descent (SGD) are running too stow.

*Audio samples show that the length of a catch phrase varies between 25%-47%, depending on region.

*The performance of the global penalty detection models show lower variance but higher bias when comparing training and validation sets. Before implementing any feature changes, you must confirm the bias and
variance using all training and validation cases.
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Azure OpenAl H—ERXDERETILETIAA LEL:, COETILEMARIT HFETT,

RILFR—F Xy MDD ML—Z VI TR 5B T 7MLV EERBT IARVENHYET , EDT 7ML va—FAREZFERINIEENNTIMN?
A. UTF-8

B. 1ISO-8859-1

C. UTF-16

D. ASCII

IEfE: (EffEZRTLEY)
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BHEEIODz) bOT— 2 NEBEBKRERITLET,

WEBITHZBENHET—RICIE VTILEIALTREST ZLENHLIFBELTI TV N T7MILDBEENET,
T—RAEBRIEIY—N—LRAVEL1—TA VI TETSN EVvIT—E0H7—V 0— FRAFICREILINDZIDELNHY ET,
T—R YA IR F—LAD Azure Y¥—ERZEIRT ILELNHYET,
EDRML—VBLUVT—2UBY—EXEFRTRNETTMN? BETHICE, AEEHTEYGA T a VEBIRLTLLESLY,
FE FELLVBIRSEICTI ARSIV FAMEShET,
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Uana INgesuon Suategy

Requirement Service
Data storage for model training workloads - : s
'Azure Blob Storage
: laﬂnzum Data Lake Storage Gen 2
|Azu re SQL Database

Data processing solution: - _
Azure Data Factory

| Azure Databricks
|Azure Synapse Analytics

= Microsoft

IF fi:
"""" { _mataioarbihegoriitonct )
Requirement Service
Diata storage for model training workioads _ il
Azure Blob Storage
Azure Data Lake Storage Gen 2
ure SQL Database — — ~
Data processing solution | . ] v
Azure Data Factory
Azure Databricks
|[Azure Synapse Anahtics ~ |
Explanation:
Data ingestion strategy .o
S Microsoft
Requirement Service
Data storage for model training workloads Azure SQL Database ¥
Data processing solution Azure Synapse Analytics L v
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Azure Machine Learning 7—9 AR—XEZEEB L FT,

Miftow TRV R8BI AN R I LETILEBELETFT , AR FLETIIZEUTOLEONEENET,
*ZDETIVIE Miflow TIERA T4 TIZTHR—FSIATOEREA,

*ETIUIL Pickle BT U ZILETEEEA,

*EFILODY—ARO— KRIIEHTT,

*ETILD Python 54 TS VIXETILE—HEITNYT—DIETE2RELHY FT,



ML 7RA—IZ&kBATRBFEEDCTBIZIE, HREZL ETIL IL—N—2 BT I2LELHYET,
fAIZEESRETLLIN?

A EF)ILO—4F—

B. h R4 LE#S

C.7—T4277UF

D. ETILSv/N—

IEfE: (EfgzRTLET)
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Azure Machine Learning 7—%9 ARXR—X &#E L £ 9,

TS3AR=FLGt YR PIDIO—VERETBICIE, T—VAR—RDEF I 7ML DATLEFEFRTIHENHY ET,

EDADDTI L aVEIEBIZETTILENHYFETHM BETHICE BUETIavETIVay JRA D oEZFEHICEEBL, ELWVEFRICHENET,

Actions Answer area
Copy the private key to GitHub

Create a compute instance.
Run the ssh-keygen command.

Copy the public key to GitHub,

—

Run the git clone CGW:nanL Mi_c r 0 S . F I I —.:‘ﬂ

1E fi#:
Acﬂaru Answer area
Cﬂ tm Wate ke IQ GIIHUb r — — — | — — — — - El_ ------------
L _W_ _p_ F _""r _______ ' I Creama compute instance, |
e e e e e e e = e M ™ ™ ™ ™ ™ ™ T . i i o |

_____________ B - . T T .
Enpy the pubilc key to GntHuh. I ® Copy the public key to GitHub. !

Fo st S TN CTQSOIY =~ | 1+ sepamm

Explanation:



https://www.jpnshiken.com/q/68910-6447509/

Actions o g Answer area

COF?' the private key o -G ity ' . ] L 1 Create a computEnstance
2| | Bunthe ssh=iygen command

@ Copy the public key to GitHub @
@ ‘ :.Un :1‘“3 GIT ":I"-"né ST @

ud 1
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Azure Machine Learning Python SDKv2 A L CEB#EFEE#EAL BRETILE FL—=2J9T3FETT  REEZHFEOBEEEL BAEGENDVEVATIVEEEZSCT—208HY ET,
HEMBEENEE IR ID—RE LT REEZEHMICHTL, ATIVEEEZ I O—FI0ESIHZHIETILELHYET, EDO OB/ yr—CEFRTRETLLIN?

A BlRETIV

B. FRIMTHREE—F

C.HIFTSA4< VAN YD

D. L E—

Eff: (EfEERTLET)
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FCOMEIX BLIFIVAZRTRTI—EORBEO—HBTYT, —EDOMBICIEETNETN  EHON-BEEHE-IAEREOHIBBDBENSENTVET BBLY NIk >TE EROERIAHFEET HEE5LH
hiE, EEARZWMEELHYET,

DI aVOERICEEZELEZZE, ZOEBEMICRSAZLEETEERA , ZTORH, CNLDEMIELE A —ERAICKRTINEFHA,

Azure Machine Learning 7H 4 +—%#ERAL T ROT—2 Y FERRIIHEHAAET,

Dataset
Age
3
7
18

Dataset2

Age

11

b
33
17

ARNT—EEYy FERILIIEAYE—TE2HE MADANT—2EY FOTRTOITHEEFNDET—2y FEERTI2BLELHY FT,
f#iR%K: Join Data EL 2 —LEFERALET,

Y )a—2aVFBEEBEEZLTOETMN?

A. LMVZR

B. &Ly

Ef: (EREERLET)
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. CORMBIE . RCSFT A ZRTTH2—EOREDND—HTYT, —EOMEICIEENEN, EOON-BEFXH-TAEREDH I MEOBENEENTLET MELY MIE>TIE, EHOERLFET HE5E5LH
NI, EBALTNEEELEHYET,
ZDEIIAVOEBEMICEAZELEZRIE, TOBEMICRAZELEETEFRA, ZTDH CNODERIILEa—BHREICRTINELA,
) —%4 AR—X[ZAzure Machine Learning—E XD T—2 XA F 7 EZERLET , T—F R MFICIEUTO I 7M1 ILBAEENET,
* [T —%4/2018/Q1.csv
* [7—%4/2018/Q2.csv
* [7—%4/2018/Q3.csv
* [T —%4/2018/Q4.csv
* [T —%/2019/Q1.csv
TRTDI7ANIE ROBATT—2ERFLET,
id_f1_f2i
1,1.2,0
2.1.1,
13,2.1,0
ROO—FEERITLET,
data_store = Datastore.register azure blob container(workspacesus,
datastore_name='data store’,
container_name='"quarterly data’,
SECOME e Campatiydata”

account_key="NRPxkSdugBM3 ="

create_if_not_exists=False)
ROO—FZ#FERAL T training_data EWSERIDT—2 Y FZERL. TRTODITI7AILDNLT—2%1D20T—43 JL—LICA—FTI3LELRHY FT,
data_frame = training data.to_pandas_dataframe()
FRRER: RDO—FZERTLFET,

from azureml.core import Dataset

paths = [(data_store,'data/2818/*.csv'), (data_store, "data/281%/*.csv')]
training data = Dataset.File.from files(paths)
V)a—TaVIEBEFBEEZLTOWETN?
A. [Ty
B. L\LVZR

EfR: (EffZzRnLET)

Use two file paths.

Use Dataset.Tabular_from_delimeted, instead of Dataset.File.from_files as the data isn 't cleansed.
Reference:
https://docs.microsoft.com/en-us/azure/machine-learning/how-to-create-register-datasets
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Git )R 1) Z{FA L T, Azure Machine Learning 7—2 AXR—X TODEEZEBIH L TLET,
SSHZFERLTGt7HI Y h&RETEILELHYET,
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IEEIZRITT HRENHD 3 D2DT7I L avEENTIA BETHICF BONLGTILaveET7orary YA A LEEBREICEBEHL  ELWVEFICERET,

Actions Answer Area
— oft

Generate a public/private key pair

Add the private key to the Git account

Clone the Git repository by using an SSH @

repository URL @

Add the public key to the Git account

Create a new Azure Key Vault resource
1E fiZ:

Actions Answer Area
------------------- T RS S S oo oo T oo oo == Ty

Generate a public/private key pair : : Generate a public/private key pair I

Add the private key to the Git account I m :
! » @m gﬁ to the Git account |

1 Clone the Git repository by using an
| repository URL

- e e e e e e e e e e e B e e e e e e

I ( ‘!Ch:me the Git repository by using an SSH :

Add the public key to the Git account I ™ repository URL

Create a new Azure Key Vault resource

Explanation:
Generate a publidpr%félm&s Ofb
v a
. N\
Add the public key to th@g@t account
P y gy

%‘;‘1
Clone the Git repository by using an SSH
repository URL"

Authenticate your Git Account with SSH:




Step 1: Generating a public/private key pair

Generate a new SSH key

1. Open the terminal window in the Azure Machine Learning Notebook Tab.

2. Paste the text below, substituting in your email address.

ssh-keygen -t rsa -b 4096 -C " your_email@example.com "

This creates a new ssh key, using the provided email as a label.

> Generating public/private rsa key pair.

Step 2: Add the public key to the Git Account

In your terminal window, copy the contents of your public key file.

Step 3: Clone the Git repository by using an SSH repository URL

1. Copy the SSH Git clone URL from the Git repo.

2. Paste the url into the git clone command below, to use your SSH Git repo URL. This will look something like:
git clone git@example.com:GitUser/azureml-example.git

Cloning into ' azureml-example ' .

Reference:
https://docs.microsoft.com/en-us/azure/machine-learning/concept-train-model-git-integration
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Azure Machine Learning —ERX THBEBETILE NL—=0 03 5HODRY ) ThEERLET,

ROA— RERTLTHEBELZERLET,
rom azureml.COre 1MPOXT WOIKSpace, Uatastore

rom azureml.core.compute import ComputeTarget

rom azureml.train.estimator import Estimator

ork_space = Workspace.from config()

ata_source = work_space.get_default_datastoref)

rain cluster = ComputeTarget (workspace=work 'space, name= ‘train-cluster’)

stimator = Estimator(source directory's

‘training-experiment’,

cript_params = { ‘' --data-folder% % data_source.as mount(), ‘' --reqgularization’:0.8)}
ompute target = train_clustw N>

ntry script = ‘train.pg 8

onda nackaces = [‘secifTt-18arn’1)
LTOEXIZDWT ELWEEIE KUV ZBIRLTLKESW, 25 THEWVWESIE IWE 1 ZERL TS,

AR ELVWEBIRIEICTRAV A ESIET,



Yes No

\ )
B8 \licrosoft
The estimator will look for the files it needs to run an expefiment in 0O O
the training-experiment directory of the local compute environment.
The estimator will mount the local datafolder folder and make it o
available to the script through a parameter.
The train.py script file will be created if it does not exist. O @)
The estimator can run Scikit-learn experiments. O O
IEfiZ:
Yes No

The estimator will look for the files it needs to run an@xperiment in™~ O
the training-experiment directory of the local compute environment' = -
The estimator will mount the local data-folder folder and make it | o) 0O
available to the script through a parameter. _8
The train.py script file will be creatéd if it does not exist. O To)

¥ l’j - .
The estimator can run Scikit-learn expigﬁmeM ICrOS Oft o) @)

Explanation:

Microsoft Yes

The estimator will look for the files it needs to run an experiment in \0\
the training-experiment directory of the local compute environment.

The estimator will mount the local data-folder folder and make it ‘ '®) |

available to the script through a parameter.

The train.py script file willbe created if it does not exist. O

The estimator can run Scikit-learn experiments. (o]

Box 1: Yes

Parameter source_directory is a local directory containing experiment configuration and code files needed for a training job.
Box 2: Yes



script_params is a dictionary of command-line arguments to pass to the training script specified in entry_script.
Box 3: No

Box 4: Yes

The conda_packages parameter is a list of strings representing conda packages to be added to the Python environment for the experiment.
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Azure Machine Learning 7—% A RXR—X Z{Efk L £ 9", Azure Machine Learning Studio ® B #1####E (Automated ML) ZFRA L THEETILE FL—=2F LET, bL—=0 T T—RICIE YU TILENAKECE
BABHDI ZANEENTVET,

BOYUTLEELELTIRNIMGFTEILEEEBTEODA M) VY B4 TE IV FZAOFHEER/NRICIMNASFEHILAZEZFERTILENHY FT,

ARYDY AL TEFEHLAEERBHT IRELHYET,

ED&SLBAEFERTILENHY FIH?EETBHICIE, BEBETHENGA T a3 oEERLTLIZSW,

FEELWEIRIEICTI ARSIV BT ESIET,

Answer Area
Metric property Value
Metric type 12_score TN
precision e
acCuracy
Averaging method MICTO »
,;- ' A0 G =
L N TN
@Pﬂ.' 5"" - k s | Il:
1E fi#:
Answer Area o 7~
‘ \VI1CEOSOTT
VI ficproparty” | L Value
Metric type r2_score = ”"J
precision o
accuracy
Averaging method MICTo i
fmico + |
macro
log_loss

Explanation:



S =" Microsoft

Metric property Value
Metnic type r2_score h g
Averaging method micro = 4

B M
ETILDRL—ZUTBIGEIRESNE=NA IN—IRT A =2 FREILT H1=HIZ, Hyperdnve’éﬁﬁﬁ'é’%%mf'd’ INAIN—=INFGA—RAREBDF T avEEETHE=DIC ROI—FEERLET,
import azureml.train. I

Y 5_ 85
from azureml.train. :hy;.i.v! 1m€mg6f1mperﬂriu£@

param_sampling = GridParameterSampling({

"max_depth" : pe.choice(6, 7, 8, 9), @@
"learning_rate” : pe.choice(©.85, 8.1, 8.15) :
b

hyperdrive_run_config = HyperDriveConfig(
estimator = estimator,
hyperparameter_sampling = param_sampling,
policy = MNone,
primary_metric_name = “auc”, W o
primary metric_goal = PrimaryMet 2al.

ESTIMATOr = esTtimator,
hyperparameter_sampling = params_sampling, ,.T\
policy = Mone, ,1 L]{:}T&
primary_metric_name = Kgi

primary metric Q &ir}ﬁltri:ﬁnnl MAXIMIZE,
max_total runs

max_concurrent_runs = 4)

UTDEREBIZTDODVT, ELWMEEEF KRV ZBERLTKESD, £33 THENMESIE DOVA JZRRL TS0, 0 IH WERBRIF1DICDOEIRTYT,

Answer Area
Yes No
There will be 50 runs for this hyperparameter tuning expériment, O Q
You can use the policy parameter. in'the HyperDriveConfig class to specify a O Q

secu

The -iment MItG mm& value for the learning rate 9 O

para r between 0.05and 0.15.
IE fiF:



There will be 50 runs for this hyperparameter tufiing experiment,

You can use the palicy parameterin the HyperDnveConfig class to specify a
securnty policy.

The experiment will Create a'rin for every possible value for the learning rate
parameter betiween 0005 and 0.15.

Explanation:
Answer Area

Yes Ni¢
There will be 50 runs for this hyperparameter tuning O o
experiment.
You can use the policy parameterin the HyperDriveConfig
class to specify a security palicy: O O
The experiment will create a run for every possiblévaiuer < '+
for the leamina rate narameter hetween 005 and015 O O

Box 1: No

max_total_runs (50 here)

The maximum total number of runs to create. This is the upper bound; there may be fewer runs when the sample space is smaller than this value.
Box 2: Yes

Policy EarlyTerminationPolicy

The early termination policy to use. If None - the default, no early termination policy will be used.

Box 3: No

Discrete hyperparameters are specified as a choice among discrete values. choice can be:

one or more comma-separated values

a range object

any arbitrary list object

Reference:
https://docs.microsoft.com/en-us/python/api/azureml-train-core/azureml.train.hyperdrive.hyperdriveconfig
https://docs.microsoft.com/en-us/azure/machine-learning/how-to-tune-hyperparameters
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Azure Machine Learning 7—9 AR—X#EB L FJ aVvE21— 48— EPaY ETIAOEHEMEE FNL—=—VRBREBELET,

BETILDORBEILENAIN—INTA—FRABIZIE FELGA M) VI EFERTIHELHY T,

ETICZIEED T EREEHATRETLE I ?EY AT EREZEY LIV 21— 42— ECa v ETIUICERLTKES)  ETEREFIRFERAT I L EHERFEFRAT LI Fo-<(FRALAEWIED
TEEIT  AVTUYERTIBDITE RS VEDOREN—ZBELI-Y RUO—)LLI-YTEIRELNHINL LIUEEA,

FE FELOLVBIRIEICTIRA Y AR EShET,



Primary metrics Primary metrics for competer Vision Gt o f't

it Absolute percentage error Confiplstervision model Primary metric
Multilabel image classification
Object detection

it Intersection over union

it Mean absolute error

it Mean average precision

IEfiZ:
Primary metrics Primary metrics for compiiter vision models
|:EE Absolute percentage error Comiputer vision model Primary »
"""""""""" PBuithabel image classification i Mean average precision
Intersection over union 4&d ©12
_____________ * Y Object detection it Intersection over union
i Mean absghdta geror \ W
& s uicrosoft A
T - ey
i Mean avesage L_( 5 \ A
Explanation:

Primary metrics Pnn@mm fctm?mé ﬁsznéd r:Ffls

it Absolute percentage efror Computer vision Priviiy mmetiic
Multilabel image classification [Mean average precision ]
i Intersection over union : :
Qbject detection [Intersectmn over union ]

it Mean absolute error

it Mean average precision

B 43

FCOBERIE BALIF A E R —EOBERO—EHTT, COV)—XDBREMICIE BESN-BEZERTELAEEOH LI MEOBRRNEENTUVET, —BOEME Y FMIIFEHDOELWVERENEEN
BIEENHYFEITHA MOBER Y MIIXELWMERENTWNEELAHY 9,

ZDEIVIaVOEBEMICEET 5L FTOERICRDZEIETEEFLA . ZDEH, CNODEMIELE 2 —ERAICIERTEINELA,

Azure Machine Learning 7—% AR—Z M $H Y 3, Azure Machine Learning Studio D [/ — TV I R—=Uh 58— F )Ly aVITEKGELET,
BLA—ZF Lyl arvhoT7IATESH L Jupyter h—RILFEBMT HFETYT,

FLOWA—RILZEMT DRI ETTIDLELNHLIFIRVEETTILELNHYFET,

iR % Python 3.6 - AzureML h—RIJLZBIBRLZE T,

RIRRIIBEETERTEEITHM?

A. LMIVZ

B. &L

Eff: A(QA U RERKRT D)
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F—LT—A YA T RABEOEEZHBE L TVET EEEE A TSA VD ML—Z VT ETILDOT—E2DH A4 XF20 GBEBZF T,

ROEHEDHYFT,

*EF)UILCaffe2FE 7=I&Chainer7 L— LT —Y #FRHAL THEET ILELHYET,

T—RAHAIUTA A ML EREINE-RY FT—VREEUHENRY FO—VBREOAAT, T VAM IV RAREZFEAL THBFEBE A TS1 VEBEL BEARTNARATETILENL—ZV T TELIT
nEGTYFEEA,

MEARTNARE Y FT—VICEKET D ESICHMEENNA TSA VOEHEYR— S ARERHY FT,

T8 YA I RBREZERT ILENHYET,

EDOREZFEATIVLENHY FIM7?

A. Azure Machine Learning Service

B. Azure Machine Learning Studio

C. Azure Databricks

D. Azure Kubernetes Service AKS)

IEfE: (EffZzRnLET)

The Data Science Virtual Machine (DSVM) is a customized VM image on Microsoft's Azure cloud built specifically for doing data science. Caffe2 and Chainer are supported by DSVM.
DSVM integrates with Azure Machine Learning.
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Azure Machine Learning 7—9 AR—X&#EBLET,

BELEINTOWEVLWT IR MISRLELIFEESN b=V U Z2BULTE2EBARAEEBLE NLP) ETILENL—ZV 0T 5FETT, BEME SN -HBHFEEZFALTNLP 2 RV EERT ILELHY ET,
EDREMEEFEATI2HELAHY FIH? BAZTSICIE REEETEIGA T a vEBIRLTLESLY,

FE ELWLVBIRZEICTI RSV AR EShET,

NLP task configuration

Configuration setting

Multi-class text classificaton

Muilti-label text classification
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HLP task configurmion NMirroscATT
VIICTOSOITL
Conbguration emng
Tassls

el ol tewt clasvificataon

WLilm-label tex classificaton

| Codavl =1

C5v
el PR
|

Explanation:

NP task configuration

Vol
P Mgl EFTy Fecog

R A oo=as i aE = L
Microsoft . .
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Azure Machine Learning7 —> AR—X BB L TWET, ET/ILEZHEEL Responsible AIZ Y L2 R— FEZEBRTIBELHY ET Fvaih— KOS BEBERICEODVWT UTDT7ITAETAZETTH0E
NHYET,

*ETILMLEFELIMERZR(E-OICAZITOIVELHINERELET,

*EADDHIERICRVEENLGZE 5 OBEEEHELET,

Responsible AIZ & 2 R— FOBRIZERAT a3V R—3* 0 FE2BRTIBELAHY ET,  EN2DODIVR—RY FEEMTEIUENHYEFITM?ERIEIEFAETNY ) 12— 3 00—EHERLTWET T B
1DI2DF1RA >V T,

A REENRE

B. T5—4#

C. AR BE &

D. FiBA

EfR:AC (DAY FERET )

A7 DP-100JfEEE (LJPNTest.comigit S  DP-100JERER ST 5 Z L IZRICIIB E T ! JPNTest.comld S xFTDP-100JHEREIREE 14t L £ 9, JPNTest.com DP-100JEt B8 BT S EFnFE L 1=,
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TensorFlow ZERALTT 4 —F5—=24 ETILEHFELTULVET, Azure Machine Learning A Ea—T A VI A VRABVATETILDML—=205 D=9 0—R2EFTITBHFETT,
CUDAR—ZXDETILEL—ZV T EFERTIVENHY ET,

AVEA—TFTAVITAVREVRZTOES aZ V9T 2ERHY T,

FRATEIREI DO A XL 2 O2HY ET BET ST, AEEETEUGRETS DOY A XEBIRLTLEELY,

EEELWLEBIRCEICTI ARSI Y EAFEShET,
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virtual macnine size

O search by name...

Mame 1 vCPUs GPUs RA Resource dis
BASIC_AD 1 GB 20 GB
STANDARD_D3_Vv2 4 e ﬂ - 14 GB 200 GB
STANDARD_E64_V3 64 432 GB 1,600 GB
STANDARD_MB4LS 512 GB 2,000 GB

1E fiz:

STANDARD_NC12 12 - '\é' :ié%:f—t 680 GB
| STANDARD NC24 24 u 224 GB 1440 GB
Virtual machine size

,Q Search by name...
Mame 1 vCPUs GPUs FAM Resource disk
BASIC_AD 1 0.75 GB 20 GB
STANDARD_D3_V2 4 14 GB 200 GB
STANDARD_E64_V3 64 432 GB 1,600 GB
STANDARD_M64LS 512 GB 2,000 GB

STANDARD_NC12

STANDARD_NC24

— R A S

T I I o T O O o O O O R W R

680 GB

Explanation:



Virtual machine size

L Search by name...

Name T vCPUs GPUs RAM Resource disk
BASIC_AD 1 035 GB 20 GB
STANDARD_D3_V2 - 14 GB 200 GB
STANDARD_E64_V3 64 432 GB 1,600 GB
':;T#NDAR]-J_ME#LS. rouﬁ 512 GB 2,000 GB
STANDARD_NC12 12 o 112 GB 680 GB
STANDARD_NC24 24 4 224 GB 1,440 GB

CUDA is a parallel computing platform and programming model developed by Nvidia for general computing on its own GPUs (graphics processing units). CUDA enables developers to speed up compute-intensive

applications by harnessing the power of GPUs for the parallelizable part of the computation.

Reference:

https://www.infoworld.com/article/3299703/what-is-cuda-parallel-programming-for-gpus.html
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Azure Al Foundry 7Oz ) F2EELET,
KIREEEETIL M)/ — R & B—DHNZEDER/ —FEETPrompt70—ZRFE L ET . YAML7O—BREZFERALT LLM/ —FOAAE LR/ — FORAZ YO TE2RENAHYET , EDTO—

ZEAITNIELNTTN?
A.<#LEF/—KEHh#>

B. {{upstream.node.nameoutput})
C. (% L/ —Fr& HH%)

D. $(Lik/ — F&.HH)

IEfE: (EffZzRLET)
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KD Azure TR 1) T3 & Azure Machine Learning 4 —E R T—9 ZAR—ZXAHY FT,
= = ____Subscription . |  Workspace | _ Comment
385bclfeS-4cef-4a04-b977- 21864927279 mi-default This & the default subscnphion
Lat80id1-557a-4234-0b83- 20504 1 201068 mi-project The information required to unicuely identify this workspace is stored in the file
| configjson in the same folder as the Python script.

ml-project 7—9 AR—XAADESREWMF T OIDLENHYET,

R D Python a3 — K E1T

from azureml.core Import Workspace

WE = Workspace{workspace_name="ml-project”

LET,

1 —]

ax ;&
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Ya—2 a3 VIEBEEBELTOVETA?
A VR

B. XL

R (ERERRLET)
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Azure Machine Learning Designer 2R L T ROT—2 v FEERIZHEAAAHTT,
7_'—’)7 v
Age Length Width
k! 22 13
T—AEY k2
Age Length Width
1 101 65
23
1_ .- .- -1|:

ANT—3Ey FERLIIEAYVI—1TEHEDE MADANT—2EY FOITRTOITNEENSIT—F Y FEERTIDLENHYET,
fRRE ITOEMaVR—RY FEFERALET,
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CDEVIVOEMICAZLZRIE, TOBMICRAZLEITEFHA, ZTOHBRE. CNODEMEILE 2 —EBEEICKRTINEFLEA,

BET—2ICEDVTREEHEZFATEIETILEERLET,

T—RARARTNET—2&5AAH WEBIN-T—I2ZBBEZTETILOM —ZV TR THIETEOHIZ REBRY ) TREETTINA T4 VEERTIBHERHY T,

fRRSR . DO— FEETLET,

1atastore = Ws.geT_derault_aatastorel)
lata_output = pd.read csv("traindata.csv")

wrocess step = PythonScriptStep(script name="process.py",
arguments=["--data_for_train", data_output],
outputs=[data_output], compute_target=aml_compute,
source_directory=process_directory)

crain_step = PythonScriptStep(script name="train.py",
arguments=["--data_for_train", data_output],
inputs=[data_output],compute_target=aml compute,
source_directory=train_directory) '

yineline = Pineline(warksnace=ws. stens=Inrocess sten. train stenl)
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The two steps are present: process_step and train_step

Note:

Data used in pipeline can be produced by one step and consumed in another step by providing a PipelineData object as an output of one step and an input of one or more subsequent steps.

PipelineData objects are also used when constructing Pipelines to describe step dependencies. To specify that a step requires the output of another step as input, use a PipelineData object in the constructor of both
steps.

For example, the pipeline train step depends on the process_step output output of the pipeline process step:

from azureml.pipeline.core import Pipeline, PipelineData

from azureml.pipeline.steps import PythonScriptStep

datastore = ws.get_default_datastore()

process_step_output = PipelineData("processed_data", datastore=datastore) process_step = PythonScriptStep(script_name="process.py", arguments=["--data_for_train", process_step_output],
outputs=[process_step_output], compute_target=aml_compute, source_directory=process_directory) train_step = PythonScriptStep(script_name="train.py", arguments=["--data_for_train", process_step_output],
inputs=[process_step_output], compute_target=aml_compute, source_directory=train_directory) pipeline = Pipeline(workspace=ws, steps=[process_step, train_step]) Reference:
https://docs.microsoft.com/en-us/python/api/azureml-pipeline-core/azureml.pipeline.core.pipelinedata?

view=azure-ml-py
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REST Request
Request Header
Response
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Explanation:

Value
JSON containing
JSON contai eiD
JSON contai & expenment name

ing an CAuth bearer token

containing the run ID
JSON containing the pipeline ID
JSON containing the expenment name
JSON containing an QAuth bearer token

SEereanft

JSON containing a nath to the narallel run sten trt outout file

Value

- _“_
JSON confaining the run ID
JSON contdining the pipeline ID
JSQN ontaining the expenment name

J4SON containing an OAuth bearer token |

FSOMN containing the run ID
JSON containing the pipeline ID

[J50N cmtahmithe expenment name |
JSON containing an OAuth bearer token

e romntt

JSON containing & path 1o the parallel_run_step.txt output file




REST Request Microsodie

Request Header

JSON containing the run ID

JSON containing the pipeline ID

JSON containing the experiment name
JSON containing an OAuth bearer token

Request Body

JSON containing the run ID

JSON containing the pipeline ID

JSON containing the experiment name
JSON conta—ining an OAuth bearer token

JSON containing the run ID

JSON containing a list of predictions

JSON containing the experment name

JSON containing a path to the paraliel_run_step txt output file

Box 1: JSON containing an OAuth bearer token

Specify your authentication header in the request.

To run the pipeline from the REST endpoint, you need an OAuth2 Bearer-type authentication header.
Box 2: JSON containing the experiment name

Add a JSON payload object that has the experiment name.

Example:

rest_endpoint = published_pipeline.endpoint

response = requests.post(rest_endpoint,

headers=auth_header,

json={ " ExperimentName " : " batch_scoring ",

" ParameterAssignments " : { " process_count_per_node " : 6}})

run_id = response.json()[ " Id " ]

Box 3: JSON containing the run ID

Make the request to trigger the run. Include code to access the Id key from the response dictionary to get the value of the run ID.
Reference:
https://docs.microsoft.com/en-us/azure/machine-learning/tutorial-pipeline-batch-scoring-classification

B 54
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Azure Machine Learning SDK for PythonZ £/ L T dataset1 &dataset2Z LbER T S ENHY FT,
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A backfill run is used to see how data changes over time.

Reference:
https://docs.microsoft.com/en-us/python/api/azureml-datadrift/azureml.datadrift.datadriftdetector.
datadriftdetector
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Coefficient of determination, often referred to as R2, represents the predictive power of the model as a value between 0 and 1. Zero means the model is random (explains nothing); 1 means there is a perfect fit.
However, caution should be used in interpreting R2 values, as low values can be entirely normal and high values can be suspect.
References:

https://docs.microsoft.com/en-us/azure/machine-learning/studio-module-reference/evaluate-model
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Instead use the Synthetic Minority Oversampling Technique (SMOTE) sampling mode.

Note: SMOTE is used to increase the number of underepresented cases in a dataset used for machine learning.

SMOTE is a better way of increasing the number of rare cases than simply duplicating existing cases.
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azureml.coreh 5 4 i R— FET

NoFEpdELTA UR—FT D

run = Run.get_context ()

5 —4=pd.read_csv (data.csv')

label_vals = data ['label'], unique ()

# Z CICHERERE Y S3— FZEm

run.complete ()

ERTE RTHRETELIETODA MY I ELT T—AHD—BEDINILELEHT IBENHY FET,

QA MTREINFZRA DV IPTEFTA M) Y ELT—EBDOINIVEZREHETHICIE RV T MIa—REZEMT I2LELHYET,
RREK QAAVPERODOI—FIZEETHBAET,

run.upload_file (outputs /labels.csv', ',/ data.csv')
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label_vals has the unique labels (from the statement label_vals = data['label'].unique()), and it has to be logged.

Note:

Instead use the run_log function to log the contents in label_vals:

for label_val in label_vals:
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run.log('Label Values', label_val)
Reference:
https://www.element61.be/en/resource/azure-machine-learning-services-complete-toolbox-ai

B 61

Azure Notebooks T train-classification & L5 &8I0 Azure Machine Learning D38 FL—= U 0 REBRZEMRML T T,
ETILORL—=25dZ table E WS BRI T—TILEREME LT Azure Machine Learning Studio IZIRET 2HENH Y £,
MLfow ZFERALTA RV I ZREL, —ERRTIDENHYFET,

O—FEJAVMEEDESICRTTIRLEAHY FTITH? BAZFT HICIE, AEEETEUGA T a vEBERLTES,
FEELOMBIRSEICTIRA Y RAMEShET,

from alflee.treching Import =0 (leellient
Inpart fson
i i, Bl _@uper Leaad [ “Traln o lasafTloat lo=" )
wifloe rum = mlflow.itert re

{"tmble.call

[ gt

we g
logatdact . R R 9

s % + I
& - - e -
! B lﬁc ‘:‘g-l Wabie. fror™, "w')
L | T -
s 8 B B Bo®ocmtable, *
R
r w1 flew. Jog artifact g
Tirisha log_metre
b _imeetrics i
Ch gt _rom imilflew o nan o

rmilflowe roranio ran &8

0 P e f W Pl
*esble. ol s B, Tekle.cell® 19
LEL BN LT bl
hog rtf Y ]
i-.-.M.'\-;.!‘.m;rr—.-
=T o “rakle. fzees, @-'4

e g Mlicroso

=l uhe log_metrs
log_metin ]

(. prdfic _nanunicunen & all ]

[] mifoea i by ruey il
mificea nunnforun o, pathe " scourscy tablé pon
mifiow_nun ko superament_xd

Explanation:



I;;:-:l;]: ek H‘.':h;:ﬁr" o/ “I_lc ro S Oft

e Hﬂ.! tgais_dlasilFlcatlen™)
I e _rn = £ _Fwnl )
Foul ltl-ﬁ& 1]
I iew.c) —

with piw.iren™, "w') as i
j:- hvll
ey Eifpec ¥ [“eskls. jusa*)
w#‘,i MR bl Dot {1
L
.m‘“"__ niskgd wlflou_res

J-\ '\_ Il § :Ir1r ) = R Pl n'tl'p'ﬂ_rl J1ff.'.1_r|_|,,-

A7 DP-100J B (LJPNTest.comigiit St DP-100JRERIC AT B 2 LIZRIZITI B E T ! JPNTest.com(T S ZFDP-100J:RERRT 2B 21214t L £ 9. JPNTest.com DP-100JRERRIREE (T SEHFShEL -,
Z ZCDP100JRBENT A MI VO UEFIZANT T, BFRO 7 ¥ £ X _ https://www.jpntest.com/shiken/DP-100J-mondaishu 628, 3 0% « A ho > + #5314 EI5/2— F: JPNshiken|

BR: 62
REARFZILIYXALEFERALTHEETILENL—=VTLET,

LUT®DPythond— RZET L THESRFER LTI, EHfeature_nameslEIT R THDHFHEEL D) X k_class nameslET XTI S REDY A RTY,
fZIR ext.blackboxh & TabularExplainerz 4 > ik— + 9 5

explainer = TabularExplainexri{model,
x_train,
features=feature_names,
W Mitrosoftclasses=classe_names)
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The SHAP TreeExplainer will be used to interprel the model.

If you omit the features and classes parameters in the TabularExplainer
instantiation, the explainer still works as expected.

You could interpret the model by usinga Mm Explainer instead of a ®)
TabularExplainer. = 1ICIrO SOft
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3 Yes NC

HROAYId gt ea
I'he SHAP TreeExplainer will'be used to interpret the model. ‘Loj O
if you omit the features and classes parameters in the TabularExplainer o] 0
instantiation, the explainer still works as-expected. !
You could interpret the model by using-a@ MimicExplainer instead of a O Te)
TabularFxnlainer .
Explanation:

Yes No

The SHAP TreeExplainer will be used to interpret the model (e} O
If you omit the features and classes parameters in the TabularExplainer o o
instantiation, the explainer still works as expected. —
You could interpret the model by using a MimicExplainer instead of a O O
TabularExplainer
Box 1: Yes
TabularExplainer calls one of the three SHAP explainers underneath (TreeExplainer, DeepExplainer, or KernelExplainer).
Box 2: Yes
To make your explanations and visualizations more informative, you can choose to pass in feature names and output class names if doing classification.
Box 3: No

TabularExplainer automatically selects the most appropriate one for your use case, but you can call each of its three underlying explainers underneath (TreeExplainer, DeepExplainer, or KernelExplainer) directly.
Reference:
https://docs.microsoft.com/en-us/azure/machine-learning/how-to-machine-learning-interpretability-aml
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Specify the path.

Example:

The following code gets the workspace existing workspace and the desired datastore by name. And then passes the datastore and file locations to the path parameter to create a new TabularDataset, weather_ds.
from azureml.core import Workspace, Datastore, Dataset

datastore_name = 'your datastore name'

# get existing workspace

workspace = Workspace.from_config()

# retrieve an existing datastore in the workspace by name

datastore = Datastore.get(workspace, datastore_name)

# create a TabularDataset from 3 file paths in datastore

datastore_paths = [(datastore, 'weather/2018/11.csv'),

(datastore, 'weather/2018/12.csv'),

(datastore, 'weather/2019/*.csv')]

weather_ds = Dataset. Tabular.from_delimited_files(path=datastore_paths)
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By default, the Web Service Input will expect the same data schema as the module output data which connects to the same downstream port as it. You can remove the target variable column in the inference pipeline
using Select Columns in Dataset module. Make sure that the output of Select Columns in Dataset removing target variable column is connected to the same port as the output of the Web Service Intput module.
Reference:

https://docs.microsoft.com/en-us/azure/machine-learning/tutorial-designer-automobile-price-deploy
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Replace using Probabilistic PCA: Compared to other options, such as Multiple Imputation using Chained Equations (MICE), this option has the advantage of not requiring the application of predictors for each column.
Instead, it approximates the covariance for the full dataset. Therefore, it might offer better performance for datasets that have missing values in many columns.

References:

https://docs.microsoft.com/en-us/azure/machine-learning/studio-module-reference/clean-missing-data


https://www.jpnshiken.com/q/68910-6447540/
https://www.jpnshiken.com/q/68910-6447541/
https://www.jpnshiken.com/q/68910-6447542/
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Azure Machine Learning 7 —%9 AR—X [ZEHOEBEZ ETILNERIATLET,

BIRLEETILOAESZ5@T BI2IE Fairlearn ¥y a2 R— FEFERITILENHY ET,

IEFBIZETTEILELHDIDDTILaVEENTEID  BETHICK BULTHISa2E2zTo3ar YA MO oRIFBEBICHBEL, ELWVEFICHERET,
Actions Answer Area

Select a binary classification or regression model! I
Select a metric to be measured.
Select a multiclass ciasssflcataon rm:-del

Select a model feature to be evaTuated

Select a clustering model.

Actions Answer Area

. T o ey

e e e e e e e e e O e e e e O s e, _ -3 Dy _—

WO B EENEOEE W CERE ST W N ER RN W W W W W W R

Explanation:
Select a model feature to be evaluated.

Select a binary classification or regression model.

Seléct 3'vhietrig4@be measured.
Step 1: Select a model feature to be evaluated.
Step 2: Select a binary classification or regression model.
Register your models within Azure Machine Learning. For convenience, store the results in a dictionary, which maps the id of the registered model (a string in name:version format) to the predictor itself.
Example:
model_dict = {}
Ir_reg_id = register_model( " fairness_logistic_regression ", Ir_predictor) model_dict[Ir_reg_id] = Ir_predictor svm_reg_id = register_model( " fairness_svm ", svm_predictor) model_dict[svm_reg id] = svm_predictor
Step 3: Select a metric to be measured Precompute fairness metrics.
Create a dashboard dictionary using Fairlearn ' s metrics package.
Reference:
https://docs.microsoft.com/en-us/azure/machine-learning/how-to-machine-learning-fairness-amil
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RDOFKD salesData & LVS ZHID Python T—4 JL—LAHY FT,

shop 2017 2018
0 Shop X 34 25
1 Shop Y 6d 76
" Shop Z 48 55
T—8 =L ROELSICRVWT—2HBRICERY MERT ILELNHY FT,
shop year wvalue
Shop X 2017 134
ShopY 2017 65
ShopZ 20071481+
Shop X 2018 25
Shop Y 2018 76
Shop Z 2018 55

T EEITI BIZ1E, Python M pandas.melt() Bk = FHT 2LENHY T,
O—RET AV L EEDESICRTTIUELHY FTIMN? BAET A EZEEHTEIY LA T a3 0EERL TS0,
SEE ELLBIRSCEIZTIRA Y RAMEShET,

o oW R =D

Answer Area

import pandas as pd

v)

salesData = pd.melt ( v ,id_vars='| o 3‘.3**&, 7 ', valus vars=
dataFrame | shop ‘shop’
pandas e year year
salesDafa) jge | value | ['year]
=P\ Foor

1EfiE:
Answer Area

import pandas as pd

salesData = pd.melt({ W .id_vars=’ ) “.:i'“‘,value_vaxy Y )
shop |
year
salesData value -
year ?hop X, Shop¥, Shop

Explanation:




import pandas as|pd

| — e e B B B ]

salesData = pd.melt ( W | ,id_vars=’ W ,value vars= |v

dataFrame SH0p ‘shop’

pandas year ‘year
salesData value ['year]

year Shop X, Shop Y, Shop [2017’,2018]
z

Box 1: dataFrame

Syntax: pandas.melt(frame, id_vars=None, value_vars=None, var_name=None, value_name='value ', col_level=None)[source] Where frame is a DataFrame Box 2: shop Paramter id_vars id_vars : tuple, list, or
ndarray, optional Column(s) to use as identifier variables.

Box 3:['2017','2018 "]

value_vars : tuple, list, or ndarray, optional

Column(s) to unpivot. If not specified, uses all columns that are not set as id_vars.
Example:

df = pd.DataFrame({'A"':{0:'a',1:'b",2:'c"},

'B':{0:1,1:3, 2: 5},

"'C':{0:2,1: 4, 2:6}})

pd.melt(df, id_vars=['A"'], value_vars=['B"','C"])

A variable value

0OaB1

1bB3

2cB5

3aC2

4bC4

5¢cC6

References:
https://pandas.pydata.org/pandas-docs/stable/reference/api/pandas.melt.html
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Azure Machine LearningE® T/ & FL—=2 45 L TEHELET

ETILVEFVSAVIVRKRA D MITTIAATEHFETHS

TIVr—=30h BHHROGWT—T 1779 FeERALERIAZEZFERALTCETIVIZZIERATESLSICTHIRLELHYFET,

fRR

IR—URAUSA VT FiRA Y FEERL  auth.mode/S5 A —F DfEZamltokenlZERELET . ETINEAVSA VIV RRA Y MZTFTOA4 LET,
VY)a—Ta IFEEZTHEEZLTVWETA?

A. LMVZR

B. (&Y

Ef:A (DAY FERET D)
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Azure Machine Learning 7—%9 AR—X #EE L TULVET, Azure Data Lake Storage Gen2 W5 T7—2 %44 ViR— FFB3FETT A L—UDBAERT URI 2BETIRENHYET  EOTO FaLEFERT
nEENTLELSM?

A. adl

B. abfss

C. https

D. wasbs

EfR: (EfRzERLEY)
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BREBBETIOFMEBKRZEET SLENHYET,

IERIZETIT DRENHD 3 D2DT7 I aVEENTIA BETHICF BNGETHIa2eT70ay YA LEEBREICBEHL  ELWVEFICERFET,
Actions Answer Area

Define a cross-entropy function activation.

-A_dd CiSl' functions for each target state.  _

Evaluate the classification error metric.

Q¢
(©

Evaluate the distance error metric.

| Add cost functions for each compohentmetric.

Define a sigmoid loss ﬁJnctioﬁ-ﬁEtivation. — M ICIrOS Gft
IEf#:

Actions Answer Area

e e e m wm wm ww mm o wm mm w

F 5
Evaluate the classification error metric. i-Add cost functions for each target state. @

R e T T

| Evaluate the distance efror metric. R e W)
|

fa_ﬁldd cost functions for each component metric]

| Define a sigmoid lgssfuncti

Explanation:


https://www.jpnshiken.com/q/68910-6447546/

Answer Area

Define a cross-entropy function activation

Add cost funclions for each target state

Evaluate the distance ermror metnc

Step 1: Define a cross-entropy function activation

When using a neural network to perform classification and prediction, it is usually better to use cross-entropy error than classification error, and somewhat better to use cross-entropy error than mean squared error to
evaluate the quality of the neural network.

Step 2: Add cost functions for each target state.

Step 3: Evaluated the distance error metric.

References:

https://www.analyticsvidhya.com/blog/2018/04/fundamentals-deep-learning-regularization-techniques/
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Azure Machine Learning 7—9 AR—XZEE L TLVE T, script.py & LV3 ZRID Python 2% 1) 7 k& training_data & LS BRID3I#ZEHAR Y £, training_data 51243 datasetl.csv EWNS BRID T 7 A4 ILAD
M= F—2ADIRRERELET, script.py Python X7 1) T b & H#HEEEETILE FL—=25F5a7 0 R D3 JELTETISFETT,

RO TrEIL—ZVG O3 TELTRETIRICIE . T—2EY FDIRRENSA—F{ELLTEIT ATV RERETILENHY FT,

fi#iR 5 python script.py dataset1.csv

ZTOBRRIIEBEEEHILTLEMN?

A. L\UVZR

B. &L

IEfg: (EfZRTLET)

B: 73

RIVFUSRABEBRETA—T 53—V ETILEERLET,

ETILIE 8TV Web R—RIHCEBLEFHFLWVERT—22FRALTC EAB N —ZVTF20EMHY F£9 . Azure Machine Learning /X1 754 V&R L HLWLWT—2 ZWMEL EHEDY A XE1Z#E
LT . ETILEBINL—Z=VYLET,

N TSA VDR 21— )LEHRTET 5121, Azure Machine Learning Python SEX v2 # 3 2WENH Y ET AT Pa—ILIE HELEREO TONT  2FALTERELET EEE BICHREL, MREIE 1)1

BELET,
ED3IDDYFRAZIBEIZA VREZ VAL T HBENHY FIMN? BET AKX BUGETIavEaETray VA oBEZEEHICEBEL ELWVEFICESNES,
Actions Aniwer arca

AUTOPa RS L]

obschedule

@
®
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Azure Machine Learning Z{# A L T Bandit R TR O —ICKBNA/IR—N\SA—FFABEZEELFT,
Z DR —TI&, slack_factor # 01 FHiifEIfEZ 1, FEMEEZ b ICERELTHEALET,

BHBHR) O —DHEREHHET ILENH D

fAIZFHETARETLLIMNM? EETAICIE BAEFEIY 7 THEYGA T 3 0EBIRL TS,

FE FLOLWBIRISEICTI RSV AR EShET,

Answer Arca

1Ef#&:

i;”Microsoft O

ofworst performing runs 1o be lt_.. 1 percent 'S
T 1 percent ]
Run termination interval T T e e e IR P D SO
9 gy tent
Run terminabion interval r % Every mterval when metnics are reported, STarting at evaluation interval 5

Every mterval when melncs are reporied, starting st evaluation interval 5
Every Sthanterval when metncs are reported
Every 6th interval when metncs are reported



Answer Arca

Scenario
¥ i g
1 ;
[ ival when I ] [
i vl Wihen i M P f
Explanation:
Angwer Arca
Scenario Value
[ 11 perioing Furd 10 b 'f.‘:‘.p; »
L 1 0
Eur i E‘ -
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Azure Machine Learning Designer# R L C EIRETILD L—=2F 14 TS5A4 &R LET,

ANT—R2EOT—2ty MR LCERBATFREERTSIIVFRA U ME LT RATEINNATSA UV EEBTIDLELNHYFET,
DIE=IER T o EH?

A bL—=2T11 T340 8-V FERLET,

B. h\L—Z2 54 TSA UMDY FHRINA TSA UEERLET,

C.bL—=2NATSAUDB)TILEALOWRNNA T4 EERLET,

D. h\L—Z2TNATZA0DT—3 1y bE[T—3EFHTANED 2 —LICETHAET,

IEfE: (EfEERTLET)

You must first convert the training pipeline into a real-time inference pipeline. This process removes training modules and adds web service inputs and outputs to handle requests.
Reference:

https://docs.microsoft.com/en-us/azure/machine-learning/tutorial-designer-automobile-price-deploy
https://docs.microsoft.com/en-us/azure/machine-learning/algorithm-module-reference/enter-data-manually
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FCOBERE RLOFVAFRRTH5—EOERO—EHTY, V) —XDZERICIE IBEESN-BELTERTHAEEOHSIHBEDOYV ) 2—2aUBREENTVET, —BBOERtE Y FMIIFEBRDE L OFEREKED
HEBERHY EIN MOBEREY FZIZELWEREALZWMEENHY FT,

CDEIIaVOEBEMICEAZELE-RIE, TOBEMICRAZLEETEEFRA, ZTORR. CAODERIILEa—BEREICRTINELA,

AT REWSKERIOO—hHIL T HILE—IZtrainpyE NS BETDPythonR o) T A HY EST , RY 1) T ME scikit-learnZFERA L CTRIGETILE FL—=2F LFEFT R YT RZE PEYRIYT T4
B—2HBDL—= TR T 7ANLNEGEHFALI—FRNEENTVET,

A9 1) 7 k&, aml-computeE WS BHIDETE Y S X2 —TAzure MLEER & L TETTIRENDHY T,

ETINEL—= U TITREGNRNYrT—ONRBICEFENDSLSIC ETZERATHILELAHYET 2—47 Y FOFHEYI SR F—%SHBT Saml-compute & WS BRIDERHEA VA2 AL LFELL:,

fRRE A —FEETLET,


https://www.jpnshiken.com/q/68910-6447551/

from azureml.train.estimator.import Estimator
sk_est = Estimator(source_directory='./scripts’,
compute_target=aml-compute,

entry_script="trainipy’,
conda_packages=[J/scikit=learn’])

V)a—LavEFEBREERLTHVEIN?

A. [Ty

B. L\ %

EfR: (EffZzRTLET)

The scikit-learn estimator provides a simple way of launching a scikit-learn training job on a compute target.
It is implemented through the SKLearn class, which can be used to support single-node CPU training.
Example:

from azureml.train.sklearn import SKLearn

}

estimator = SKLearn(source_directory=project_folder,

compute_target=compute_target,

entry_script="train_iris.py '

)

Reference:

https://docs.microsoft.com/en-us/azure/machine-learning/how-to-train-scikit-learn

AE7DP-100JRRE&E XIPNTest.comigfit S DP-100JRERICAH T 5 2 LIZRICIIB ET ! JPNTest.com(F S HFHDP-100JHERREE 121 L 9. JPNTest.com DP-100J5RERIREE (XL S EH SN EL T,
CZCDP100JBIBENDTA IV VEFIZANET, RFHRD 7 & £ X _ https://www.jpntest.com/shiken/DP-100J-mondaishu 528f. 3 0%7 « R Ao > k#5174 8513 — K: JPNshiken|
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Azure Machine Learning 7—%9 ARXR—X # & L TLVE T, Azure Machine Learning Python SDK v2 & MLflow Z{# M L T experimentl L WS EBREFERLFET  ROaA— K5 A2 F&EFERAL T experiment! D
REHRELFES,

runs = mlflow.search_runs(
axperisent_namsse| "sxperimentl” ],
max_resultzss,

order_by=["start_time ASC"]

ROEXITOVWT ELWMERIE KL ZEERL, £S5 TEWERE DVWAJZERLET,

Angwer Area
Chatements iﬁi Vi’ - s 1 Ne
R T T T p———
The eturned have besn B ilesic et
The jotes that ane pprie iy SbFen ca

] e tots, B0 Sivewta e are retumed for the reRumed sapetrrent L
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Anvwer hrea
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Explanation:

Anveer Argd

Staternents Yes No
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Azure Machine Learning 7—9 AR—X ZFRALFET,
FL—= T EHDETILE Web U—ERELTTTAATEHIRENHY £F9, 12— —IX Azure Active Directory #{FA L TERIEET HAHENHY FT,
fAIZgRETL&LIHV?
A. ET )L %Azure Kubernetes Service (AKS)IZT7BRA LET , T IOABEIZ 2—45 v FMERA TP U FDtoken_auth_enabled/S5 A —4 ZtruelZERELET,
B. &7 /L %Azure Container Instances(C7T 704 LEY , T TAABIC 42— v bMERA TP =4 FDauch_enabled/X5 A —42 ZtruelZFRELE T,
C. ET /L% Azure Container Instances|Z7T 704 LEY, T TAAEIC, 2—5 v MERA T2 9 FDcoken_auch_enabled/N5 A —4 ZtruelZEELET,
D. &7 /L %Azure Kubernetes Service (AKS)IZT 704 LET , T TOABFIZ, 2—4 v MERA TP =2 FMDauch.enabled/XT A —42 ZtruelZERELF T,
IEfE: (EfEERTLET)
To control token authentication, use the token_auth_enabled parameter when you create or update a deployment Token authentication is disabled by default when you deploy to Azure Kubernetes Service.
Note: The model deployments created by Azure Machine Learning can be configured to use one of two authentication methods:
key-based: A static key is used to authenticate to the web service.
token-based: A temporary token must be obtained from the Azure Machine Learning workspace (using Azure Active Directory) and used to authenticate to the web service.
Reference:
https://docs.microsoft.com/en-us/azure/machine-learning/how-to-authenticate-web-service
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RTILFHNOD T ITHA FOFREREIZFRTE5-OOEBEEETILERAES IV L—=VTLET,

A CADIS T4 v IEIBRYERBYFEST, COYA FTIE ABBERIERIZIS T4 v IDEL MOBIZIE NS 74 v I DBIEEINDELE>TWET KBEWeb ST v I DEVWETY, ETILE FE
EHHR— b T AOIZHNICAT—ILT7 Y TELXUVRTY—ILE I TEDHaVEa1—T 4 >4 EMAzure MachineLearning!) 7)ILA 4 LWebH—ERXRIV RRA V FELTTTOATEIRENHY FT , EDTTOA
AU MNHEA T a v EFERTILENHYFTM?

A. B8 S f=AzureDatabricks 7 5 X % —

B.Azurea > TF+A4 AR 2R ACI)

C. Azure Kubernetes Service AKS) #i 5 X2 —

D. Azure Machine LearningComputef X% > X

E.FD)—YavicEimsnf-RE<I Y

IEf#: (EfEERTLET)


https://www.jpnshiken.com/q/68910-6447554/
https://www.jpnshiken.com/q/68910-6447555/

Azure Machine Learning compute cluster is a managed-compute infrastructure that allows you to easily create a single or multi-node compute. The compute is created within your workspace region as a resource that
can be shared with other users in your workspace. The compute scales up automatically when a job is submitted, and can be put in an Azure Virtual Network.
Reference:

https://docs.microsoft.com/en-us/azure/machine-learning/how-to-create-attach-compute-sdk
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Azure Machine Learning ##FALTCETILZ FL—ZU 9B EUVEHZELET,

IT #BF9AY Azure Machine Learning 7 —% X RXR—X[Z4ERK L 1= service-compute & L\ BRIDHERRY TR FZ—IZ U TILFZ A L Web H—EXELTETIZERREICT IAATILENHY FT,
T4 EN=-Web H—EREZFRTEI954T72 7T U5 — 3 & Azure Active Directory H—E X T U NILICEDNWTRIEE SN B BELAHY FT,

Azure Machine Learning SDK B L CETILET IAA T HR I U T+ 2RI H2DENHYET DELRED 2 —IILIEA o R— FNEHTT,

O—FREEDKSICERSEEIRETIMNMN AZETHICIE EETY 7 TEUNGEA T3 vEERLTLESL,

EEELWLMEIRCEICTIRA Y A EShET,

# Assume the necessary modules have been imported
deploy_target = w (ws,

SServidevYcbmpule W

AksCompute
AmiCompute
RemoteCompute
BatchCompute

deployment_config = W .deploy configuration(cpu cores=1, memory gb=1,

AksWebservice
AciWebservice
LocalWebService

b A

token_auth_enabled=True
token_auth_enabled=False
auth_enabled=True
auth_enabled=False

service = Model.deploy(ws, “ml-service”,

[model],;

service.wait_ for deployment (show output =

inference config, deployment config, deploy target)
True)

1F fiZ:




*Microsqft

RemoteCompute
BatchCompute

deployment_config = 15 s v . deploy configuration{cpu_cores=1, memory gb=1,
| AksWebservice |
AciWebservice

LocalWebService

________ v )
token_auth_enabled=True

token_auth_enabled=False
auth_enabled=True
auth_enabled=False

service = Model.deploy(ws, "ml-service”,
[model], inference config, deployment config, deploy target)
service.wait_for_deployment (show_output = True)

Explanation:
Assume the necessary modules have been imported
sploy target = | |v-|{ws, “service-compute”)

RemoteCompute
BatchCompute

|" .deplcyﬁ_config,ufatian(cpu_cares=1, memory gb=l

token_auth_enabled=False
auth_enabled=True
auth_enabled=False

service = Model.deploy(ws, “ml-service”,
[model], inference config, deployment config, deploy target)

IEHS T M B Y. L L = il SRR PR EE LU, I ——— - Y D —

Box 1: AksCompute

Example:

aks_target = AksCompute(ws, " myaks ")

# If deploying to a cluster configured for dev/test, ensure that it was created with enough

# cores and memory to handle this deployment configuration. Note that memory is also used by
# things such as dependencies and AML components.



deployment_config = AksWebservice.deploy_configuration(cpu_cores = 1, memory_gb = 1) service = Model.deploy(ws, " myservice ", [model], inference_config, deployment_config, aks_target) Box 2: AksWebservice
Box 3: token_auth_enabled=Yes Whether or not token auth is enabled for the Webservice.

Note: A Service principal defined in Azure Active Directory (Azure AD) can act as a principal on which authentication and authorization policies can be enforced in Azure Databricks.

The Azure Active Directory Authentication Library (ADAL) can be used to programmatically get an Azure AD access token for a user.

Reference:

https://docs.microsoft.com/en-us/azure/machine-learning/how-to-deploy-azure-kubernetes-service

https://docs.microsoft.com/en-us/azure/databricks/dev-tools/api/latest/aad/service-prin-aad-token
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Azure Machine Learning 7—Y7 AR—ZRAZFALTWWET, ETILOTRA FHEDOEBELEFRADEEZEY 7Yy T LET,

TAMADAVE2A—TFT 43—y ME AR METTAM A FOFHERMNRICMZ ZBELAHY I, ABRERADIVE2—Ts 207 2—47y MI BRLBIGERE, 7704 Sz H—EXODEEHX
=) ZFLTUTLEA LHERDYR— FERETIDLELHYFET,

ETIDOTRAMEARBRERAOAVEA—TFT40T 43—y FERBRTHIRELNHY FT,

ENAVEaL—TFT4VT 58—y b EFERATIVENHYFTITM? METSICIE ABFEETEULGA T a vEERLTLESL,

FE ELWLBIRSEICTI RS Y PRI EShET,

Environment Compute target

Testing A\ 4

Local web service

Azure Kubernetes Services (AKS)

Azure Container Instances

Azure Machine Learning compute clusters

Production \ 4

Local web service

Azure Kubernetes Services (AKS)

Azure Container Instances

AZute Machine Learning compute clusters




Environment Compute target

Testing \4

Local web service!

|
I g T~ ™ A S

Azure Kubernetes Services (AKS)
Azure Container Instances

R A"
|i“_: rﬁ P I.,-‘- iy aaT %

=1 ¥ Azure Machine Learning compute clusters

Production Vv

Local webservice = _
' Azure Kubernetes Services (AKS) :

Azure Container Instances
Azure Machine Learning compute clusters

Explanation:

Environment Compute target

Testing

Local web service

Azure Kubernetes Services (AKS)

Azure Container Instances

{ |_Azure Machine Learning compute clusters

Production \ 4

Local web service

Azure Kubernetes Services (AKS)

Azure Container Instances

Azure Machine Learning compute clusters

Box 1: Local web service

The Local web service compute target is used for testing/debugging. Use it for limited testing and troubleshooting. Hardware acceleration depends on use of libraries in the local system.
Box 2: Azure Kubernetes Service (AKS)

Azure Kubernetes Service (AKS) is used for Real-time inference.

Recommended for production workloads.

Use it for high-scale production deployments. Provides fast response time and autoscaling of the deployed service Reference:
https://docs.microsoft.com/en-us/azure/machine-learning/concept-compute-target
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DEARVICRYBATOVES, HEIE/RNMT Y A—Z2 LD EID BLUVBEETIEEZRI T2y FAHYFET, T2y MIFEUTOINEENTULET,

| Name Descilption
IsPlaySoccer Valuescanbe 1 and(

Gender Valgescanbe M or F.
PrevExamMarks - - Slores values from 0 to 100
Height Stores values in centimeters

ol | I | Stores values in kilograms

TMES A TR-HES EBERHYET
EHFTUICEDERERMT DRERSY TTH? @ET SI-I: DEERCENLGA T 3 U EBRLTES L,
FE ELNBIRCEIS1RA Y MAMBEShET

Category Variables

Categorical variables | v
Gender, IsPlaySoccer _
Gender, PrevExamMarks, Height, Weight
PrevExamMarks, Height, Weight

Microsoft IsPlaySoccer

Continuous variablés | v

Gender, IsPlaySoccer _
Gender, PrevExamMarks, Height, Weight
PrevExamMarks, Height, Weight
IsPlaySoccer

Category 2= MicrosoftVariables

Categorical variables v
Gender, IsPlaySoccer

Gender, PrevExamMarks, Height, Weight
PrevExamMarks, Height, Weight
IsPlaySaccer |

Continuous variables * v

Gender, IsPlaySoccer
Gender, PrevExamMarks, Height, Weight

PrevExamMarks, Height. Weight '
IsPlavSaccer

Explanation:



Category Variables

Categorical variables v
Gender, IsPlaySoccer

Gender, PrevExamMarks, Height, Weight
PrevExamMarks, Haght Weight
IsPlaySoccer

Continuous variables v

Gender, IsPlaySoccer
Gender, PrevExamMarks, Height, Weight

PrevExamilas,Heioht, Weioht

IsPlaySoccer

References:
https://www.edureka.co/blog/classification-algorithms/
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LRATIZ CSV 274D T #+ LA —IZHE DL training-dataset L WS RBEKXDT—2 2y bEFEALTrL—V T ESnEETILETIOA LELL:,

FREIOBBE LI ETUICE > TERSINEHEEELTFRASANLN FADCSVIFALEEL I+ N FT—ICRESNEL HRBT ST+ N F—ICEDVWT 2200FEKXDOT—2y FEERLEL
= ADEFRSALEEL FL— VI TR EREIT— BT HIRAFT—TEZEDOFHT 2y b L 31D03BHENE T7MILVEICEDCB A 2803 A LRIV T ECAFT—TZ2EHE>BET 4ty
FTY,

ETILDOML—=U T LUBEOHE T —2OEERERET SICIE, T—FFU I M EZ I —ZERT DIRELAHYFET , ZDEOHICIE, T—FFY I M EZZ—ITREBELRT -2ty FEERTILELNHYFET,
T—ARYITFPEZZ—ZEBETHICIE EDOT—2ty FE2FERTAELNVTLESN?BULRT -2ty F2BULT -2 RFUITFEZFI—DFA TP IVIZFS YT LTLESW, &EY—XIE 1RFERAT I &
H EBHEFERT 2L FoKFRALAVNWIEETEET AVTUVYERTIDICE RAIVEIOREIN—2 RSV IT 50 RV O—ILTEIDENHIEELHY EFT,

FEECELWMLMEBIRSCEICTIRA Y A EShET,

Target datasets Answer Area

tralnmg -dataset Basellne dataset Target dataset

| ot | rarget datase
predlctlons-dataget ' vaL 1ol jel aatase

| feaiﬁres-dataset

Target datasets Answer Area

r._ .

I trammg dataset




Explanation:
Baseline dataset Target dataset

training-dataset

. W

:precﬁcﬁons-dataset

Box 1: training-dataset

Baseline dataset - usually the training dataset for a model.

Box 2: predictions-dataset

Target dataset - usually model input data - is compared over time to your baseline dataset. This comparison means that your target dataset must have a timestamp column specified.
The monitor will compare the baseline and target datasets.

Reference:
https://docs.microsoft.com/en-us/azure/machine-learning/how-to-monitor-datasets
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T COBEMI ALY T IAZRTT A —EDEMO—MTYT, V) —XOFERBICIE, BHEIN-BEZERT LARMEDOHAHBDBRENESENTVETS, —HOERME Y MIFEROEZELHLEHEEL HN
X, EENZTMEELHY FT,
CDEIVLaAaVOEMICERA-ZE TOEMICRSZLEITEFERA, TORR. ChoDERELEa—BEEICKRRTEINERA,
Azure Machine Learning ##RA LT AEETILEZE FL—=U 03 5FEREETLTULET,
Hyperdrive ZEHL T ETIDAUC A FJ v I ZmBIET H/INTA—F—FRBDIT-WEEZTWET KOO — FZEFEFTL T, EERHIC HyperDriveConfig R L £ 9,
wyperdrive = HyperDriveConfig(estimator=your estimator,
hyperparameter sampling=your params,
policy=policy,
primary metric_name='AUC',
primary metric_goal=PrimaryMetricGoal.MAXIMIZE,
max_total_runs=6, \
max_concurrent_rung=«
COBREEALT S8 L JALANETILEML—ZVT L ENERIET 2 TTRAMT DRI TFERTITAFETY MREET—FDINIEL y_test EHE VS BRIDERICRESN, ETILHALDTF
BIMEREIL y_predicted E WS BHIDEHIZEGFINET,
Hyperdrive &8 AUC A b W I DNAIR—INSA— 2 ERBILTEDLSICTBICIE RV YT MO EEMT E2RENHY F9,BRER: ROI—FEETLET,

import numpy as np

from sklearn.metrics import roc_auc_score
# code to train model omitted

auc = roc_auc_score(y test, y predicted)
print(np.fioat(dus)):

Y )a—TaVFEEZERLTHWETA?
A. [FLy

B. LMMZ

EfR: (EffZzRTLET)

Use a solution with logging.info(message) instead.

Note: Python printing/logging example:
logging.info(message)

Destination: Driver logs, Azure Machine Learning designer
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Reference:
https://docs.microsoft.com/en-us/azure/machine-learning/how-to-debug-pipelines
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Azure Machine Learning 7—9 AR—XZEEBLTWET, cDT—9 ARXR—X[Z[X_ Azure Kubemetes Service (AKS) 7 5 X Z— AKS1 & V5 &) & L THER S L= Azure Machine Learning Kubernetes a1
Ea—T429 23— Y EREEFNRNTVWET AKX T—IB—FZF FL—ZVFFBE0ICELES/ —FREF3—5 Y MITEDESICHEBRIATULET,

Azure ML Python SDK V2 L CTAKS1 TaATX U RO 3 JEETITLIVENHYEIMN? a9 P a TR EBLIBEODIAVEL—T 127/ —FEERTIVENHYET LTS/ — FOEHIL a7
VENRSA—E—ZFERALTHEET IBLENHYET,

AX U RINSGA—RZRETIVELHYFT,

EDNF A= EZFERAINEINTTA?

A GE

B. IRiE

CAVRRVREAT

D. iR

IEfR: (EffZzRTLET)

from azure.ai.ml import command

# define the command

command_job = command(
command="python -c "print("Hello world!")"",
environment="AzureML-lightgbm-3.2-ubuntu18.04-py37-cpu@latest”,
compute="<Kubernetes-compute_target name>",
instance_type="<instance_type name>"

EFEIE]: 86

AVEA—TF 42T U5 AE—%EALTHLL Azure Machine Learning 7—9 AR— X #ERLET,

Azure Machine Learning Python SDKV2 AL T aYvEa—T 4 5 VSR —%ERBMIZERT 2BLELAHY T3,
OA—KRET AV LEEDESICETTIREAHY FIH? BAET I BAEEHETEY G T 3 0EBIRL TS,
I ERCEITIRS Y NES

Arawer Area
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felenner)

Explanation:
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NATRAEDHOBBICHNT BIZE FTA—NIL RFILTF 4 ARV ETILODANEZERETIHENHY FT,
IEBICERITITIBELAHD I DT avFENTIAN BETAICIE BULETILa e EwToroary YA MO EZEEBICEREL ELWEFICERET,
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BEOETILEZEBNL—ZVTLET,

ETIOBREDN—D3aVE LR M) IZRELEGLAS ETLOHFLOANA=—D3 VEERTILELNHYET,
DE=IERZET o2 EHN?

A BEFEOETIVEIFERLDZEZHDETILE (E2DversionE WS ZRID AW R A LTONT 4 & LET,
B.IEDETILERLARMTETILEEHLET,

CHLLWETILEBREFEDETILLERLAZRITT 24 EDT—E2RAMTFICREFLET . HLOWETILEZEZRLAVTLIEEL,
D. BFEDETIZHIBRL RLCABMTHLVETLZZHELETS,

IEfR: (EffZzRLET)

Model version: A version of a registered model. When a new model is added to the Model Registry, it is added as Version 1. Each model registered to the same model name increments the version number.
Reference:

https://docs.microsoft.com/en-us/azure/databricks/applications/mlflow/model-registry
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PyTorch7 L—LT—V #EALT 8V SRABEBRPET A — T 53—V EBEERLFET, COXERIE GPU/ — FZEEAT-Azurea Y Ea—T 4 VIV S RF—TRITTHFETT,
BEZAPEETIIORARE FL—=29 #ETT 5IZ(E, Azure Machine Learning Y —EX A TS5 A4 V2 ERT IDELHYET M T4 VERPEBDIRXR FTETL, ETILD FL—= U JITREGBB R/
RICHZSBENHYET,
EDIDDNA T340 ATy T#IBBICETTIHENHY FIN? BETHICIE BULETIavETIIay VDA ML EZEEHICEHL ELWVBEFICHRET,
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Actions

Configure a DataTransferStepl() o fetch new image
data from public web portal, unning on the cpu-
compute co mpute targEL

Cmﬁgum an Er.tn'maturﬂtepﬂ to run an estimator that
runs the bird_classifier_train.py model training script
on the gpu_compute compute target.

Configure a PythonScrptStep{) to run both
image_fetcher.py and image_resize.py on the cpu-
mmpule cnmpum largel

Configure an EstimatorStep() tu run an Eﬁllmalﬂf Ihat
runs the bird_classifier_train.py model training script
on the cpu_compute compute target.

target.
Configure a PythonScriptSte
image_resize.py on the cpu-c

'Conﬁguré a PythonScriptSt Mo run
bd'rd classifier_train.py on the cpu-compute compute

C-::-nﬁgur@ Stepﬁ tu run

!:-lrl:Lclasssf fA-compule com
target. t

1E fiz:

compute target,

Configure a PythonScriptStep( to run
image_fetcher.py on the cpu-compute co us

Answer Area



Actions - N .
I Configure a DataTransferStep() In_fetl(imaM F (
I data from public web portal, running cpu- .
I compute compute target.

jConfigure an EstimatorStep() to run an estimator that |
ln.ms the bird_classifier_train.py model training script |

lConflgure a PythonScnptSiep{] t-::i run both |
| image_fetcher.py and image_resize.py on the cpu- |
compute compute target.

IConfigure an EstimatorStep() to run an estimator that [
|runs the bird_classifier_train.py model training script.

I D:-nt" igure a PymonS-:anStep[] to run
| bird_classifier_train.py on the cpu-compute compute

Ce_nfg_ure_a P_ylh;nsa'lpt_smﬁ} t_ﬂ rai _____ |
| bird_classifier_train.py on the gpu-compute compute |

Explanation:

0soit

Configure a DataTransferStep() to fetch new image
data from public web portal, running on the cpu-
compute compute target.

|

| Configure a PythonScriptStep() to run
I image_resize.py on the cpu-c QP
I N i

““€onfigure an EstimatorStep( to run an estimator that
runs the bird_classifier_train.py model training script
on the gpu_compute compute target.

Configure a DataTransferStep() to fetch new image
ﬂq@ from public web portal, running on the cpu-

comp(i& Eompute target.

Configure a PythunScriptStep(]"tc; un

iImage_resize.py on the cpu-compute compute target.

Configure an EstimatorStep() to run an estimator that
runs the bird_classifier_train.py model training script

on the gpu_compute compute target.

Step 1: Configure a DataTransferStep() to fetch new image data...
Step 2: Configure a PythonScriptStep() to run image_resize.y on the cpu-compute compute target.
Step 3: Configure the EstimatorStep() to run training script on the gpu_compute computer target.

ke compute target.



The PyTorch estimator provides a simple way of launching a PyTorch training job on a compute target.
Reference:
https://docs.microsoft.com/en-us/azure/machine-learning/how-to-train-pytorch

gﬁ:ﬁ: 20

Azure Machine Learning 7—%2 AR—XZEHE L TLVE T, scriptpy & LV5 Pylhon X4 1) 7 ~&_ training_data & L5518 %5
NRERELET,

csv,

BEPEEETIENL—=29 5032 K 23 TJ& L Tscriptpy Python X9 7+ #ETTH5FETT,

HERY F 9, training.data 51%tE datasetl EWVWS T 7S IILHAD FL—Z2FTFT—8AD

ROV ThEML—Z20 T D3 TELTEETIEZIT . TR RVYTIDNRRENFA—E—ELELTETAY U FEEETHIRLENHYET,

fi# ;R 3K python script.py -training_data dataset1,csv
V)a—2a IFBEZBEELTOLETIN?

A. [Ty

B. LMMVR

Eff: (EfEZRTLET)
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BRFEEETILEERLTOET,

T—3RONNEZRET DRLENADHYZFT,

ED2DODHRBIULEFERTEEIMN? TN ETNDOERITLALEY ) a—2avERLET,
FECELWMEIRSEICTIRA Y BT EShET,

FE ELWMEBIRSEICTIRA Y IR EShET,

A.RyoR7TOwy b

B.#oE5

C.o5UALI+LRIH

D. R

E. ROCH#&

EfE: (EfEZRRLET)

The box-plot algorithm can be used to display outliers.

One other way to quickly identify Outliers visually is to create scatter plots.

References:
https://blogs.msdn.microsoft.com/azuredev/2017/05/27/data-cleansing-tools-in-azure-machine-learning/
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Azure Machine Learning 7—9 AR—XZEBLF T,
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Python SDKV2 R L T, bL—=2F PaJHDAVEaA—T 42T 95 R3—%RL BRI BZVELHY FT,

AIRELRR Y DT O/8F ¢ 2HE L T, K& Azure Machine Learning A Ea—F 4 U0 UY—REEBT2HENHY FT,
EETIDLENHDS 2 D20TANRTAIFENTID, TNENOERIEY )2 —> 3 D—8ERLTVWET,
FEELOMBIRSEICTIRA Y FAMEShET,

A4 X

it

RRKAVAR AR

. B Al

ERINMURR R

EfE: (EfEERTLET)

moow

Eﬁ:ﬁ: 93

ENFEETIVEERLET  Failean/\y r—C#FRALTETILOATRZFHELET , ETILOBZEOLEREZHRT ILENHY T, Fairlearn/\w r—C#RET ILENHYFET , EDOTILT) X LEE
FAdRETLLOIMN?

A. fairlearn.preprocessing.CorrelationRemover

B. fatrlearn.reductions.GridSearch

C. 2% 7% Icarn.postprocessing. ThresholdOplimizer

D. fairlearn.reductions.}g # &) &2

EfR: (EffzRTLET)
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F COMEIX BLIF VA ZRRTI—EOREDO—EHTYT, —EOMEICETNEN, EHON-BELZH T AEREDOHIMBOBENSENTVET  BHELY MI&>TIE BROEELIEFET HBE5LH
hiE, EEALZWNMEEEHYET,

CDEIVaVOEBEMICEAZ LRI, ZOBEMICRAZLEETEEFRA, ZOH CNLDERIILEa—BHREIZKRTEINFELA,

Azure Machine Learning TH 4 7—%FRAL T XOT—42 vy FEREBRIZHEHAAET,

Dataset]
Age Length Width
3 22 13
7 11 96
18 32 85
Dataset2
Age Length Width
11 101 65
6 98 | 2
33 22 54
17 52 12

ADNT—=E2Ey FERLAEAYT—FTEHEE HADAANT—2 Y FOTRTOITNEENDIT—2 Y FEERT HIRENHY ET,
iR Python R ) T hEFTED 2 —ILEFEHRALET,

V)a—TaVIFEEZHEEZLTVETA?

A. LMVZR

B. (&>
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Ff:A(Q AV LEHKT D)

BE: 95

Workspace1 & L5 & HID Azure Machine Learning 7—%4 A RXR— X & _URL https://storage1.blob.core.wmdows.net/datal Z{ER L T7 2 X &1 % Azure Blob Storage ZEE L F 3,

Workspace1 IZ Azure Blob T—42 X F 7 2RI H2FETT, ZOT—4% X k7%, Azure Machine Learning Python SDK v2 #{#f L T Blob Storage %% —#45Y T ARENHY ET T T—E2ANFTADTY
T RIERT, BEDOEMICFHIRT 2LELNHY FT,

A=y kb T—RRLT7EEL FhADT7TYIERE&ZET S Azure Blob Datastore 7 S AM/INT A —R & EBIRT H2LELHYET,

EDNSG A=A #FATIVENHY EFITM? EETAHICIE BEEIY7TEUGA T a VEBIRLTKESV GE ELWERIEICTI RS FAMESINET,

Datastore parameters M - r
i LErosott
Point to the target datastore ntaingl Mame®"datal” b

filesystem="datal"
file_share_name="datal”

Authorize access credentials =SaS TokenConfiguration i

credentials = AccountiKe cnflgur.mon

credentials=5aSTokenConfiguration
credentials = ServicePrincipalCredentials

1E fiz:

Datastore parameiars

Micsasoft

Point to the target datastore 3
corainer name= " datal”

WilesyStem="datal"
file_share_name="datal”

f ritials = TokenConfiguration w
credentials=AccountKeyConfiguration
:redentul:s =5a5 lokenConhguration
credentials=ServicePrincipalCredentials

Authornze access

Explanation:

Datastore parameters — M ICTOSOft

Parameter purpose Value

Point to the target datastope container name="datal"

Authorizeateess credentials =SaSTokenConfiguration

Eﬁ:ﬁ: 96

Azure Machine Learning 7—%9 AR—ZXMNHY FT,

J—Y AR—XATCEPEMFEEE*FERALTC 2V SRS EANDBAEENEETILE N — =V FTBFECTT , ETILDCL—VJICERAT ST 42y FERBITIBENHYET . T2 IEEDKSITT+—
Ty bTNRIELNTTMN?
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A MDUEDTHFRRE1DUED T R)LF
B.12DTFRX R &E1DUED T ANILF

C. EFEITIDDTHFR AL IEFEIZTT1DD T NILF
D.1DUEDTFHFRLAE1DD T NILF

IEfE: (EffZRELET)
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Python SDK v2%{§F L T Azure Machine Learning™ —% A RXR—X Workspace 1| & L EJ, Mmistorage1 & LI NAV2 AzureR FL—CF7HD U FEERLET, CORX ML—UF7HD Y RIZIE micOTtalnerl &
WS 7V ERARELGAVTFT—HAEENTVET , COIVTFH—ICZE CSVEXD 77/ ILEZEL10EDBLOBAMEM S E T,

mtcontamer! EWS ZFIDAVTFTF—HNNDTRTHBLOB 28B4 T7—4% 7ty FEERT BIZIX Python SDKv2 O— F#BRETHILELRHY F9,

Python SDKv2 O— FZ RS EHALENHY FT,

O—FEEDESICERSEEIRETIMNMN AZETHICIE EETY 7 TENGEA T a3 vEERLTLESL,

FE ELWLBIRSEICTI RS Y bRTEShET,

sarple_datatel = Dals

ekl T = Ji /Wt Be ] biob.cone windows net/micontaings 1

o

i Ll
o =Wt Types [ UKL T T - |

A0 e —
MIErosoft e

1E fi#:
Angwer Area

LTl catsset = Dl
path= |_

-rJ, fimistorage ] biobuoore wandows net/ micontainer |

& Lk i

.r AT

Microsoft aaW=Goe—s

PELriptitn s " LAMY | =) | \E

Yersion="10 ,
il LRI ML TARLE

Explanation:

MicrOsoft

sarmphe_datlate] = Datal
PaN= ahyfes W imisornege 1.bob coremandows net/mikomainer

type=AssRt Types, URI_FOLDER -
gescriptiona SEmple dathse]
ngnce sanpic _datosct
WETSor="1.0
1

Eﬁ:ﬁ: 98

Azure Al Foundry 7Oz Y b 7O—%RAKLET,
JO0—ZRTLTARESN-HAZERALT ROBRERETSFETY,
*TJO—HNOEKRBEEEETIL (M) / — FTHEASIZ F—7 VDO
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*JO—TCHEAINDIETILORE

DEREREZRETIENEHARIDENHY FT,

EDBAZA TERARBDRETLELOIMN?BZZEZR DT AICIF BYEHASA TEBEINLETMBEHLTCLLEZESW, BHA2A TIIMEAFERT R EE EHEFEFRATZIEE Fo-<FRALBEWI L TEET,
AVTIUOVERTTBHITIE  RA VEIDRBIN—FFE LY RV O—)LLIYTEIDLENHDIGEELHY FT,

FEIELMBIRSEICTIRA Y BT ESHET,

SRR Ty g ) PRI TR UL
[ Logs __J MlchSOft Evaluation - Output type
e — The number of tolpgs viedl T dkchilLIE Aol of flow 1

Thi o8l sgf.ob iy o |

i Logs Evaluation Output type

oy The mumber of tokens used by each LLM node of flow1 [Traces
1 Traces i
e TR The agcuracy of the model Metrics

it Metrics ! -

‘Microsoft

EFnﬁ: 99
RFNTA AR MREDTO LR EEET IRENHY T,
IBEIZRTT2RENHS 3 DDT I3 VFENTTH, BETIE BIKTHISa2ET79 23y YR M OESEEISBH L, ELVIEFISERET,
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T—R Y4 TR FOT xS FAIZ Azure Machine Learning Basic TT7 423D —9AR—RZJOEL 3= V599 5FETT,
D—DAR—XTETTETIIRVEHET HIBENHYET,

ED3DDARYEETTEFINN? TNTNDERBIEITLLEHERRERLET,

EE ELWVEIRZEICTI RSV G ESNET,

D

A
B
C
D
E

AVEA—T AT AR REERL ENEFERALTJupyter / — b Tw Y Ta—FEETLET,

. Azure Kubernetes Service (AKS) #i#7 S X2 —% R LET,

THAF—FFEALT EBEADED2—IILERIVI 7R FAYTTEHILETETILENL—ZVTLET,
N=U 3 VEEEYR—-— M EAREXOT 42ty FEERLET,

. BEMREE L — A VA — DI —RAEFALTCETILENL—Z25LET,

IEfZ:ABD (2 AV FZERKRT D)

Reference:

https://azure.microsoft.com/en-us/pricing/details/machine-learning/
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Azure Machine Learning 7—9 ARXR—X#EB L TVWET, T—IV AR—XZEET 5O DRFKIREE L, Azure Machine Learning Notebooks @ Python SDKv2 2T 5L SIS TLET,
IR7E . Synapse Spark Compute DMEfI SN THEY Y RATAIZCE>TEYHTON-ID ZEALTLET,

A—H—ME|Y KTt ID ZEHI % & 512 Synapse Spark Compute ZHEH T BI1Z(F_ Python a— KZFERIT ZBEAHY FI,

fi# iR 3K: UserAssignedidentity ¥ 5 X 72 =4 k% SynapseSparkCompute 7 S5 RIZELET,


https://www.jpnshiken.com/q/68910-6447576/

BREEIVFOERERBZLTLEIAH?
A. [FLy

B. LMMZ

Efg: (EfEZRTLET)
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Azure Machine Learning 7—%9 AXR—X Z&EH L TLVE T, Azure Data Lake Storage Gen2 W5 T7—42 %A ViR— b3 B3FETT A ML—CDIEMERT URI #ERTHLENHY ET , EDTO LaLEFERT
RETL&OIM?

A. wasbs

B. adl

C. https

D. abfss

EfR:D (24 FERETB)

B: 103

Azure Machine Learning 7—9 AR—XTT—2 ST YV IBLUVETIL bL—=20F V) 2a—2 3 VHFERLTVWET,

T—RASUTYITEETIV FL—2V T OEAEETTBHICIE BL Python / — TV U 2ERTILELHY FT,

Azure Machine Learning Python SDK v2 Z{#H L T, 7—% ARX—X T Synapse Spark 7— /L ZERAMICEAA LV E1—T 4 VJE LTERZS L UVERTILERAHYET rode BT AV FEEDESIZKETT S
HELNHY FIHN? BETLHICIE AFEHETEUGA T a o EERLTLLEZSY,

FE ELGBIRLBEWE 1T RSV MIBYET,

Answer Area

=

™ e ¥ -

LyN compule = | Synapsesparkc omputs | (name=synapse name,
resource_id=synapst SparkComponen

SparkREspurce@onfiguration
ni_chiegtibagin, deldte_or_update ¥ (synapse_compute)

gt fre m_conhg

mi_client.create_or_update
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Answer Area

synapse _compute = | (name=synapse_name,

SEakRecheConfiguratIDH
[ %% *

mi_chent kﬂ -,*qi"\_m;- Ne or_update ¥  (synapse_compute)
mi_chen®ant. config

Explanation:
Answer Area
synapse compute = S ~5wﬁ’ﬁdrici.uu"npuh;r Y (name=synapse name,
resour ceﬁid-sx urce) I
ml_ciient@ eate_or_update ¥  (synapse_compute)
Microsoft a2
Xa)
EFEE]:'IO4

Azure Machine Learning Python SDK R L T, ETILE FL—=2 T T 50D 1 TSA VEFELET,
ETILDLL—ZVTICERENET—2E T2 A NFTAD T+ LE—DoEAMONET,

TAHILT—ADT—EADNEBIND WIS TS5 UNBEMIZETINDLSIITTIDLELAHY T,

Al RETL & 5M?

A. /X TS5 4 D regenerate_outputs TO/NF 1 % True [(CERET S

B. Frequencyhtauto®ScheduleRecurrancezd 72z 9 b &R LET , COA T bEFERLT NI TSA VDR D2 —ILEERLET,
C.hL—Z=VJT—3AMRBEINTWDIEMESRT 5T 74 /L MEZFD PipelineParameter Z{ER L £ 9,

D./ XM TS5A DA a—LEERLET  datastore FO/NT 4 [TT—H2 X 7 %IEE L path_on_datascore FANT A [T L—Z0 07— S0 7+ LI EFHRELET,
EfE: (EfREERLET)

Reference:

https://docs.microsoft.com/en-us/azure/machine-learning/how-to-trigger-published-pipeline
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FAYTEOU AZa—2FRALT I3 74 vV ICRTENEBERICE SV TRERICEASBERKREZERLET,
AR ELWERISEITTIRSI Y FBFEESIET,

B E: 106

Azure Machine Learning #fEFR LT ETILE YV T7IL A4 L Web H—ERELTTFIBALET,

H—EXDFBFICETILONRARAEN FHLOLWT—IDRRESINEI LT CICRATRHIFICERASNDESITTEH Y—EXDIU LY RV YT LEERTEIBELNHY FT,
RO)THZEFEDBABEEDHEIRETTMN? BULBHABEELVWT VI VTR I LTEATLESLD, FAHKFT1E, EHE, FLIEE<{FERSABWMEELHYET , AT UYERTT DITIE, RS UHED
DEN—ZF RSV ITEIN RO —LTEBENHIGENHYFT E: I WOERISEITIRSA Y MEBTEET,
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Explanation:



Action Function

Load the model when the service starts. | init ()

Use the model'to score new data. | run ()

Box 1: init()

The entry script has only two required functions, init() and run(data). These functions are used to initialize the service at startup and run the model using request data passed in by a client. The rest of the script handles
loading and running the model(s).

Box 2: run()

Reference:

https://docs.microsoft.com/en-us/azure/machine-learning/how-to-deploy-existing-model
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 Subscription

___Workspace y Comment
[ 3850dies dcei-da0d. 0377 : e et

540 14-Shll - 209041 M 105 rrl-girofes The mformation feguired 10 unepuely oentd Workspace 15 stored In 1he file

mi-protect 7 — 9 AR—XAANDSREWMF T OILENHYET
fRRE: RD Python a— RZETLET,

fron arwre.al.nl Import MLCllent

ws = MLClient, workspaces . get{ ml-project”
Y)a—2 a3 FBEEZEHEELTOETAN?
A. LWV R
B. (&L
EfR: (ERERTLET)
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AutoMLConfigy S R THEAT 5/NTA—F—¢ELEDRTIEENTT H,

A. featurization = 'auto’

B. enable_voting_ensemble = True

C. task = 'classification’

D. exclude_nan_labels = True

E. enable_tf = True

IEf#E: (EfEZRTLET)

Featurization str or FeaturizationConfig

Values: 'auto’ / 'off' / FeaturizationConfig

Indicator for whether featurization step should be done automatically or not, or whether customized featurization should be used.
Column type is automatically detected. Based on the detected column type preprocessing/featurization is done as follows:
Categorical: Target encoding, one hot encoding, drop high cardinality categories, impute missing values.

Numeric: Impute missing values, cluster distance, weight of evidence.

DateTime: Several features such as day, seconds, minutes, hours etc.

Text: Bag of words, pre-trained Word embedding, text target encoding.

Reference:

https://docs.microsoft.com/en-us/python/api/azureml-train-automl-client/azureml.train.automl.automliconfig.

automlconfig
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Modules Answer Area

Score Matchbox Recommender

Apply Transformation

Evaluate Recommender

Evaluate Model

Train Model |\ |

Score Model

Load Trained Model

1 f&:




Modules Answer Area

i| Score Matchbox Recommender

1 Train Model
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| Score Model
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Explanation:
Answer Area

'_ _Swee_p Clustering_

Trau N Model

I'L.l'.

Evaluate Model

Step 1: Sweep Clustering

Start by using the " Tune Model Hyperparameters " module to select the best sets of parameters for each of the models we ' re considering.

One of the interesting things about the " Tune Model Hyperparameters " module is that it not only outputs the results from the Tuning, it also outputs the Trained Model.
Step 2: Train Model

Step 3: Evaluate Model
Scenario: You need to provide the test results to the Fabrikam Residences team. You create data visualizations to aid in presenting the results.

You must produce a Receiver Operating Characteristic (ROC) curve to conduct a diagnostic test evaluation of the model. You need to select appropriate methods for producing the ROC curve in Azure Machine
Learning Studio to compare the Two-Class Decision Forest and the Two-Class Decision Jungle modules with one another.



References:
http://breaking-bi.blogspot.com/2017/01/azure-machine-learning-model-evaluation.html
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fL—=oFET 704 AV MIFEDAVELA—T AT FA T aVvEBRITRETLLON? BYHRAVEA—T a9 AT avEBULRTOS I TFTITAETAIZBBLTCESN, £V Ea—T 1
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FAMESNFET,

Compute options Compute options for an Azure Machine Learning solution

2 Azure Machine Leaming endpoints Project activity Compute option

- Jrairthe model |
i Azure Machine Learming Kubernetes aeidl the fodel l

|
it Azure Machine Leaming compute cluster 2]
: - I

=licrosoft

Compute options Compute options for an Leamning solution

Comoirte notion
it Azure Machine Learning serverless compute

N EE R e B R S o

Explanation:

Compute options Compute options for an Azure Machine Leaming solution

¥ Azure Machine Leamning endpoints Project.activi C .

Teain the model IAzure Machine Learning serverless compute |
i Azure Machine Learming Kubernetes
s ki Deploy the model

IAzure Machine Leamning compute cluster |

¥ Azure Machine Learning compute cluster

i Azure Machine Learning serverless compute E M i C I‘O S Oft
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Azure Machine Learning 7—9 AR—XATCETIE L—Z25 L TEHELET,

DSAT U RTTIG—2 a3 BNy FHBICETIVEFERATEDLSICTEINSATSAVELHTEIVELAHBYET  ANT 2L FREIMBT BIZE, Pythoniwm R o 1) 7~ #E{T9 S B —DParallelRunStep
ATYVTEEBUCNA T4 VEFERTIVENHYFET,

ParallelRunStep /X1 754 > X7y TOHEBRV ) T EERT 2RENHY T,
ED2DONEBZEEDILENHYEIN? TNENOERFEY )2 —23avO—MERLTWLWET,
EERECELVEIRIEICTIRA Y MAfTESNET,

A ET(Z=/NyF)D

B. 1)

C./NvF()

D. #1EA1E()

E. X7 (Z=/1\vyF)

IEfR: (EfZzRTLET)

Reference:
https://github.com/Azure/MachineLearningNotebooks/tree/master/how-to-use-azureml/machine-learningpipelines/parallel-run
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ECHRRET—EADEHEFH-IREZTHEIRT IVENHY FT,
ENRBZFERTILENHYETM?

A. Spark MLIibZ &2 L 7=Azure HDInsight

B. Azure Machine Learning Studio

C. Microsoft Machine Learning Server

D. Azure Cognitive Services

FfR: (EREHETLET)
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RITEHAMEMIFIC, IL DY b A— FHEROTREEDHIEREZHET 5-ODTEETILEERM L TULET, Azure Machine Learning CEBEIMMFEB ZFAL TCETILEERT S FETYT,
FARALTWSA RL—ZVT T3ty MIERICFHETT,

DEETLZFET ILENHY FT,

EDEFEGERBEEZFERAIANETLLIHA?

A. FRE SN -FHiExiaE

B.[REF < L EH

C. AUCIZE

D. BE

E. EFRIESN-ZFTEHFEARKRE
Ef:C(QA U LEHKT D)

AUC_weighted is a Classification metric.

Note: AUC is the Area under the Receiver Operating Characteristic Curve. Weighted is the arithmetic mean of the score for each class, weighted by the number of true instances in each class.
Reference:

https://docs.microsoft.com/en-us/azure/machine-learning/how-to-understand-automated-ml
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Python Fi® Azure Machine Learning SDK R L T . ROFIEEZEL /N1 TS54A4 2 #EHLET,

ATYTEITOEAIEF ¥ v 1 EN sourcedirectory [ENERE SN TVWEWMESIIEBKOETTHAIAINIDELAHY T,
RTYTERETIVENHY FET,

ATYTEREBICIFMEEDIRETTH?

A /Ny a/RR

B. AAT—% (%&H0)

C..\—v a3y

D. BFIRZEAIT 5

g (EfEZRELET)
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Azure Machine Learning Studio AL TT7—Y AR—X R LFET,
Azure Machine Learning Studio ZERAL T, 7—9 ARXR—X T Python SDKV2 / — b Ty I 2ETTILELNHYVFET RBEDA VR AVAD/ — IV VICHRESN TV LI EHOBREDEZREFTILELAHY F
9,

J— bV IDREEHFTTILENHY FT,
HE(FAETEIREN?

ABREODHA—RILVEEET D

B.5tEZ#ELELFET,

C.itEZZHELZEFY,

D.REDH—FRILEEFLLET,

IFfE: (EfgZRTLET)
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T4—FXIVPZT )T &TOC, E0BENMDE=OITT—25EBLET,

TR EEEHOFH NI —UNEENFET,

T—EDITA—F¥IUOZT YT EETTBHICIE BULGHEEZBRTLILENHY FT,
EDFEEFERATILENHY FIM?

A. Time Series Anomaly Detection module

B. Exponential Smoothing (ETS) function.

C. One Class Support Vector Machine module

D. Finite Impulse Response (FIR) Filter module.

FfE: (EREHETLET)
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B. https
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D. sftp
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Python SDK v2 Z{#f L T Azure Machine Learning 7—9 AR—XZEEBLE T,
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Explanation:
Angwer Area
Resource type Resource value
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References:
https://machinelearningknowledge.ai/confusion-matrix-and-performance-metrics-machine-learning/
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Environment name Comp_l_l_ge type
nb_server Cnmput.e Jﬂatarnc‘e
aks_cluster . 1) Azlre Kubernetes Service
mic_cluster *"" | Machine Learhing Gompiite

ROVFIATIH, EDAVEaA—T A VIREEHERTINERET IVLENHY FT,

EDAVEL—T A VT A TE2FERAIARETLLON?BULIVEA—T A VIRREEBEULGOFTIAITF I v I LTSN, FaVEa—T 4 VJRER B EHE, FEFEFo < ERESAGVEELH
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AR ELVOWEBIRIEICTRAV AR EESIET,

Environments Answer Area
nb_server | : i
a'ks- &(L;ste} i Scenario Environment
mic cluster Run an Azure Machine Learning Designer training Environment 3
Deployiia SWdh srice frm theAZurp Machine " Environment
LEETHII’% dp""lg ﬁ ‘1\_ i L A kL Y

Environments Ansv.[;gg;ﬁ fa‘ OS {

P S S S S ———

k |

Scenarin Environment

Run an Azure Machine, Learning Designer training
pipeline.

Deploying a web service from the Azure Machine
Learning designer.

Explanation:
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Scenario ' Environment

Run an Azure Machine Learning Designer fraining nb_server
pipeline,

Deploying a web service from tHe J\20ré Nﬁﬁ??@ S @ﬁ“ﬁ: mic_cluster

Learning designer.

Box 1: nb_server

Training targets Automated ML ML Azure Machine
pipelines Learning
designer
Local computer yes
Azure Machine Learning yes & yes yes
compute cluster hyperparameter tuning

Azure Machine Learning yes & yes yes
compute instance hyperparameter tuning

Remote VM yes & yes
hyperparameter tuning

Azure Databricks yes (SDK local mode yes
only)

Azure Data Lake Analytics yes

Azure HDInsight yes

Azure Batch .' M,LEC h(.@g@f“ﬂd

Box 2: mlc_cluster

With Azure Machine Learning, you can train your model on a variety of resources or environments, collectively referred to as compute targets. A compute target can be a local machine or a cloud resource, such as an
Azure Machine Learning Compute, Azure HDInsight or a remote virtual machine.

Reference:

https://docs.microsoft.com/en-us/azure/machine-learning/concept-compute-target

https://docs.microsoft.com/en-us/azure/machine-learning/how-to-set-up-training-targets
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A. Workspacel T/A\y7r—I &% LET,

B. Workspace T/N\v 77— H#ERLET,

C. Subl T_Azure Machine Learning LY X M ZERRLE T,

D. Workspacel Tl V9 Sht=H—EXZE#ERLFT,

E.SUbITTS A R—FrIY KRSV b EERT B
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Tools Answer Area
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Tools Answer Area

Vowpal Wabbit ! Task PR _TPQI _____
HHHHHHHHHHHHH | .
____________ . Build DNN models Vowpal Wabbit
PowerBIl Desktop { R T T
et : Engblfe :ni[lis?rastlve data exploration : PowerB! Desktop
and visualization -

Azure Data Faltory [ .)* ! S ———
| e s
Microsoft Cognitive Toolkit |
Explanation: ’

Task Tool

Build DNN models Vowpal Wabbit

Enable interactive data exploration

2 TRy PowerBl Desktop
and visualization

Tyl ™

Box 1: Vowpal Wabbit

Use the Train Vowpal Wabbit Version 8 module in Azure Machine Learning Studio (classic), to create a machine learning model by using Vowpal Wabbit.

Box 2: PowerBIl Desktop

Power Bl Desktop is a powerful visual data exploration and interactive reporting tool Bl is a name given to a modern approach to business decision making in which users are empowered to find, explore, and share
insights from data across the enterprise.

References:

https://docs.microsoft.com/en-us/azure/machine-learning/studio-module-reference/train-vowpal-wabbit- version-8-model
https://docs.microsoft.com/en-us/azure/architecture/data-guide/scenarios/interactive-data-exploration
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Web Y—ERXZET AT H2HENHY T,
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AksWebservice 1 VX2 VR EERLET,

auth_enabled 70/8T 1« DIE% False IZERELE T,



token_auth_enabled 7 0/37 4 DfE% True [(CRELFT,

ETILEY—ERIZTFIOACLET,

BREIIEREERTEFIN?

A. [FLy

B. LMV R

Eff:B(OA U RERKT D)

Instead use only auth_enabled = TRUE

Note: Key-based authentication.

Web services deployed on AKS have key-based auth enabled by default. ACI-deployed services have key-based auth disabled by default, but you can enable it by setting auth_enabled = TRUE when creating the ACI
web service. The following is an example of creating an ACI deployment configuration with key-based auth enabled.
deployment_config <- aci_webservice deployment_config(cpu_cores = 1,

memory_gb =1,

auth_enabled = TRUE)

Reference:

https://azure.github.io/azureml-sdk-for-r/articles/deploying-models.html
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Context Resource

Test ¥
ds- workstatmw'&mﬂ doft
aks compute uster o

-

gpu compute cluster

Production v

ds-workstation notebook VM
aks-compute cluster
cpu-compute cluster
gpu-compute cluster

Resource

cpu compute cluster

gpu-compute cluster

Production

ds-workstation notebook VM
aks-compute cluster
Cpu-compute cluster
gpu -compute c“Iuster




Explanation:
Context Resource

Test -

' ds-workstation notebook VM
| aks-compute-cluster

| Cpu-compute cluster

\ gpu=compute cluster

Production , -~

| ds-workstation notebook VM
' aks-compute cluster
cpu-compute cluster
apu-compute cluster
Box 1: ds-workstation notebook VM

An authenticated connection must not be required for testing.

On a Microsoft Azure virtual machine (VM), including a Data Science Virtual Machine (DSVM), you create local user accounts while provisioning the VM. Users then authenticate to the VM by using these credentials.
Box 2: gpu-compute cluster

Image classification is well suited for GPU compute clusters

Reference:

https://docs.microsoft.com/en-us/azure/machine-learning/data-science-virtual-machine/dsvm-common-identity

https://docs.microsoft.com/en-us/azure/architecture/reference-architectures/ai/training-deep-learning
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FL—Z T BHDETIVEAVSAVIVRRA U MELTTIOATERENHY £, 12— —(IMicrosoft Entra IDEFERA L TRIAT ILENHY ET,
fAIZgTRETL & S5H?

A. £ T )L %Azure Kubernetes Service (AKS)IZT 704 LEY, T TOA B _auth.mode/85 A —4 2% E L CRIADEFEEHERLET,
B.ETILNEIR—DRAUSA VIV RRAVMITTOAALES, TTAACEFIC, auth_mode/NT A —2 ZE L CRIIA TEEBRHLET,

C. €7 /L%Azure Kubernetes Service (AKS) IZT7BAA LET , T ITAASEFIZ F—47 v MERA T2 =9 FDtoken_auth_mode/NT A —4 —FtruelZFRELF T,
D. ETILEIF—V RAVSA VIV RRAVMITIAA LET , T TAABEIC 22—y MERRA TP Y FDtoken_auth_mode/NS5 A —43 ZtruelZFRELE T,
FfZ:B(aA AV FEEKRT D)
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Azure Machine Learning Python SDKv2 DN\ IN—I\NT A — R AR EFEALTCETILEFL—=VJ LET . ROOA—FEEFTLT NAN—NFTA—FABOEREERLET,

from azure.ai.ml.sweep import Normal, Uniform

command job for sweep = command qob(
learning_rate-Normal (18; 3),
keep probability=Uniform(0.05, 0.1),
batch size~Choice(values=[16, 32, 64, 128]),
number_of hidden_layers=Choice(range(3,5))

\

LUTOEXIZTDOVWT ELWMEEIF FRUMZEBRLTLLESWD, 253 THWMESEF DR JEERLTLLESVD G H WOVBERIEITRM U MBREEBTEET,
ANsSwWer Area

Statements Yes No

By defining sampling in this manner, every possible comBination of the
parameters will be tested.

Random values of the learning_rate parameter will be selected from a normal
distribution with.a2 mean of 10 and a standard dewviation of 3

The keep_probability parameter value will always be either 0.05 or 0.1.

Random values for the numBer® dernagels har dmates wil) BeSelected
from a normal distribution Wit mean of 3 and a standard deviation of 5
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Azure Machine Learning T b L—=> 4 RE%#E1T9 5 Python R ) T+ H#ERLET, ZDRY ) T L TlL, Azure Machine Learning SDK for Python #{#EH L £ 9,
ROV T MK TEREIN-ATEHNDBRERIGT AR T— AV FEEMT IBENHYFET,

AT—FAL LD SDKMD Python Y SR ATV V4SBT HILENHY ET,

EDYVFRFA TV bVEERTIBELHY FITH?

==

A. E1T

B. X9 1) 7 FETHEK

C.T—VAR—=X

D. 325%

IEf#: (EfEZERTLET)

A run represents a single trial of an experiment. Runs are used to monitor the asynchronous execution of a trial, log metrics and store output of the trial, and to analyze results and access artifacts generated by the trial.
The run Class get_all_logs method downloads all logs for the run to a directory.

Reference:

https://docs.microsoft.com/en-us/python/api/azureml-core/azureml.core.run(class)
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T—3EY FE2DDOT—2 Y MIHEITHICIE, BplitData]A v R—FR Y FEFERTILELNHYVFET  RVNVDT—2 Yy MIEKEOEBRAET —FZEHILENHYET 220BOT—2 1y X EYD
EOEBRAET —FEEDILENHYET,

T—Rty FEERTBIZIE, aVR—R U VEBRT ILELADY FT,

ENHBRTEEEXFRTIVLENHY TIMN?EZETAIZE RBZEETEYNGA T avERRLTLESL,

R ELWVMEIRIEICTIRA Y R EESNET,
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Splitting modes, sqular expression
= %7 Regular expression

Relative expression
Split rows

» 7 Splitting mode value \"nation” USA
\"nation” USA
\"nation” ~[USA]

” .. M ic rosoft'muon' $[USA]

Configuration value
Regular expression
Regular expression
Relative expression
Split rows

\“nation” USA

i

~ \"nation” ~[USA)
\“nation” §JUSA)

Explanation:

Regular expression o
\"nation” USA v
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Azure Machine Learning 7—% ARXR—X Z# & L £9, Azure Machine Learning Python SDKV2 # AL TCrL—=2 9 D3 JEREELFEFT ETILDCL—ZUTBIC AR YD ETILINGA—EF— ETILEK
EMEBEEMICOVICEET BIZIE MLflow #EHAT 2LELHY £,
FT.ROA—F J A MERBLET,

import mlflow
mlflow.sutologl log models=False, exclusive=True)

UTOEXIZDOWT ELWMESIE R ZERLTLESWD, Z5THEWMESE DOVA JZERLTESL,

Answer Area
Statements Yes No
The code enables logging of autclagged'eontent to a user-created fluent .
run
Trained models s dogaed S MLy model silacts .
All metncs and paaretens are logoed during traimng L]

i T -
AV, 5 g
¥,
Ly ]
L . - 1 W

The code enables logging of autclogged content 1o'a User-created fluent
min

Statements

Trained modélsarelogged BN Liow model artifacts
Allmethcsand parameters are logged during training

Explanation:

nAS 5 & Li
WVIGLOSOTT
Statements

The code snables logging of Sutclogged content to a user-created Muent

i
Trained models are gged a5 MLUAZw model artifacts.
Al metrect and parimeters ang logged during traiming
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CDEILIAVDERMICEEZETSE FTOEMICRDAZEIITEERA, ZOHKRE,. CNODEMIILE a—BE@EICRTINELTA,
ROEHICHRLCT BZEDT7— b I—VDMEEEFTRTIETILEZERLTVET : ZHDHEEFHM, 224 T B I UEMTEE,
T BEEBETILEERLET,

BRERBRETILEFETILENHY ET,

fRREK  RERE. VI—IL FIRa7 BLUVAUCHOA My EFERLET,

Y)a— a3 VIFBEZEEERLTOETMN?

A. [EL

B. LMVZ

EfR: (EfgERTLEY)
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Those are metrics for evaluating classification models, instead use: Mean Absolute Error, Root Mean Absolute Error, Relative Absolute Error, Relative Squared Error, and the Coefficient of Determination.
References:
https://docs.microsoft.com/en-us/azure/machine-learning/studio-module-reference/evaluate-model
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Azure Machine Learning 7—9 AR—XZEBLTWET, /— IV I ZFERALTCEBETILDONL—=0T NATS5A U FRFELET, ZRICEUGFEMBIEZRET 2RELHY ET,
ED2DODIEEBIRTARETLLEIN? TNTNOEREEITEHEY )2 —2a3 0 ERLTVET 2DFRLTLEZELY,

FE FELOLWEBIRSEICTI RSV R EShET,
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B. fERARE{%

C.Ja—J

D. ¥/

EfR: (ERERRELET)
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BEENORV X UDELZFRATELIMREEETILEZERLTLET,
RUOXUOEHEOAEEAIVIRUYBATEFN LT 7ALLBHYFT,
ETIVE BV SROFHILSN-ZEEEFEHBBRN T+ —T X A M) vV DOTOMEEICH L TRELTIVHELHY FT,
FBRERTL NIT+—IUADNRILENE=ETILERDITAIZ(EX, Azure Machine Learning A4 OA QD BEIEMFE 11— — A V3 —J 1A RZFEATI2LELHY I,
EDS5D2070 a3 xBHIZETITHAIVELAHYFEIN BZTDHICIE BULETILavEaETooary YR Mo EZBEEBICHES L IREIECHERET,
Actions
Selnct e Ragromsion Lk tyne
.ot the Primary metnc conbguration setting to AUC Wellilill
Create and Sslact 3 new datater by uoloading th

Select e Claasification Tadk Type

Set the Primary metric configuration setting to

LCNgure the suiomate chir

ConMurmn, and SoOmpute target

Sun the sutomated machane lpameng expenment and review ‘the results



https://www.jpnshiken.com/q/68910-6447612/
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T T T —
---------- -
e . e:ffmff iyt el
IR T R LR T R R e R T e e e e BT A W e e T e A = = = e = = = = — -
00 the Rrimavy meteic configurstion s to MIC Y, o e e . ST - gttt
r : "-ﬁ-nmnmmkw I
lt “Peate ARl Gkt 3 Ny GATELST Dy wplodaded e Coruma-gelerated BB oF pencran Gata | “'...-..-'_.-_."'_..-__.....-.-—-.-:“-..-.".-.:“_-_-—_—-“—"—_n-—-—_—._—:'-.
rh;w*“:;h;:pr HHHHHHHHHHHHH | Set tha Pri metrc configuration setting 1o A
| Suﬂhﬂuﬁmrﬂum_!:gummmm l Configure the automsted machine besming run by selecting the mperiment name. taget
e e e e e column. and compute target
F{nrﬁgurr'd\: sulomated machine leaming mun by selecting the expererent neme target S e o BB e W e e o S i s
Colurmn, and cofmpute ta
—_—_—_—_—_—EE_—_—_—_—_—_—_—--—--_—_—_—_—_—_II I S the SUtOMatEd MICRne lpaming Expenment snd revatw the retults 1
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Explanation:
Actions

| Sedect e Regresslon task hype.
Set the Prmany metnc configuration satting 1o AUC Weighted.

‘Microsofte-

QghmmMMWM

Configure the automated machine learning run by selecting the experiment name. target
column. and compute target

5 | Run the automated machine leaming expenment and review the results.
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BEAXDI—F#FRALT EBERPEEY—ERXR TV AR—RIZT—EHRANT7EEHLET,
Datastore. ren Winer{mr%&ﬂ‘hﬂs,

datastore n.-'dun datn&art 1
container_name='demo datacontaiger 1\"

account_name="demo_account’, ’ij‘
account_key="0ARARA- @a',
create_if_not cxutsgﬁjé]

—rITVIDDT—RRAMFICTI RS H-HDI—FEERTILELNHY ET,

AmwerArea
== Microso

import azureml.core
from azureml.core import Hu‘r- :
ws = Workspace.from_ <

datasto 1 v .get(  |ws > demo_datastore
Bl DG run demo_datacontainer
p expenment demo_account
I Datastere

1F fiZ:



import azureml.core
from azureml.core import Workspace, Datastore
ws = Workspace.from_config()

datastore = Workspace . i o St a-, -
:!emr- rr ?#uulfﬁ[r” YSOT

Expenmient experiment Hefo_acdodnt | - b B
Fiun log {Jaﬁi‘tcm

Explanation:

import azureml.core

from azureml.core import Workspace, Datastore
ws = Workspace.from_config()

datastore = ~| .get( ol 5 2
Workspace NS demo_datastore
run ' -
_Datastﬂre-‘! oA e demo_datacontainer
Experiment™ - [\ﬂl Talde ng M“ . demo_account
Run | sty [ o= il Datastore

Box 1: DataStore

To get a specific datastore registered in the current workspace, use the get() static method on the Datastore class:
# Get a named datastore from the current workspace

datastore = Datastore.get(ws, datastore_name=" your datastore name ' ) Box 2: ws Box 3: demo_datastore Reference:
https://docs.microsoft.com/en-us/azure/machine-learning/how-to-access-data
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Parameter

Splitting mode

Fraction of rows in the first output dataset ~

zﬁ‘%"

"’% ix,,;w

ﬁ';;:‘:&f. }5"

1
w,f

Value

v

Split rows

Recommender S‘pllt

Regul
ression Split

ssion Split

| v

0.75
0.25
0.5

1

Randomized sph%w t.:;

\.-

e?‘

Stratified split




Parameter Value

Splitting mode v

R nlicrosof

Rec
Regular Expression Split
Relative Expression Split

v
Randomized split v
_True |
False
Stratified split v
P_T_me
False '

Explanation:



Parameter Value

Splitting mode v

Split rows
Recommender Split
Regular Expression Split
Relative Expression Split

Fraction of rows in the first output dataset v

0.75
0.25
0.5

1

Randomized split v

True
False

Stratified split v

True
False

Box 1: Split rows

Use the Split Rows option if you just want to divide the data into two parts. You can specify the percentage of data to put in each split, but by default, the data is divided 50-50.

You can also randomize the selection of rows in each group, and use stratified sampling. In stratified sampling, you must select a single column of data for which you want values to be apportioned equally among the
two result datasets.

Box 2: 0.75

If you specify a number as a percentage, or if you use a string that contains the " % " character, the value is interpreted as a percentage. All percentage values must be within the range (0, 100), not including the values
0 and 100.

Box 3: Yes

To ensure splits are balanced.

Box 4: No

If you use the option for a stratified split, the output datasets can be further divided by subgroups, by selecting a strata column.

Reference:

https://docs.microsoft.com/en-us/azure/machine-learning/studio-module-reference/split-data
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FCOBERIE BALIF VA EZRRTI—EQEMO—ETT, V) —XDZEMICIE BEHIN-BEZERLTIAHEEOHIHBOERENEEFNTVET, —HOER Y FMIIXEHOERNHIEELHN
X, EENGZNEEELHY FET,

CDEIVaVOEBEMICEZAT-ZE . TOERICRSAZLIETEFERHA, TORRE,. CNoDEMEILEAa—ERAICKRRTINEFLEA,

Azure Machine Learning Z#A L T AEETILE FL—= VT 3EBREETLTOET,

Hyperdrive R LT, ETILD AUC A ) v I ZRBILT H/INTA—F—ZFRBDF-WEEZATVWET ROO— FZEETTL T, EERHIC HyperDriveConfig Z# L ET,

hyperdrive = HyperDriveConfig(estimator=your fstimator,
hyperparameter_sampling=your_params,

policy=policy,

primary_metric_name="AUC",

primary metric_goal=PrimaryMafnleGoal .MAXIMIZE,
max_total_runs=6,

maﬁ_taniurr:nt_run5-4]
COBREFERLT UL 74 LRNETILEIML—UT L TNERIET—2TCTRAMT DRV T LE2ETTIFECT  RIAT—FIDIANIEE y_test EHE VS BRIDERICRFSN, ETILHLDF
BIFEREIX y predicted EWNVS BRIDERICEREFESINET,
Hyperdrive AXAUC A ) I DINAN—INTG A =B Z BB TESLESICTBICZIE RV T ROFHEBMTEILENHY FT MBRE: ROI—FEETLET,

import jsoffy o8
from skleaFfi.metrics import roc_suc_scoffe

# code to train model omitted

auc = roc_auc_score(y_test, y poagdicted)
os.makedirs( outputs”, exist ok = True)
with open(“outputs/AUC.t£xt™, "w™) as file cur:
file_cur.write(auvc)
VY )a—LaVFEBREERLTOETHA?
A. [F
B. LMV

IEfE: (EfEZRRLET)

Use a solution with logging.info(message) instead.

Note: Python printing/logging example:

logging.info(message)

Destination: Driver logs, Azure Machine Learning designer

Reference:
https://docs.microsoft.com/en-us/azure/machine-learning/how-to-debug-pipelines
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Jupyler & & 518 Python {&k#FRE{#%R Z &L "requirements.txt",

compute1 [ZH L LN Jupyter A—RILZEEBMT H2UHENHY T,

ED4 DDAV FEFERTLIVENHYFEIN BZETDHICIE BULGETIIa30EzT7ooay YR Mo EZEEBICEHL ELWVEFICIHERET,
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Commands

m Microsoft

conda create -n “python_eny
conda activate "python_env
conda install -r “requirements.txt

ipython kernel install --user --name="python_env

Answer Area

L ——— —— o ———— — — —

Explanation:

Commands

Jupyter run

B 142
Azure Machine Learning StudioD R HT—42 v FEFERLTULET,

Answer Area

I . : [
®I ipython kernel install --user --name="python_env |

Answer Area

1| | conda create -n “python_env”
2 | | conda activate “python_env’
3 | conda install -r “requirements.txt”

4| | ipython kernel install --user --name="python_env’

T—EADRENED1—ILEFRALT. T3y rEFL—ZVTETR MDY TEY MIRETEILENHY FT,

EDRENE—FEERTILENHYFIH?

A ERKREDODE

B. Randomized split/X 5 * —4& —hAtruel 2R E S N=1TDHE|
C. =X D5 &

D.LaAYH—RTYw bk



IEfE: (EfEZRRLET)

Split Rows: Use this option if you just want to divide the data into two parts. You can specify the percentage of data to put in each split, but by default, the data is divided 50-50.
References:

https://docs.microsoft.com/en-us/azure/machine-learning/studio-module-reference/split-data
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You create the following configjson file.

"workspace_name” : “ml-workspace”
D—J AR—RAADT—R PEERZEET BIZ1F Azure Machine Learning SDK 2R3 2 EAH Y F3,
Python IRIEM 5T —9 AR—X[Z#EH T A2 configjson 77 A ILZHERT H2HELAHY T,
7 —9 AR—=RI|ZHERHT 1D config.json 77 A JLIZEBMT Z2BENH D 2 DD/INFA—FIEENTTH,
TNTNDERTBRRO—EBZERLET,
FE ELWLMBIRSEICTIRA Y RAMEShET,
A HTRH 1T avID

B. &+—
C.UVY—RTIL—T
D. Hhig

E.OJ1>

IEfR: (EfZzRTLET)

To use the same workspace in multiple environments, create a JSON configuration file. The configuration file saves your subscription (subscription_id), resource (resource_group), and workspace name so that it can be
easily loaded.

The following sample shows how to create a workspace.

from azureml.core import Workspace

ws = Workspace.create(name= "' myworkspace ',

subscription_id=" < azure-subscription-id > ',

resource_group= " myresourcegroup ',

create_resource_group=True,

location="eastus2 '

)

Reference:
https://docs.microsoft.com/en-us/python/api/azureml-core/azureml.core.workspace.workspace
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HilZEFPATIHMMEEETILERELTOET,

ZDETILIE PostgreSQL T—2R—XEFEALTHY  GPU WEANETT
WERY—)LTHEIBRINEET L V2T IDELAHY FT,
HEFAETEIREN?

A T—8 Y4 T R{FETT Y (DSVM) Linux TF 4 >3 v &EERLET,
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B. ZB¥E R~ > (DLVM) Windows T5 1 >3 v EERLET,

C. Geo Al Data Science Virtual Machine (Geo-DSVM) Windows T7 ¢ >3 U &#ER L E T,
D. ¥7—% A4 T U R{FHE< > (DSVM) Windows T5 1 >3 v EERLET,
E.T4—7 5—=VJRETLY (DLVM)Linux T7 ¢ >3 V&R LET,

IEfF: (EfEZRTLEY)
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Azure Machine Learning Studio Z{#F L T_column1 & L\ /NI EE L mitable T—2 BEZ DT LET , column! DIENERASH LTS L ZHEBETLIHENHY T,
EDMETEFERIRETLLOIM?

A 347

B.7074—L

C. &K

D. 15

IEfg: (EfZRmLET)
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Azure Machine Learning ##AL T, FL—Z U FEAB IV T TASFHDETILEEHR L TLVET, Azure Machine Learning DA X RMIIEET 5162 Event Grid #RE L F 7,
ETIWANT—EDERIZKY ETLDNTA—IAMETLELT,

Azure Machine Learning 1 N> FMZEDWTEBE ML/, TSA2&H N HA—FT 2RLELHYFET,

EDARY FEFERINIELNTIA?

AT—3EyrDFY T FABEHEINFELS:

B. ETAETLELS:

C.EfTRAT—ARANEEHEEINZELT-

D. ETIMNTIAASENhFELS

R (ERERTELET)
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FCOBBIE RLCIFIAZRTT S EQEBO—BTYT, V) —XOEEMICE RESN-BELZERTHAREEOHIBBEDY ) 12— a3 UBNEFENRTUVET, —BOEMtE Y MIFHEHRDIE L LERELN
HhEHEELHNIE ELVERENGWMEELHY FT,

SOtV avOBERMICEET L FTNEMICRACEFITETHERA, TOHR, ChoDEMIELEa—BHEICRTIEINFEEA,

Azure Learning Learning StudioCHr L LWEERZERK L TLVE T,

12DV FRITE, FL—Z2 T OMDI FREY LIEENMIDLEVHRORAENHYET, VS ADFHEEHES=OIC BULGT 22T D TBBERRT IVLENHY FT,
fi#iR % Synthetic Minority Oversampling Technique SMOTE) Y > ) VO E—F&#FERALET,

Y )a—Ta FEETZERLTOWEIN?

A. [y

B. LMV R

EfE:A(QA U REHEKRT D)

SMOTE is used to increase the number of underepresented cases in a dataset used for machine learning.

SMOTE is a better way of increasing the number of rare cases than simply duplicating existing cases.

References:


https://www.jpnshiken.com/q/68910-6447620/
https://www.jpnshiken.com/q/68910-6447621/
https://www.jpnshiken.com/q/68910-6447622/
https://www.jpnshiken.com/q/68910-6447623/

https://docs.microsoft.com/en-us/azure/machine-learning/studio-module-reference/smote
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A—AILDOEBEB/NS TSA VDN TH+—IT D ADBEEHERT IVENHY ET, bafzEMzT oEh?
AJS74vo0EBa1=y + GPU)ZEHOLET,

B. FL—Z=VJDRERIFZEHEOL,

C. P RUEEE CPU)FEOLET,

D. 2EHEZLITET,

IEfR: (EfEZRTLET)

Eﬁ:ﬁ: 149

202 AQBPRT4 I ERRETILEFERALT NMFTUDEEERLTOET,

FHEOETIVEREZTMT ELENHY FT,

EDFHEEEZFERT ILENHY ETIHN?

A. FEXTHEXIERE

B.AUCH—7

C. FHhfgxtrzE

D. B ZFReRZE

EfE:B(AAV FEHKT D)

One can inspect the true positive rate vs. the false positive rate in the Receiver Operating Characteristic (ROC) curve and the corresponding Area Under the Curve (AUC) value. The closer this curve is to the upper left
corner, the better the classifier's performance is (that is maximizing the true positive rate while minimizing the false positive rate). Curves that are close to the diagonal of the plot, result from classifiers that tend to make
predictions that are close to random guessing.

References:

https://docs.microsoft.com/en-us/azure/machine-learning/studio/evaluate-model-performance#evaluating-a- binary-classification-model
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B. AE

C.H&E
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IR TR LEDETHLIRENLHY FT,

CIORNLWT—RRFEFLFEDEZRS ZENTEET,

CIRNLT—RFEDETHITNERY FEA

IR TR LM THIRENHY FT,

TR EERTHIDENHY FT,
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Poisson regression is intended for use in regression models that are used to predict numeric values, typically counts. Therefore, you should use this module to create your regression model only if the values you are
trying to predict fit the following conditions:

The response variable has a Poisson distribution.

Counts cannot be negative. The method will fail outright if you attempt to use it with negative labels.

A Poisson distribution is a discrete distribution; therefore, it is not meaningful to use this method with non- whole numbers.
References:

https://docs.microsoft.com/en-us/azure/machine-learning/studio-module-reference/poisson-regression

m oo W >
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CityName & WL\ S RETDHEREZEBML FDEIZTF X FLondonZ AANT HHENHY £,
T—3ty MIHLWVERZENT ZRENHYFET,

E MAzure Machine Learning StudioE L 2 — L FRATE2HENHY FTITHN?

A ;3T DHEE

B. T¥X FDRTLE

C. PythonX % ') 7 L DEFT

D. B&ET 1YY LESD

IEf#: (EfEZRTRLET)

Typical metadata changes might include marking columns as features.

References:
https://docs.microsoft.com/en-us/azure/machine-learning/studio-module-reference/edit-metadata
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Azure Machine Learning Batch Inference targets large inference jobs that are not time-sensitive. Batch Inference provides cost-effective inference compute scaling, with unparalleled throughput for asynchronous
applications. It is optimized for high-throughput, fire-and-forget inference over large collections of data.

You can submit a batch inference job by pipeline_run, or through REST calls with a published pipeline.

Reference:

https://github.com/Azure/MachineLearningNotebooks/blob/master/how-to-use-azureml/machine-learning-pipelines/parallel-run/README.md
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fAZEIRNEETL &LIH7?

A. Synapse Spark 7—ILDF—JL URL E VR T LICK > TEIY HToN-KHT
B. Synapse 7—J AR—XZ & T—9 AR—X Web URL

C. Synapse Spark 7—)LD )Y —R ID £ 21— —FEDELHI

D. Synapse 7—%9 AXR—Z M Web URL & Spark 7—)L %
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A. miflow.log_param()

B. miflow.logjnetric()

C. miflow.log_artifacts()

D. miflow.log_artifact()
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https://www.jpnshiken.com/q/68910-6447630/
https://www.jpnshiken.com/q/68910-6447631/
https://www.jpnshiken.com/q/68910-6447632/
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ETILOEREBEZTORMNLBLEERZROLSBEHATHRITI2HLENHY F9,

Feature Importance

e 1.5627435610083558
2 ©.60877689312583112
4 ©.5574002432900718
3 ©.42858759955671777

1 Microso't  9.3501361539771977

O—FZEDESITERSEIRNETIMN BETSHICE BELY 7TEUGAH TS 3 vEBERLTLESY,
AR ELWVERIEICTRAY AT ESNET,

feature_importances =

explanation = client.

feature_importances =

# Assume required modules are imported

ws = Workspace.from_config()

explanation.

explanation.

print(key, “\E“, value)

'w (workspace = ws,

|fr°m~-r”n “lhexperiment_name='train_and_explain’,
i |_explanati ) Fd ! _
| f?u::ﬁﬁmg.?rf i";xp anations ~“grun_id="train_and_explain_12345")

| download_model_explanation

| N~ o
I upload_model_explanation
list_model #xplanations
‘run Gl
 download_model_explanation
_ e — . ~

: il [ 6
explanation

explanation_client
get_feature_important_dict
download_model_explanation

for key, value in feature_importances.items():

1F fiZ:




# Assume required modules are impor

m Microsoft

ws = Workspace.from_config()

feature_importances = explanation. 'w ( workspace = ws,
from_run | experiment_name="'train_and_explain’,
list. model_explanations g . : ,
rﬁnnLjunjE ~| run_id="train_and_explain_12345")

— e —

download_model_explanation

explanation = client.

v O
_upload_model explanation_ _ _
list model explanations |
nun . S
download_model_explanation
feature_importances = explanation. _ _ _ _ _ _ ¥ )

explapation. _ _ _ _ _ _ _ 1|
explanation_client _
get_feature_important_dict
download_model_explanation

for key, value in feature_importances.items():

print(key, "\E“,'value)
Explanation:



# Assume required modules are imported

ws = Workspace.from_config()

feature_importances = explanation. | 'w ( workspace = ws,

 from_run | experiment_name='train_and_explain’,
list_model_explanations
from_run_id
download_model_explanation

run_id='train_and_explain_12345"')

explanation = client. ?'L )
upload_model explanation
| list_riocel explanations [
| run
download_model_explanation

2 W 1. .._--

feature_importances = explanation. *| ()
f explanation [
' explanation_client
get_feature_important_dict
| download_model_explanation

for key, value in feature_importances.items():
print(kev. "\t". value)

Box 1: from_run_id
from_run_id(workspace, experiment_name, run_id)
Create the client with factory method given a run ID.
Returns an instance of the ExplanationClient.
Parameters
Workspace Workspace An object that represents a workspace.
experiment_name str The name of an experiment.
run_id str A GUID that represents a run.
Box 2: list_model_explanations
list_model_explanations returns a dictionary of metadata for all model explanations available.
Returns
A dictionary of explanation metadata such as id, data type, explanation method, model type, and upload time, sorted by upload time Box 3: explanation Reference:
https://docs.microsoft.com/en-us/python/api/azureml-contrib-interpret/azureml.contrib.interpret.explanation.
explanation_client.explanationclient?view=azure-ml-py
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Answer Arca
lsgart pandas s pd @
dats_path = “dataf dilbt -
ath)

disketed = pd.resd esy
Llsgpart | o rulTr'u vl s Lib
caly =

lzur

uith 11 .'| ss analysiac
staset [path=data Flth E:‘luﬂn sdaat=cals}
o lib.dp mean{data » Lib.case{data] " age”], type="FLOAT™},
privecy_usage = (' ‘s .50},
@ dats_lower = 8., 5
dats wooer = 1040, . l"l“-ll'l n

detta

j ‘Microsoft

éé»

1E fiz:

impart pardas sn pd
dats_path = “data/dlabeten,cuv

dlabated = pd.reed cividate gath)
Lmga-t T Umartncde oone

caly =

arurernld Ao nn

with Dl iaaslyeTil Ve asalyuis

doth = dy.Datsnet (path=date_path, column_namsascols)
aje_ssam o« Lib.dp seen(data = lib.cast{data] ‘sge’ |, type="FLOAT™),

BE)\/icrosbft i

Explanation:

impart pandss as pd
data_path = “data/dlabetes. tl’-’

disbetes = pd.resd_cividats_ pmp
Lmpart mmrnsﬁg * 83 lib

calas = J.lnidl.ﬂ-ﬂ.t oy |
wlth .lb-dnﬂl_li_q:".- an snalysis
‘lt‘ * htll{!‘. FI!'I"I'[Q path, r.cl.unn mansi=cale )
J'pu_-i-- = lib.dp_wesn{dnta = lib.cast(datal ‘age’], types"FLOAT™
privecy_usage = (° s

- iicrosoffi= .

H
epsilon - }
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A. TSV

B. JSONL

C. JSON

D. CSV

IFfE: (EfgZRTLET)
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RODEH/ZHET-F & 51 Preprocess Text ED 1 —ILEERTHILENHY T,
ERORERENE—DEERAIOHBEIN TSI LZHRELET,

TERIDSINA TXFZEHIBRLET,

BHRRRZREILT H-OICHEFHIBRLET,
EDIDDFTLavEBRTILENHYFIHN? BAETHICE BERETEUGA T a vEBERLTEZEN,
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https://www.jpnshiken.com/q/68910-6447635/

|

-

Preprocess Text

Language

English v

Remove by part of speech

False v

Text column to clean

Selected columns:
Column names: String, Feature

Mircracnfilaun ch column selector

1 Remove stop words

_] Lemmatization

alize case to lowercase

] Remove numbers

| Remove special characters

|| Remove duplicate characters

] Remove email addresses

"] Remove URLs

(] Expand verb contractions

_| Normalize backslashes to slashes

] Split tokens on special characters

IEf

7]

2




4 Preprocess Text

Language

English '-f

Remove by part of speech

Text column to clean

Selected columns:
Column names: String, Feature

Launch column selector|

] Remove stop woirds

|| Lemmatization

] Detect sentences

[ ] Normalize cagé Yo [Gwercase

] Rem ove ﬁl]mhers

'—! R_gmg:,}i-'évs;':-ecial characters

.| Rembve duplicate characters -

1 Remove email addresses

|| Remove URLs

|| Expand verb contractions

|| Normalize backslashes to slashes

|| split tokens on special characters

Explanation:



Text column to clean

Selected columns:
Column names. String, Feature

Launch column selectar

] Remove stop words

] Lemmatization 4 N

a |
| Delect sentences

"] Normalize case to lowercasé

" | Remove numbers

[] Remove specu_;jf—@l’;mcters

| Remove ddplicate characters

—
| Rerfigve.@mail addresses

" | Remove URLs

| Expand verb contractions

1 N
| Mormalize backslashes to slashes

"] split tokens on special characters

Box 1: Remove stop words

Remove words to optimize information retrieval.

Remove stop words: Select this option if you want to apply a predefined stopword list to the text column.

Stop word removal is performed before any other processes.

Box 2: Lemmatization

Ensure that multiple related words from a single canonical form.

Lemmatization converts multiple related words to a single canonical form Box 3: Remove special characters Remove special characters: Use this option to replace any non-alphanumeric special characters with the pipe
| character.

References:

https://docs.microsoft.com/en-us/azure/machine-learning/studio-module-reference/preprocess-text
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from azureml.core import Workspace

from azureml.core.webservice import requests
from azureml.core.webservice import Webservice

from azureml.core.webservice import LocalWebservice

import json
ws = Workspace.from_config()

service_name = "mlmodell-service" Mic i'@lS@f'ﬁf
service = Webservice(name=service_name, workspace=ws)

x_new = [[2,1€1.5,1,24,21], [1,89.7,4,41,21]]
input_json = json.dumps({"data": x_new})

predictions = service.run(input_json)
predictions = requests.post(service.scoring_uri, input_json)
predictions = service.deserialize(ws, input_json)

IEf

7]

2

from éz-_uremﬁ‘%. Eemm Workspace

from azureml.core.webservice import requests

'from azureml.core.webservice import Webservice (",
[from azureml.core.webservice import LocalWelsérvice

import json :
ws = Workspace.from_config(), *
service_name = "mlmodeldssefvice"

service = Webservice(name=service_name, workspace=ws)

x_new = [[2,101.5,2,24,21], [1,89.7,4,41,21]]
input_json = jsohidumps({"data": x_new})

predictions = requests.post(service.scoring_uri, input_json)
predictions = service.deserialize(ws, input_json)

Explanation:



from azureml.core import Workspace

from azureml.core.webservice import requests
from azureml.core.webservice import Webservice
from azureml.core.webservice import LocalWebservice

import json

ws = Workspace.from_config()

service_name = "mlmodell-service"

service = Webservice(name=service_name, workspace=ws)
X _new = [[2,101.5,1,24,21], [1,89.7,4,41,21]]
input_json = json.dumps({"data": X_new})

predictions = service.run(input_json) -
predictions = requests.post(service.scoring. ti,linput-jsen):
predictions

service.deserialize(ws, input_json)

Box 1: from azureml.core.webservice import Webservice

The following code shows how to use the SDK to update the model, environment, and entry script for a web service to Azure Container Instances:
from azureml.core import Environment

from azureml.core.webservice import Webservice

from azureml.core.model import Model, InferenceConfig

Box 2: predictions = service.run(input_json)

Example: The following code demonstrates sending data to the service:

import json

test_sample = json.dumps({ ' data ' : [

[1,2,3,4,5,6,7,8,9, 10],

[10,9,8,7,6,5,4, 3,2, 1]

1

test_sample = bytes(test_sample, encoding="utf8 ')

prediction = service.run(input_data=test_sample)

print(prediction)

Reference:
https://docs.microsoft.com/bs-latn-ba/azure/machine-learning/how-to-deploy-azure-container-instance
https://docs.microsoft.com/en-us/azure/machine-learning/how-to-troubleshoot-deployment
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RV TPEEDESITHASEINETT N @AETHICE BEIY 7 THEINGA T a v EERL TS,
EEMRILITIRA Y M ER
answer Area

rom azureml.core import Workspace, Environment, Experiment, ScriptRunConfi

'8 = Workspace.from config()
nv = Enviromment.get (workspace=ws, name= ‘Azu*emyﬁﬂiﬂiMal'}

®p = Experiment (workspace=ws, name= experlmanf’l
rc = ScriptRunConfig(source dlrectﬂ;g"*fSrc '
script= ‘train.py', 1%
compute t@rga;“"tnmpute cluster’
env;ranment#gmwF .
3
un = v |' (config=src)
exp submit .
ws | & Miqrosoft
env wiite_config
1E fiZ:
Answer Area

Microsoft

from azureml.core import Workspace, Environment, Experiment, ScriptRunConfig

ws = Workspace.from_config{}
env = Environment.get (workspace=ws, name= ‘AzureML-Minimal’)
exp = Experiment (workspace=ws, name= ‘experiment’)

src = ScriptRunConfig(source directory=’./src’
script= ‘train.py’,
compute target= ‘compute-cluster’
environment=env)

run = ]‘r |' (config=src)
exp [submit
|ws create
|lenv_ | write_config

Explanation:



from azureaml.core import lﬂﬁpue Mw QS»Q ftptnunConfig

wi = Workspace.from_config() o
env = Environment. ;E‘t(mr‘ksme-ﬂi-..ﬂ'lﬂx AzurefiL-Minimal")
a&xp = !xperiunt{uurksglelw, names"experiment” )

.r’ .__ "-".

src = Ecripﬂn‘cmﬁ‘%ﬁnuru _directory="./src",

Fadlh W : script="train.py’,

o« % o compute_target="compute-cluster’
environment=eny)

eny ¥ . submit ¥ (config=src)
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L” &
Tree Depth Bias [_ MdﬁﬁﬂSth
5 , v v
High | High .,
Low A eI
Identical _ Identical
15 ) ik v v
[High_ _  High |
Low Low
Identical Identical

Explanation:



Variance

In decision trees, the depth of the tree determines the variance. A complicated decision tree (e.g. deep) has low bias and high variance.

Note: In statistics and machine learning, the bias-variance tradeoff is the property of a set of predictive models whereby models with a lower bias in parameter estimation have a higher variance of the parameter
estimates across samples, and vice versa. Increasing the bias will decrease the variance. Increasing the variance will decrease the bias.

References:

https://machinelearningmastery.com/gentle-introduction-to-the-bias-variance-trade-off-in-machine-learning/
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A. MLLNET Library on a local environment

B. Azure Cognitive Services

C. Azure Data bricks

D. Azure Machine Learning Studio

E. Data Science Virtual Machine (OSVM)

IEfE: (EfEZRTLET)
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training_ds = 7 —% A RX—X datasets.get(" k L—=2 T T —4")

ROV T RERTTE-HDHEEEEELET,

A9 1) F khtraining.data T—2 Y MZIT IR TEDLSICTHICIE HEEDELWITANRT A ERETIDENHYET , EOTAONT A ERETIHENHY T3 H?

inputs = [training_ds.as_named_input('training_ds'}]

A.

B teript params = {"--training de":training d=}

c |enuir‘unment_definitiun = {"training_data":training_ds}
source_directory = training ds

D.

Eff: A(QAVRERKT D)

Example:

# Get the training dataset
diabetes ds = ws.datasets.get( " Diabetes Dataset " )
# Create an estimator that uses the remote compute


https://www.jpnshiken.com/q/68910-6447641/
https://www.jpnshiken.com/q/68910-6447642/

hyper_estimator = SKLearn(source_directory=experiment_folder,

inputs=[diabetes_ds.as_named_input( ' diabetes ' )], # Pass the dataset as an input compute_target = cpu_cluster, conda_packages=["' pandas', 'ipykernel ', ' matplotlib '], pip_packages=["' azureml-sdk ', ' argparse
", ' pyarrow '], entry_script="diabetes_training.py ' ) Reference:

https://notebooks.azure.com/GraemeMalcolm/projects/azureml-primers/html/04%20-%200ptimizing%

20Model%20Training.ipynb
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CZCDP100JBIBENDTA IV VEFIZANET, RFRD 7 & £ X _ https://www.jpntest.com/shiken/DP-100J-mondaishu 6528f. 3 0%7 « A Ao > k#5314 EI513— K: JPNshiken|
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C.ATIAUNTA—RADEEHL L TTIAN—250 BEEZTITET
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IEf#E: (EfEZRTLET)

Differential privacy tries to protect against the possibility that a user can produce an indefinite number of reports to eventually reveal sensitive data. A value known as epsilon measures how noisy, or private, a report is.
Epsilon has an inverse relationship to noise or privacy. The lower the epsilon, the more noisy (and private) the data is.
Reference:

https://docs.microsoft.com/en-us/azure/machine-learning/concept-differential-privacy
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Action Answer area

Evaluate the probability function

'Remove duplicate rows

Used ﬂie Filter Based Feature Selection © % _":_:_ ULV’ @
moduie ' H* ‘i -~
mﬂ-h ‘.*-n - - @

Compute linear f:orrelation

Build a counting u‘zxﬁg M iC rOSOft

Answer area

| Bﬁlﬁi a counting :Eaﬂsfor?n“- \l

=Microsoft

Explanation:

Use the Filter Based Feature Selection
module

R

r"r"

Build a countmg ;gansﬂ:rrm

— ic 9:9;:“

Test the hypothesis using t-Test

Step 1: Use the Filter Based Feature Selection module
Filter Based Feature Selection identifies the features in a dataset with the greatest predictive power.
The module outputs a dataset that contains the best feature columns, as ranked by predictive power. It also outputs the names of the features and their scores from the selected metric.



Step 2: Build a counting transform

A counting transform creates a transformation that turns count tables into features, so that you can apply the transformation to multiple datasets.
Step 3: Test the hypothesis using t-Test

References:

https://docs.microsoft.com/bs-latn-ba/azure/machine-learning/studio-module-referenceffilter-based-feature- selection
https://docs.microsoft.com/en-us/azure/machine-learning/studio-module-reference/build-counting-transform
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Azure OpenAl H—E X ETILAERK S Nf= Azure Al Foundry 7B 9 bABHY FT,

AVEA—RLEIZA—ANIZRESNETEFRA RN TJ74LDEY FBBHYFET,

A—AL J7A4ILOABICEDVTIHEEERT S IO —5BRETIRLENHYFET,

RIRREREITIVLELHYFET,

EQ4DDT7H L3 vEIRECEAT ARERBYETH? BET RN BYRTISaVETI 23y UR M SESBEISBEHL, ELVIEFISERET,

Actions Generate response basad.on file content

Explanation:

To implement a solution in Azure Al Foundry that allows generating responses based on the content of local files using a connected Azure OpenAl Service model, you need to:
Create a data asset - Upload the local text files to Azure Al Foundry to make the data accessible for processing.

Create a vector index - Index the text data to enable efficient similarity searches, which is essential for semantic retrieval (RAG - Retrieval-Augmented Generation).

Create a connection - Connect your Azure OpenAl Service model or external resources.

Create a flow - Set up the orchestration logic that brings together your data asset, vector index, and model to generate responses.
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Azure Machine Learning 7—49 AR—X L FET,
J—9 AR—ZXADJupyter/ — kT I M HEEREEET HICIE, Python SDKV2H#FRT HALENHYET , ERTIE UTOBKXTT—IICOT 28T IDELDY FT,



table = {
“coll” : [1, 2, 3).
"col2" : [4, 5, 6]
}
T—INEOJIZEFET BIZIE Python a— FEZERSELIBELHY ET,

O—FZEDESITERSEIRNETIMN BETBHICE BELY 7THEUGA TS 3 vEBERLTLES,

AR ELWEIRISEITTI ARSIV FBFEESIET,

Answer Area
import json
with open(“table.json”, ‘w’) as f
json. m v  (table, f)
K@ﬁ e
ump
gh% e
sp miflowlog_artifact ¥ ("tablejson’)
mifiow.log_text
=
IEfiZ:
ANsSwer Arca
import jsen
with npan{“table Json”, ‘w’) as f;
Json. dump ¥ (table, f)
Microsoft =)
\a \ N\ encode
mifiow.log_artifact ¥ (“tablejson”)

miflow.log_text
1 mifiow.log_artifact
MiflowChent().log_batch

Explanation:

import json
with open(Ttablejson™, ‘'w’) as £

json. dump + (table. f)
miflow.log_artifact ¥ ("tablejson™)

BB\ icrosoft
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Azure Machine Learning Studioz R L T N1+ UREETILEERLEFT,
ETIDINGA—B—RL—=TEZEFTF LT NAN—NFGA—F—FHESTIDHENHYET NS A—F R/ —T X ROBHEFH L TWIDELHY FT,
INAIN—ING A =B —DAGERIT R TDHEAEDLEETRET S

AL —TDETITBHERAVE2A—Ta TV Y—REx/MRIZHZ S
*BETILDINGA—R—RA—TE2ETTEILENHYET,
EDINGA—R—RA—TE—RFZFERTIVLELHYEITM?

A SV LRA—T

ARA=TY SR8V

L)y R&IK

COVUELT )y R

IOURALY—F

IFfE: (EfgZRTLET)

Maximum number of runs on random grid: This option also controls the number of iterations over a random sampling of parameter values, but the values are not generated randomly from the specified range; instead, a

moOoO W

matrix is created of all possible combinations of parameter values and a random sampling is taken over the matrix. This method is more efficient and less prone to regional oversampling or undersampling.
If you are training a model that supports an integrated parameter sweep, you can also set a range of seed values to use and iterate over the random seeds as well. This is optional, but can be useful for avoiding bias
introduced by seed selection.
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. COBMIE . RBLCY T A ZEZRT—EDBERO—HTYT, OV —XDEEMICIEX BESN-BEZERTETIRHELOHIHEBDBRENEENTVET, —BOER Y MIFEHOE L WEREASEN
HIGANRHY FTIN MOEBERt Y FZIFIELWERENGWMGENDY FT,

ZDEIVIAVOEMICEET S5 FTOERICRDZEIETEEFLA . ZTDEH, CNODERMELE2a—ERAICIERTINELA,

Azure Machine Learning 7—%9 AR—ZX M % Y &3, Azure Machine Learning Studio D [/ — F T I R=UHh b3 —IF )Ly aVIT#EHKELET,
BLA—SFIL vy arvho7Io2ATESH LWL Jupyter hi—RILEEBMT S5 FETT,

FLOWA—RILEZEMT DHINC . ETTABLENHDIIRVEETTILENHY FT,

fRIR%E: Python 3.8 - AzureML h—RILZHIBR L E T,

RIRRIIBEETERTEEITHM?

A. L\UVZ

B. &Ly

E#: (ERERELET)
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Azure A AL—2 7HD Y FR®O BLOB OV T+ —%5M89 5 training_ data LWV T—2 XA M7 EERLET BLOB OV TFH—ICIE EHDO IR YIE (CSV) 774 L& IS csv_files &ELVS T4 )L
F—MNEENFET,

A—AIL T+ LA lscript]IZ frainpy]EVWS RV ) TERHY ChEHERERAVEERELTETITEIFETT, CORY Y T ML csv files TAHILINLT—E EHRAMBODUTDI—FAEENTLVE
ER


https://www.jpnshiken.com/q/68910-6447647/
https://www.jpnshiken.com/q/68910-6447648/

import os

ot argparse BES= Microsoft

rom sklearn.model_selection import train_test_split
rom sklearn.linear_model import LogisticRegression
rom azureml.core import Run

run = Run.get_context()

parser = argparse.ArgumentParser() _
parser.add_argument('--data-folder', type=str, dest="'data_folder', help='data reference')
args = parser.parse_args()

= args.data_folder
L os.listdir(data_folder)
raining_data = pd.concat((pd.read_csvfos.path.join(data_folder,csv_file)) for csv_file in csv_files))

Code goes on to split the traifing data and train a logistic regression model
RODRY ) TEHHYET,

from azureml;ﬁhrengltggﬁgﬂggﬁigi:e, store, Experiment
from azureml.tra. t SKL@

s = Workspace.from_config() (;
exp Experiment {warkspace—ws me="'csv_training')

ds = Datastore.get(ws, dat i name='training_data')

data_reF ds.path('csv_fi

# Code to define est:. goes here

run = exp.submit (g it :|.g=est:|.matur'}
etion(show_output=True)

A1) 7 kA training_data T—H2 X T D csv_files 7+ LA —%SHBT 5 data_ref EWSBRIDT—FSEIALT— 2 E5AMAIENTEL LS EROMTEEEERT 2DHENHY ET,
HEMEEER T DICIFEEDI—FEFERATNIEENTITA?



A estimator = SKLearn(source_directory="./script’,
inputs=[data_ref.as_named_input('data-folder').to_pandas_dataframe()],
compute_target="local’,
entry_script="train.py’)

B. script_params = {
‘=--data-folder': data_ref.as_mount()

b

estimator = SKLearn{source_directory="'./script’,
script_params=script_params,
compute_target="local',

entry_script='train.py’

C. estimator = SKLearn(source_directory="'./script',
inputs=[data_ref.as_named_input('data-Tolder '] as_ mount()];
compute_target='local’,
entry_script="train.py')

D. script_params = {

'--data-folder': data_ref.as_download(path_on_compute="csv_files')
}

estimator = SKLearn(source_directory="./script’,
script_params=script_params,
compute_target="local’,

entry_script="train.py’

E. estimator = SKLearn(source_directory='./senipt'y
inputs=[data_ref.as_named_input('data-folder" ). 4% déwnload(path on_dompute='csv_files')],
compute_target="local’,
entry_script="train.py’)

AT a A
AT 3B
AT arcC
AT 3D
E.A7>3a>E
Ef:B(OA U bERKT D)

Besides passing the dataset through the inputs parameter in the estimator, you can also pass the dataset through script_params and get the data path (mounting point) in your training script via arguments. This way,

OO0 w >

you can keep your training script independent of azureml-sdk. In other words, you will be able use the same training script for local debugging and remote training on any cloud platform.
Example:

from azureml.train.sklearn import SKLearn

script_params = {

# mount the dataset on the remote compute and pass the mounted path as an argument to the training script
' --data-folder ' : mnist_ds.as_named_input(' mnist').as_mount(),

' --regularization ' : 0.5

}

est = SKLearn(source_directory=script_folder,

script_params=script_params,

compute_target=compute_target,

environment_definition=env,

entry_script="train_mnist.py ')

# Run the experiment

run = experiment.submit(est)


https://www.jpnshiken.com/q/68910-6447649/

run.wait_for_completion(show_output=True)
Reference:
https://docs.microsoft.com/es-es/azure/machine-learning/how-to-train-with-datasets
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Azure Machine Learning 7—9 AR—ZXAMNHY FT,
ETFTNEML—ZVTTBHEEIT ETILDNAN—NFTA—REREBTEHFETYT,
ERALI-EZRIBREERZERT AVELHYFT,
EDNFA—RZFRAITNELNTIHA?

A 1=-Tr—L

B.OJ1=J4+—LA

C. QLogNormal

D. QUniform

IEfR: (EffZzRnLET)
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Azure Al Foundry7ao 9 FE2EELET

Azure Al Foundry SDK 2B L TRERA VTV I REERTHFETT,

ATV TA4—ILREEI T4V SUFXRVIDEETA—ILRFELTHERATIVELNHYET, COT 14— L FIZBRICREAMRICHESNATUVET,
FATLA—FEITAVIEEDESIZETITIREAHY FTITHN? AZITZICF RAEEETETDGA T a vEBIRLTLES,
FEECELWMLMEBIRSCEICTIRA Y I EShET,

Build an index with the Azure Al Foundry SDE

SEarchField
SimpieFeid

1E fiz:
uild an index with the Azure Al Foundry SDK

Semanticsearch

VectorSearch

n detault,
loritized flelds-Sem@ticRrYoritizedFields 1 el L _flelds#] ],
t Id i v | | it I
‘SemanticField
-I:'_I":‘J'Li'f'L'iJ
L i T —
1Cr O

Explanation:


https://www.jpnshiken.com/q/68910-6447650/

Build an indefiithithi Azure Al Foundry SDK

Seman boSo et
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FLWAZure b X9 ) T2 a v EEBLET TRV Y T3 U0TRYVY—RETOED 3=V ShFRA,

Azure MachineLearning™@ —%9 AR—X &R T HHELH Y F7,

CHOBEREZEEERT HODIDDARELRFEIIMTIN? TN TNDOERIEITELMBRRERERLET,

VBRI ZENENIRS Y FOMELAHY £9,

A. Azure ML SDKS 4 75 1) #{# /A L _name_ subscription_id_ resource_group_ location/¥5 * —4 — %385 L TWorkspace.create X ¥V v KZEUH 3 Pythona— F#ETLET,
B. Microsoft.MachineLearningServices /7 —9 AR—X 1) Y —R L ZDIEKFEBBREELAzure) V—RAEB T T L— b EFERALET,

C. Azure MachineLearning¥hsEHaE B A 1=AzureaA YV RS A oA VB —TJ x4 X CLD ZEA L T -nameH K U—locationT * —42 — %5 L Taz group createB# T UH L  RIZ-wBS K UEHE L TazmlT—
Y AR—ZXcreateFAMZEFUVHELET, g7— VTV AR—REZENY—RTIL—TDINGA—5—,

D. Azure Machine Learning StudiolZ##L 7 —9 AXR—X = LE T,

E. Azure ML SDKS 4 75 1) #{# /A L _name_ subscription_id_ & & Uresource_group/3\5 * —4 —#$§7%E L TWorkspace.get* ¥V v KZEUH 3 Pythona— F#ETLET,
EfR: (EfEZzRTLET)

B: You can use an Azure Resource Manager template to create a workspace for Azure Machine Learning.

Example:

{"type": "Microsoft.MachineLearningServices/workspaces",

C: You can create a workspace for Azure Machine Learning with Azure CLI Install the machine learning extension.

Create a resource group: az group create --name <resource-group-name> --location <location> To create a new workspace where the services are automatically created, use the following command: az ml workspace
create -w <workspace-name> -g <resource-group-name> D: You can create and manage Azure Machine Learning workspaces in the Azure portal.

Sign in to the Azure portal by using the credentials for your Azure subscription.

In the upper-left corner of Azure portal, select + Create a resource.

Use the search bar to find Machine Learning.

Select Machine Learning.

In the Machine Learning pane, select Create to begin.


https://www.jpnshiken.com/q/68910-6447652/

Home > New > Machine Learning >

Machine Learning &

Create a machine learning workspace

Basics  Networking Advanced Tags  Review + create

Project details

Select the subscription to manage deployed resources and costs. Use resource groups like folders to organize and manage all
your resources.

Subscription * © Documentation-team

Resource group * @ docs-ws

Create new

" Microsoft

- Workspace details

Specify the name, region, and edition for the workspace.

Workspace name * @ docs-miw

Region* (O West Central US

Workspace edition * (O Basic

Basic

Enterprise
L]

Application Insights, Azure Key Vault

Reference:
https://docs.microsoft.com/en-us/azure/machine-learning/how-to-create-workspace-template
https://docs.microsoft.com/en-us/azure/machine-learning/how-to-manage-workspace-cli
https://docs.microsoft.com/en-us/azure/machine-learning/how-to-manage-workspace
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Workspace 1 Workspace! & LY5 &#ID Azure Machine Learning 7—%2 AR—ZXAH Y ZhIZIE PyFunc 7 L—/N\—Z%#D model 1 & L3 BRTIDZEEFKEH Miflow ETILAH Y 9, Azure Machine Learning Python

SDKVI 2R L T HAEHELZ L T endpointl EVWSRRIDA US4 TV KRSV MImodel 27 7043 3FETT  ROIA—KRHYFET,



ETILAERIZTIOA &b & 5123 %121, ManagedOnlineDeployment 772 x4 MI/ASA—2 2 BMIT 2BENHY T3, BRE BENSA—42%ZEBMNMLET,
Y1) a—L 3 VIFBEBERBIZLTOVETHA?

A. LMNVZ

B. (&>

EfR: A (DAY FERET 2)
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ELDKRREBRFAHI LT —2ZUNE L TLET, weather df ELVSPandasT—42 7 L—LAHY FIIZIEUTOT—E2NEFTFNTULET,

Temperature | Observation_time | Humidity Prmmmwicr mﬁﬂ
A 3 05

74| 2019/10/2 00:00 L0.62h | \2087 .

89| 2019/10/2 12:00] W\~ 000 2888 10 05
72| 201910/3 004004 % " 0.64 30.00 8 0.5
80| 2019/10/3 1200 0.68 2975 i 0.5

T—RIFEFERBRD 12EHBEIZIESNET,

HEMHEEZRAVT SE7TAERBOREZ TR T ARRINETILEERTEIFETT RIDCL—=20T 590 RTIE, RASEDELDETILEL—=VTLET,
CNHDETILE FL—=2%F BIZ1% Azure Machine Learning SDK #{# A L TEH BB FEEREZETTILENAHY FT,
BRFMESN-BBEBEOERTEERT IVLELHY ET,

AutoMLConfig EEZ ED LS ICETTNIELNTTHN? BETHICIE AFEHETEUGA T a vEERLTLIEZS,

FEEELOLBIRSEICTI RS Y bMTEShET,


https://www.jpnshiken.com/q/68910-6447653/

automl_config = AutoMLConfig(task="

label column name="

B Microsoft

max horizon=

iterations=

Iv w

Tegression
forecasting

classification
deep leaming

training_data=weather_df,

[~

humidity
pressure
visibility
temperature
days_since_last
observation_time

time column name="

v o,

hurmidity
pressure
visibility
temperature
days_since_last
observation_fime

v ,

[ ==Y
e ) ey

50

iteration timeout minutes=S,
primary metric="r2_score”)

1E fiz:




utoml config = AutoMLConfig(task=" v "

regression
. s |
forecasting {
classification

deep learning

training data=weather df,
label column name=" J v "
r

humidity
pressure
visibility
|temperafure °
'days_since_la
observation_time

time_ column name=" | i v

humidity
pressure

visibility
temperature
|days_since_last_
observation_time,

max_horizon=

iterations= ] v

Mhcrosof

L |

—L-qm%l'u.
]

14
50 |

iteration timeout minutes=5,

primary metric="r2 score”)

Explanation:



utoml config = AutoMLdodEig(bask=/4 +1 v
-1 X 1L regression

forecasting

classification

deep leamning

training_data=weather_ df,
label column name="

v

humidity
pressure

visibility
temperature
days_since_last
observation_time

time column name="

|v \\.

humidity
pressure
visibility
temperature
days_since_last

ohservation time
il -

e R o F "L Ry

iteratibns= v

iteration timeout minutes=35,
Box 1: forcasting |
Task: The type of task to run. Values can be ' classification ', ' regression ', or ' forecasting ' depending on the type of automated ML problem to solve.
Box 2: temperature
The training data to be used within the experiment. It should contain both training features and a label column (optionally a sample weights column).

Box 3: observation_time



time_column_name: The name of the time column. This parameter is required when forecasting to specify the datetime column in the input data used for building the time series and inferring its frequency. This setting is
being deprecated. Please use forecasting_parameters instead.

Box 4:7

" predicts temperature over the next seven days "

max_horizon: The desired maximum forecast horizon in units of time-series frequency. The default value is 1.

Units are based on the time interval of your training data, e.g., monthly, weekly that the forecaster should predict out. When task type is forecasting, this parameter is required.

Box 5: 50

" For the initial round of training, you want to train a maximum of 50 different models. " Iterations: The total number of different algorithm and parameter combinations to test during an automated ML experiment.
Reference:

https://docs.microsoft.com/en-us/python/api/azureml-train-automl-client/azureml.train.automl.automliconfig.

automlconfig
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Azure Machine Learning7 —>o AR—X ZERLET
D—DAR—RATHREALETILDFL—Z2 T %ERTT H5=ODPython SDKV2/ — T v O ZHBLTVWET , /— TV Da—FIZIBEBELGN\YS—DFFTRTA UR—FLET,
bL—=ZV T RVU T BRE BEVIAVEL—T A VI EREEDHSHES(C Python SDKV2 I— FETEH S EIRENHY FT,
MVEDI—FEEDESICTERIEIRETLLOIMN BIZETAICIE BEIY7TEULGA T aoEERLTLESL,

EERI LIRS Y NER
Arswer Area




Answer Area

Explanation:
Answer Area

B U e ey ey
AL
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Azure Machine Learning Python SDK Z#{EH L T /Ny FH#// N1 T4 V&R LFT,

HBRODEDSRR JIL—TWNNA TS5A VEFRATEDLSIIC N FHBINA TSAVEBDHTIBENHYET REDRKRR TL—TIE NATSAVHRRAT) VI DEHICETIVIZEET 5T —2DENRS
B EEECEIRELAHY ET,

NATSAVERRTIBENHY FT,

HETIEMETEIREN?

A RREINFNRATSA LV H—ERABIZERDI U RRA UV FE2ERL FEESRRA JIL—THABBDI U RRA Y MIP 3 TEFEIETHESITLET,

B. /N1 754 >® PipelineParameter # 79 FE2E&HL  TNEFRALT NA TSAVDRITZEICEDHRR FIL—TBEEDAAT—2 Y bEEELET,
CEEDCRRTIL—THA—AIN AVE2A—TA I THATIAVEETL AAT—RITA—AIL T7ALEFERATSELSICLET,

D. /N1 7354 >® OutputFileDatasetConfig #Z 7 9 FEE&HEL ZFDA TPV FEFRALT NNA TSAVDERFTTEICEDRR JIL—TEAEDANT—2ty hEEELET,
T (EREERLET)
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Azure Machine Learning 7—%9 ARXR—X Z#4/Ef L MLflow 54 TS5V &AL VA F—ILLET,

MLflow 54 TS5 U EFERAL T, SEISFLHBEOT I EHETIVLENHY FT,
ELELDFEEFERINIELINTINN? AETHICIE BEEIY 7TEUGEA T a vEBIRLTLESL,
FE ELWLBIRSEICTI RS Y bMTEShET,

Log data MLflow library method

matiothb plot l&rmage
log_metnic

log_text
log_image
log_figure
boolean valuye log_metric v
log_metnc
log_text
log_image

s Mifrosoft -
Answer Area
Log data o@ MLflow library method

matiotlib plot o ngg_umage @‘_’]
.i » f 4 log_metric
log_text
m Microsoft "\ e e
log_figure
boolean v $ log_metric i
”\ | log_metric
gv log_text

T

log_image

o log_figure
O

L N

Explanation:



matiotlib plot

log_image
log_metric

Lnumop MLflow library method
Microsoft ks AN

\
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Azure Machine Learning 7—%9 ARXR—X #EH L £, Azure Data Factor//\ 1 T54 > HLXUVT—F R I FERETBEOICAT D 1—LITH>TEFTSINDI T2y b E=Z4—%FALET,

T—AEY bEZZ—DT—2 )T FERELIZEEFIC MY H—Eh Azure Data Factory/Nf TS5 4 V&L TT—2 1y bEBEHTIEBET—V J0—5FRETINENHYET, COYV Y a— 3 UTIE,
T—0 70—DEBICHINEFHER/DRICIMNZ Z2LENHY FT,

T—0 70— EDESITBAITNEINTETA? BET SICE, BEEETEY G T avEBIRL TS,

FEELWLMBIRSEICTI RS Y FMIEShET,

Micrgsoft

Trigoer the woriclow

Irmpkdrrsmt the aork o

AZure AutomJiaton runbock

Anure Funchion App

1E fi#:
Arawer Arca

Action Solution
Trgoer the workflow

Asure Evwiel Hial) (et S m—
Anae Feley nybred e L
PN the norkiow | Asure Logi App ~

AZure AUtOMation runbook

Microsoft e e

Explanation:


https://www.jpntest.com/shiken/DP-100J-mondaishu
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Azure Machine Learning Zf#fA L TEWFEEETILE FL—=VF LET,
0@k EETT SICIE Python TRO FL—=F XYY T rEFERLET,

import mlflow

miflow.log metric(“accuracy”, float(val_accuracy))
AA—=TF a3 TEEHETBHICIE Python RO T+ 2ERATE2HEAHY FT,
NANR—=INFGA—FRBETERBLELE-VEEGA M) v EHRZEET ILENHYET,
AEELWVEBIRIEICT ARSI MG ESINET,

command_job_for = command _job(

. M i c ro S Qctlgzuru,mmlsw@ml Uniform, Choice

learning_rat ifdrm{min_value=0.05 max_value=0.1)
batch_si ce(values=[16. 32, 64, 128])
)
W ® command_job_for_sweep.sweep(
te="cpu-cluster’,
pling_algorithm = * ian”

%limw"metri[ =" val_accuracy

accuracy

test-multi_logloss

goal=" Maximize ¥ -,
Naone
Minimuze

Maximize




Answer Area

from azure.aimlsweep import Uniform, Choice

command_job_for_sweep = command_job(
learning_rate=Unitorm{min_value=0.05, max_value=0.1)
batch_size= Chonce{vahﬁsalw 32. 64, 128)).

)

sweep_;ub qonw’f!lntl_,;ub for_sweep.sweep(
,.p\m?uh--{ﬁu cluster’,

phng alganthm = —bayesian®,

=Microsoft w Srmary,metic=| va accutacy

accuracy

-'_;;' o test-multi_logloss

goal=" Maximize ¥ ",
) None
Minimize

Explanatipn:
from azure.aimlsweep import Uniform, Choice
command_job_for_sweep s.gommand_jo
learning_rate=Upitorm(min_value=0.05max_value=0.1),
batch_size=Chpice(values=[16, 32, 64, 128]),

)
sweep_job = cummand_;:.tﬁMm rOSOft

compute="cpu- clusl,er
sampling_algorithm = "bayesian”,
primary_metric=" val_accuracy =

goal=" Maximize ¥ ",
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Azure Machine Learning @D b L—= V9 RBEERITLET, FL—=2F X9 YTk T4 LY FYUIZIE, .amlignore E VWS BRID T 7AIILEZET 100 BRI 7 A IILAEENTVWET  F-. ZOTa4 LY I

(X, .Joutputs &./logs EVWVSHTTo LY FJEEENRTUVET,
fL—=VF R0V TETFTaLY ISR AVEa—Ta0T 23— Y bADRFT T3y bOOBRANTEIDENHZ T 7AIULB20BHYET, T4 LY UDIL— R giftignore EWVNI T 7 A ILEERLE
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0BT 7AIVERNT BRENHYES, ESTNEVLTLESIN?

A. giftignore £ WNSARID T 74 JL%E Joutputs T« LY FUICBEILET,

B. .giftignore & WL\S &ARIND 7 7 4 ILDNE % .amlignore E NS ZBID T 7AI)LICaE—LFET,
C. .giftignore EWVNSERID 77 AL % Jlogs T4 LY FIICEBBILET,

D. .amlignore £ WS &HID 7 74 ILDRAR % gifignore EWSBRID T 7 A JLIZEBMLET,
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FCOMEIX BLIF VA ZRTRTI—EORBEO—HBTYT, —EDOMBICIEETNETN  EHON-BEEHEIAEREOHIBBOBENSENTVET BBLY NIk >TE EROERIAFEET IEE5LH
hiE EBALZWNMGEEEHY ET,

DI aVOERICEEZELEZZE, ZOEBEMICRSAZEETEERA , ZTOREH, CNGDEMIELEA—EBERAICRTINEFTA,

IT ML, RD Azure ) VY —R TIL—TE)Y—REERLET,

Resource group Resources
an Azure Machine Learning workspace named amiworkspace
an Azure Storage account named amiworkspace12345
mil_resources an Application Insights instance named amlworkspace54321
an Azure Key Vault named amlworkspace67890

an Azure Container Registry named amiworkspace09876
A virtual machine named mivm with the following configuration:
+ Operating system: Ubuntt Linux
= Software installed: Python 3.6 and Jupyter Notebooks
= Size: NC6 (6 »CPUs, 1 vGPU, 56 Gb RAM)

general_compute

IT E8F9(% . Azure Machine Learning 7 —% XA R— X [Z aks-cluster & LY5 & HID Azure Kubernetes Service (AKS) A—X D/ Vv Ea—TFT o 0F 4—45 vy FEERLET,

GPU ## & L 7= Microsoft Surface Book 2 Y E 1 —42 —% % T, Python 3.6 & Visual Studio Code B/ X k—)LENTUWVET,

TA—T Za—3FL 3y 7= DNN) ETILEFL—ZVJ L BEREBEDA M) VI ERRT IRV T LERTTIRLENHYET,

fi#iR 5% Surface Book [Z Azure ML SDK #4 YR k—JLLZE T, Python a— FZ#EFTLTIT—IAR—X([ZEHKL O—HILaAVE1—TFT AV FLETERRELTIL—ZVT RO Y TRERITLET,
A. [ELy

B. LMV R

IEf#: (EfEZRILET)

Need to attach the mlvm virtual machine as a compute target in the Azure Machine Learning workspace.

Reference:

https://docs.microsoft.com/en-us/azure/machine-learning/concept-compute-target
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[, workspace1MAzure Machine Learning Studio 5E{T4 2WENHY F4 . FIMETOED a2 I T30 ENHY EFIM7?
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C. Azure Machine Learning A~ Ea1—F 4 V5 95X 48—
D. Azure Machine Learning AV Ea—T 4 V94V RRA VR

EfZ:D(Q AV FEHEKT D)
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SOt avOBEMICEEL-ZE, TOBEMICRAZLFITEFERRA, TORE, ChoDEMELEA—BERERICRRESNERTA,

BHEEETILENL—=VT LTEBLET,

ETILEVTILAALWeb Y —ERELTTIAATHILEHBLTWEST , ETLEERTSICEK 7TV T5—2a3 0 THF—R—RXDBIA%ERATLIBENHY FT,
WebH—ERETTOMTHIBENHYFET,

fiZiR

AksWebserviced Y A2 VA EERLET,

auth_enabled 7 0/X7 1« DIEZTruelZRELE T,

ETILEY—ERIZTFIOALET,

Y )a—Ta VFEETERLTOWWETAN?

A. [y

B. LMV R

IEff: (EfEZRImLET)

Key-based authentication.

Web services deployed on AKS have key-based auth enabled by default. ACI-deployed services have key-based auth disabled by default, but you can enable it by setting auth_enabled = TRUE when creating the ACI
web service. The following is an example of creating an ACI deployment configuration with key-based auth enabled.

deployment_config <- aci_webservice_deployment_config(cpu_cores = 1,

memory_gb =1,

auth_enabled = TRUE)

Reference:

https://azure.github.io/azureml-sdk-for-r/articles/deploying-models.html
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Azure Machine Learning Studioz AL TT—42ty FZESHLTLET,

EHEEIDPIEL —BDEAV Y FEETHHY T —ZERT HIRLELHY FT,

A—HY—FELELDEDa—ILEFERATEEFIN? TNTNOERITELBREREFRRTLET,

I ENTNADOELWLERIZEFIARS Y FOMENHY F£9,

A. PythonX o 1) 7 b DZEST

B.AYYrT—TILDITY RAKR—F

C.Arvoir—a2—fEIcEi#

D. T— 2 DEH

E. 4R DEE

EfR: (EffZzRTLET)

The Export Count Table module is provided for backward compatibility with experiments that use the Build Count Table (deprecated) and Count Featurizer (deprecated) modules.
E: Summarize Data statistics are useful when you want to understand the characteristics of the complete dataset. For example, you might need to know:
How many missing values are there in each column?

How many unique values are there in a feature column?

What is the mean and standard deviation for each column?


https://www.jpnshiken.com/q/68910-6447663/
https://www.jpnshiken.com/q/68910-6447664/

The module calculates the important scores for each column, and returns a row of summary statistics for each variable (data column) provided as input.
References:

https://docs.microsoft.com/en-us/azure/machine-learning/studio-module-reference/export-count-table
https://docs.microsoft.com/en-us/azure/machine-learning/studio-module-reference/summarize-data
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Azure AlFoundry 7Oz 4 FE2EELET,

2OMRAG YV ar— a3 VEFMELTLETS,

MZEZERTEE V) a—2avIZk>TROBEENRREINET,

*RODV) a—avid EeUMEC FRAELELGYET,

*2FBEHOV ) a—2avik TEEMEC FERESNSCRYET,

FHERICR O - MBI LT ZRENHY FT,

ERBICH L TR EDT I aVvEERTTILENHDY ETIHMN? METSICIF, AEEETEINLGA T a vEERLTLESL,
FEELWLVBIRSEICI RS Y TS SHhET,

Evaluate a custom large language model — Ml{rOS@ft

Issue | Solution

Low completeness, low utilization Increase chunk.size,

Reduce chunk size.
Decrease the top-k parameter.
Bow campleteness, high utilization _Verify relevant chunis were retrieved.
Reduce chunk size.
Tune the prompts.

Venfy relevant chunks were retrieved.

1E fi#:
tvaluate a custom large language model

- BB\ i crosoft

Low completeness, low utilization Increase chunk size. »

Increase chunk size,

IReduce chunk size.
Decrease the top-k parameter.
Fow ‘completeness, high utilization _Verify relevant chunks were retrieved. ¥
'Reduce chunk size.

' Tune the prompts.

| Venfy relevant chunks were retneved.

Explanation:



Evaluate a custom large language model

Issue Solution
Low completengss, IGABuligalhon sificrease chunk size, O

- " i -I'N-: 1
L AMplETEpass "hig T ublization | Verify relevant chunks were retrieved. v
3 A
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B.aVEa—TFTAVIAVAR VAT %pip IOy IBEMEERITLET,
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TJR—NIL RFIILTAREETILOH T D TBIREBET 5I121F, Python EEEHERTILENHY FET,

A—RET AV LEEDESICETTEIREAHY FIH? BAET I BERHETEYGA T 3 vEBRL TS,
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import pytorch as deepleaminglib
import tensorflow as deeplearninglib
import cntk as deeplearninglib

v

train_smapler = deeplearminglib.DistributedSampler.(penalty_video_dataset)
train_sampler = deeplearminglib.log_uniform_candidate sampler{penaﬂy video_dataset)
train_sampler = deeplearninglib. WeightedRandomSampler.(penalty_video_dataset)
train_sampler = deeplearninglib.all_candidate_sampler (penalty_video_dataset)

train loader -

(train smapler, penalty wvideg dataset)

v

optimizer = deeplearninglib.optim.SGD(model. parameters().ir=0,01)
optimizer = deeplearninglib.train.GradientDescentOptimizer(learning_rate=0.10)

v

i spleaminghbparallel Distributed(DataParallel(model)
“|model = de—eplearnmghb nn.parallel DistributedDataParallelCPU(model)
model = deeplearninglib.keras_ Model([

model = deeplearninglib keras.Sequental(]

train sampler.set_epoch (epoch)
for data, target in train loader:
data, target = data.to(device), target.to(device)




T

import pytorch as deepleamingib * [\/] i c rosoft
import tensorflow as deeplearninglib
import cntk as deepleaminglib

v

|| train_smapler = deeplearminglib. DistributedSampler.(penalty_video_dataset) _’

train_sampler = deeplearminglib log_uniform_candidate_sampler (penalty_video_dataset)

train_sampler = deepleaminglib WeightedRandomSampler (penalty-video_dataset)
train_sampler = deepleaminglib.all_candidate_sampler.(penalty.videc. dataset)

train loader -

{train_smapler, penalty wvides dataset)

v

—_— o = = == _— i e i R e i e e

I_uptimizer = deeplearninglib_optim SGD{model parameters().Ir=0,01)

e — T

kgt k] iy — L il ™= — ol — - Sl — ™ — ™~ i~ Syl — T —, ol

model = deeplearninglib.keras Modell(]
model = deeplearninglib keras. Sequental(]

train sampler.set_ epoch (epoch)
for data, target in train loader:

data. tarast = data.toldavicel. taraet.toldavicea)
Explanation:
import pytorch as deepleaminglib

import tensorflow as deepleaminglib
import cntk as deeplearninglib

v
train_smapler = deeplearminglib.DistributedSampler.(penalty_video_dataset) :
train_sampler = deeplearminglib_log_uniform_candidate_sampler. video_dataset)
train_sampler = deepleaminglib.WeightedRandomSampler (pe eo_dataset)
train_sampler = deepfeaminglib_all_{:ahdfdate_sampﬁrj[p “Wideo_dataset)

e ";{e T"i'!.- kg
train loader - P Y, ﬁ?ﬁ.@ 1
a .I:.G:I':“.';"" gt
s ’ 1{"" 1"—-:%?%.}'; ‘:"I'::* =
(train smapler, peniiﬁggf%. o dataset)
-
@ IV

optimizer = deepleafy

model = deepleaminglib parallel Distributed(DataParallel{model)
model = despleaminalib.nn parallel DistributedDataParalleiCPU(model)

model = deeple _'_mﬁﬂ{%@eg@m t
model = deepleamiglib_keras Sequental([

Box 1: import pytorch as deeplearninglib




Box 2: ..DistributedSampler(Sampler)..

DistributedSampler(Sampler):

Sampler that restricts data loading to a subset of the dataset.

It is especially useful in conjunction with class: torch.nn.parallel.DistributedDataParallel’. In such case, each process can pass a DistributedSampler instance as a DatalLoader sampler, and load a subset of the original
dataset that is exclusive to it.

Scenario: Sampling must guarantee mutual and collective exclusively between local and global segmentation models that share the same features.

Box 3: optimizer = deeplearninglib.train. GradientDescentOptimizer(learning_rate=0.10)

Topic 2, Case Study 2

Case study

Overview

You are a data scientist for Fabrikam Residences, a company specializing in quality private and commercial property in the United States. Fabrikam Residences is considering expanding into Europe and has asked you
to investigate prices for private residences in major European cities. You use Azure Machine Learning Studio to measure the median value of properties. You produce a regression model to predict property prices by
using the Linear Regression and Bayesian Linear Regression modules.

Datasets

There are two datasets in CSV format that contain property details for two cities, London and Paris, with the following columns:

Column heading Description
CapitaCrimeRate per capita cime rate by town
proportion of residential land zoned for lots over
25.000 square feet
MonRetailAcres proportion of retail business acres per town
NextToRiver proximity of the property to thesiver
NitrogenOxideConcentration nitric oxides concentration {parts per 10 million)
AvgRoomsPerHouse average numbérof raoms per dwelling
| Age propoftion oiowner-occupied units built priorto 1940
DistanceToEmploymentCenter | weighted distances to employment centers
s . index of accessibility to radial highways to a value of
AccessibilityToHighway two decimal places
Tax full value property tax rate per $10,000
PupilTeacherRatio pupil to teacher ratio by town
ProfessionalClass professional class percentage
LowerStatus percentage lowenstatus of the poptilation
MedianValue mediari ¥a!ue efdwner-occupiedhomes in $1000s

Zoned

The two datasets have been added to Azure Machine Learning Studio as separate datasets and included as the starting point of the experiment.

Dataset issues

The AccessibilityToHighway column in both datasets contains missing values. The missing data must be replaced with new data so that it is modeled conditionally using the other variables in the data before filling in the
missing values.

Columns in each dataset contain missing and null values. The dataset also contains many outliers. The Age column has a high proportion of outliers. You need to remove the rows that have outliers in the Age column.
The MedianValue and AvgRoomsinHouse columns both hold data in numeric format. You need to select a feature selection algorithm to analyze the relationship between the two columns in more detail.

Model fit

The model shows signs of overfitting. You need to produce a more refined regression model that reduces the overfitting.

Experiment requirements

You must set up the experiment to cross-validate the Linear Regression and Bayesian Linear Regression modules to evaluate performance.

In each case, the predictor of the dataset is the column named MedianValue. An initial investigation showed that the datasets are identical in structure apart from the MedianValue column. The smaller Paris dataset
contains the MedianValue in text format, whereas the larger London dataset contains the MedianValue in numerical format. You must ensure that the datatype of the MedianValue column of the Paris dataset matches
the structure of the London dataset.



You must prioritize the columns of data for predicting the outcome. You must use non-parameters statistics to measure the relationships.

You must use a feature selection algorithm to analyze the relationship between the MedianValue and AvgRoomsinHouse columns.

Model training

Given a trained model and a test dataset, you need to compute the permutation feature importance scores of feature variables. You need to set up the Permutation Feature Importance module to select the correct
metric to investigate the model's accuracy and replicate the findings.

You want to configure hyperparameters in the model learning process to speed the learning phase by using hyperparameters. In addition, this configuration should cancel the lowest performing runs at each evaluation
interval, thereby directing effort and resources towards models that are more likely to be successful.

You are concerned that the model might not efficiently use compute resources in hyperparameter tuning. You also are concerned that the model might prevent an increase in the overall tuning time. Therefore, you need
to implement an early stopping criterion on models that provides savings without terminating promising jobs.

Testing

You must produce multiple partitions of a dataset based on sampling using the Partition and Sample module in Azure Machine Learning Studio. You must create three equal partitions for cross-validation. You must also
configure the cross-validation process so that the rows in the test and training datasets are divided evenly by properties that are near each city's main river. The data that identifies that a property is near a river is held in
the column named NextToRiver. You want to complete this task before the data goes through the sampling process.

When you train a Linear Regression module using a property dataset that shows data for property prices for a large city, you need to determine the best features to use in a model. You can choose standard metrics
provided to measure performance before and after the feature importance process completes. You must ensure that the distribution of the features across multiple training models is consistent.

Data visualization

You need to provide the test results to the Fabrikam Residences team. You create data visualizations to aid in presenting the results.

You must produce a Receiver Operating Characteristic (ROC) curve to conduct a diagnostic test evaluation of the model. You need to select appropriate methods for producing the ROC curve in Azure Machine
Learning Studio to compare the Two-Class Decision Forest and the Two-Class Decision Jungle modules with one another.
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Azure CLI mi¥EE#REV2 % FH L TAzure Machine Learning7 —> AR—R#BEBLFT a1 —TFT A VI USRI —% BT AIZIE YAMLRF—VY A2 EHZIT AVENHYFET, FORFT—TEFRITIIEELNT
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A. https://azuremlschemas.azureedge.net/latest/amlCompute.schemajson

B. https://azuremlschemas.azureedge.net/latest/kubernetesCompute.schema.json

C. https://azuremischemas.azureedge.net/latest/vmCompute.schema.json

D. https://azuremlschemas.azureedge.net/latest/computdnstarKeichema.json
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Azure Machine Learning ##FALCETILEZ L—=2FLET,
INAIN—INFGA—FHERETBHICE  RA VT BT T EFERTILELNHY FET,
learning_rate /IN\T A —2 W EBIRTLILENHY FT,
ED2ODNHEFERATEEFITD, TNETNDOERITLEGHEEERLET,
FE ELWVEBIRZEICT RSV T ESNET,

A. QNormal

LB

R
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WS1 & LVS &R0 Azure Machine Learning 7—9 AR—ZAMNH Y FF,

Responsible Al &< a/R— KZEHEL T WS1 [Z&$59 5 MLflow ETILZ5EET AT ETY,
MLflow ETIEERT S -DITERTEISA TV ERET IVENHY FET,
EDZATZ)E#FERINIEINTTH?

A. scikit-learn

B. PyTorch

C. TensorFlow

D. mipy

EfE: (EEZRTLET)
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Azure Machine Learning 7—49 ARXR—XZEB L F T,

CIaTJDETREZEEL, O— FOKEEZRZHA TEILIET ILELHY FT,

Docker EJLF AV THFR MO OIRIBEZERTIHELHY FT,

FEHEJAVFEEDELSIIRTIHILELNHYFIMN BEETHICE BBFEIY 7 THEUGA T3 vEBRLTLLESL,

FEELMERZEICIRA Y BT ESHET,
Answer Area

-
docker context = E i d ]

| S| t({path="docker-contexts/python-and-pip"),
name=" docker- |nb

Command

image

mi_cC datastore §.Create or update(docker context)

properties


https://www.jpnshiken.com/q/68910-6447669/
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Answer Area N - . -

| % ::JH.l ¥ II‘II-I;I | IJ*'} FE\I
" hi 4 T J ' R ! |
docker context -l Environm | v R B N e o & 1 L

build
names"docker- job
) sL.ommand
ml_client.egviroCBmponent 4

ml_CVdatastore s.create_or_update(docker_context)
properties

Explanation:

Answer Area

docker_context = Environmeph, ¥
build ¥ =BulldCagnte®t( path="docker-contexts/python-and-pip"”),
namés "gdotker context "

)
‘iﬁail"?ﬂgnxi t t dat e
Wi NMent 3, ! e_or_update(docker_context)
H“ﬁ%Jg'ﬁﬁ

IVIICL ./

(ol
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EDED1—ILEFERINELNTYTA?

A. T 102 —RIHIBI 2T,

B. 7 1 L2 R—ZDFHEER
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D. IE5 BN EEE

IEfR: (EffZzRnLET)

Use the SMOTE module in Azure Machine Learning Studio (classic) to increase the number of underepresented cases in a dataset used for machine learning. SMOTE is a better way of increasing the number of rare
cases than simply duplicating existing cases.

You connect the SMOTE module to a dataset that is imbalanced. There are many reasons why a dataset might be imbalanced: the category you are targeting might be very rare in the population, or the data might
simply be difficult to collect. Typically, you use SMOTE when the class you want to analyze is under-represented.

Reference:

https://docs.microsoft.com/en-us/azure/machine-learning/studio-module-reference/smote
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A BRKXAPEED 12— ILEFERALT, ELDEMICEOVTT—222E8ILET,

B. B RXABNED2a—ILEFEALT ARV MNETOBBERICEOSVWTT—2223ILET,

C.IDARENEDA—ILEFEALT ARV FMETOBHEHICEOIVTT—2ER2EILET,

D. TORENE S a—ILEZFEALT ELEEICEOSVWTT—2228ILET,

IEfE: (EfEZRRLET)

Split Data partitions the rows of a dataset into two distinct sets.

The Relative Expression Split option in the Split Data module of Azure Machine Learning Studio is helpful when you need to divide a dataset into training and testing datasets using a numerical expression.
Relative Expression Split: Use this option whenever you want to apply a condition to a number column. The number could be a date/time field, a column containing age or dollar amounts, or even a percentage. For
example, you might want to divide your data set depending on the cost of the items, group people by age ranges, or separate data by a calendar date.

Scenario:

Local market segmentation models will be applied before determining a user's propensity to respond to an advertisement.

The distribution of features across training and production data are not consistent References:

https://docs.microsoft.com/en-us/azure/machine-learning/studio-module-reference/split-data
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A. k=0.5

B. k=0

C. k=5

D. k=1

EfZ: (EffZzRTLET)

Leave One Out (LOO) cross-validation

Setting K = n (the number of observations) yields n-fold and is called leave-one out cross-validation (LOO), a special case of the K-fold approach.
LOO CV is sometimes useful but typically doesn't shake up the data enough. The estimates from each fold are highly correlated and hence their average can have high variance.
This is why the usual choice is K=5 or 10. It provides a good compromise for the bias-variance tradeoff.
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Requirement

Run a Jupyter notebook to interactively train a
machine learming model.

Siachine Learning studio

re Machine Learning REST

nire Machine Learning Python SDK
4 %
Deploy assets and workflows for M@q Azure CLI =
n

proof of concept by using scripti Azure CL)
Custom programming. "% Azure Machine Learning studio
o Azure Machine Learning Python SDK
& Azure Machine Learming REST

o BN\ 1icrosoft ool

Requirement e!
Run a Jupyter not to interactively train a [Azure Machi n SDK 6]
machine learning model.

\zure Machine Learning Python SDK
AZure Machine Learning REST

‘ | " -..-
Deploy assets and workflows fo wng Azure CLI b
proof of concep!t by u5in“ thér than Azure CLI

custom progragmj Azure Machine Learning studio
Azure Machine Learning Python SDK
Azure Machine Learming REST

Explanation:



Requirement Development tool

Run a Jupyter notebook to interactively train a Azure Machine Leaming Python SDK
machine leaming model.

Deploy assets and workflows for machife leaming | AZure CLI
proof of concept by using scripting ratheér. than

F:';i' 'ﬂ e 5%15?@@@!&51;7]!@
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C
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EDFATD=Za—F )3y bI—V %FERTILENHYEITH?

A. Multilayer Perceptions (MLPs)

B. Convolutional Neural Networks (CNNs)

C. Recurrent Neural Networks (RNNs)

D. Generative Adversarial Networks (GANs)

IFfi#: (EfiZ R LET)

To translate a corpus of English text to French, we need to build a recurrent neural network (RNN).

Note: RNNs are designed to take sequences of text as inputs or return sequences of text as outputs, or both.

They're called recurrent because the network's hidden layers have a loop in which the output and cell state from each time step become inputs at the next time step. This recurrence serves as a form of memory. It
allows contextual information to flow through the network so that relevant outputs from previous time steps can be applied to network operations at the current time step.
References:

https://towardsdatascience.com/language-translation-with-rnns-d84d43b40571
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RD registry.yml ZEHA L T, registry01 EWVWSRFDL A MY ZERTHFETT TBSIISBOAICERINET),

name; DessReglitryl ]'rci’g:":':\{:: i
Tags =

description: & registry with one primsry c#gion and an sdditionsl region

foo: bar
lacaTiomn: SBATUR
replication_locations
- location: eastus
location: sastusl

J—H AR—Z 1 #i8E9BI12(&, / — T v 4 T Azure Machine Learning Python SDK v2 & Python 3.10 B3 2 ENHY T,
IEFICEITT OIDLENHDS I DOT7I L aVIEENTI N BETDHICE BUGTILavETIVIY UR M OEZFBBIZEBEL  ELWEFICHERET,
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Actions
it Create and load registry01.ymi

# Load registry01.yml with the get{registry01’) metheod.

|3 Install Azure Machine Ler.rnmg Py‘l:h{m SDK v

i Use begin_create() 10 create 3 régEtiy

#i Connact to the workspacs

— — — . — . — . —

: Connect to the wafkss

Explanation:
Actions

‘ 3 Create and load registry01.yml.

‘ i Load registry01.yml with the get('registry01") method.
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~2

Sharing machine learning assets with registries

="[ﬂ Microsoft

Snanng macnine leaming assets with registries

e

13 Install Azur%ﬂq.,ﬂfae Lezrning Python SDK v2,

— o — — — — — — — — — -

1 L&'he&ln create() 1o credte a reégistry.

Cry

. I
P2 Connect to the workspacs.

Sharing machine learning assets with registries

1

[
e
s

Install Azure Machine Learning Python SDK v2.

— -

B Usebeyintreate() to create a registry.

I.Mlcrosoft

: Connect to the workspace.

RODEH%iHT-9 DataScientist E VNI BRID AR R L A—)LEERT HLENHYFT

A—JLAUN—[ETD— AR—RZHIRTEEEA,

—IIAVN—E T RAR—ZANDAVE2a—TF 425 JY—REER BH FHEFEIBRTETELRYEEA
A—ILDAVN—[ET—DAR—RIZH LN I—F—ZEBMTETEEA,

Azure Machine Learning 7—% XA R— X T DataScientist D—JL®D JSON 7 7 A ILZERT HZLEAHY FT



HAREL O—LEFE ITERF—LICK > THEESNFIRZRTT ILENHY FT,
EDJISONI—F 2T AV FEFERTIBENHY FIH?

{ [
“Name”: “DataScientist”, M |crosoft
“*IsCustom™: TIue, .
“Description”: “Project Data Scientist rol
“Aekiong®: [Wwew],

“HotActions™: [
“Microsoft.MachinelesarningServices/workspaces/*/delete™,

"Microsoft.MachinelearningServices/workspaces/computes/*/write”,
"Microsoft.MachinelearningServices/workspaces/computes/*/delete”,
"Micresoft Authorization/"/write”
1s
“AssignableScopes™: |
“/subscriptions/<id>/resourceGroups/ml-rg/providers/Microsofc/MachinelearningsServices/workspaces/ml-ws"™

“IsCustoa™: true,
"Description”: “Project Data Scientist role”, (\ .

“Actions”: ["*"], i
“NotActions”: (], \*
“AssignableScopes”: | v
“/subscriptions/<id>/resourceGr roviders/Microsoft.MachinelearningServices/workspaces/ml-ws”
) L)
B.' \ Q
( »
s o R 1 £ X
“IsCustea™: t©
“pescription” ﬁjMMII QEQ‘S‘_Q_‘ t ”90
te™,

“Actions”: [“Microsoft.MachinelearningServices fno:kspln%
/

"Microsoft.MachinelearningServices/workspaces/ fugite”,
"Microsoft.MachinelearningServices/workspace
"Microsoft.Authorization/*/write”

1.

*/delete”,
4\
"NotActiona™: (], v
“AssignaleScopas™: | %
fproviders/Microsoft MachinelearningServices/workspaces/nl-wa"
i
C.:

" /subscriptions/<id>/rescur Mxoupe

X ¢
{ .
“rname®: “parascientist¥, o M I c ro SOft

“Name”: “DataScientist”, =. M iCI"OSOft 00‘0

“IsCustom™: True,

“Description™: “Project Data Scientist role”™,

“Actions™: []. A YE =4

'Hﬁth!iﬁﬂl‘:z"’!, :'}'..-"":'1 '| o

“Assignablefcopes”: | Y -4 B L

=/subscriptions/<id>/ ﬂrmw:#igﬂ;ii!pmviﬁ::fﬂicran!t .MachinelearningServices/workspaces/ml-ws”

)
}
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The following custom role can do everything in the workspace except for the following actions:
It can't create or update a compute resource.

It can't delete a compute resource.

It can't add, delete, or alter role assignments.

It can't delete the workspace.

To create a custom role, first construct a role definition JSON file that specifies the permission and scope for the role. The following example defines a custom role named "Data Scientist Custom" scoped at a specific
workspace level:

data_scientist_custom_role.json :

{

"Name": "Data Scientist Custom",

"IsCustom": true,

"Description": "Can run experiment but can't create or delete compute.",

"Actions": ["*"],

"NotActions": [

"Microsoft.MachinelLearningServices/workspaces/*/delete",
"Microsoft.MachinelLearningServices/workspaces/write",
"Microsoft.MachinelLearningServices/workspaces/computes/*/write",
"Microsoft.MachinelLearningServices/workspaces/computes/*/delete",
"Microsoft.Authorization/*/write"

1,

"AssignableScopes": [
"/subscriptions/<subscription_id>/resourceGroups/<resource_group_name>/providers/Microsoft.
MachineLearningServices/workspaces/<workspace_name>"

]
}

Reference:
https://docs.microsoft.com/en-us/azure/machine-learning/how-to-assign-roles
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7AYoy b1 TFlowl EWS RO Web #ETBV T~ JEB—ZMAFLTVET, Flow! ODREDAANTRDELSITERSNATVET,

Name Type Value

ur string https://www.contoso.com
FlowllZNodel& NS KIRIREEEETIL (LM) / — FZBMT 5 FETI , Nodelld, XFFNEDQuUAE NS AN ZEZFERAL T, FlowWDAHRE L TRESH-URLZZFE L I, Nodel TIE UM AN DIEZSHRT H1=HDJinja
O—FZEMLET, N Node 1 MEHEN-URLIEZFIOWID AN E L THETEHLIICTIRENHY FT,

Nodel ZED K S ITEREINIELEINTL EIN?EZIL BYLGMEZELL Nodel FREICRRYT 2 ETY  BEF1RERATLHIC LY BEREFEATAICEL FoFEALBNIELTEFET , IVTUVER
REBICIE RS VEDREN—ZBEH LY RIVA—ILLEYTEILENHDIGENHYFET,

N



i S{inputs.url)

3 (% inputs.url %)

32 ${inputs.uri)

32 {% inputs.url %)

Explanation:

Values

2 {{url})

32 S{inputs.url)

st (% inputs.url %)
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C.\
v
é%gﬁ'ﬂ:ﬂut value

ration

input value
de1 input reference in Jinja code

e1 input reference in Jinja code

Azure Machine Learning @ Hyperdrive #8t# AL CETILE FL—=2F LTWET,

ZKOA— K%EFEFTL T Hyperdrive EERZHER L E T,

"learning_rate": normal(le, 3),
"keep_probability": uniform(©.65, e.1),
"batch_size": choice(16, 32, 64, 128)
"number_of_hidden_layers": choice(range(3,5))
}
)

from azureml.train,hyperdriw“ t ndﬂmPar‘am?:_ErSampling
[param_sampling = RandomParametersampli OSO

UTOEXIZDOWT ELWMESIF KU ZBRLTLSESWD, Z5 THWMESE DVZ JEBRL TS,

AR ELWEIRISEITTIRA Y PMEEShET,

2 ${inputs.url)

i {{url})

Slinputs.url)

lifurl)}




Yes No

By defining sampling in this manner, every possible combination of the O O
parameters will be tested.

Random values of the learning_rate parameter will be selected from a normal O O
distribution with a mean of 10 and a standard dewviation of 3.

The keep_probability parameter value will always be either 0.05 or 0.1. O O

Random values for the number_of_hidden_layers parameter uﬁﬂ"ﬁe SE]M! C ro S@ ft @)

from a normal distribution with a mean of 3 and a standard deviation of 5.

IEf#:
m= Microsoft g

By defining sampling in this manner, every possible combination of the "o O
parameters will be tested.

Random values of the learning_rate parameter will be'selected from a normal IC Q.; O
distribution with a mean of 10 and a standard 'deviation of 3.
The keep_probability parametervalue will always be either 0.05 or 0.1. Q (O}
Random values for the number_of_hidden_layers parameter will be selected @) rQ-;
from a normal distribution with a mean of 3 and a standard deviation of 5.

Explanation:

itFOSth Ne

By defining sampling in this manner, every possible combination DM
parameters will be tested.

Random values of the learning_rate parameter will be selected from a normal kel @]
distribution with a mean of 10 and a standard deviation of 3.
The keep_probability parameter value will always be either 0.05 or 0.1. O O]
Random values for the number_of_hidden_layers parameter will be selected O O
from a normal distribution with a mean of 3 and a standard deviation of 5.

Box 1: Yes

In random sampling, hyperparameter values are randomly selected from the defined search space. Random sampling allows the search space to include both discrete and continuous hyperparameters.



Box 2: Yes

learning_rate has a normal distribution with mean value 10 and a standard deviation of 3.

Box 3: No

keep_probability has a uniform distribution with a minimum value of 0.05 and a maximum value of 0.1.
Box 4: No

number_of hidden_layers takes on one of the values [3, 4, 5].

Reference:

https://docs.microsoft.com/en-us/azure/machine-learning/how-to-tune-hyperparameters
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Azure MachineLearning? —> AR—XCETILEZER L TERLET,

Azure Machine Learning SDKZ £ L T ParallelRunStepZ A L CETILZFEALTCAAT—2ZRAT IV TTEINYFHERNNA TS5A VERETIDELRHYVET A TSAVRTYTD
ParallelRunConfigcompute_target:k EDIEZIEE T S HELH Y £7,

HEE—T Y FEERT ARENHBYFET,

EDVSREFERTILENHYEIH?

A. BatchCompute

B. AdlaCompute

C. AmICompute

D. Aks Compute

IEfR: (EffZzRTLET)

Compute target to use for ParallelRunStep. This parameter may be specified as a compute target object or the string name of a compute target in the workspace.

The compute_target target is of AmICompute or string.

Note: An Azure Machine Learning Compute (AmICompute) is a managed-compute infrastructure that allows you to easily create a single or multi-node compute. The compute is created within your workspace region as
a resource that can be shared with other users Reference:

https://docs.microsoft.com/en-us/python/api/azureml-contrib-pipeline-steps/azureml.contrib.pipeline.steps.

parallelrunconfig

https://docs.microsoft.com/en-us/python/api/azureml-core/azureml.core.compute.amicompute(class)
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hiE EEALZWNMEEEHYET,

DY IVTERMICAZLEZRIE . ZOEI VI VIZRDZEETET ZOHERE, CAoDEMIELE A —BHREICRRTIAEEA,

Azure Machine Learning TH4 +—Z#RAL T ROT—42 v FERRICHEARAAET,
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Dataset

Age
3

-
i

18

Dataset?

Age
11

AAT—8ty ERLIIEAYE—T5EE MADAAT—8 1y FOTRTOANEENDZT— 4ty FEEET ZBERHYET,
SR TROBRES1—LEFEALET,

Y a—aVIEBEEBLTHWETHN?

A. [Ty

B. L\MVZ

EfE: (EREERLET)
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TN —EHOBERT—2%80T7T—42ty b &ML BRETILERAFELTULET,
RO O—HEEFRALLZTNIEGY FHA,

BEIRETIEFELLEETAICIE RN TH—T R A RO EBIRTIBLENRHY TT,
ED2 DODEREFERTEETL), TNTIOERIEIEELGEY ) a—>arvERLET,
EE ELVEIRZEICTI RSV G EShET,

A.FIZa7hEL

B. RZE{EMTIZFHL L

. R-2F{EMNOIZITLY

AW IEEYEAIRREE

AREWSFETEHYEABRRERE

F1 Ra7hELY,

IEfF: (EffZRTLET)

References:

Mmoo

https://docs.microsoft.com/en-us/azure/machine-learning/studio-module-reference/evaluate-model
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FCOBMIE RLCIFVAZRTT S5 EDERO—BTYT, V) —XOEEMICIE RBEIN-BEEZERT HAEEOHLIHBBEDY ) 2— a3 UHNEFATVET, —BOEME v FIIFEHDIE L DEEREL
HHHFELHNIE ELWMERENGWMEELHYET,

SOOI IVOERICEETSE  TOERICRDCLIETETERA, ZTOHR, CNODERIELEa—BEREICRTINEFEA,

7% 1=1£Azure Machine Learning StudioZ AL TWW5T—42 Y1 ToT 4 XA +TY,

A=y LlEFRTHICIE EFZERIELTHANEZE VICERT ILELAHY FT,
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BRR EZVIE—FENWRZLORBRE L MELE— FTHBECEALET,
V)a—LaVFEREERLTHVEIN?

A. [y

B. LMV R

IEfE: (EfEERTLET)

Use the Entropy MDL binning mode which has a target column.

References:
https://docs.microsoft.com/en-us/azure/machine-learning/studio-module-reference/group-data-into-bins
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Azure Machine Learning #{# A L THWMFEETILEZERLET,
SESFEHOAVEA—T AUV AVTXIRMNEFRALTETALZNL—=25 L RAT7 YT B5FETT, £, Azure Machine Learning Studio T#HLWAVEa2a—T 4 )Y —REERTHFETT,
BUHEAVEa—T 42T 34 TEERTDIVBENHY ET,

EDAVEL—TA VI RA TEBRIRETLLOIN?ENEAVEA—T A VT34 TEBUNLBBHRHICES I LTLKESW, FaAVEa—T 40034 F X 10 EBHE, FEFE L FERASNBWNGELH
DEST, AVTUOVERTT BICIE RAVEORENN—F RV ITTEN RV B—ILT ERLENHDIGENHYET,
FE ELWLMEBIRSEICTI RSV I EShET,

Compute types Answer Area

| Attached compute

Inference cluster Requirement Compute type

Train models by using the Azure Machine Learning

| Training cluster designer.

Score new data through a trained model published as a
real-time web service.

Train models by using an Azure Databricks cluster.

Deploy models by using the Azure Machine Learning
designer.



https://www.jpnshiken.com/q/68910-6447684/

Compute types Answer Area . | M i C r 0 S Of t

quirement Compute type

Training cluster Train models by using the Azure Machine Learning [_ Attached compute |

designer.

Score new data through.a trained model published as a
real-time web se_;yi-ce,--..

Train models'by using an Azure Databricks cluster.

wer A T, o UL, O, LT LT,

Deploy. ffiadéls by using the Azure Machine Learning Attached compute l
designers A Ll Bl AL Rl

Explanation:

Requirement Compute type

Train models by using the Azure Machine Learning, Attached compute |
designer.

Score new data through a trained model published as a
real-time web service. Inference cluster

Train models by using an Azure Databricks cluster. Training cluster
Deploy models by using the Wachine Learning Attached compute

designer. i, .‘lﬁ _'Microsoft

Box 1: Attached compute

Training targets Automated ML ML pipelines Azure Machine Learning designer
: .-:-'.'-."'Fb'
Local computer yes . f:frf-af.;__; | | ' A
u T, -.." :;;L‘.- - . :
Azure Machine Learning compute cluster \~ YR T yes yes

-~ & perparameter tuning

5‘;!\@ icrosoft

59 R e
.:_,:_. ai

Azure Machine Learning compute insﬁ,rﬁéi’ ;
e

hyperp

Box 2: Inference cluster
Box 3: Training cluster
Box 4: Attached compute
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Azure AlFoundry 70> x4 F2BHELET,

HimEMERRAEIET H-HIZEKT SN -Azure OpenAlI—ERETIEFRAL=V 21— a3 Vv ERETHIVLELABYET , EOETILEZFRAIRETLLOIMN?
A. GPT-4

B. o1-mini

C. Whisper

D. Embeddirigs

IEfR: (EffzRnLET)
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I COBERBIX RLYFIAZRTT S —EQEMO—ETY, PV —XDOFEMICE, BROSNF-BELZERT LMD HIMEOBRENEFNTVET, —HBOBEME Y MIEEBDE LWMERENHDHHE
NHYFEITH MOBEMEY FMIIEELWMERENGZWGEELHY FT,

SOt avOBERICEEL-ZE, TOBEMICRACZLFITEFERRA, TORE, ChoDEMELEA—BERERICRRESNERTA,

APRT4 v IEB7ZIVI)ILEZERLTHEETLENL—ZVTLET,

BHENDEEES® 2AML I O—NILEMEEEELE LT, SLUBEDTA LY FOO—HILEEEORELLTHET D LEICKY ETILOFAEHRATEIRELSHY T,
BEGJAO—NILELUVO—NLOREEEEBEZRGET 5-OICFERATELHBPAZERT ILENHYET,

R % MimicExplainerZ4Em L9,

Y )a—IaVEEETZERLTOWEIN?

A [FLy

B. LMV R

IEfE: (EfEZRRLET)

Instead use Permutation Feature Importance Explainer (PFI).

Note 1: Mimic explainer is based on the idea of training global surrogate models to mimic blackbox models.

A global surrogate model is an intrinsically interpretable model that is trained to approximate the predictions of any black box model as accurately as possible. Data scientists can interpret the surrogate model to draw
conclusions about the black box model.

Note 2: Permutation Feature Importance Explainer (PFI): Permutation Feature Importance is a technique used to explain classification and regression models. At a high level, the way it works is by randomly shuffling
data one feature at a time for the entire dataset and calculating how much the performance metric of interest changes. The larger the change, the more important that feature is. PFI can explain the overall behavior of
any underlying model but does not explain individual predictions.

Reference:

https://docs.microsoft.com/en-us/azure/machine-learning/how-to-machine-learning-interpretability
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computet1h Skernel 1 WS W—RILZBIRT ADELNHYET , 7—I AR—R1HhBnoaZ—IFIL o4 > RO ZFERAL Tcompute 1123 L F T,


https://www.jpnshiken.com/q/68910-6447686/
https://www.jpnshiken.com/q/68910-6447687/
https://www.jpntest.com/shiken/DP-100J-mondaishu

A= ZRIBRT BICIE 2= FIL T4V RV REANTIRENHY FT,
EDAT Y FEFEATNEEIVTTMN? BETHICE EEBETEYGA T a vEBRL TS,
AR ELWERSEICTI ARSIV FBMESIET,

Answer Area

Condds =i g
E! pythan e
l_[' S| i § = nadspec

'EE.;tr-r "'I TR w  rstall kermed]

i e ] ={T¥ [
[y Theain e ]

Explanation:
Answer Area

Py ted ¥ kemalspac * | urinstall kernel]
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Azure Machine Learning 7—9 AR—XZEBELTWET,
Za—FLRY RT=TETIDNAIN—INFG A= EHETIZHENHY T, FEERF0.001MNS0.1DMDEHE L Iz/N\AN—INSA—FTHIDELHY FT,/\y FHA X(£32.64F/=(5128TT,
BNFTA =R L TEVGRRER T ERT IBENHY FT,
ENOBRREMEFERAIARETLLIN? B RIFEREMEBNENAN—NSA—FIIBET D ETEANRONMN FT  FFEREMA T a VI MEFERATSIIED EHEFERAT I LD FoFALEL
CERFRETT , AVTUYERTT DI RAVEHDREN—ZBELI-Y RV O0—LLEYTEIRENHIGENHYET,
FE ELWLBIRSEICTI RS Y PRI EShET,
Search spaces Tune hyperparameters

I
if Choice if Normal Hyperparameter

Learning rate
Batch size

ir ONormal i Uniform

Search spaces Tunn,lum)éﬁ'rs

= = & | )
# Choice ,i:: MNormal z ' ’ Hyperparamater Search space

: a bl S * Learning rate 3 Uniform
i QNormal [ 3 Uniform Y= N i
L

- B B Batch size i Choice

Explanation:



Search spaces Tune hyperparmters

lff Choice | :: Normal Hyperparameter Search space
I -1 T - Learning rate Uniform ]
I:: QNorma i: Unifon n =
Batch size Lhoice l
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TEREEETIAEOHDODUALY FZa—FILRy P IT—0ZBELTVET . EFL—ZVFIRYIDNL—Z U5 BL BRIHEBL FL—Z VU RE RIIBEZHIELET,
ETILDNIT =X VREDHTILENHY FT,

NEETILNBEEAELTWAILEETRTHRERZREENTTH?

AETILOML—ZVUTBIC, PL—Z VT BXIEI—FEDFET RIMBXITI—FEEDEFET, FL—=UJEREICHELSBYET,

B.ETILEL—Z=U5F5E FL—ZUFBKEIRED L BRIHEXEEMLET,

C.ETILDRL—ZVUIBIC, FL—ZVUJHEKRE—EDOEFET RIEEXREIBELLET,

D.ETIDRL—ZVUFTBIC, FL—ZVJEkIEML RIEXEFBLLET,

IEf#: (EfEZERTLET)
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Spark F7— )L %R L T Azure Machine Learning 7—% X R—X & Azure Synapse Analytics 7—9 AR—XZEFLET, CN5DT—Y AXR—=X([EFE L Azure Y TRV 1) T 3 VRIZEENET,
Synapse Spark 7—JL(Z Azure Machine Learning 7—9 AR—ZANLEBEET EZLENHYET,

Python SDK v2 #{#FH L T, Azure Machine Learning [Z Synapse Spark 7—IL&Z 72 v F 3T 3HERHY T,

ED3DDT7I L a xBEIZETIALENAHYFIMN BETHICIE BULTILavaETIIar YA Mo EAFBREBICEHL ELWVEFICIHERET,

Actions Answer Area
Define the Spark pool canfiguration with the SparkResourceConfiguration class
Attach the Synapse Spark pool with the SparkComponent class

Link the § napse workspace 1o the Azure Machine Learning workspace

®
®

Q0

_reate an instance of the arure.a.mlL.MLCliant class

Define Spark pool configuration with the SynapseSparkCompute class
ttach the Svnan<e Spark oool with the

AT W SvNADSE Spa D00 Wit i, -

azure ai.mLMLChent begin_create_or_update() funct
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I Attach the Synapse Spark pool with the

O o e S e e R e S A e T o azure.ai.mlL.MLChent begin_create_or_update() function |
i . b s SRl et SIS sl SUSED edisial ot Sithe SeTel aibaae SOUED SARGD ST Sl
| Attach the Synapse Spark pool with the I
| azure.al.mLMLChent begin_create_or_update() function |
Explanation:
Actions Answer Aren
Define the Spark pool configuration with the SparkResourceConfiguration class. 1 Create an instance of the azure.ai.ml.MLClient class.

Attach the Synapse Spark pool with the SparkComponent class. 2+ | Define Spark pool configuration with the SynapseSparkCompute class.

Attach the Synapse Spark pool with the
azure.a_'Fn_i.r.ﬂl LChent.begin_create_or_update() function.

Croso

Link the Synapse workspace to the Azure Machine Learning workspace
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K-means7Z /L) ALEFERALTYI SRR ) T EETLTVWET,

ARG TRUZERT DVENHYET,

EDIDDFEHEFERATEEIN? TN ENOEREITLLMBRREZIRRTLETS,
I ENTNOE LOVERICIEFHNARS Y FOBELHY FF,

A BEERBORENETEINET,

B.ZEZFAM RSN LEIMEZEBATLET,

C. ELMEDEMOEFIEKICHEYET,

D. RE=FAM RSSINLEFWMEZTRVET,

E.ZEDIREBTELELEREA,

EfE: ADE (O AV REHKT D)

References:
https://docs.microsoft.com/en-us/azure/machine-learning/studio-module-reference/k-means-clustering
https://nlp.stanford.edu/IR-book/html/htmledition/k-means-1.html
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EDNAN—NFA—RZFRATRETLEIN? BUGNAN—NFA—FZELVEHFICBHL TSV, ENAN—NF A= ([F1E EHE, FLEEFEALLGTLRBVEREA, IVTUOVYERTT D
2, R VREDREN—ZBH LY ROO0—LLEYTELENHIEEAHYET F: L WOBERI LIRSV FAMEESNET,

Hyperparameters Fine-tune and customize a model
i ceed Requirement Hyperparameter
Reduce overfitting !

Reduce vanance

|LEE batch_size
I.
[:

¢ learning_rate_multiplies I_J M ic FDSOft

r* jf%:
=5t | 5 "l:-',‘jl'.-'
) 7;_( ?I{ﬂgumfﬂt Hyperparameter

AVE =

1 ] 4 B vy

| " ﬁ:;" L & St

.-\‘,f'f'& R i0" Reduce vanance |EE seed
- W Lﬁb‘ﬁ 'II“".- 2
qﬂ learning_rate_multiplier s B B "#r':gl | =

i Al BN

L h{-{ilu’{-* overfitting |55 learning _rate_muitiplier

Explanation:

Fine-tune and customize a model
Requirement Q f-!yplrp.lmnﬂlf
Reduce overfitting \ f @ Ilm,-.:urnng_n .i.te_:'ﬂu.“;p“q?r
hped

Reduce var iar@%
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Workspace1 & L5 &HID Azure Machine Learning 7—49 AR—RX & DSMV1 E WS ERINDT—F YA TV RARETL Y (DSVM) 2B LFET,
Jupiter/ — k7w 49 &£Python SDKv2O— R %FEHAL T DSMVITRBRZEZTOSVBENHYET A MIIRET—TA4IT79 MET—ORAR—RIZRHETIDENHYET  FTT HELITRTONYT—DFA Y
R— 3 %=HDPython SCKv2a— F&#ERLET,
AR EREBET—YAR—1IZRET BIZIE, Python SOK V2 O— FERETEIRELAHY FT,
EDIDDT7ILavEIRBIZETTILENAHYFIMN BETDHICE BUNLGETIavET7I3y YA M ORBZEHICHBEL, ELWEFICHENET,

Actions

v amnoein i V1 icrosoft

Instantiate an cheect of the Dulput Cags

Arswer Arca

Retneye fhe traciong LK of worcopacse |

Set the MLtiow Iraciong LIRL @
Set the LRI parameter of the miflow.projectsnun method

®
W ©

1E fiz:



Actions .I' . G sl Bl i e e e e
e - | L
Lm:tmhe?r.&nﬂrﬂﬂﬂw*‘mm M rcm S Oft HatnevE ind tiacking LK of workepaca | |
------------------------- l — — — — — — — — — — — — — — — — — — — — —_—
|inumm7|;-anr.t9ﬁ::n‘-rhe{ht;mr s | e e e e T T T |
- -~ i - " " —— g | Set e MiLflow traciang UR!

| Retneve the tiacking URI of workspacet, F el e bt i e I
______________ i — G R e e e e e R G s e
Sethe Mitiowtading URL _ _ _ _ _ _ _ _ '
_______________ —1__—1 Sﬂ ‘.‘h: L—ﬂ-' parameter :r._-h: ﬁﬁw mm_m w l
| St the LRI parameter of the mifiowprojectinun method, _ | \ I I appp—— @

Explanation:

Aotions
IFrLanthe dn byt Oof the Wl Clent ol

INETANDENS & OlpecT OF e Dutput clats
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Azure Machine Learning 7—%9 ARXR—XHAHY A—A)LaIVE21—F—TERZEZEFTLTVET,

Azure Machine Learning Python SDK v2 T MLflow Tracking ZERA L T, A— AL ERETHLDA M) VI ERRYME T -V AR—XICRFETEEIILEZHR T IVLELNHYET,
EDIEFTT I arvEERETINEINTEIN? EZTBHICE ITRTOT7I2arvET7I2ay JRA ML RIZFEFHICEEL ELWVEFRICHENET,

Actions
Go to the workspace in the Azure portal,

Retrieve the tracking URI of the workspace.

Import MLflow and MLClent classes.

Set the MLflow tracking URI and the experiment name.

"Micr@oft




Explanation:

2 |Retwieve the tracking URI of the workspace.

|3q: Ifirnnort MLflow and MLClient classes.
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BHZETTIL BBREHEBICOE > TARRFELFREERTHIIENHY FT,
ETILDRAFEIEBEFBTHICIE BULEBT IV v I ZFEALTETIVCHINEERT 2LENHY FET,
BWBFEREETIV A TEBRTIDENHY FT,

AIZFEINRETLLOIM?EETHICIE BEI) 7 TEYGA T avEBIRLTZEL,

FE FELOLWBIRZEICTIRA Y AR EShET,

Answer Area
Setting Value

wm . Technique o~ v

REMicrosoHt Grid Search
Exponential Gradient
Threshold Optimizer

Model type v

Regression
Time Series
Binary classification




1Efig:

Answer Area
Setting Value
Technique - v
Grid'Search

{Exponential Gradient
| Threshold Optimizer

Modeltype v
Regression
Time Series
. |Binary classification |
Explanation:
Answer Area
Setting Value
Technigue v
Grid Search
Exponential Gradient
Threshold Oplimizer | .l
Model type v
Regression
Time Series
inary classification ]
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RSN bL—=0T vy FEFERLTAAFTUREETILEBELTLET,

fLo—=25 Y MME2 2D SABTARYE T,

T—RADRYEERRT DIBLENHY FT,

COBEEEERT H-OD3IDDAEIFATTIN? ZNEFNOERITRLLMBREEZRLTVET, T
ELWMERZEICTI ARSIV EDREZONET,

A DEBITRFILT 1 HRT

B. 78 —H ) o GFREA—N—Y T o 5#FRALTT—2 Yy FEBYTUVILET
C.OEYUSRADERYVTINEERLET,

D. ETIDFE#EA F) v ELTHEFFERALEY,

E. hL—=00ty FEEHRIELET,

Ef#: ABD (DAY LEHFHEKT D)


https://www.jpnshiken.com/q/68910-6447697/

References:
https://machinelearningmastery.com/tactics-to-combat-imbalanced-classes-in-your-machine-learning-dataset/
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FCOBEME RLCYFTUAFRTTS—EDERO—HTY, V) —XOEZEMICIE IEESN-BEXZERTHAEEOH LI HEDOY ) 2—2 a3 UREFEFNTVET, —HOER v FMIIXEHDIE L LMEREHL
HHGENHYFEITN MBIt Y FMIIXIELWERENLALEWVMEELHY ET,

SOV IVOBEMICAELZZE TOBEMICRAZ LI TEFFA, ZTOHRRE. ChoDEMEILE A —BEEAICKRTIINELEA,

AT REWSKROO—HILT A ILE—[Ctrainpy & WS BRTIDPython A2 ) T HYET , AU ) F ME scikit-learnZzEFRAL TCRIBETILE FL—=VF LET RV U TRZIE PIEYRIUTETHIL
F—I2HBDL—=V T3 T 7ANEREHFALI—FRNEENTUVET,

291 7 bl&, aml-compute & WS BRIDETESY 5 X2 —TAzure MLEERE L TERITT HIREADHY T,

ETIEL—ZUTICREBELGNRNy =N RBICEFNESL SIS ETEBRT ILELNHYFET 2—7 Y FOFHEI TR —%SHT Haml-computeE WS ZRIDEHEAN VR F U RELFELT:,

RRER : MDa—RFEETLET,

from azureml.train.skleadn impert SKLearn
sk_est = SKLearn(source directory="'./scripts’,

compute_target=aml-compute,
entry_script="'train.py")

Y a—Ia EEEZERLTOWETAN?
A [ELY

B. LMV R

IEf#: (EfiZzRLET)

The scikit-learn estimator provides a simple way of launching a scikit-learn training job on a compute target.
It is implemented through the SKLearn class, which can be used to support single-node CPU training.
Example:

from azureml.train.sklearn import SKLearn

}

estimator = SKLearn(source_directory=project_folder,

compute_target=compute_target,

entry_script=" train_iris.py '

)

Reference:

https://docs.microsoft.com/en-us/azure/machine-learning/how-to-train-scikit-learn
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Workspace1 & Y3 &0 Azure Machine Learning 7—9 AR—X BB L FE T,

Azure Machine Learning Studio TH A +—T/NA TS5A4 V& ERTBFETT M TSAVIZIFAR B LAVKR—R U FEEHDIDEAHYET , ARFLAVKR—R U DA TSA VTHERTED L ZHEE
TEOLENHYFET  FTMETARETLLID,

A ) UD Eht=Y—E X% Workspacel [CEBMLZET,

B. T—2AXAMT7EERLET,

C.json 77 A JL% Workspacel IZ7 v FO—KLZET,

D.yaml 7 7 A JL% Workspacel [Z7 v 7A— KL%,


https://www.jpnshiken.com/q/68910-6447698/

E./XNMTSA4 DTV RFRA 2V FEERLET,
FfE:A(QA U LERRT D)
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Azure Machine Learning 7—9 ARXR—XZEB L TWET, 7—7 AR—RX#EBEE I H5FZRE(X Azure Machine Learning Notebooks T Python SDK v2 3 5 & S ICHER SN TLVE T, IRTE, Synapse Spark
Compute M7 Y FEINTHY PRXRTLEYHBTID ZHEHL TLVET, Synapse Spark Compute 10 ZE#H L CTA—F—F|Y YT ID #FEHAT H(Z(X Python a— FEFERTLILELAHY FI,

fRR%: WY ID 2 4 F%H L T IdentityConfiguration ¥ S X R L £ I,

V)a—la IEBEFBEZLTOWETN?

A. LMVZ

B. (&Y

Eff:B(QAAV b ERKT D)

HRY: 225
T COEMEF RLITIFERRT S5 —EQOERMO—MTY, V) —XOEEMICIE EESN-BELERT HAREEDHIHEEDY Y 12— a3 UAEFEATVET, —HOEMBt Y MIFEHRDIE L OEREL
HAGEGENHYEFIHA MOEBEMEY MIFELWMERENGZMEELHY T,
SOtV avOEMICEELEEE TOEMICRSZLETEFERRA, ZORRER,. CNoDERELEa—BEREICRTIENEEA,
BET—2ICEODVWTREREHETFRTHIETILEERLET,
T—3RAMTPHOT—REHRHAH WEBINF-T—FERWEEETILOML—ZU TR ) TMIETEOHIC  REBRY )T ERTT 2N TS5 VEERTHIVLELRHY T,
fRREK . Ma—KFEEITLET,

datastore = ws.get default datastore()

data output = PipelineData("processed @ata”, datastore=datastore)

process_step = PythonScriptStep(script_name="process.py”,

arguments=["--data for _train®,(data output],

outputs=[data_output], compute target=aml compute,
sourcegdirectory=processtdirectory)
pipeline - Pipeldre(wéskspace=ws, steps=[process_step])

VI )a—2aVIEBEEERLTOETN?

A. [T

B. L VR

IEf#: (EffZzRnLET)

train_step is missing.

Reference:
https://docs.microsoft.com/en-us/python/api/azureml-pipeline-core/azureml.pipeline.core.pipelinedata?
view=azure-ml-py
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F: COMER RLOFTIAERTT S5 —EOMED—HHTY, —ENMEICFELTN EOON-BREFB-IUREOHIHEDBEENEFTATVEY BE LY MK > T EROERLNEET H5E5LH
nIE EBHBGTVNEELHYET,

SO LavOEMICAELERE ZOEMICRSZLEEFTEEFRA, ZORLH, ChoDERELEA—BEEIZRRTEINERA,


https://www.jpnshiken.com/q/68910-6447699/
https://www.jpnshiken.com/q/68910-6447700/
https://www.jpnshiken.com/q/68910-6447701/

FADOHEHE, ZHUOEE, EWEALCEOERCE LT, 2EOEMERDERZEFTRISIETLEZERLTLET,
FIRBERETIVEERLET,

WERRETILETHT 2RELNHYET,

FRRERRDA M v I EEALET: FHRMRE, )L— FFIPERRE, AXIRRE BE BEXR BHRE F1R37 LUV AUC,
Y)a—TavFBREREZLTVETHN?

A. [FLy

B. L\ R

Eff:B(2A bEHEEKT D)

Accuracy, Precision, Recall, F1 score, and AUC are metrics for evaluating classification models.

Note: Mean Absolute Error, Root Mean Absolute Error, Relative Absolute Error are OK for the linear regression model.

References:
https://docs.microsoft.com/en-us/azure/machine-learning/studio-module-reference/evaluate-model

A3HI7DP-100J I REE [ZJPNTest.comiZ2fit St  DP-100JERER IC BT A 2 & IZRICI B FET ! JPNTest.com(F S5 & EFDP-100J:KERRIREE 2121t L £9, JPNTest.com DP-100J5BRRAREE XL SEHF S FE LT,
CZCDP100JRABENTA PI U UEFIZANE T, BFM®O 7 2 £ X _ https://www.jpntest.com/shiken/DP-100J-mondaishu  628f,. 3 0%7r « A ho > kb $54E5/3— F: JPNshiken|

BRY: 227

FCOBEME RLCYFTUAERTISZ—EBOEMO—EHTYT, V) —XOEEMICIE BESN-BEFRE-IUEREOHIHBEDOYV 2 —2a UhAEFENATVET, — OBt Y MIIFEHRDIE L WVEBRENS
HBELRHYETH MOERt Y FZIXELWMRERENLZWVEEANHY FT,

DV aAaVOBERICEZELEZZE, ZOEBEMICRSAZLEETEERA ,  TORRE. CNoDEMIEILEA—ERAICKRTINEFHA,

ITERFHIE, RDAzure) V—R T IN—TE )Y —REERLET,

+ an Azure Machine LESIN arkspace named.amiiortkspace
» an Azure Storage actount named amiworkspace 12345
mi_resources = an Application Insights instance namedamiworkspace54321
« an Azure Key Vault named amiweorkspace67890
» an Azure Container Registry named amtworkspace09876
A virtual machine named mivm with'the following configuration:
« Dperating system: Ubuntu Linux
+ Software installed: Python 3.6 and Jupyter Notebooks
: + Size: NCb (6 vCPUs) 1 vGPU, 56 Gb RAM)
ITERF9(d . Azure Machine Learning™ — % X X— X [Zaks-cluster & LY 5 & BiDAzure Kubernetes Service AKS) R—ZAD#H/ AV E1—T 4 T2 —4 vy FEERLET, GPUZEEE L f=Microsoft Surface Booka >
Ea—42%#RALTLET, Python 3.6 & Visual Studio Codeh’f X h—ILENTWVET,
TA—TZa—JLFY FT—9 DNN)ETLEZFL—ZUF L BREBEDA M) v &0 JICRBT IRV T FEETTIRENHYET,
Y1) a—%< 3 2 Azure ML SDK% Surface BooklZA X b—JLLFET, Pythona— FZEITLTT—I AR—RIZEBE L FET, aks-clusteritEL2 —7 v FTREBRELTIL—Z VTRV YT FERTLET,
Y )a—oaVFBREERLTOEIMN?
A. (L
B. L VR
IEf#E: (EfEZRTLET)

Need to attach the mlvm virtual machine as a compute target in the Azure Machine Learning workspace.

Resource group

general_compute



https://www.jpnshiken.com/q/68910-6447702/
https://www.jpntest.com/shiken/DP-100J-mondaishu
https://www.jpnshiken.com/q/68910-6447703/

Reference:
https://docs.microsoft.com/en-us/azure/machine-learning/concept-compute-target
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Bt S -#EEEZ2FEAL T 2EETILERBETILENL—=VSLET,

HEHMHFEOERBRERZITMET ILELAHY FT HBRICIK SEETANFACEVTEDL S BARRMBREZELTVSIN F 2—7 Y MEHMELERETILOFIEL OBGRAEENT T, BEHEFEE
&> TERSINIZT S TEZFERTILELAHYET,

ETINEATZEIZFY— 24 TEBIRTEIVELNHYFET,

EDEEDT S 7E2FEARAITNIELNTIMN? BAETZICIE EAEEETEIY LA T avEBIRLTLESL,

FE ELWLVBIRSEICTIRA Y AR EShET,

Answer Area
Model type Chart type
Classification ™ v
Confusion matrix
Calibration curve
Predicted vs. true
Regression v
Confusion matnx
Calibration curve
Predicted vs. true
1Ef#Z:
Answer Area
Model type Chart type
Classification L. _. G '_ _ |V
(|Confusion matrix ,
Calibration curve
Predicted vs. true
Regression v
Confusion matrix
_|Calibration curve _
I |Predicted vs. true
Explanation:

1. Confusion Matrix

2. Prediction vs True

The calibration curve plots a model ' s confidence in its predictions against the proportion of positive samples at each confidence level (https://learn.microsoft.com/en-us/azure/machine-learning/how-to-understand-
automated-ml?view=azureml-api-2#calibration-curve) The predicted vs. true chart plots the relationship between the target feature (true/actual values) and the model



' s predictions (https://learn.microsoft.com/en-us/azure/machine-learning/how-to-understand-automated-ml?
view=azureml-api-2#predicted-vs-true)
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woricspace1 & LY5 &RIMD Azure Machine Learning 7—9 AR—XZEFLET, COT—Y AR—=X([Z[E MLlow ZFALTO—ALAVEL—F—DOLETILEL—ZVTDA M) Y EHEMEIRET D
Python SDKV2 / — Ty 4 A& FENTVET,

J—FrIVOEBHRALT, 7—Y ARX—X 1M Azure Machine Learning A Ea1—FT 4 V0 A VRARA VATEFTTDHENHY FT,
TR HAIUR OI—FhoDA M) v ERRYZHRENICOTICRET ILENHY FT,

fAlxdRETL&LOIN?

A DCaJdUSREAVRAVRELET,

B.MLClient 7 S X%&A4 VA A2 AL LET,

C.:BEf URI ZERELFET,

D. 7= AR—=RIZAYA 2 LET,

IEfE: (EfEERTLET)

B 230

Azure At Foundry 7Rz FEEELET,

RAGY ) 2—23a aRELTVET, FF1 A MIERPEZINEEFNTEY TN EZERKNICEULF v oV IZHEITIBENHY FT,
FroELTERTIEROCEROTIRA NRREZERTILENHY FT,

FroX DT TA—FIE 2DDS3EENEFESRETIN? TNTNOERIEITELHMEZRLTOVET  2DBATLEEELY,
SFE ELWLBIRSEICIRA Y MBS ET,

A. XX—Z DT

B. FXa AV LATI RO

C. KIRERLGEEETILOHLER

D. EEY 1 XD

IEfF:B,C (T4 FEHKRT D)

B 231

Azure Al Foundry 70> x4 F2BHELET,

ETIL AR RBRELGERZETIVET IOALET,

ETIVEFHTHEL MHAZINEL BRTHEZHERTEDLLIICTIVLENHY FT,


https://www.jpnshiken.com/q/68910-6447705/
https://www.jpnshiken.com/q/68910-6447706/

Actions Manuallv evaluate prompts in Azure Al Foundry plavaround

= Automaticall ate t

i2 Provide thumbs up or down ratings to model responses.

= Save the evaluation results.

=

iz Evaluate the solution on 50 input rows of data

it Import data in CSV format

Manually evaluate

]iﬁ E;aluate the solution on 50 input rows of data

o A A S A S A S A A S S S -‘-_-_--".--'_"--_‘I

ta in CSV format

Explanation:
Actions

53 sProvide thumbs up or down ratings to model responses.

it Automatically generate test data. Hg

\;\- (1] .
‘i-?(l ] i Save the evaluation results.

Evaluate the solution on 50 input rows of data.

=. M ic rOSOft v 4 |: Import data in CSV format.

B 232
Azure Machine Learning Studio TEERZ/ER L 10,000 T FL—=2F T—4 1y bZEBMLET, HFD 9,000 T1EY 5 X 0(90%) ZRLFET, HZH®D 1,000 1TV SR 1(10%) 2R LFT,



fo—=2Fty FEI2DDY SABTAYETT, T—2T%FALT 95 R1DOML—Z2 5 B0 %E4,00012O0T REMNH Y £, EERIZSynthetic Minority Oversampling Technique SMOTE) E¥ 21— /L% &
mLUES,

EV1-ILERETIRLENHYFET,

EDEZFERATILENHY FITHM? BETHICIE BEBREDFA 70T Ry XA TEULGAH TS 3 VE2ERLET,

FEELMBIRSEICTI RS Y RMTEShET,

=

Explanaion: _ |
300
5

B [: 233

Azure Machine Learning 7—%2 AR—ZXZEE L TULVET, scriptpy &LV Pylhon X4 1) 7 k& training_data & L5 518 %ALY £9, training.data 518 datasetl EVWVS T 7AILAD FL—Z2FF—E2~AD
NRAZHEELET,

csv,

MRPEEETIENL—=209F5a7 2 K 23T &L Tscriptpy Python 29 1) T F#ET3T5FETY,

ROYTREIL—Z0T DaJELTEETREZIC  T—EF RV T DR ENGA—A—ELLTET IV RZHRETILELADY ET,

fi# iR 3K python script.py -training_data ${{inputs,training_data}}

Vi )a—2a IiEBEEBEZLTVETH?

A. [T



B. L VX
EfR: (EREERLET)

Eﬁ:ﬁ: 234

I COBERIE RLSTIAERTTHI—EQEMO—MTY, V) —XOBREMICIE, BHEIN-BEZERT HAEEDOHLIBEDOV ) 12— a UMAEFEFNATUVET, —HOERtE Y FMIIFEHDIE L UVEREN
HHEELHNIL ELVEBRENGVMEEIHYET,

OV aVOBEMICEETSE  TDEMICRSZ LI TETERA, ZOHR, ChoDBEMELEA—EHEICRRIRINFETA,

ROERICHE LT ZEDT7—bI—VDEEEFATIETILEERLTOWET  ZUDHEHM, 221 T B L U=EMRE,

F9 O BREEEETILEERLET,

BERRETILETMIT SBENHY FT,

ERE DDA M) U ZFERALET : FHEMRE JL— FTEEXRE, BXEXRE A ZRRE, B L VRERE,

V)a—LavEEBREERLTHVEIN?

A. [Ty

B. L MMZ

Eff: A(QA 2 bEHEEKRT D)

The following metrics are reported for evaluating regression models. When you compare models, they are ranked by the metric you select for evaluation.

Mean absolute error (MAE) measures how close the predictions are to the actual outcomes; thus, a lower score is better.

Root mean squared error (RMSE) creates a single value that summarizes the error in the model. By squaring the difference, the metric disregards the difference between over-prediction and under-prediction.
Relative absolute error (RAE) is the relative absolute difference between expected and actual values; relative because the mean difference is divided by the arithmetic mean.

Relative squared error (RSE) similarly normalizes the total squared error of the predicted values by dividing by the total squared error of the actual values.

Mean Zero One Error (MZOE) indicates whether the prediction was correct or not. In other words:

ZeroOneloss(x,y) = 1 when x!=y; otherwise 0.

Coefficient of determination, often referred to as R2, represents the predictive power of the model as a value between 0 and 1. Zero means the model is random (explains nothing); 1 means there is a perfect fit.
However, caution should be used in interpreting R2 values, as low values can be entirely normal and high values can be suspect.

AUC.

References:

https://docs.microsoft.com/en-us/azure/machine-learning/studio-module-reference/evaluate-model
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RTEH A CTHEESNZIEFTLETILELNHD 5 DD Python RV T RZEERLET, CNICKY RLED2a—ILEZHITLTETTEEFIN KEFERODOIED 12— IILEFHTHIILICTHYET,
N—=D3 VBBV RATLTERT /1TS54 VEERTEHRY )T MEERT H1-8_ Python SDK %{EF L T Azure Machine Learning /X 754 V& ERT DHENH Y F9,5 DD PythonScriptSteps & 1ERL
L.EDa—ILAICEDLE TERICEZREMITELL,


https://www.jpnshiken.com/q/68910-6447709/
https://www.jpnshiken.com/q/68910-6447710/

- i,
o W
'.'-"L_"-"\. ™

'k ﬁ"r.'-

i

Xai

--Cl-
SV

ﬁf% |
MEN | crosoft sees

RRENTWBINATSA VEERT IVEAHYFT BET S Vv AR—FEIITARTETLTWVSERELET,
ED Python I—F £ AV FEFERTHIRENHY EFTH?

A- p = Pipeline(ws, steps=[[[[step_1_a, step_1 b], step 2 a], step 2 b], step_3])
B. pipeline steps = {
"Pipeline": {
"run": step_3,
"run_after": {[
"run": step 2 a,
"run_after”:
step_1_a},

y [{"run":
Micrgsctt: =emi
{"run:: step_2 b}]

}

}
}

p = Pipeline(ws, steps=pipeline_steps)
C. step_2_a.run_after(step.1 b)

step 2 a.run_after(step 1 a)

step_3.run_after(step:2 b)

step _3.run_after(step 2 a)

p = Pipeline(ws, steps=[step_3])

D. p = Pipeline(ws, steps=[step_1 a, step 1 b, step 2 a, step 2 b, step_3])
A. AT 3 A

B.# 7L 3B

C.#7+3>C

D.A# 743D

EfE:A(QAV REHEEKRT D)

The steps parameter is an array of steps. To build pipelines that have multiple steps, place the steps in order in this array.


https://www.jpnshiken.com/q/68910-6447711/

Reference:
https://docs.microsoft.com/en-us/azure/machine-learning/how-to-use-parallel-run-step
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Azure Al Foundry 702z AAHYET RAGY ) a—LaVERAELET , ZOV) 12— a3 VHFHET ILENHYET,
A ELGT—2 %80 BUERKXDO I 7ML ERET IHENHY ET,

fRIRR .csVIERD 7 7 A ILEFERAL T ZELY,

TORREKITEEEZERLTLEN?

A. LMIVZ

B. &Ly

IFfE: (EfgZ2RRLZEY)

Eﬁ:ﬁ: 237

TSV 274Dty hEEL Azure BLOB a > FF+—MH Y £, Azure BLOB O > FF—I[F Azure Machine Learning Y —ERX T—9 ZAR—ZADT—R A7 ELTEHINTVWET E TSV I 7M4IILIERAILT—
BRX—TEFERALET,

FTRTDTSV 774 IWLDT—2 % FEHTEE L Azure Machine Learning SDK for Python & L T, &5t L =7 —% % Azure Machine Learning 7—9 AR—X[ZT—2 1Y FE LTEBTHFETT,
ROIA—FEERTLET,

from azureml. c rq@g rt Workspace
from azuram-wc:re d e 1mport Datastore
from azureml.core.dataset import Dataset
import pandas as pd :

datastore_paths = (datastore, ‘./dat@/%.%sv")
myDataset_1 = Dataset.File.from.fidesipath=datastore_paths)
myDataset_2 = Dataset.Tabulg®yfyom delimited_files(path=datastore_paths, separator='\t’)

UTOEXIZDOWT ELWMESIE R ZEBRLTLKESVD, Z5THEWNMGSE DOVA JZERLTESL,
AR ELWEIRISEITTIRSI Y M ESIET,

Microsoft Ne
The myDataset_1 dataset can be converted into a pandas

dataframe by using the following method: O O
using myDataset_1l.to_pandas_dataframe ()

The myDataset_1.to_path() method returns an array of file
paths for all of the TSV files inthe dataset. O O

The myDataset_2 dataset can be converted into a pandas

dataframe by using the following method: O O
myDataset 2.to pandas dataframe ()
IEfiZ:


https://www.jpnshiken.com/q/68910-6447712/

Yes Ni

lhe myDataset_1 dataset can be converted into a pandas -
jataframe by using the following method: O O
1sing myDataset 1.to pandas dataframe()

l'he myDataset_1.to_path() method returns an array of file .
saths for all of the TSV files in the dataset. 0O J' O

'he myDataset_2 dataset can be converted into a pandas
jataframe by using the "lfoting method: 1

nurNatacat 2 +A"MMandAae AzatafFframa )
Explanation:

dataframe by using the following method:
using myDataset_1l.to_pandas_datafxadmey)

The myDataset_1.to_path() method returns an array of file
paths for all of the TSV fileés inthe dataset.

The myDataset_2 dataset can be converted into a pandas
dataframe by using the following method: O
myDataset_ 2.to_pandas_dataframe () |

Box 1: No

FileDataset references single or multiple files in datastores or from public URLs. The TSV files need to be parsed.

Box 2: Yes

to_path() gets a list of file paths for each file stream defined by the dataset.

Box 3: Yes

TabularDataset.to_pandas_dataframe loads all records from the dataset into a pandas DataFrame.

TabularDataset represents data in a tabular format created by parsing the provided file or list of files.

Note: TSV is a file extension for a tab-delimited file used with spreadsheet software. TSV stands for Tab Separated Values. TSV files are used for raw data and can be imported into and exported from spreadsheet
software. TSV files are essentially text files, and the raw data can be viewed by text editors, though they are often used when moving raw data between spreadsheets.
Reference:

https://docs.microsoft.com/en-us/python/api/azureml-core/azureml.data.tabulardataset
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= ELWBIRZEICTT RS A ESIFET,

Properties  Project

4 Partition and Sample

Assign to Folds
Sampling
Head

Partition or sample mode

[] Use replacement in the partitioning
Randomized split

Random seed
0
== Microsoft
v
True
False

Partition evenly
Partition with custom partitions

Specify the partitioner method
Partition evenly

Specify number of folds to split evenly into
3

Stratified split

Stratisfaction key column

Selected columns:
Column names: NextToRiver

Launch column selector

7]

%



Properties  Project

4 Partition and Sample

- — - -

Sampling
Head

Partition or sample mode

[[] Use replacement in the partitioning
Randomized split

Random seed <\
0 PAY,
&
True N ¢ VlICrosort
False A Y -,

o —— 4‘- \._..-‘I--\._ e
Partition _emnlyu
Partition ;ﬁf_ijii?gﬁsmm partitions

Spgc__ifé iﬁfﬁgnitioner method

{gﬁtﬁinn evenly

Spécify number of folds to split evenly mnto

3

Stratified split

Stratisfaction key column

Selected columns:
Column names: NextToRiver

Launch column selector

Explanation:



Properties  Project

4 Partition and Sample

Assign to Folds
Sampling
Head

Partition or sample mode

[J Use replacement in the partitioning

Randomized Split
Random seed
0

True

False .
Partitionevenly
Bartition prith custom partitions
Specify the partitioner method

Partition evenly - VIICTOSOoft

Specify number of folds to split evenly into
L3 |

Stratified split

Stratisfaction key column

Selectéd columns:
Column names: NextToRiver

| Launch column selector |

Scenario: Testing
You must produce multiple partitions of a dataset based on sampling using the Partition and Sample module in Azure Machine Learning Studio.



Box 1: Assign to folds

Use Assign to folds option when you want to divide the dataset into subsets of the data. This option is also useful when you want to create a custom number of folds for cross-validation, or to split rows into several
groups.

Not Head: Use Head mode to get only the first n rows. This option is useful if you want to test a pipeline on a small number of rows, and don ' t need the data to be balanced or sampled in any way.

Not Sampling: The Sampling option supports simple random sampling or stratified random sampling. This is useful if you want to create a smaller representative sample dataset for testing.

Box 2: Partition evenly

Specify the partitioner method: Indicate how you want data to be apportioned to each partition, using these options:

Partition evenly: Use this option to place an equal number of rows in each partition. To specify the number of output partitions, type a whole number in the Specify number of folds to split evenly into text box.
Reference:

https://docs.microsoft.com/en-us/azure/machine-learning/algorithm-module-reference/partition-and-sample
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A. LMVZE

B. (&Y
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NAFTI)REETIVEERLET,

ETILDNITA—IVRAZFET D2DEADHYFT,
ED2DODEREFEATEEIN? TN TNOERIRELEMBREEZIRRILETS,

I ENTNOE LLDERICIEFHNARS Y FOBELHY FF,

A. relative absolute error

B. precision

C. accuracy

D. mean absolute error

E. coefficient of determination

Ef#E: (EfEZRTLET)

The evaluation metrics available for binary classification models are: Accuracy, Precision, Recall, F1 Score, and AUC.
Note: A very natural question is: 'Out of the individuals whom the model, how many were classified correctly (TP)?' This question can be answered by looking at the Precision of the model, which is the proportion of
positives that are classified correctly.

References:

https://docs.microsoft.com/en-us/azure/machine-learning/studio/evaluate-model-performance
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Azure Machine Learning SDK 2B LT SEETILEFL—=2F L ZFOREA LNV I EHETHFL— U TEBREEITLET,

HLOWT—20FAREICESE ETIVEEBEABNL—VTENET,

INYFHRISA T4V THERTBICIE, ETIVEERIT ILELHYET,

ETILEERL BROBIL UV ERTERSAE-ETILE, TOBENREEZRIATLEIETILEIYELEMEESICOAZERINSESICTILENHYET,

CHOEBREERTDICIE EDELS3G2DDHFENHYEITMN? TNENOERITLLBREEZRLTVET,

FEELWMEBIRSEICTIRA Y EAMEShET,

A ETIVEERT A-UVICELGLARERELET,

B. BEICEFRLGCEBERLCARMTETLEZRL NYFHERNNATSA4A VTRHECEFN—2CavOETILEFERLET,

C.ETINEZERTDEEICTETIL IL—LIT—IUDN—2aVEEEL, COENKREVSSICOARGOETILEERLET,

D. ETINEZFTHEZIZ FEA M) VI ZEELTHEE LT precision EWVWSEZRIDTONRT A ZHEEL BEDETILORENREZFZIN TS ETILD precision T7ANTAELY EFWMEGEIZDOH EHED
ETIVEZRLETS,

E.ETIWNEERITDHEZIT FHEEA L) I EEL LTIEE LT precision EWVWVSEZRIDE TEHEEL RIEOETILORENREZRIN TS ETILOD precision 2 JEL Y L EMEEIZDH EFEDOETILEER
LET,

IEfE: (EfEZRRLET)

E: Using tags, you can track useful information such as the name and version of the machine learning library used to train the model. Note that tags must be alphanumeric.

Reference:

https://notebooks.azure.com/xavierheriat/projects/azureml-getting-started/html/how-to-use-azuremi

/deployment/register-model-create-image-deploy-service/register-model-create-image-deploy-service.ipynb
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Azure Machine Learning 7—9 AR—ZADBHY FET , 7=V AR—RIZIF RRADT—E2ZELT -2ty bAEFENTWNVET,

Azure Machine Learning SDK for Python vl ##RAL T ET/IL bL—=V T DEHELTT—2 Y % pandas T—42 7 L—ALICEHFATHIER Y T EERTEHIFETCT A9V T MEIT—2 1y FEEET
BINTGA—RA—%FZITANFT RV )T FEERSEILELHYFET,

RO TrEEDESICEREEEIRETTMNM EETSICE BABET Y 7TEOGEA T avEBIRLTLES N,

FEECELWMLMEBIRCEICTIRA Y I EShET,
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from aztureml.core import Dataset, Run
parser = argperse. lr;uunthr"r(}
porser.add_argument(”- i type=str)
args = plr“r parse & m
ren = Run, HO

lgeA®iorkspace

“\“e | get_by_id(ws, id=args.input_data

LN oot by idiws, id=args.input_data)

\p“ to_pandas_dataframe()

from_pandas_dataframe()

ds = Dataget.< = 2708 in ¢ -

df = d@s.< I'io pandas dataframe()

ﬁt,l:qr_rd{w.a d=argsanput_data)

import argperse
from azureal.core import Datase
parser = argparse.Argunent
parser.add_argument(”
Args = parser.ps 0
run = Ru

R, udrhipltt

“‘e [gﬂ_hj_-d{m id = args.input_data
“\ E get_by diws, id=args.mputl_data)
To_pandas_daTatiamel) — — —

; “6 from_pandas_dataframe()

ds = Dataset.<
daf = ds.¢

a I
ndas_datafra

Explanation:



import argparse

from azuream] £8rd impoft Datoaset, Run

parsep /S hargphcse . ArgusentParser()
plcserSacdd srgument(”--input-data”, types=str
ArEY = parser.parse_arjgs

run = Run.pet_context()

$ = run.experiment.workspace

$ = Dataset
jel Dy idiws, ild=argsanput data) v

to_pandas_dataframe b d
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ETNEY—N—LRAVE2A—TFT A4 EDD I TH—ERELTT IO SN REORBERIEE[FKRIZEDVTY ZILIA LOFRAZRETIVLEAHYET , SOV 2 —2 3 VIZITHRERIABET
T, ENDAVEA—T A VI EFERITARETLLIMN?

A. Azure Machine Learning > 54 > TV FiRA > +

B. Azure Machine Learning Kubernetes >34 > TV KR/ > +

C. Azure Machine Learning 4—/A\—L X 2V Ea—FT 4 >4

D. Azure Machine Learning /Ay F T KR4 >

EfE: (ERERELET)
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HEAGHZELHNIL, ELIMERELNGWEELHY FET,

SO VavOBERICEETSE TOEMICRACEFITEERA, ZTOHR, ChoDERELEa—BEEICRTINEFRA,
BRI REBEEZECHET 2ty FESMLTLET,

Waety FORTICHEZEZA S LG BYGREEEAL TREBEZEET OILENHYET,

TRTDEEZEDDICIE TELGET—2EY N EITTIRLENHYET,

RRE IDHRIEZHEL  PREZIOREENOERE LTHEALET,

Y )a—YaVFBREERLTOEIMN?

A. [FLy

B. LMV R

EfZ:B(Q AV FEHKT D)

Use the Multiple Imputation by Chained Equations (MICE) method.

References:

https://www.ncbi.nlm.nih.gov/pmc/articles/PMC3074241/
https://docs.microsoft.com/en-us/azure/machine-learning/studio-module-reference/clean-missing-data
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/ — b T v h5Azure ML Python SDKV2ZR—XDETILE FL—=U T F B30I RAXY T VT ERWZNAN—NFA—FFBEEELET, ZD/ — kT v IEAzure Machine Learning7 —4 X R—
RZHYET, SO/ —FTVHTIE 20/ —RDAVEL—F 4 VI S5RE—TEFINE FL—=VF RO Y T REFERLTVET,
ZMa— KI&, slack_factor & 02 [Z5%%E L T Bandit #2 TR 1) > —% 3% L max_concurrent_trials # 10 ICEREL TRA—T O3 T&#RELFT,
YUOT) O GNERERETHET Fa—=-2F TJOCROENNEEZESHIRELRHY FT,

FRI DT TI D TRRERBIRT ILENHY FT,

Al BIRTARETL & 5DV

A. RRRIFFETHZ 20 ITRELFT,

B. & TR o —O slack BREDIEZE 0.1 IZRELET,

C. eartyjermination 78 ') > —® slack_factor D{E% 0.9 [TERELF T,

D. max_concurrent_trials D{E% 4 [CERELET,

Ffa:D(AAV FEEKRT D)
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D—DAR—XTDPL—ZVJETOETHICEFMICF) A—SNEL5C ARV FYUTY D=9 70—4BRTIBELHYET , SOV a1—23 0TI MIA—ZBRTE-OOEBREEXEZR/NR
[CMMZHSLEAHYET,

J—-J0—%B8MICF) H—FBICIE Azure Y—ERXRZHERT I DHENHY T,

ED Azure Y—ERXRZFERTHILELNHY FTH?

A.EventHubs > a2a—<v—

B. ARV MNT ¥ TFx

C.EventGrid 4 7RX45 1) T3>

D. Azure Automation Runbook

FfE:C(aAAV FEEKRT D)
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BHFEEETILEIN LV LTERLET  ETILEERALTERDOT 27 7AUD S FREERT /NNy FHRNAI T4 VEERLET,
INYTFHERRINA TS5A 0% BBETTIEIICATD2—)LTEEH—ERELTLRATILELRHY FT,

R —EXICHEVLGHES Ty FEERT IBELNHYET,

EDHESZ—T v L2 ERATIBENHYEFIHN?

A. Azure MachineLearningd Y Ea—T 4 V94 VYRR VR

B. Azure MachineLearninga Y Ea—F 4 V595X 52—

C. Azure Kubernetes Service AKS) R—XDHERY 5 X3 —

D. Azure Container Instance ACIl) 8% —4 v k

Ffa:B(aAAV FEEKRT D)

Azure Machine Learning compute clusters is used for Batch inference. Run batch scoring on serverless compute. Supports normal and low-priority VMs. No support for real-time inference.
Reference:

https://docs.microsoft.com/en-us/azure/machine-learning/concept-compute-target
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Azure Machine Learning #{# A L THEHFEETILE L—=2F LET , FL—=2 T RV YT LEYE—FCETTSEHOVEL—T 4 VI ENBRETYT RO Python —FEETLET,

from afureml.core.compute import ComputeTarget, Aml 13 ¥

from arureml.cors. compute_target I[mport ComputeT @ #pt Lom
the_cluster name = "“HewCompute™
conflg = AsmlCompute.provisioning config _size="STAMDARD_D2', maw_nodes=3)
the_cluster = ComputeTarget.createlws uster_name, config)
Vs L
Thee corrpute & Created o The S3me regeon i the Lk Leasiors] senice i
WOrkSsale
The compesie resouece oreated by thit Ofde S0aplayed o 4 Compute duihes
QH o Arure Machics Lesmeng stude
s
T it Ol DO vl e Dt
m - Microsedt
——
v
IE fi%:
m Microsoft |
= ; 'El Mo
TIMF CEMERAE 16 AT RANRD o7 W ™ TR i ol M L M) wrvnce (=]
L= d N :
The pommpube ResouTE Created by ol ipBpayed 3 compute chaster -
1 Anare Macrene Leaming Modes |
The manaraim. Rumgtf g B ol wll be ren r I
Explanation:

Yes

The compute is created in the same region as the Machine o
Learning service workspace. :

The compute resource created by the code is displayed l 0|
as a compute cluster in Azure Machine Learning studio. '

The minimum numbef

Box 1: Yes

The compute is created within your workspace region as a resource that can be shared with other users.
Box 2: Yes

It is displayed as a compute cluster.

View compute targets

1. To see all compute targets for your workspace, use the following steps:

2. Navigate to Azure Machine Learning studio.

3. Under Manage, select Compute.

4. Select tabs at the top to show each type of compute target.



Microsoft Azure Machine Learning
my-ws > Compute

New Compute

(=1 Home

ey Compute instances Compute clusters Inference clusters Attached@omplite
athar

E] Notebooks
{% Automated ML
&% Designer

L]

.{':-\,.

Assels

¥ Pipelines

I Models

i
&
&) Datasets 0
A Experiments h

&Y Endpoints

et Get started with Azure Machine Learning notebooks and R
% Compute scripts by creating a compute instance

& Datastores Choose from a selection of CPU or GPU instances preconfigured with popular
tools such as JupyterLab, Jupyter, and R5tudio, ML packages. deep learming
@ Data Labeling T 1 frameworks, and GPU drivers, Learn more [

s rosoft

Box 3: Yes

min_nodes is not specified, so it defaults to 0.

Reference:
https://docs.microsoft.com/en-us/python/api/azureml-core/azureml.core.compute.amicompute.
amlcomputeprovisioningconfiguration
https://docs.microsoft.com/en-us/azure/machine-learning/how-to-create-attach-compute-studio
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HHEFELHNIE ELWMERRENGEVEELHYET,

CDEILaVNEMICEZET 5L TOERICRDZEIETEEFLA, TORRE, CNoDERELEa—ERAICKRTINEFEA,

BHOIICREBEZEOHIET -2y FESHLTLET,

BEEEY FORTICEEEZEZ D LG BUGIBEEEZERAL TREEZEETILENHY FT,

TRTDEZEDDICIE . FEHT—2 Y FEDWTILENHY FT,



fRIRR  BHARACLLGZLERKA MCE)AYY FEFERALT IREBZETHMAFET,

V)a—LavEEBREERLTHVEIN?

A. [Ty

B. LMMZ

IEfR: (EffZzRTLET)

Replace using MICE: For each missing value, this option assigns a new value, which is calculated by using a method described in the statistical literature as "Multivariate Imputation using Chained Equations" or
"Multiple Imputation by Chained Equations". With a multiple imputation method, each variable with missing data is modeled conditionally using the other variables in the data before filling in the missing values.
Note: Multivariate imputation by chained equations (MICE), sometimes called "fully conditional specification" or "sequential regression multiple imputation" has emerged in the statistical literature as one principled
method of addressing missing data. Creating multiple imputations, as opposed to single imputations, accounts for the statistical uncertainty in the imputations. In addition, the chained equations approach is very flexible
and can handle variables of varying types (e.g., continuous or binary) as well as complexities such as bounds or survey skip patterns.

References:

https://www.ncbi.nlm.nih.gov/pmc/articles/PMC3074241/

https://docs.microsoft.com/en-us/azure/machine-learning/studio-module-reference/clean-missing-data
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FCOMEIX BLIF VA EZRRTI—EOREDO—EHTYT, —EDMEICIETNEN, EHON-BEEZH-ITAEREOHIMBOBENSENTVET  BHELY MI&k>TIE BHROEELIEFET HBEE5LH
hiE EEALGZWNMEEEHYET,

SOV aIVOEMICEELZZE TOEBEMICRSAZ LI TEFEFREA, ZDEH ChoDEMILE A —BEAICKRTIINEREA,
) —7% AR—X|ZAzure Machine Learning—EXDT—R2 A M7 &R LET, T—F R LPIZIEUTO 77 LBEENET,

* /data/2018/Q1 .csv

* [7—24/2018/Q2.csv

* [T —%1/2018/Q3.csv

* [T —%/2018/Q4.csv

* [T—%4/2019/Q1.csv

TRTDI7AIVE RO TT—2=RELET,

id,M,f2,l

1.1.2.0

2.1.1.1

32,10
ROI—FEEFTLET,

data_store = Dntnntnrt.resl:t#”_n:ﬁrehblqb_:pplﬂtncr:narkﬁputc-nt,

datastore_name='data_stors™)
container_name='guarterly_data®,
account_name="companydata’,
socount_keys= "NMRPxkBduxbM3.

create if not exists=False)

RODOA— R#FEHL T training_data EWVSRBIDT—2 Y FEERL I RTODI7AIUNST—2F 1 DDT—2 JL—ALICA—FTHIBHENHY FT,

data_frame = training data.to_pandas_dataframe()

AR ROI—FEEFTLET,

from azureml.core import Dataset
paths = (data_store, 'data/*/®.csv’)

training data = Dataset.Tabular.from delimited files({paths)
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Azure Machine Learning Python SDKv2 R L TT7—Y AR—X[CaAVR—R U b EFHKTHFETT, AV R—R2 bERZEIE, B—HJL T 7 4 )L Jcomponents/train/train.yml [ZERTFESNET,
mli_client #7219 FEFERALTT—VAR—XZERL DEGITRTDIA TSIV EAVR—bF 53— F#RABLEFT ZVDOI—FEZERIEILENHY T,
O—FZ2EDESICERSEEIRETTTI? BAETSHICIE EZEETEULGA T a oEBRLTLEEL,
EEELWLMEIRSCEICTIRA Y FAMEShET,

Azure Machine Ledifilfi Pyihon SDK 2 code

Microsoft..

« from _confg

load component
creabe_of_update

Lraln mpp e | :n'-.l.d_nm‘lr:n"url.l F { s0urce=0%.path. jein{train vrg¢ dir, “traln,.y=sl™))
TRaLN & R TiE = '1.1‘!-"1‘1[ '! rraln component

fiom oo '|h|;i

create o update

Azure Machine Learning Python SDK v2 cudi M & .i: g
& ICTOSOTL

Eraln_sri | r components/tra

T i { Sl . path ., joln(traln s _dir, CFain. ym

+ bncwm coat
lm

create_of_update W

| -

nt = load u:lr-'.;.-.l;l_r"l-t_ ' 9

.. - ul IE'-F”L" b

Peanfia. .
; 1

create of_updale

Explanation:
Arure Machine Learning Python SDK v2 code

traln_src dir . [ components/traln”
train_cosponent « load component r {soircesos. path. jein(traln_src_dir, “train.yml"})
train component =« ml client laad ctripenent - |I7r~;|in comnanent )

™= \licrosoft
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UTDINAN—=INFA—REQOHAEHLE ZHTIZIE Hyperdrive ZERATA2LELRHY FT , FER TR O—FFRALGENWTLZEL,
learning_rate: 0.001/M 50.1E THEEDE

*INy FH A X 16,32, £1-1564

Hyperdrive EEEDH > T VI AEERET IVLELNHYVET  ED2DDH T VT FAEEFERTEEITI? TN TAOERIEIELHEY ) a1—>3 0T,
FEELWVEIRIEICTT ARSI AT ESNET,

ATy Ry Ty

B. 47 gL

C.RARXHYTYy

D. SV A LYTYT

Ef#: (EfEZRTLET)

C: Bayesian sampling is based on the Bayesian optimization algorithm and makes intelligent choices on the hyperparameter values to sample next. It picks the sample based on how the previous samples performed,
such that the new sample improves the reported primary metric.

Bayesian sampling does not support any early termination policy

Example:

from azureml.train.hyperdrive import BayesianParameterSampling

from azureml.train.hyperdrive import uniform, choice

param_sampling = BayesianParameterSampling( {

“learning_rate": uniform(0.05, 0.1),

"batch_size": choice(16, 32, 64, 128)

}

)

D: In random sampling, hyperparameter values are randomly selected from the defined search space. Random sampling allows the search space to include both discrete and continuous hyperparameters.
Reference:
https://docs.microsoft.com/en-us/azure/machine-learning/how-to-tune-hyperparameters
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Azure MachineLearningCREE L TR Y T +EETLET,

EBROETESRTHArunE VWS BFDORUNA TPz bAHY ET, RBROETHICEREIN-OT T 7 M IVEHERT IVENHYFT,
LEa—@EHIZ BT 774 LEO—ALITANAICETIoO0—-—RTE2BERHY FT,

CHOBEEERT AOIZETTES2DDA—FEIT AV MIENTIN? TN ENDERIELEGHEREZIRTLET,
I WERIEZENTNIRS > FOBELAHY FT,

A. run.get_details()

B. run.get_file_names()

C. run.get_metrics()

D. run.download_files(output_directory="./runfiles’)

E. run.get_all_logs(destination="./runlogs')

EfE: AE (A LEHRKT D)

The run Class get_all_logs method downloads all logs for the run to a directory.

The run Class get_details gets the definition, status information, current log files, and other details of the run.

Reference:


https://www.jpnshiken.com/q/68910-6447728/
https://www.jpnshiken.com/q/68910-6447729/

https://docs.microsoft.com/en-us/python/api/azureml-core/azureml.core.run(class)
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Properties Project
Extract MN-Grem Features from Text

Text column

>0 L

word length

= ar'v'lii:.ru::m t
1

Maximum word length




Explanation:



Minimum n-gram document absolu...
5

Maximum n-gram document ratio

1

Vocabulary mode: Create
For Vocabulary mode, select Create to indicate that you are creating a new list of n-gram features.
N-Grams size: 3

For N-Grams size, type a number that indicates the maximum size of the n-grams to extract and store. For example, if you type 3, unigrams, bigrams, and trigrams will be created.
Weighting function: Leave blank

The option, Weighting function, is required only if you merge or update vocabularies. It specifies how terms in the two vocabularies and their scores should be weighted against each other.
References:



https://docs.microsoft.com/en-us/azure/machine-learning/studio-module-reference/extract-n-gram-features- from-text
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Termination policy type | Bandit v |

Median stopping
Truncation selection

slack_factor P
N

Termination policy parameter
max_value

slack factor
truncation_percentage

1E fi%:
\nswer Area
Early termination policy setting Value
Termination policy type Bandit v
Bandit
Median stopping
Truncation selection
Termination policy parameter slack_factor mn | ]
ol

max_value

Microsoft .

truncation_percentage

Explanation:
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Export Data

Tune Model Hyperparameters

Cross Validate Model

Evaluate Model

Score Model

Train Model



https://www.jpnshiken.com/q/68910-6447733/

Modules Answer Area

| : |
Export Data A b Train Model :
_T_un_e_Mgd_el_Hyp_EtPa_ra_mgtgrs_ _____ : Scare Mdel :
““““““““““““““““““““ PEEETMRE B, LS e L R el B e g Ly oy Ty, UM |
:Cross Validate Model e '
______________________________________ f
Evaluate Model : AN -‘.E_Viluf tl_e EA Ed_e S :
' Score Model |

[TrainModel &= Microsoft

Explanation:

Train Model

Score Model

Evaluate Model

Step 1: Train Model

Two-Class Boosted Decision Tree

First, set up the boosted decision tree model.

1. Find the Two-Class Boosted Decision Tree module in the module palette and drag it onto the canvas.

2. Find the Train Model module, drag it onto the canvas, and then connect the output of the Two-Class Boosted Decision Tree module to the left input port of the Train Model module.
The Two-Class Boosted Decision Tree module initializes the generic model, and Train Model uses training data to train the model.

3. Connect the left output of the left Execute R Script module to the right input port of the Train Model module (in this tutorial you used the data coming from the left side of the Split Data module for training).
This portion of the experiment now looks something like this:



w v

{R' Execute R Script A (R’ Execute R Scrip
?
/
4 | Two-Class Boosted Decision... f/
- Bt
s L &

v

E.IE Train Model

Step 2: Score Model

Score and evaluate the models

You use the testing data that was separated out by the Split Data module to score our trained models. You can then compare the results of the two models to see which generated better results.
Add the Score Model modules

1. Find the Score Model module and drag it onto the canvas.

2. Connect the Train Model module that ' s connected to the Two-Class Boosted Decision Tree module to the left input port of the Score Model module.

3. Connect the right Execute R Script module (our testing data) to the right input port of the Score Model module.

(R' Execule R Scrpt (L4 AR v gotehidnide -

| 2=

Step 3: Evaluate Model

To evaluate the two scoring results and compare them, you use an Evaluate Model module.

1. Find the Evaluate Model module and drag it onto the canvas.

2. Connect the output port of the Score Model module associated with the boosted decision tree model to the left input port of the Evaluate Model module.
3. Connect the other Score Model module to the right input port.
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