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ATEIRE: 2

You have trained a deep neural network model on Google Cloud. The model has low loss on the
training data, but is performing worse on the validation dat a. You want the model to be resilient to
overfitting. Which strategy should you use when retraining the model?

A. Apply a dropout parameter of 0 2, and decrease the learning rate by a factor of 10

B. Apply a L2 regularization parameter of 0.4, and decrease the learning rate by a factor of 10.
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Kubeflow Pipelines J/RY M) ICHEBRICHEESIN-aVHR—RV FTT,


https://www.jpnpdf.com/Google.Professional-Machine-Learning-Engineer.v2024-06-17.q112-mondaishu.html

The BigQuery Query Component allows you to run a SQL query on BigQuery, and output the
results as a table or a file. You can use the component's URL to load the component into your
pipeline, and specify the query and the output parameters. You can then use the output of the
component as the input to the next step in your pipeline, such as a data processing or a model
training step3 The other options are not as easy or feasible. Using the BigQuery console to
execute your query and then save the query results into a new BigQuery table is not a good idea,
as it does not integrate with your Kubeflow pipeline, and requires manual intervention and
duplication of data. Writing a Python script that uses the BigQuery API to execute queries against
BigQuery is not ideal, as it requires writing custom code and handling authentication and error
handling. Using the Kubeflow Pipelines DSL to create a custom component that uses the Python
BigQuery client library to execute queries is not optimal, as it requires creating and packaging a
Docker container image for the component, and testing and debugging the component.
References: 1: Kubeflow Pipelines overview 2: BigQuery overview 3: BigQuery Query Component
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Answer: C (A —vt— U %7&9)

F—N—HB2T) T ZBERDY SADVEIRDOD Y SR EXET 5F 8Ty b &
WIBY B=HDFETT DERISADY U TILEEEOTZET ITRADDHEDINT VR
ZEYFET,

F—N—BTYTI2&Y BEIRDI S RICHT H1NA T ABERFIN DEIRDY 5 X
T ERENTEDO NERDONTA—I U REMLEIEEZENTEET,

CDBE . T—3EYMIErSOHF I aVNEENTEY FTDS5H 1% BNFETH S L4
ESINTUWET, ChlE, FERSINDHIRTHY  EREMEINZHRTHASAZLEZEHKLE
T, CcDT—FEYRTrL—ZVTENES UL TH LA N ETIVIE FAERE NS UYY
A VOBRENMEVAREENAHYET, D2FY FSOF Va3 DECERALT TFEZE
HTEGVWARESEAHY FET, CNITBITEZDOBERICE>TEEELIAR ML HAREELH Y
FY,

COBEERRT D1 DOAEE FEL S UYL a3 vE10RA—N—HB T I5F 3
CETT, CNE EFELZ ST I3 oNL—Z0 T T—2 Yy FRT 10 EEREIN S
CEFEEKRLET, CNICKY FERSIDEIEN 1% Hh 58 10% (ML 7—42 &Y DN
SUANRKYBWET , CNIZKY SUFL THLRARNETLX FEH S UY SO 3L
RAETHWrS YOO g VERBTEINI—VERBEELYRBEBTEDLSIZHY  DERD
VI ADRELBRENMALELET,
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F—=N—H T o TOTHYELT—2 20T 2 ZDMDFEDFHFMZDOLTIF, ROSEEN
ZBRLTCESY,

*AEEREDLODS VA LA —N—S T G ET A=Y T )T
*ARYELET Y NIRRT A —N—H T U TFEDER

RFTHEIRE: 13

HEEIE . BHAKY R =Ty FER A VA VEEXF VY OR—VEERTESLSIZT S
ETILERELTCVWEST , ETILDML—=VTIERT ST —2 1Y FEERT HSRELNHY
FI,ETIRICTELGNATRANELY BIEEShzUT 5 EF@BFE-VEBEZTVET,
HETIEMETHEIREN?

2DODEFEATERLTLCEEWL

A AOfEr LOBFHEOBEM LY FAEENFET,

B. L& LHZVBEICPURY I H2A0HFTIL—TDAZEZEHET,
CERBINSITA4vIDIUVILGYUTIVERELT, FL—Z0 T T4ty FEHEELFE
9,

D.EMB LS 74 v IDBRYTNERELT, FL—=VF T—21vy FERBELET,

E. "\L—=2 0 SN=ETILT HBEEOEWATI) —E AOMFITH-2AFETRA NEE
MmLET,

Answer: (&% &RT~9 5)

ETIVATRAFEGNATRABPELEYRIESNFYV TSI LZEEBTHICIE ERNI T 1 v
JOREBHEBH O TILERELTAL—=0T T2y FEBEL FL—ZV T SNEET
ILTHREEOSWVWATI) EAORTERIIOHELIAEETRA N EERTIDLELAHY EFT, K
KOG HUOTILER BEBOEDAHERMTHZYUTILTHY  EQTIL—THLBRFERIE
BINMETDIEDTIEHYFEFLA, SVFLYUTILE FTRTOT—2 KA 2 EHFLVEEER
TERSINDESIZTHH KRENLGH U TILEREF T SBELGAHETT BT TILIE, T
RTOYITITN—TH S TILVNTHHIRREF O LERIAMT 50 KRN EY D TILER
BITH5E5120FETYT =L BY U TIICIEHTIIN—TEZF0Y9 4 XIZBET HERT
DHFHIDBETIN, TADFIATELGVD BEICAFTELGWMEENHY FT, LA > T,
COGEEETVE LY TILOANL YEEMGERREGYET , AFETR ME Fl5 %
M ABREDIEISEFLHATIT)OANOMIFICEOVWT ETILDORBENLGRR EERZFBIE
BLUFFHT 52HFETT, 2FETRA I FTRAELGHEROFZEZRHREL BRI LHDICKRILEE
T, ETIDNTRTDIIN—TERENDRFEIT/RI CEZRIALFET, 2F TR I ERAT
5| ROC HfR . AT HIERGED I EITFLAZEOY—ILZEZFERALTETTEET, 5 BZ
(&, Google Cloud DAX FFa AV & TR HUTYVTEATETR MIEET L) V—
ANLHERTEET,

*H2F1) g FT—4 | BigQuery

* NEHIRHZ | TensorFlow

* What-if *J—)JL | TensorFlow

EHTMEIRE: 14


https://www.jpnpdf.com/Google.Professional-Machine-Learning-Engineer.v2024-06-17.q112-mondaishu.html

HEE AREI—HYR—F Fry bEYR—bF I -2z MIL—T 4 VT T HRITHRE
BART—RTERIETEY—N—LAML VRTLEZFALELET7—FTIF v Z&REFLTUVE
I, F7y FOBEIBZZFAL F7y FOBRERMZFAL I—2Cz U MY R—F YOI
AP ENET SBICHBNLEREETEDILSICEVFAY CRHEETTBICIE, —EDET
IWHABETYT , F7y MIE A VEAFORBVCEMRENEFENS ZLFHFESNERA,
RESNET7—FTIVFVICEROELSG7A—DHYET,

Enrichment Cloud Functions [EED T Y FiRA V FEFUHTRLELHY FTH?
A1=AITSYrITr—L 2=AT5y bT+—L 3=AutoML EL 3>

B.1=Al 75vY cI+—L_2=Al T35y kT+—L_3=AutoML Natural Language
C1=AlITSYrI+—L 2=ATI53yrI7+—L 3=9F FBREEAPI

D.1=9 359 FEBRSHEAPI.2=AIT5Y rIT+—L 3=9FIFEP3>AP|

Answer: C (A —vyt—T %K)
https://cloud.google.com/architecture/architecture-of-a-serverless-ml-model#architecture 7 —
TIOFXITERDELS5G70—DHY FT,

a—4H—N Firebase IZF 47y FZ#EZIAL & Cloud Function A k) Ai—3hFT,

- Cloud Function I, F45 v F£i&1LT 21=OIZ3 DOERHEBIVRRA Y FEFUVHLET,
-Al Platform T > RiR4 > b BEIRIIEBEXEEZFRATEET,

-Al Platform T2 R R4 > b, COBEKIIERBREZFRTETET,

- BB L EEDEEM 1T 5 =8 D Natural Language API,

-For each reply, the Cloud Function updates the Firebase real-time database.

-The Cloud Function then creates a ticket into the helpdesk platform using the RESTful API.

HTEIRE: 15

SHDENANT TV =23 ohoDI—YF—TFIT4ETA T—3E0HTI2LELHY
FI . F—LIF T—E2oM T ML 7ILT) ALDOEERIZ BigQuery ZFRALET, 21— —
TFOTAETA T—RFHEIZ)7ILE A LTBigQuery [CRYRALKRENHY T, Hif=(F
&g HoEMN?

A.BigQuery [ZF—4 %X h1J—3 V53 %k 512 Pub/Sub ZHRELET,

B. Dataproc T Apache Spark R k1J—=2 >4 3 J%#FE{TL T, T—%4 % BigQuery [ZH Y A#
FY,

C.Dataflow X h)—=2 245 O3 T7%FETL T, T—4% % BigQuery IZHRYIAHET,

D. ¥—% % BigQuery [IZERY AL & 512 Pub/Sub & Dataflow A bJ—3I 24 a3 JEHEBRLE
9,

Answer: C (A —vt—T#ET)

A—HY—TFIOT4ET 4 T—REERIZY 7ILE A LTBigQuery IZIRYRAL-HDREDA
T3l Dataflow R J—3 25 O3 TH#FETLTT—4 % BigQuery ITIRYIAL I ET
¢, Dataflow (&, T—2 D/ FRIBERX ) —LWNEBORMAZNETEL IILIR—D K H—
E X T, BigQuery ©>41® Google Cloud H—EX & —LLRITHETEET,
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Dataflow Tl Apache Beam #7045 S5 IV 5 ETIELTHERTSIEBTEET, S
KU T—=2 A TS5AERRT H-ODMESIN-FBHETEE/ API BRI S FE

¥, Dataflow #EHT 5 & JHEDA VISR NSV F Y EBOBRMES LA —/N\—~y REEE
L.T—20BRYy ) EEBICEPTEFES ., T2 70— F BELT—5 FESEELT—2 N
AF) T—RLBEDSEIFLGBEOT I ENETEHILLTE . T2 AM)—LIZHLT
D42 RINE KEi TOMDEBREEZERTI S ELELTEET,

oA T aviE ROBRIZKYRZETIESHY FEA,

* A BigQuery [2F—8 %X F1J—2 0453 % E& 512 Pub/Sub 2HMT 5 &3, BULNRIRET
THYFEEFA PUWDWSWD (X, T—F A M)—=LDINTY a2 bHTRISATHRTEDAY
=P 0 H—EXTIN, T—2DOEHRPUIBZEZERITTEHULVD S T, Pub/Sub (X Dataflow
DY—RFEEEFOUIELTHERTEETA BigQuery IZTT—F2 ZWMYRAT-OHNDAE Y K70
o) a—va e LTEFERTEEEA,

* B. Dataproc T Apache Spark X k1) —=3 >4 £ 3 J%%E{TL T BigQuery IZ2T—42 R Y AL
CEF BYLEA T TREHYFREA, CRIZF REITDUOHBENDY SRA2EZXRELTE
BIEAZ2BENHY VY)a1—2a DR MNEEHSIERTHaEELAHY ET, &5

[Z. Apache Spark (& BigQuery & 4 T« FITHE SN TULVEL =6 BigQuery ITT—2 & E
RALF-DICaAR Y FFEIEFER VLV FERT IDELNH SO, LA T IOEMEBENFE
ST HEEEMENHY FT,

*D. T—4 % BigQuery IZH Y AL & 512 Pub/Sub & Dataflow R b1J—=3 24 O3 TEERT
B EITELEIRBRTIEH Y EFH AN Dataflow & Pub/Sub #fhrE E L THEAETICTENAIL
FIVT— a3 Vb bEET— 2 55RAMBIENTEEH WAETIEHY FHA,Pub/Sub
ZHERTHE HMRIELEBEEOEMLAVY—ZEBMTEEITN, Y a—230DaRMEE
HMEINEML T—2ORYRAHCEZLOEENELCHAREELHY FT,

SE XMk

* Professional ML Engineer &5 1 K

*Google Cloud REEHDER: BFEE I o7 77z v 3 FIILRBEER

*Google Cloud W"EWMFBE IV O T7REEKR Z MR

*T—A70—-MRXa ATk

*BigQuery F¥a A2k

ExFTERE: 16

HEEE AVEI P VA —ERFIELEVWEEZTWAKREELT /O —D¥IZHNHT
WET , HEEFE VIV IR 2L YRRICEYGYR—F F—LICERETEDSLSIC, BHEDI—
WEERTEIZRET SV ) a—2 a3 VvEaHRET HEL IR I E L1z, Speech-to-Text API
ZHEALTEEZI CITXFISECLTWEYT, T— 2 ORI L FAFRHE Z&/RIZHIZ 72U
EEZTVWET , EDLSITETLEBEINIELNTL & S5H?
ANRELETILEZBELT XFREILENO—UDMLHEXF—T—FZHEL /BT
JYVALEZBLTHF—T—FZEEFTLET,

B. Cloud Natural Language APl #{#A L T . 2D W R I L I oT4 T4 ZHMEBELET



C. Al Platform Training #i#&#A# 7T ALZFERALTHREI L ETILEERLET
D. AutoML Natural Language R L T, SEADHR AL ToT 4 T4 EHHLEFT
Answer: (A %R Td 5)

H%h7%: Professional-Machine-Learning-Engineer I 8% (X GoShiken.com MR Enf-&
# L A3 L\ Professional-Machine-Learning-Engineer HXEkRI%E% ! GoShiken.com MW &FH D
Professional-Machine-Learning-Engineer :{52fE&E Z {2t L TLVE T, GoShiken.com
Professional-Machine-Learning-Engineer :RERRIRBIESRFT T, BENERTIIVET , XFD
GoShiken.com Professional-Machine-Learning-Engineer BRBE %45 Y 3T B AIE T B 5
https://www.goshiken.com/Google/Professional-Machine-Learning-Engineer-mondaishu.html

(29030%OFFRIREE A L EfE {1 E T 30%wHAIE510— K: Freepdfdumps)

FTEIRE: 17

BH D Google Cloud 7B 9 MIhfzbdT—2%FEAL T Vertex Al TETILE FL—=V
JLTWET, ETILDIEIELGN—D30DINT+—I 2V REEBHL HERTILELHY
F9, MLT7—%5270—[ZED Google Cloud H—ERXRZ&EHZRETIH?

A. Vertex Al /814 75 4 >: Vertex Al Experiments & & U Vertex Al A 2 57 —4

B. Vertex Al Pipelines_ Vertex Al Feature Store_ & & U* Vertex Al Experiments

C. T—% 7L w% X Vertex Al Feature Store & Vertex Al TensorBoard

D. T—2 7L w45 X Vertex Al EE& & Vertex AIML A 2 7—4

Answer: A (A —vyt—T %K)

ExFTiEIRE: 18

Vertex Al TETIL hL—=UF A TSAVEEFLTVREEIT ATYFRRIS—I2&Y
MR Ty TR LTWA I e Y E L=, ]WE, FHER T v 7 TIE TensorFlow Model
Analysis (TFMA) Z#Z#£ @ Evaluator TensorFlow Extended (TFX) /81 754 > aviR—x > b
EELHITHERALTWET A VISR VF YDA —N\—~y FER/PRICHIZ ZA 5 51
MEZETIEILLGNRMI TIAVERESBRLVWEEZATWET, HEIIMET EHIRE
mn?

A. ttma.MetricsSpec () #BML T FHERTY TDA R Y XD EFHIBLET,

B. /X1 7354 > % Google Kubernetes Engine TR X k & TLV5 Kubeflow 21T L, §Ffi X
Ty TICBPHE ) — K NRSA—F—%EELET,

C. Dataflow TEFHMEiR 7 v F#E1T9 HIZ1&, beam_pipeline_args [CT7 5% -
runner=DataflowRunner #2H%E 3",

D. iR T TENATSA D LBEL, +54GAE ZHEX -5 X432 L Compute Engine
VM TRITLFET,

Answer: (&% %K D)
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AVITZRARIVFDF—N\—~y FER/DRICHAGH S FFEOREEZETSIESHI LA
KM TSAVERESEDOHDREDA T aVIE ATy TDSoF—&LT
Dataflow #{#fH9 52 & T4 Dataflow [, 7—I A— RIZIE L TRY—ILT v TELUVRT—
LA TES Apache Beam /131 TS5 4 U EETTHHHDDIINLIFR—V K H—ERXRT

3, Dataflow [&, ETILEHlI 4 EDKRELG DB T — 2 NE L2 XY ZNETE Vertex Al
Pipelines %> TensorFlow Extended (TFX) &#t& 9 5 & ¥ TEF Y, beam_pipeline_args T
S 4% -runner=DataflowRunner #{# A9 5 ¢ A—AILTEFTINATIRRIS—HINEET ST
BEMEMNH ST 7+ )L kD DirectRunner #EHT 5KhH Y2 Dataflow TEHMER TV T#ETT
5& 512 Evaluator AV R—R Y MIIERTEET A T3V AFFERTY  FHERTY T
TODA )Y ZADHEFIBRT 51012 ttma.MetricsSpec() ZBMT B & —HDEELA LYY
ANEBENLAREMENH L= FFEORENMET I SAREMELHY F£T,

SHIC TR EETILDHA R EBRSICEH>TIF FHERTY TTHERAE LTKEDAEY
MNHESNDAREUNHDH A M)V RDHERO LTEAET)FREI I —MNEREINGEL
AIREMENH Y ET AT 3 > BIEFRIERETT , Google Kubernetes Engine (GKE) T/RR k&h
TV Kubeflow [2/84 754 » %5174 % & GKE VSR E4—4BHATTOES 3=y &
B ERTIDENDDIOH AVITRANIIFvDA—N\—~y RNEMT S5 8eEL H Y
FY,

SHIC FHMER Ty TTIE@EY LR/ — R NNSA—2—%EFETILELHY mELEREZRD
(FBICIFRTRRNDEICEIZBEENHYET AT a3 DIEFERTYT, FHER T v TE/N
4 7FS54 DN FEL THRS L Compute Engine VM L TEFTT S E VM 28BS THER
. BIRRT DENHDI=D AV ITTARTIFYDFA—1N\—~y FNEINT HAIEEMELH Y
FT,SBIC FHERT Y TDEOITHFREATINVMIZHE L ZHRTIHENHY  &E
BIDY A4 TERDITBICIEHTHEENDEIZLDIEENHY £9, 5 WK
*F—AT7A—DOKRFa AT+

* DataflowRunner O {#

o AR—FR U FDRFFa AR

* Evaluator 3 VA R—2 > FDHERK

= #fERE: 19

You work for a company that manages a ticketing platform for a large chain of cinemas.
Customers use a mobile app to search for movies they're interested in and purchase tickets in the
app. Ticket purchase requests are sent to Pub/Sub and are processed with a Dataflow streaming
pipeline configured to conduct the following steps:

1. Check for availability of the movie tickets at the selected cinema.

2. Assign the ticket price and accept payment.

3. Reserve the tickets at the selected cinema.

4. Send successful purchases to your database.

Each step in this process has low latency requirements (less than 50 milliseconds). You have
developed a logistic regression model with BigQuery ML that predicts whether offering a promo
code for free popcorn increases the chance of a ticket purchase, and this prediction should be



added to the ticket purchase process. You want to identify the simplest way to deploy this model
to production while adding minimal latency. What should you do?

A. Run batch inference with BigQuery ML every five minutes on each new set of tickets issued.
B. Export your model in TensorFlow format, deploy it on Vertex Al, and query the prediction
endpoint from your streaming pipeline.

C. Export your model in TensorFlow format, and add a tfx_bsl.public.oeam.RunInference step to
the Dataflow pipeline.

D. Convert your model with TensorFlow Lite (TFLite), and add it to the mobile app so that the
promo code and the incoming request arrive together in Pub/Sub.

Answer: A (A —vyt—T%EY)

ExFTiEIRE: 20

BHEEARD v X ME EVPC DTS4 N— TRy kT Amazon SageMaker / — k
TV ARZVAEFEALTVWEST ML AR v 1) X ME Amazon SageMaker / — k7'
9 AVREUAD Amazon EBS R 2 —LICEELRT—22RBFELTWASEH, FD EBS R
Ja1—LDRFYTay bFERBTILENHYET, L MLARS Y YR ME VPCH
T Amazon SageMaker / — kT w9 4 D RRA 2 RAD EBS R 2 —LF =& Amazon EC2 1 >~
RAVAERDITBHIENTEERA,

MLARD Y YR MM VPC [T VRB VRERIRTERVDFGETTA?

A. Amazon SageMaker / — T w9 A VRA VRAIFBETHO U FADEC2 41 VAR U RIC
EONWTWETA VPC OANETEITSNET,

B. Amazon SageMaker / — T w9 A VARV RIE BEET H™2 2 FR®D Amazon ECS H—E
RIZEDNWTWWET,

C. Amazon SageMaker / — kT V9 4 VRAAVRIE AWS Y—ERX 7HDU Y FATETSA
BEC2 A VRBVRIZESNTULET,

D. Amazon SageMaker / — b Tv 9 A VAAVRIE AWS H—ERX 7HO Y FHNTETSN
5 AWSECS 4 VR A VRIZRSNTNET,

Answer: C (A —vt—T#EY)

£RBA/SHR: hitps://docs.aws.amazon.com/sagemaker/latest/dg/gs-setup-working-env.html

ExFTERE: 21

HEIE. ETH J4—FDBRSAREINETL—LZFRAL BFEDA Ty FOREBEIC
BRRAYIREFERTAMLETILERELTWEST , FL—=2 T IRATSAVDRDATY
JH#BEHEL-LVEEZTULVET, Cloud Storage TOT—4 DELY 5AH S BIALEE %50V T Vertex
Al TEFERLEATCII N ETILDRL—ZUTENAIR—IRFTA—R AR RRIZET
WDIURRA D ADTTAATT INBDISRI—EBTNATS5A4 V2K EHELS:
WEZBZTWET , EDESBT7TO—FEFERTLI2HELHY £IH?

A. Google Kubernetes Engine T Kubeflow Pipelines Z{#H L £ 9,

B. TensorFlow Extended (TFX) SDK T Vertex Al Pipelines ZERL %3,

C. Kubeflow Pipelines SDK T Vertex Al Pipelines #ERL %Y,
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D. #—#4 X b L—% 3 >IZ Cloud Composer 2R LET,

Answer: B (A —yt—T#ET)

*F T ar AIEFIEMETT, Google Kubernetes Engine T Kubeflow Pipelines #{# A9 5 Z &
. RNBDY SR —EBTNATS5AVEEREF—TAML—2a3 T ERBEMGEHET
(X8 Y £t A, Kubeflow Pipelines (&, A>T F—%FERALTML/INNA TS5 A4 U EBE ET E
BTEA3A—T2Y—R TS5y b 7+—LTT1, Google Kubernetes Engine (&, 3> FFH1{t&
NE=F7IVr—2 30 —45AM—230F3E00A—TU)—R VRATLTHD
Kubernetes #3179 2 RETI VDIV SR I EERB I VEEBTESIH—ERTY2, 1L C
DA T avIZExy 5 R 2 —DER E#ERK ., Kubeflow Pipelines D VX b—JLERSE N1 TS
42 A—RFOERERTNEEND O AT a0 B EYEZLDFHE) Y —RADNBEIZK
Y&EI,

*#A 723> BIXIERETT, TensorFlow Extended (TFX) SDK T Vertex Al Pipelines #{#Hd %
ZEN RIMEDYVSRAA—BEBTNA TSAVEREF—HT A L= 30T BREDAET
&A1= TT, Vertex Al Pipelines &, Google Cloud3 Lt TR —5 TILTHR—%2 TI)LE ML 73 A
T54 V&R LTEITTESY—EXTY, TensorFlow Extended (TFX) I&, TensorFlow4 % {&
RALTABRBICHELIZ ML TSA VE2BETLOOAVR—R US4 TIUD
ty FERIET BT L—LT—4 TI, Vertex Al Pipelines & TFX SDK #{#fH3 % & Cloud
Storage DT —42 ME Y AH ERTE Vertex Al 23 JZ2FRALEA TSI b ETILD F
L—=VJLRAB BMEEFLEHRIL AVR—R U FEFEALEETILOIY KRSV b
ADTTOA4 MNAEEEIZE Y £, Vertex Al Pipelines [FEB L DAV ITISA NSO Fr &4 —
TRML—2 3V ENEBT EEH V5 AF—DEBORT—ZE) TA4I220WVTLET HILE
FHYFEREA,

*A T a2 CIEAFIERETT, Vertex Al Pipelines % Kubeflow Pipelines SDK & & £ IZ{ERT %
ZEIE RIMEDYSRAA—BEBTNA TSAVEREF—HT A NL—2 3 0T BREHAET
(72 LV=8 T9, Kubeflow Pipelines SDK (& Kubeflow Pipelines5 #{#R L T ML /N TS5 4 >
TRESLUETTEDLII1ZTSH5T4 TS5 1) TT, Vertex Al Pipelines & Kubeflow Pipelines
SDK #fHd5& . a>TF%FHL T Google Cloud ETML /XM TS5 4 V&R LTEITT
2FEI . EEL. COATLavTlE, bL—Z220 5 ETTOA(Z1F Vertex Al SDK_ B Y 5AH &
BTALIR(Z (L Kubeflow Pipelines SDK i & /XM TS5 A VDS EFIFEFLATY T TREL D APl &
Y—ILEFERTI2NELAH DO AT a B LYBLFIERE—BEUENLYET, SHIC. 2D
T3k BEQAVR—RUM AFT—R AT MLAZT—2 S4TS5)EED TFX
DRREFALERA,

*F—4 R b L— 3 2IZ Cloud Composer AT 5 &1L RIMNBRDY S RAEBETNA T
A VEREF—TRAML—2a T ERVIEMLGHETEGWN O AT 3> D EFIEHRE
T9, Cloud Composer [, #A—F >V —X T35 v b T+—LTHS Apache Airfflow ZER L T
T— 70— ELUVETTESY—EXTY,

*HEMLEA R EPFELET, Cloud Composer AT 5L 2RV DIKEFEHEREIEFETES

% DAG (BERERIRI 7)) 2B L UVEBT S LT NM TSA VR EA—TA L —
L avTEEYT,
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f=ZEL, COF TS a VIZIXRBEOER EER . Airflow D4 VX b—JL ERSF, DAG DERLERE
THREENDH AT arBLYELEHTIAR AN Y ET,
SE XMk

*Kubeflow /31 T34 D FFxa A2 b

* Google Kubernetes Engine K& 21 A > k

*Vertex AlL/INA TS3A4 VD FFa A b

* TensorFlow Extended K& A > k

* Kubeflow Pipelines SDK K& a1 A > k

* [Cloud Composer K& 1 A > K]

*[Vertex Al 32 A K]

*[VTZORRPL—DDRFFa AU K]

*[TensorFlow F¥Fa A 2 M]

ATEIE: 22

HAHTEIE Amazon Polly Z AL TEX RFFa AV FEBRICEBRL SRT7TFHOUREEHY
ELTWET  ZL REDXETCHERHDEFEIN R >TERESINTLET,
BHFEERARD Y YR MNEISHEOXETIOBBIZED LS ITHUTRETL £ 5H?
ABREDRFLA LV MERKTFI T EETL SSMLICEHBRLET,

B. BY)GREFELERLEFT,

C.REDHAFLLGABRAETEZHALET,

D. Amazon Lex ZEALTTFAC I 7/ IILEZRERICRINELET,

Answer: A (A —vyt—T%EY)

£BA/S BB https://docs.aws.amazon.com/polly/latest/dg/ssml.html

RFTHEIRE: 23

BT, # L L) Google Cloud 7R x4 F%4ER L ZE L7z, Cloud Shell i 5 Vertex Al Pipeline
CaTJEZEETEDLIEETRMLI=#% Vertex Al Workbench D1 —H—&HED/ — Ty
AVRIVRAEFERALT EDA 2V RA VAN A—FEEFTLEVWEEZTHWES 1 VR4S
DRAEEBRLTETLEL ., a—FZEREABLFELELD SEITERSAF+H2GEITS—TP3T
NERBLEYT, HhafIazEd o EN?

A. R L = Workbench 4 > X2 U A MY {#EAF % Vertex Al Pipelines ) V—XDEILY) —2 3
VICHBEIETERLTLESL,

B. Vertex Al Workbench 4 > X2 XM {FEHT % Vertex Al Pipeline ) Y —XDREILY TR +
J—H LIZHBHZE#MHRLET,

C. Vertex Al Workbench 4 > X 2 > X |Z Identity and Access Management (1AM) Vertex Al User
rote BNEIYHTOHNTWSZ L EERLET,

D. Vertex Al Workbench 4 > X% > X [Z Identity and Access Management (1AM) Notebooks
Runner A—)LAEIY EToh TSI LZHRLET,

Answer: C (A —vt—U%5&9)
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HTEIRE: 24

RIEETILE Vertex Al TV KR4 U MZTFFTAA LELE, T—20NERICKY T T 518,
JOIRMELRRDAOOTZEHIZL Vertex Al ETFILERS I TZERLELE, ETIL
NFREVIZLDIS T4 v I EZELTWS I EADMAYFELE, FU T FERRICERHL
RITELNS ETILOERIRX MZHIBT ABLENHY FT, HLaIAET HEEN?

A. E=4) 45 23T % TensorFlow Data Validation (TFDV) Z{&£H 9 % DataFlow /81 5 4
VICEEH®ZET,

B.EZ42U2Y O37%hRALSQLRY T FZESZHZ T, BigQuery DHREL FRIICEET
SIfEtEEELEF T,

C. E=#%4 1Y >4 <37 M Randomsampleconfig @ sample rate /85 A —2 ZFH 5 LFET,

D. E=4 1) >4 ¥ 3 J® scheduieconfig Mmonitor_interval /85 * —42 ZEHOLET,
Answer: C (A —vyt—T %K)

ANRABHA F1(12&2E RBRTHMEINADIAFILO 1 DF ETILERS 3 TOER E&E
{£1T9, Vertex Al ETILERRD KX a A > MIE, BETIIEROIR FEHIRT =012 F
TILERICK>TATICEREFRINASHINDZIVIIR MDY TIL L— b EERTE S LEE
SNTWET, LEN->T E=Z4 Y 3 TD Randomsampleconfig D4 > FILL— k /85
A—E—FELTE, F) T FERRICRELKETENS ETILOEZ=Z2 ) >J 2R FHEIR
SNFET MDA T aviE, ZOVFIAICEEEN G KBETHLHY THA, SEXH:
*Google Cloud BEEHDER: BBFEE IO O27 77z v 3 FIILBEER

* Professional ML Engineer SE&H 1 K

*Google 7O 7 = v 3 FILEHEERERER 2023

* R H D Google Professional Machine Learning Engineer M M % %} 51 EX R 78

*Vertex Al ETILDE=ZR 1) ]

E#TfEIRE: 25

O—FZEFEBETIC, AREIL ATITVEFERALTERZELELA—DEVFAVMEFRATHET
LWERRIZBELTML—Z VI 930 ERNHYFET , ETILERIDL FL—=2TF 5D
FTRET—IANHYFRA BRELTHEONSETLE BVLFRANTA—TUREZRATL
BHENHYEST, EOV—EREFERTLILELHY FIH?

A. AutoML BAEEE

B. Al Hub @ERI{ERL & 1 7= Jupyter Notebook

C. 727 FBAREIE API

D. Al Platform Training #8#&3A#& 7))L 3 1) X Ls

Answer: A (A —vyt—T%EY)

Ex#TEIRE: 26

HIElE, SETFLA VT UVIR T8 I—MIbAMEMTREEZBETLIERZTAVE
T, HEOREE, V—N—RTT—2ZMETHELEIC, SETFLFERY—ILO—FHLG
Y a—2avnFERNRAT T—2RELtXa T OBMECERLTVEY, #BEED
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A FFHIBL REFEZFEIFET D . IVLIRZ—D DI TORRAA T4 T T—EAHMEY—EX
DPLETY , F—LDAN—OHRI(E, M T FHAHA (ETL) TAEREHEET 5260
O—FLRAVA—T A REFCAIVET , EDY—ERZFERTHILELNHY FTH?
AVSOKT—32 Ja—o3y

B. T— 2 #f&

C. Apache 271') 2%

D.7—42 78—

Answer: (&% &9 D)

EXFTERE: 27

HEEIE . SHOMLEREETILOBNL—=25 %8819 5 MLOps 75y b7+ —L%
BELTWET BITDONAMTSAVDT7—T4 777 bBEBSTIDENHD N1 T340
T—T4777 MEEDESITREFTNIELNTTH?

A.NFA—=E—% Vertex ML A3 T—RIZREFL ETILDOY—R a— F&/\1F1) % GitHub

IZRFELET,
B. /85 A—#4 % Cloud SQL [Z{&7Z L EFILDOY—RI— K &/N( F1) % GitHub [ZRELF
R

C.Vertex ML A 2 T—RIZNFTA—R#REFLFET, ETILDOY—XI— KL GitHub IZREFS
N, ETILD/NAF1)IL Cloud Storage IZRTFESNFET,

D. /A5 A—%% Cloud SQL [CRHFL ETI/IOY—RXI— K% GitHub IZRFEL ETILD/NA
+ 1) % Cloud Storage ICRELFE T,

Answer: C (A —vt—U%&9)

ExHTREIRE: 28

RHOENAMN T IV r—23ohboDA—Y—FIT4ETA T—3E0HTI2LELHY
FT,F—LIE T—E29W T ML 7T XLDOEERIZ BigQuery ZFERALET , 2 —H—
TO9TAETA T—R%FWEEIZ) 7ILE A LT BigQuery ICERYALHENSHY T, Hiat=IE
Az HEN?

A.BigQuery ICT—R2 %X =229 5K 512 Pub/Sub ¥R LF T,

B. T—4 % BigQuery [ZHY AL & 512 Pub/Sub & Dataflow A ) —3I 24 O a JEERLE
9,

C.Dataflow A k) —2 24 O3 J#EFTL T, 7—42 % BigQuery [T YAHET

D. Dataproc T Apache Spark X h1J—3 >4 3 T#ZETL T, 7—4 % BigQuery IZE Y iAA
97,

Answer: A (A —vyt—T%FEY)

BT HRE: 29

HEIE REAFRORKREHDOML T O =7 TY, BHEBEEN o DRIRAFEREFT(IES
TORBRABETLERRET AL IICROONFT , ETIVEBET DHNCED LS LERES
BT ORENDHY FTIH?
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A. m&, BN SHEARTREME

B. \L—HEYT« BERM RAFRENS

C.7xTL—Tvyvk>—=2J BEM% AN

D.ER T 54N —EEFE LHATEEN

Answer: B (A —vt—U%&9)
https://www.oecd.org/finance/Impact-Big-Data-Al-in-the-Insurance-Sector.pdf
https://medium.com/artefact-engineering-and-data-science/include-ethics-best-practices-in-your-
data-science-project-from-day-one-c15b26c2bf99

ExFTiEIRE: 30

Cloud TPUV2 ZFRH L THABHEETILZ FL—=20LTWET, FL—Z VU JERBNATE L
YER MO TVWET,Cloud TPU 7O T 7 A LTIB LIz OEEIESI NIz FL—XIZED
WT, AR MIEOFVWAETRL— U JBRZREMET DICIEEDLE S BT I3 VEETT

LIENHY FTH?

A. Cloud TPU v2 v i5 8 DM NVIDIA V100 GPU 2817 L /Ny F A4 XFE P LET,

B. AWMBMEZEZTMA T ANEBROH A XEWBKEEELFET,

C.Cloud TPUV2 M5 Cloud TPU V3 IZ#4TL /Ny F A4 XFEHOLET,

D. i SFEAEY AFNE T Tz v FEFERLTCANBEREESRZAFET,

Answer: C (A —vyt—T%REY)

=ATfEE: 31
Hiit-1E TensorFlow 2 L—LT—0 2FRAL TREHDEBEEETILEBET 2F—LTE

WTWET,
F—LITEHBAEHO ML EBRZETL TSz EEBROETEEHT S EAREBICHE > TL
7,

F—iN—~y K a—FEFR/NMRICHIZ M S Google Cloud ETEITEN S ML REEFHEM
[ZBEF AR, TNV TT BNV TVET TO—FHABETYT , EDLSITHEHEIRET
L&2M7?

A A RO REINTA—E—% BT B1=5HI Vertex Al Experiments 2t v b7y FLET,
HED-8IZ Vertex Al TensorBoard /B LET,

B. A )2 X 774 L% Cloud Storage /N7y FMZEZFRAATHRET 572D Cloud Function
HHRELFET, AIRIED =8I TensorBoard # A —AHJLTRR k9 5% & 512 Google Cloud VM
EHERLET,

C. Vertex Al Workbench / — b Tv 9 A VR BV REEY F Ty TLET A VAR VAEEH
L THE#ET— 42 % Cloud Storage /37 v MZRF L AIRIED =812 TensorBoard 0 —A)LIC
KA MLET,

D. {8427 7 1 L % BigQuery T— JJLIZEEAA TIHRHEFT 5 & 512 Cloud Function Z5&E L F
¥, AIfRIE D= TensorBoard # A—HJILTHRR b9 % & 512 Google Cloud VM ##mk L £
v,

Answer: A (A —vyt—T%EY)
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Vertex Al Experiments [&_ Google Cloud TM ML RE& % B L& ZEILTESH—EXT
9, Vertex Al Experiments Z{#fH L T_ TensorFlow ETILOSDA R Y R ENRTA—4—%0O
JIZEREk L £t 5 % Vertex Al TensorBoard Tf#REIL TZE £ 9, Vertex Al TensorBoard (&, ML
ERERTELUVTNYIT T 5HDOWeb 4 V3 —T A RERMTEIIR—P FH—ERXRT
9, Vertex Al TensorBoard #FA L T, SEISELETOLR ETIL IS TDORE, AHF—,
EXNITSL BREEDDHETICENTEET,

Vertex Al Experiments & Vertex Al TensorBoard #{#H9 % & ML RERDEBHK & AJtRIED T —
2 o0—%fEKR\ L JHBE®D Cloud Functions, Cloud Storage /A9y b EXVM Dty 7 v
TERSFDOA—N—A~y REEBTEET, & Hk:

* [Vertex Al Experiments K& 21 A > K]

* [Vertex Al TensorBoard K& 21 A > K]

* Google Cloud EEERDER: HFEE I L O-7 JOJ7x v afILREERK

%075 Professional-Machine-Learning-Engineer 785 (& GoShiken.com ARt hf-&
#¥ L A9 L\ Professional-Machine-Learning-Engineer HXE&RI%E%E ! GoShiken.com MN&EHD
Professional-Machine-Learning-Engineer R EXfERESR Z IR L TLVE 9, GoShiken.com
Professional-Machine-Learning-Engineer :RERRIRE (X FZFT T BENEE T IWVWVET , &FTD
GoShiken.com Professional-Machine-Learning-Engineer FIE&E %~ Y b T HANIE T B 5!
https://www.goshiken.com/Google/Professional-Machine-Learning-Engineer-mondaishu.html

(29030%OFFRREE S & IEfE (T & T 30%wiFAIZEI5I0— F: Freepdfdumps)

ExFTERE: 32

F—LALld EBIEERRHFE NAR—F LY b B—FREFEFNRTVELESHETFTET S
ETIERETIDRENHYET , T2 TP F YT F—LIETTIZNA TS A4 U EEE
L. EERREFEIDEZ 10,000 #, /AR R— FDE® 1,000 8, 7 LSy b AA— FDOEE 1,000 &
TEERIND T2ty FEERLE L, RIZ, SXJL T v T [driversjicense', 'passport’,
'credit_ card'] #FALTCETILENL—=VTFH3RENHYET, EOBXBHEZERT S0
BEhHYETH?

A.hT3)ALEeEDD

B./\fF 1)/ RRITVOE—

C.ATdVUALYBORIYAE—

D. RIN\—ZRDATIVAILYVBRIY FAE—

Answer: C (A —vyt—T#ET)

-HATFIYIVFAE—E PETIADMEENDY SAZFIYEEBRLLEVKLSICLEZLVEE
[CERTHEEEFMOLET, FE IS RADEBICRHETHI™GEEX HhTITUTY
FOE—ZEAT 5L FURWMERNBONET,
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L ATV ERAENEKLEIEEREDY FANHABEE HEAhTI) T FRE—
DANRFYBRETYT, FDH R/IN—RATIVIY FAE—IEFERT BHMNDAE =8 A
TYFERENDLGSGEY FI™,
https://stats.stackexchange.com/questions/326065/cross-entropy-vs-sparse-cross-entropy-when-
to-use-one-over-the-other

EFTEIRE: 33

HEIE EMEBREOEEICE DV -REEE MLETILEERLTWSANMA T/ 00—
DAZ— 7Y TEETHVTWET, HEEOF—LIFXF MLETILOHELWZ—FTIOF v %
EA L -HARFEDOEERICHEFEICER Y A  H X4 L TensorFlow SEE % C++ THER L TLVE
T ORBEBELE T2y FEREBENRYF YA XTETILEIL—Z2U T LET, — RGNy
F 44 RZIZ 1024 BOH > TLAHY BEH L TLOHA RXEH1MB T, TRTDEH & 18
OAAHEZEL Y FT—YIDFEH YA X(F20GB TT, ETILICIZFEDN— Kz T7ERIRT 5
WEMNHY FIH?

A. ZnZh 8 8D NVIDIA Tesla V100 GPU (55 128 GB GPU A E ) #{HA 1= 2 &M n1-
highcpu-64 ¥ < > & 64 M vCPU & 58 GB RAM %% % 1= n1-highcpu-64 ¥+ > TR S h
595 ARA—

B. v2-8 TPU & 64 GB RAM % #&&; L 1= n1-highcpu-64 Y V& ®A 1=V SR 32—

C. NI Zh 96 D vCPU & 86 GB RAM Z{E X 1= 4 &M n1-highcpu-96 ¥ > > THERIND Y
SRHE—

D.2 &M a2-megagpu-16g YL U CTHEBEINE I TR Z— &I UIZIE 16 f8D NVIDIA Tesla
A100 GPU (51 640 GB GPU A £ 1)) 96 @D vCPU_H &V 1.4 TB RAM A BHEH SN TLVE
v,

Answer:D (A —vyt—T%EY)

HTEIRE: 34

HEEILERHICHOHTEY SHOERFOLEF v OR—VOMREZEFBLEZVEEZTY
9,500 MB DF ¥ o R—>Y T—R2 % BigQuery TR MY—Z245LELE, T—TNIZHTY
#E{TL_AlPlatform / — k7w Y M pandas T—2 7 L—LZFERALTZEDYI ) DR %
ELI-WEEBZATWEY, HafIAE T N2

A. Al Platform Notebooks @ BigQuery )L X v  2FRALTT—42%29 T L 8%
pandas T—4 7 L—LELTRYRAAFT

B. 7—7JJL% CSV 774 JL& LT BigQuery hhi5 Google K54 7129 X7R— b L Google
Drive APl ZFERALTI7A4ILE/ — TV A VRFZVRIZMYRAHFET,

C.BigQuery ™o T7—JILEO—AILCSV 77/ I)LELTH o >O— KL Al Platform / — bk
TP AVREVRIZTYTA—FRLET N EFERALET, I7MILENVET—42D
L—L&ELTRYRALT=HD read_csv

D. Al Platform / — k79 @ bash /LM 5 bqgextract A< > KEFERALTT—JIL%E CSV
774 )& LT Cloud Storage ITT Y R7AR— b L gsuticp ZFEALTT—42%/—FrTwJIC
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OE—LFET N UFEZFERALET , 7ML ENEIT—2TL—LELTRYRATT-HD
read_csv

Answer: (&% &RT~9 5)

HMICOVWTIE, . COU VI ESRLTCESL.
https://cloud.google.com/bigquery/docs/bigquery-storage-python-pandas &x#1®MD 2 DDA > +
X T—2DIITYIZDWNTEHRBALTWET,

Jupyter / — k7 - T BigQuery FH® IPython ¥ < v 4 h 5 BigQuery Storage APl Z{#EMA L
T. Y T #R % pandas DataFrame [T O—KLFET,

Python F BigQuery 7 547> b 5473 ZFERAL T, U T J#R% pandas DataFrame [Z4
Joa—kLET,

Python A BigQuery 2 547> b 54 735 1) AL T, BigQuery T— 7 )L T—4 % pandas
DataFrame T4 >BA—KLFET,

Python F BigQuery Storage AP1 2 547>k 54 7351 %A L T, BigQuery T—7 )L 7—
4 % pandas DataFrame 24 >O— K LZET,
https://googleapis.dev/python/bigquery/latest/magics.html#ipython-magics-for-bigquery
https://cloud.google.com/bigquery/docs/bigquery-storage-python-pandas

ExHTfERE: 35

BTz, KIFEZ BigQuery T— I ILIZRBESN TS T—FICEDVWTHEETILE ML —
=29 % Vertex AlINA TSAVERELELI, XA TSAVICIE4DDRTYTHHY &
AT v 7% KubeFlow v2 APl 23 % Python B#IC K > THERENFET , avR—F 2 D
ZRIEIRDEHY T,

RDESIZ Vertex Al N1 TS5A VERBLET,

FLo—=Z2 T ATy TDA—RENRTA—F—FRBTEHLT ETIOREEZZHETLE
T R BICT—ADIIRR—FERINEBORTY TICEET SR MEETHDHZEMN
HOOVEST, ETIVHARKIRX FZHIBE T ARELNHY FT, HATEIMETEREN?

A.

B.

C.

D.

Answer: B (A —vyt—T#E&T)

FTEIRE: 36

HEEIX EDaTZIBREBEIVCUVEFRELTWRA U SA VINESHTELTULET, BRI
SHOEGAEENTVNEINE S I EHET 57=8HIZ, Google Cloud LEIZTY FY—I 2 KD
ML T4V EFRELFEL EWVFROFEZD) ) —XZFHLT HILLWT—2%F ML
ETIZTA—RTEBLSITNRATSAVICEMNL—Z U HREERERLELz, £ A
Platform Q#GEHMFEMY—ERXREZFERALT TR T—42 £y MIHLTETILOREMNS NS
EEHRLEZVWEEATWEY, HETEIAETEHEIREN?
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AFLLWEGHABFL—ZVJICHARENTZGEETE TOTA M T2y FZEEBELAL
TLIZEY,

B. SHEEIEMNBRNCRO SNz LEMEZ TR SGE . FLVWEROBEBRTTA N T4t Y
FEEFHLET,

CEBI —ZVUJICEASASIHLVWHEOEREZFERALTTAN T2ty FEIERLET,
DB —ZUJICBASNIFHLVWERDANA—DTTRA N T4y FZEBEETHRAET,
Answer: C (A —vyt—T%EY)

= HTRIRE: 37

HEOF—LIE AEALOBEENERT HIHAMGRTAOT TV r—a v EEELTY
FT .3 HEZEOBEE 1 DOBEKRSEZFRTAIFAETILEBELELE:, HLEEOF—LITXZTOHE
BE% 7HhOoorEEMN25 FILEZTERISAEEEAH D EEIC1—F—TEMT S FHEEETHER
LET, FRAZEDISITRETRETL £ 557

A. 1. Firebase LICEBIM AT LEEET D

2. £ 1 —#—% Firebase Cloud Messaging —/\—LED1—HF— D IZEFLET , TRTD7
AU RESFTRAOFEHMN 25 FILOLEWMEZTES & BHMNAEEINET,
B.1.A—H%—T&IZPub/Sub FEY Y FERLET,

21— —DT7H I FEEN 25 FILOLEWMEZTRIZSEETILNFRILI-E EITEMEZE
{§9 5 Cloud Function 257 704 LE 3,

C.1.2—H¥—T¢&IZPub/Sub FEY Y #ERLET,

2. A—H—DTHhO U FEEN25 FILOLEMEEZTESEETIANFRLIZESISEMESE
1§34 %57 )5 — 3% AppEngine R4 U8 — RIREBICT o4 LET,

D. 1 Firebase EIZEIM S R T LEEBET S

2. 1 —4—% Firebase Cloud Messaging 4 —/A\—EtD1—H— ID [C&EHFLEFIT , 21— —D
THOUREREMN25 FILOLEWVMEZTRSEETINFAT S E BHNEESINET,
Answer: (&% &RT~9 5)

ExFTiEIRE: 38

HEEIEREEDT—F2 YA T VRBEADTA LI Z—T . T—32 HA4M IR F—LIER

i Kubeflow Pipelines SDK #FHAL T hL—=2 T NA TSA U HRHBLBOE L, HiiTf-
DF—LALIE, HR4E L Python 2— K % Kubeflow Pipelines SDK IZ#i& T 2 DIZEFH L TLVE
9, O— k% Kubeflow Pipelines SDK &FLEICHEE T DIZIE FITT DK IICED K SITIERT
niEEWTL LS H?

A. func_to_container_op BA#ZEA L T Python a—FALHRA L aVR—22 FZEERL
FY,

B. Kubeflow Pipelines SDK THIFAIEELGBRIEZ I VR—+R > % FEA L T Dataproc IZ7 ¥+
AL . FCTHRA L O—FZEEFTLET,

C. A X% Ly Python 21— k% Docker 2> T+ —IZ/\v /77— 4k L load_component_from_file
B#EFERLCayTFHF—%/ 1TS54 UIZA R— b LET,
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D. 1 X4 L Python 33— K% Cloud Functions IZ57 704 L  Kubeflow Pipelines Z{#f L T
Cloud Functions & ~) i— L& 9,

Answer: (&% &RT~9 5)

71 R4 L Python 21— K% Kubeflow Pipelines SDK [Z#i& 3 5 & BB 4L A AL, Python B %
N TS54 2 avR—xy MZZEHRT S func_to_container op ¥ ZERT 52T, DA
(% Python BA# %3179 % Docker £ A —CZBHEMIZEBEL /1 TS10D
kfp.dsl.ContainerOp 4 Y A2 Y ADERKICERATES 779 PUBBERLET, COA T 3
IZIERDOFmAHY FT,

*INICEY TR YA IR F—LRE FHTETELLY VT FITNNyr—2LZY
TBHZELL BED Python a— FEBRRATEET,

IR FNAVR—R P A AT A REEEL BEHEAENaVR—2 b O
DD EEETHEH, AVKR—FRY FOEREEENIERIEEINET,

*TNVETATR IJ740L Ta4LY M) BELGE SFIFLGIATOALENEYR—FLE
9,

AT a Vi ROEBEEALILLGHEYRETIEHY FHA,

* A7 3 > B: Kubeflow Pipelines SDK THIARIRELFRIER IV R—R Y FEFEALT
Dataproc IC7 V7 ZAL ZITHRAL O—FEETTIHE SHICEHILEORMBELE
¥, DA T3 TlE Dataproc 7 5 X2 DIERK & EBMNNETY , Dataproc 7 5 X 42

(¥, Apache Spark & Apache Hadoop %4179 % Compute Engine 4 Y X2 XD —FHI TR
=S TN SRAEATYE, EBIT, 2OA TP 3Tl PySpark % fz& Hadoop MapReduce
THRAL O—FZERTIHENHY TIH BEFED Python 30— F EBBRMEA L LVATREMED
HYET,

** T3> C: HAA L Python 3— K% Docker A>T+ —I2/n\yr—Tk

L .load_component_from file B#iZERALTCavTFH—%2 /41 TSAVIZAViRk— kT B E,
BMOFIEBEA—/N—~y KBFREELEIT, ZDOA T 3 > Tl Dockerfile DYERK &R

SF. Docker £ A —CDEEE Ty a2 YAML 72740 ADAVR—3 Y MEFEORERNBET
T, 352, DX T3 Tl Python 3— K & Docker f A —CDIKEFEEREN—DaVEE
B3 H20LELAHYET,

** 73> D: ARA L Python 23— K% Cloud Functions (7 704 L Kubeflow Pipelines %
AL T Cloud Functions # U A—F 5 & EBIDOLA TULEHBRAREELET, COX T
DAVTR ARV BMIREBELTETINSG Y —/N\—L XBE#TH S Cloud Functions ZERL L
TT7aA4F5ELHYFT,

SHIZ.ZOATLa VT HTTP YU T X F#{EH L T Kubeflow Pipelines A 5 Cloud
Functions #IFUHTUBERHB=O Y FT—0DF—/N\—~y FEEBENFELET HATHREMH
RHYUET, ILIC, COAFTL 3, RRETHREPLAEYERAE%E, Cloud Functions DE|
YETLHEDEEEZZITETS,

SE X

* Python B#IR—ZX Do VR— 2V FOBE |2 —7J 70—

* Python BIR—ZA DO VR—R U FOBE | 2 —TJ 70—


https://www.jpnpdf.com/Google.Professional-Machine-Learning-Engineer.v2024-06-17.q112-mondaishu.html

E#fERE: 39

You work for a global footwear retailer and need to predict when an item will be out of stock
based on historical inventory data. Customer behavior is highly dynamic since footwear demand
is influenced by many different factors. You want to serve models that are trained on all available
data, but track your performance on specific subsets of data before pushing to production. What
is the most streamlined and reliable way to perform this validation?

A. Use the TFX ModelValidator tools to specify performance metrics for production readiness

B. Use k-fold cross-validation as a validation strategy to ensure that your model is ready for
production.

C. Use the last relevant week of data as a validation set to ensure that your model is performing
accurately on current data

D. Use the entire dataset and treat the area under the receiver operating characteristics curve
(AUC ROC) as the main metric.

Answer: A (A —vt—U %7&9)

* TFX ModelValidator is a tool that allows you to compare new models against a baseline model
and evaluate their performance on different metrics and data slices1. You can use this tool to
validate your models before deploying them to production and ensure that they meet your
expectations and requirements.

* k-fold cross-validation is a technique that splits the data into k subsets and trains the model on
k-1 subsets while testing it on the remaining subset. This is repeated k times and the average
performance is reported2. This technique is useful for estimating the generalization error of a
model, but it does not account for the dynamic nature of customer behavior or the potential
changes in data distribution over time.

* Using the last relevant week of data as a validation set is a simple way to check the model's
performance on recent data, but it may not be representative of the entire data or capture the
long-term trends and patterns. It also does not allow you to compare the model with a baseline or
evaluate it on different data slices.

*T—Rty FrEFEFERAL AUCROC ZXELIEFEE LTRSS C LI REEOT R FD-HD
T—EADNELLEWEH BLWAETEHY FHA, £ AUCROC WEELM—DIEIETHD &
BELTOVFEIA EDRRALOMEICEHBTEELLGVAREELAHY T BE BEE K
BREDMDIEREZERTH_ELTEFT,

RFTEIRE: 40

You want to train an AutoML model to predict house prices by using a small public dataset stored
in BigQuery. You need to prepare the data and want to use the simplest most efficient approach.
What should you do?

A. Use Dataflow to preprocess the data Write the output in TFRecord format to a Cloud Storage
bucket.

B. Write a query that preprocesses the data by using BigQuery and creates a new table Create a
Vertex Al managed dataset with the new table as the data source.
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C. Write a query that preprocesses the data by using BigQuery Export the query results as CSV
files and use those files to create a Vertex Al managed dataset.

D. Use a Vertex Al Workbench notebook instance to preprocess the data by using the pandas
library Export the data as CSV files, and use those files to create a Vertex Al managed dataset.

Answer: B (A —vyt—T%EY)

ExFTERE: 41
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https://linuxtut.com/en/f4771efee37658c083cc/
https://github.com/kubeflow/pipelines/blob/master/components/gcp/bigquery/query/sample.ipynb
; https://v0-5.kubeflow.org/docs/pipelines/reusable-components/
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FTEIRE: 44
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C.1=F—#470—_2=Cloud SQL

D. 1 = Cloud Function_ 2 = Cloud SQL

Answer: A (A —vt—U%&Y)
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ED Google Cloud 1 Y75 RSV FYDFRBLEFATEET,

A T a V@Y TR AW RIBAETIEHY TEA, T—F 0IEIZ Pub/Sub ZFEAL
7#7IZ Datastore ZERAT 5 Z & FERBMTIEHY A, Pub/Sub IEEIZTT—F2 LB TIEAEL
AR FERERDOFERBAA v E—D U TRICEGF SN TE Y  Datastore [FEIZELS TP —
EBRIL—T Y D Key-Value BIZERET SN TWE =TI o TIIHZGERTY,

T —4A JLIR|Z Cloud Function #{#A L 247 Cloud SQL AT 2 Z L IEIRBETIEHY T
A, Cloud Function IZIZ A £  CPU ETHEMICHIEASHY HEHLT—FNEBFIYR—FESh
TWEEA, £/ Cloud SQL [FRT7—I)LTELZWAIREEENH S L—LaFIL T—EFR—X
Y—EXTHIOTY , KIRBLAT—F2ITHELTLET, T—4 LT Cloud Composer Z1F
FAL.5#IZ Cloud SQL #{#R9 5 Z & IXBEEZSH Y £ A, Cloud Composer [FEIZ, T—2 IE
TIIEL BHO VAT LAIZOE2ERET—0 20— A —S A L—23 0T 5=HIKET
SNTHY CloudSQLIEY L—23F I T—ER—X H—EXTHY  KBEIZ(E S F£ <R
TERVAEEELA DY FET , T—4,

BEEH 1. T—2 L TS5422: T—452 70—DHE 3: BigQuery DHEE : [Dataflow F¥a
AR

[BigQuery K& A 2 K]

EHTEIRE: 46

You work for a company that provides an anti-spam service that flags and hides spam posts on
social media platforms. Your company currently uses a list of 200,000 keywords to identify
suspected spam posts. If a post contains more than a few of these keywords, the post is identified
as spam. You want to start using machine learning to flag spam posts for human review. What is
the main advantage of implementing machine learning for this business case?

A. Posts can be compared to the keyword list much more quickly.

B. New problematic phrases can be identified in spam posts.

C. A much longer keyword list can be used to flag spam posts.

D. Spam posts can be flagged using far fewer keywords.

Answer: B (A —vyt—T%EY)

The main advantage of implementing machine learning for this business case is that new
problematic phrases can be identified in spam posts. This is because machine learning can learn
from the data and the feedback, and adapt to the changing patterns and trends of spam posts.
Machine learning can also capture the semantic and contextual meaning of the posts, and not just
rely on the presence or absence of keywords. By using machine learning, you can improve the
accuracy and coverage of your anti-spam service, and detect new and emerging types of spam
posts that may not be captured by the keyword list.

The other options are not advantages of implementing machine learning for this business case for
the following reasons:

* A. Posts can be compared to the keyword list much more quickly is not an advantage, as it does
not improve the quality or effectiveness of the anti-spam service. It only improves the efficiency of
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the service, which is not the primary objective. Moreover, machine learning may not necessarily
be faster than the keyword list, depending on the complexity and size of the model and the data.
* C. A much longer keyword list can be used to flag spam posts is not an advantage, as it does
not address the limitations or challenges of the keyword list approach. It only increases the size
and complexity of the keyword list, which can make it harder to maintain and update. Moreover, a
longer keyword list may not improve the accuracy or coverage of the anti-spam service, as it may
introduce more false positives or false negatives, or miss new and emerging types of spam posts.
* D. Spam posts can be flagged using far fewer keywords is not an advantage, as it does not
reflect the capabilities or benefits of machine learning. It only reduces the size and complexity of
the keyword list, which can make it easier to maintain and update. However, using fewer
keywords may not improve the accuracy or coverage of the anti-spam service, as it may lose
some information or meaning of the posts, or miss some types of spam posts.

References:

* Professional ML Engineer Exam Guide

* Preparing for Google Cloud Certification: Machine Learning Engineer Professional Certificate

* Google Cloud launches machine learning engineer certification

* Machine Learning for Spam Detection

* Spam Detection Using Machine Learning
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EXFTERE: 47

HEEFRTILTEHNTEY MARA—RDBEEITA—FN\YY T+—LhSRAXT vV LI-BEED
AAVMEECT— 32V FEPDF D74 ILELTRELTVEST , EDT+—LBLRALLAT
DETT B 7+—LICHTIEENDIAY MO OEAMNEHEERIT7ERRICFHTINE
PHYET , CDFARVEEDESICTERT IBENHY £9H7)

A.Vision APl ##AL T, & PDF 274 )LD TF X b %fH LE 9, Natural Language APl D7
ME FAL MEREEZFERALT 2RNERBEERIT7ZHALET,

B. Vision APl Z{R L T & PDF 7 7/ LD T XX b %fi#H L £ 9, Natural Language APl D
analyzeEntitysentiment #EEZFAL T, 2ANLBEER 7 E#HALET,
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C.Document Al HRARA L TR SO A—%F v T L—=VF LT &PDF J74/LD A
kO arvDTFREMEHFTLEI, Natural Language APl D > F » » F S Hitkee %
LT . 2ARMEmEER T EHALET,

D. Document Al HRA L I VRSV RA—%TF VT hL—=V5 LT &£PDF 7274)LD A
vkt aVADTXR LEHEHTLET, Natural Language API ManalyzeEntitySentiment 4
RRZFEALT 2AMNLGEHEEER T EHALET,

Answer: C (A —vyt—T%EY)

BNRHAEBEAHA R I2&bE HEBRTHHEINSRXFILD 1 DIX, Google Cloud 74/ AP —%{F
FALTESRRBBEZMRT =D ML ETILEHKET BE AFILIT 52 & T, Document
A2IE, FELAV D LIEBELLT I ZMBFILTEEILLT—2ICE#BL ER oW FR%
BRAICTBRFX AV NEBRTSY T+ —LTY,Document Al Workbench3 #EH$ 5 & K
XA AV FDEFEED I AVDTHERNEBMT AN R LHMHY—ILEERTEE

9, Natural Language API4 & BEAT. ToT 4 T4 9. TOMDOTFR MIEREEDER
SEEMTY /O HFREIT B Y —ERTY, AnalyseSentiment #8E 5 (X IEESN=TF X k
ZHREL, TFRAMAT—BRHGRENLGCERZHEL HICEEFORENEEN,. EEM, F
FIXPITHILFHIBLET LA >T AT arv ClE 74— LOBEENDIA YOS
RN LGBEEERATEFAUTEIIR IV EERTHHORBROAETT MDA T a v,
COIFI)FIZIEEBEN G mBETHEHY FEA,
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X HfEIRE: 48

You are training an LSTM-based model on Al Platform to summarize text using the following job
submission script:

You want to ensure that training time is minimized without significantly compromising the
accuracy of your model. What should you do?

A. Modify the 'epochs' parameter

B. Modify the 'scale-tier' parameter

C. Modify the batch size' parameter

D. Modify the 'learning rate' parameter

Answer: B (A —vyt—T%EY)

BMEBZEEETLOL—=V BRI ETILOEES F—2DY A X N—FY9z7 ) y—
A NAN=INNFGA=B—HEDWN DOHIDERIZE>TERYFET, ETILOREEKIBICHE
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BOSZERLK PL— U BEER/MRICINZBICIE, CROOERZRRELR Y KEIET S0
BEhHYET,

FL—=V TERBICKEREEZEZSTEEENHDIERD 1 DIL Al Platform TD kL—=2
JOaTdITERAT AT UDAA TERERETDRT—ILEBNTA—F—TT R7—)LEN
5 A —4—|Z(F_BASIC_STANDARD 1_PREMIUM 1 _BASIC GPU Z EDERIERMED LT h
N FEERIOVEBAT T—H—DB INSA—E3—HF—N—DHEERTELIHR A LIEE
IETEEI 1, AlPlatform TLSTMAR—RDETILE FL—Z2 T T BBEF RT—ILEN
SA—A—%FBELT LYELDCPUGPU TPULE KYUBLKDEEYY—RZRIT S
FHEFLEAR I LEBREERT ILENHYEST, CNIZTKY  ETIL FL—Z=2 T D5
MERL—Ty rHAALL, FL—= o BEZEEBETEEFT  EL FYBLEBRBERIEAR
ALERTIELEYEVHENRET LML H DD, FL—=VFBEEIR D RL—F
TI7LEETHARELAHYFT2, MDA T aVEZTNIFZESRMTEEVD  ETILOHEEIC
EEREFEZLUHRENHYVET , ETILT -2ty 2R ESBTIRIMEEET HIHRY
PDNSGA—F—%FEBTEHE FL—=U HBRNERINDAREELHY FTH, ETILOIR
HENTA—TVRIZHLEELEFT NV FTEDH VTR ERET DNV F YA X INT A —
A—%EFTDHE ETIDRELHENLED AT FEHELOREFEEICEELE5Z 5T
BEMEAHY EFT , AEBRTERBELDRTY T YA XERET 2FERNSA—LF—%EFT S
EETILDRKRENTH+—IVRIZHEEEZDEITTHEL A== a— FOB/METHT
FHRFDVRVICHLEETHAREMLAHY EFIISEEH 1. BRIEESINII V24 TDE
B2 98 EL—=203: N\AIN—N\T A= RABOPE

HTRERE: 49

You are an ML engineer at a regulated insurance company. You are asked to develop an
insurance approval model that accepts or rejects insurance applications from potential customers.
What factors should you consider before building the model?

A. Redaction, reproducibility, and explainability

B. Traceability, reproducibility, and explainability

C. Federated learning, reproducibility, and explainability

D. Differential privacy federated learning, and explainability

Answer: B (A —vyt—T%EY)

Before building an insurance approval model, an ML engineer should consider the factors of
traceability, reproducibility, and explainability, as these are important aspects of responsible Al
and fairness in a regulated domain. Traceability is the ability to track the provenance and lineage
of the data, models, and decisions throughout the ML lifecycle. It helps to ensure the quality,
reliability, and accountability of the ML system, and to comply with the regulatory and ethical
standards. Reproducibility is the ability to recreate the same results and outcomes using the
same data, models, and parameters. It helps to verify the validity, consistency, and robustness of
the ML system, and to debug and improve the performance. Explainability is the ability to
understand and interpret the logic, behavior, and outcomes of the ML system. It helps to increase
the transparency, trust, and confidence of the ML system, and to identify and mitigate any
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potential biases, errors, or risks. The other options are not as relevant or comprehensive as this
option. Redaction is the process of removing sensitive or confidential information from the data or
documents, but it is not a factor that the ML engineer should consider before building the model,
as it is more related to the data preparation and protection.

Federated learning is a technique that allows training ML models on decentralized data without
transferring the data to a central server, but it is not a factor that the ML engineer should consider
before building the model, as it is more related to the model architecture and privacy preservation.
Differential privacy is a method that adds noise to the data or the model outputs to protect the
individual privacy of the data subjects, but it is not a factor that the ML engineer should consider
before building the model, as it is more related to the model evaluation and deployment.
References:

* Responsible Al documentation

* Traceability documentation

* Reproducibility documentation

* Explainability documentation

HTfEE: 50

BigQuery [CREFEEIN-T—42ZFRALTMLETILZFL—=20FLTVET, 2OT—42IC
X BEANEHETELER (PI) EALEININLOMDENEFATHVET , ETILE FL—=
DOFBREN . T2y FOREETFOILENHYFET , TRTOIEETIVICE>TEE
T, EDESITEDHBIRETL £ 5H7?

A. Dataflow #{#f L T #ZET—42 #&L %% BigQuery 5B YIAH EHEZFDEEZS 5
LIELFET,

B. Cloud Data Loss Prevention (DLP) APl Zf#MfA L TH#ET—4% # X% v > L Dataflow & DLP
APl ZER L THRARFESILTHREBZESIELLET,

C. Cloud Data Loss Prevention (DLP) APl # & L TH#ZHT—4 # X%+ > L Dataflow % {&FH
LTHEBIETILTY) XL AES-256 VI FEFERALTIRTOBET —FZBEETHAFET,

D. rL—=VJ DRINZ BigQuery AL THET -2 28F G WIDOHEERLET,ERD
BIMEBADBBEICT IV EATERVESIC REBSM T —2DE2—%ERLET,

Answer: D (A —yt—T#ET)

CO7TO—F T ETILEFL—ZUTFTBRIICBEAZEETE 51EH (PII) ZHIBRI S &
T. T2ty FOBEEETITLELAL T—2DEERINEMHIFZITEET, T—FDRBINT:
Ea—Z2ERT 5 ET HROGIMEANBBEOEIZT IV ERATELGNELIICTEHIENTE
F9,

ExHTfERE: 51

BEEEFVSA VINERETHOTWEY, HLEEOSHRICET A TV ILOENRGEHH

FHYES, HIE-ORHTIE, 5 FEMHP DT LT —2 M BigQuery [CRESNTWEY, HiTf-

T, ERHRBOARFCLEFHEITIETINERET DL JICKEEINE L, R/IROFHTEE
[CRETEDVa—2aveERALEVWEEATVEY, HEEIIAZET HESEN?
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A. Vertex Al Training T Prophet #H L THhR 2L ETILEBELET,

B. Vertex Al Forecast ZEBH LT NNA—XDETILEZEBELET,

C. BigQuery ML #{# /A L TH#Hi5t ARTMA PLUS EFILEZHBELET,

D. Vertex Al Training T TensorFlow AL THRA L ETILEZHEELET,

Answer: C (A —vyt—T#ET)

Web BZRFERIZ K S & BigQuery ML1 (X SQL 7 T 1) M L T BigQuery THHEEETIL %
B LUVERITTESY—ERTT , BigQuery ML [ #EHEIFE. O X T4 v 7 EIFR. K Tk
D9SRBV THNR. TA4—T 22— 2y b7—9 BRIFHRGE SESEFLEE2A
TOETFILEHHR— F LTULETT, ARIMA_PLUS? 1%, BigQuery ML [Z##45A E W T L\ BB %5
FAIRADO#HKETETILTYT ,ARIMA_PLUS (% AutoRegressive Integrated Moving Average with
eXogenous regressors NEETF  ARIMA_PLUS [X 2 —%y FEHE ZDBEEDEDR DR,
BEUI—T Y FERICEEEZEZ5TREMEOH LT DMONBERZETILIELE

3, ARIMA_PLUS [ #EH ORI FHi% KB REBZLETEFI2, LEA>T F7
YAV CRH BENDI—RT7T—RIZH L TRIMBRODFATRRIZEETESY ) a—La vz
AYH5REDAETY, CNICLY T—2Z2BHLLYARFLEZRBRLELZYVETIC SQALY T
1) ZEAL TBigQuery TRFRIETILEZREELTCEFNFTEET - F AT aviE, 2D
ST IFICEBEEN NG RETULHY FEA, SEXH:

* BigQuery ML

* ARIMA_PLUS

*Google 7O 7 = w3 FILEHEERERER 2023

* Bx#1 M Google Professional Machine Learning Engineer MR D F s ER 78

R #TEIRE: 52

HEf-IE EROMGICERHZHORFEMNBNEREOMLI V7 TS HEFRHETILEE
BT dELIITRBESNE LIz, ETILOFRICIE, g 5 BEOFE, FHNLTAIHILEEN
FI,7LITVALNEAHFLOVEET —INLFETELLIICLEZVWEEZATVES, ET
IWDBEIZIFEDT NI Y ALEZERT HIVENHY FIHV?
A 25
B. 5&tFHE
C.UALYEFZa—5)IL %Yy +T—7% (RNN)
D. EA#RAH=a1—F )L *v kT —% (CNN)
Answer: C (A —vt— U %7&9)

BEHFLWVEET—2H0FEETEI7ILII XL =BRIIETIL BRIZEZHRS OOKED
# 7> 3 »l% forsure RNN
https://builtin.com/data-science/recurrent-neural-networks-and-Istm

Ex#TERE: 53

HEE, SETFRA-—RT—RIZH ST HREHF DT ILIT ) ALZRFEL TLWEHIRFERS
HTBHOTWET DRAFZLIAUAFNEEEELTHFRA T -2/ TLET ChboD3
NEFERALTSESTEFLERAEREZHE L THRI OIVENHYES MIEINETIH?
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A. Healthcare Natural Language APl ##AAL TERI T4 T4 ZHELEFT,

B.BERT R—XDETIEFERALTC BRI VT A TAHHEHETILEHMARLET,

C. AutoML Entity Extraction #FR LT ERI VT4 T4 MBETILEZEFL—ZVFLET,

D. TensorFlow Z#FRA LT AR I LEBRI VT4 T4 MHBEETILEBELET,

Answer: B (A —yt—T#ET)

EEIVTATADHEE EFERTLH BR/ — M ARBXLEEDFEBELTFA N T—4
NoEERAECHEERELTHETSIRAITT EEIVT 4 T4 DI, HHRKRE, N5
R BEREXE. T 27HLGEDSEIFLA—RT—RIZH/KILBEFET1,
EREIVTATAHEEETTSLHITEZONSET TA—FD 1 DI BERT R—XDETIL
FERALTEREIVD T4 T HMIEBETILVEMIAET 5 2 & TT,BERT (Bidirectional Encoder
Representations from Transformers) (X $3ED k—0 > OER EEGRIOBAI SV THF X ME
REXYTFYTEL ERPL—=V T SN-EEBETILTI2,BERT X BRI bL—=2F
SNEETILOLIZZARVEAFDO LA VY—FEML LEDIRILMET—FTETIL AT A—
A—%BHITEET BRI VTATADMELGEDHEEDTRIRY THRABRTETET3,
BERT R—ZADETILIE, — R FAA L DA—/IRATORBELENL—Z VT ERAA
CEBEDT— R TOMRABREERT AL T EREIVTATADHETHWWVNTIA—T R %
ERTEZET, =& Z1E_ Nesterov Eumerenkov4 [F KiF#ELE EHR T —4 Y FTEHEBI L —
ZUTENI NS URT AR — ETIEMABT D EIZKY CUTIMNRTYTDIILFS
NRIVDEIRVELTCEFEREBENOERIVTA T4 HMETIHLLVAZERELEL
. Bold, ZTOETADNRELBAEICERASINDIIVOT A TAITRH L TABURNILOREZERK
TEHZEHTRLELT,

SE Xk

*T BRI VT BADEBETIVE FAL VHEICEDC  SRNILDBEVWERLZEN LD
EREEERDBHE | T2/ TV VX |MITIFLR

%2 BERT : SN -ODT A —TWAR S VA T+ —I—DERIEE

BERIVT 4T HEHDT-HD BERT DMEAE

¥4 : NFLRNILDORETEFEREHEN OERERICEISIIVNY—IVFODERI VT4 T4
Z i

= HTEIRE: 54

2 DDATYTEEEL Vertex Al 181 TS5 A4 UAMERENE L, BUIDATYTTIE 10TBD
T—2 DEMLEAK 1 BB TRET L $EER % Cloud Storage /N7y FMZBEELET, 2FEBDR
TYITTIE MBEIN-T—2#FHALTCETILELIL—=VYLET, SFESFLET7ILTUX
LETAMTELELSIC ETILDIA—RZEFHTILELNHYET M TSI VDEEER
INRIZHNZ NS NATSA4A VDRTHBEIX FEEIFELET,

A T—EHIMEBR Ty JRIC aVvEa—Ta o0 REIETIY 273U EYELD CPU
E RAM #BA =YL U EBRLET,

B.NXATS5A4 2a3TDFXxvy vy azBINLEFT , ETIML—ZVIRTYTOXFY YT
EEJICLET,
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C.IATSA D INSGA—F—LEBMDINA T34 ATy TEEBMLET, /NTA—F—1EIC
LT M IS4 ATy T ET—2DRILEBEEETEERAFYITL ETILOL—Z
JERIBLET,

D. FILEBR T TR LTINS TSA 0 #EKRL ETIL FL—=VFJRAICELEI N
Cloud Storage 7 7 1 VDB E/N—FI—T 4 VI LET,

Answer: B (A —vt—U %% 9)

B HTfEIRE: 55

HEfFX REML ET—2DT—%- 00— K% Google Cloud 12179 5 Z & ZRE LE=-XKBE
HHBTELTULET,

T—R ITOZTF7 )T F—LIE #EEIET—4 % Avro X T Cloud Storage /N MZI Y
AR—FLELE, SWEETL BEEZERL MLETILLNF S A OFRIERT HEE
RARTE7—0 J0—%2RETIVELHYFET NAMTSAVIEFEDESITHERTRITLL
TL&IH?

A. Avro 7 7 4 JL % Cloud Spanner [CER Y AA TR EET L ET, Dataflow /31 TS5 A % {&
FALTHEEBEERL 74 o F D=2 BigQuery ITRFLET,

B. Avro 7 7 4 )L % BigQuery IZERYIAA THHEEITLE T, Dataflow /X1 TS5 VU EFEHRALT
HEEERL 4254 oFRDT=5HIC Vertex Al Feature Store IZIRTEL E T,

C. Avro 7 7 4 JL % BigQuery I[TERYAA THITZEEITLE T ,BigQuery SQL ZFEA L THEZ
B L A 254 UFBIAIZHD BigQuery T—JILIZRELE T,

D. Avro 7 7 4 JL% Cloud Spanner [ZER Y :AA TR EEITLE T, Dataflow /31 TS5 A V% &E
FALTHEZERLET 54 o FRIDT-5HIZ Vertex Al Feature Store IZRFEL ET,
Answer: B (A —vt—T#ET)

BigQuery [&, A7 —5 JILTaAR FIEDEWVAETRKEDT—FDREELEI I ZHEEIZT S
H—E XT3, BigQuery #{#F L T_ Cloud Storage /A4y M5 Avro 7 7 A ILERYIAH &
EIET—2 DR ERITCTEET Avro [T BHLGET —IREXF—TERETEDHN1TY
774K TY, bgload 37 > FET=IX BigQuery APl #{FH L T, Avro 7 7 4 JL % BigQuery
T—INICA—FTEFET . TDE . SQLYV TV ZEZFERALTT—2Z0ML ABEZERTEE
¥, Dataflow &, Google Cloud E TR —F TILTHR—E2 TILIET—F0EB/INA TS5 4 %k
LTEITTESY—ERXTY  Dataflow 2RI HE  T—2DOEH K5t Toa—FGE ML
ETILDHEEZER TZEJ, Apache Beam SDK #{#fH L T Python F1=(% Java T Dataflow
NATZA40 A—FEERTEFS MARAAEBRFLEHARILEBREZFALT HHI D
—7N)T Aoy ET—RIERT S EH TEET, Vertex Al Feature Store [ ML #8E%
Google Cloud IZIRFE L TEETE 59 —E X TY, Vertex Al Feature Store ZERAL T ML ET
WIS OFRICERT AHEEZRRAMTEET A4 VFRIE ADT—20OHEANFE
fzFNESTENy FIZH L TREEDSEZIRET 5 FRID—FE T, Vertex Al Feature Store API
ZERAL T Dataflow /81 TSA UMb T4 —F % AT ToTA4T4 34 T2 T4 —F v %
EEALIENTEET, FD#% Vertex Al Feature Store 7> 54 > —E VS APl ZEHL
T HBERX NTHoBEEESRADY oS54 0FROEOICML ETIVIZET ZENTEE
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¥, BigQuery_ Dataflow_ Vertex Al Feature Store T 5 & N EETL  #HEEZ/ER L ML
ETIIDFTOSA UFRIERTIHEEERR T 2/804 TSA VEEBRTEET , SEH:
*BigQuery F¥a A2k

*F—R270-—0OKRFa ATk

*Vertex Al 724 —Fxv— A LTDRFa AT+

* Google Cloud REERDER: MMFBE I O27 JO 7z v afILREERK

EHTfERE: 56

HIET-IXBEEESHO Al F—LTEULTHY  TensorFlow & Keras #{# A L THREMXMELH
ETILZRELTCVWET , ETILONITA+—IRZRLSEBRICIE T8 F)IFT av bk
SR ARG EDEBILRERZHALADBENHY EFT, CAoDBEHEE FL—=2T Ny
FICSUALICERALEY BB EQAVEa—Ta 0T UY—RADFEARAEEZEZEELTT—4240
BN TS5A40FRBIELIZWEZEZATUVEYT, HEIEMZEZTEIREN?

A. Dataflow #FHL T ZANE5FT X TOIEKRZEZIER L TFRecord & L TRFLZET,

B. Dataflow AL T, FL—=UJDOEFTZEICHRRZHMICIER L, TFRecord & L TR
T—UUILET,

C. isRkBE% % tf.Data /X1 TS5 A4 VICEIMIIZIEOHAAFET,

D.Keras VxR L—42—D—& & L CTHREAM Z EICIRDIAHFT T,

Answer: A (A —vyt—T%EY)

mTEE: 57

100 ZBZADANEH (TRTOEN 1M1 ET)ZEOCREBETILEBELTVET, <
DHHIBERTELGVEROIWET BRLGFHEROBRICKRLLGL S FERGHEETET
IO GHIBRLIEZWEZEZTWET , EDTIZV I EFERATOIDLENHY FITH?

A FHSPHEEALT RBRENTRL VG VVEF—ZHBRLET,

B.L1 EEMEZFERAL T AR TLHELVMFEORBEZ 0 ICHIBRLET,

C. ET/ILEEELIR Shapley EZFERL T, EOBFEIARLABRTHINTHIBILET,
D.REFAYT7 I FFEEZFERALT BIRBFICETILAGIELEVW I A —F ¥ EHELET,
Answer: B (A —vyt—T%EY)

https://cloud.google.com/ai-platform/prediction/docs/ai-explanations/overview#sampled-shapley

xFfEE: 58

HHEEARS Y1) X ML ROC H#ETHEIE (AUC) #EEH A IEIZE & L T Amazon SageMaker
EFHEALT YU—AR=RDTUHVTINETILDNAIN—INTA—RFABC I TERIBLE
T, 20T — 70— (XREBMIZ BBNAIIN—INSA—EFFZBFL—ZU 0B L UHET BN
ATI3AVICT TS SIN 2ABRBIEITRDONET—2D0 ) v I RIL—FFETIELET,
NLEDETILORL—ZUTI2HhDSERZEMBL  REMICORX FZEIRT AL EBE
LT AR YR MEIAANAIN=INSGA—FGHEHEFEBR LWV EEZTVET,
NERBETELIDIEIENDED 2754 E— a3 0 TTH?
ABML—VIREBIZHEZEEA NI VRDN I+ —I VR ETRTEHHE,
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B.t DT HEEMIAEIREDIAA (-SNE) ZFEA L TEHDOANEHRZHRA LT VR THREILLT
5. 37y rEHICE>TRMTENE-REZETHMEA,

C.Y)—DRRESLEHMNGA M)y I OROMBEEBFREZRIHMA,

D. REBEELRANBFHENATIVRTHEINESINERTER M T 4,

Answer: B (A —vyt—T#ET)

ExHTfERE: 59

HA#A L TensorFlow DNN J ' LyH— EFIILEEHL T BigQuery T—JJ/ILAD 1L a—
Fizxt LT/ Ny FFRBIZETL, FRIKERZ BigQuery T—JILIZRET HRLELNHYET , 2D
RN T4 VOBEICBRELGFAZR/DMRICMRAFZVWEEZZTVWET, HELIEAZT EHN
EN7

A. BigQuery ML Z{F L T TensorFlow ET /L&A 7 R— kb L ml.predict B#EETLE T,
B. TensorFlow BigQuery ') —4 —Z#RA L TT—42 #5i#HA# BigQuery APl #FH L THER %
BigQuery [CEFAAFET,

C. BigQuery ®T—% % TFRecord [CZE#:9 % Dataflow /81 TS5 4 > Z4ER L E 9, Vertex Al
Prediction T/\vw FH#imZE{TL #ER % BigQuery ITEZFAHFT,

D. TensorFlow SavedModel % Dataflow /81 754 >IZO— KL &9, BigQuery /O axo & &
DRI LEAHEFERAL TN T4 VATHRZET L, KR % BigQuery ITEZTIAAFET,
Answer: A (A —vyt—T %K)

* &I A (XIEEfE T, BigQuery ML T TensorFlow €T /L&A > 7Rk— k L ml.predict B#i %=
T4 5DM, h XA L TensorFlow ETILZFEA L TKIREZ BigQuery T— T ILIZH L TNy F
FRZEETL FRAKREZANOD BigQuery T—IILIZRET & LEELAETT, , BigQuery
ML {9 % & Cloud Storage [CRTFES N TS TensorFlow ETI)ILE A V7R— kL SQL &
ITICKBFRICERATEET, mlpredict B#IT, PREZELT—TILERLET, COT—
LI, BlD BigQuery T—TIL 2 IZTRFTEZET,

*ZF T3 BIEFIEMTI, TensorFlow BigQuery ') — 54 —ZFRL TT—4% Z5HA

# . BigQuery APl #{# R L THRE % BigQuery [CEZFADICIX AT a v A &Y LHfERNA T
SAUDBEICEZ L DFHFHARBETT, TensorFlow BigQuery ') — 5 —[d  T—2 #5AHAWMB A%
T, BigQuery & TensorFlow T—42t v MZZE#L FL—=VJOFRIFERATEET3, -
L. 2DA T 3 2TlE, TensorFlow ET/)LEO— KL FHIZFETTL  BigQuery APl Z{EH
L C#R % BigQuery4 ICEERTI—FZRRTILELHYET,

*A T3> CIERIERETT , Dataflow /34 T5 14 > #4ER L T BigQuery ®T7—4 % TFRecord
[CZ# L Vertex Al Prediction T/\w FHiRZZETL R % BigQuery ICEZFRADICF AT
DIAVA KLY BRI TSA DBEIZZ L DFANBETY, Dataflow [EH—EXTY,
ETL (. . O— F) DN\ FREBRZEDT—20NE/N1 TS5 4 D DOIER & EITRS. Vertex
Al Prediction (X, >S54 VERIENYFFRADO ML ETILET TAAEIVIRET 50D
H—ERXTI =L, ZOA T arTlE Dataflow /1N TS5 A4 V&L T—45%
TFRecord [TEHL /Ny FHHEEITL KR Z BigQuery [CEZFALF-HDI—FZERERT D
WELHYZFET,
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*ZF 732 D IXARERLTY, TensorFlow SavedModel % Dataflow /31 754 vIcO— KL A
AR LE#HEHEA - BigQuery /10 AR 2 EFERALTNA TS54 VATHREETL ER%
BigQuery [CEZFRADICIX AT a & ULHRNNA T4 D DBEICZLDFAVPBLETYT,
A. BigQuery /0 a2 x4 2 1% Dataflow /X1 75 4 VAT BigQuery o T—2 & 5ZAEET DA
BT . =1L, 2OA T2 3Tl TensorFlow SavedModel Z55#&iAH HERBADH A4 L
MEERL R % BigQuery [CEZ AL a—FZ2RERTI2HELHY FT,

SE X

* BigQuery ML ~ADETILOA »H— k

A UR—FESNEETILEFRIZERTS

* TensorFlow BigQuery ') —4% —

* BigQuery API

*F—2JO0—DHE

* [Vertex Al Prediction 2]

* [DataflowlZ &k %73y FF 8]

* [BigQuery /0 a4 3]

* [Dataflow T® TensorFlow E T JLMD{E ]

= HTfERE: 60

oS4 FRIEREIND RS L TensorRow ETILERET IHELHY EFT, FL—=
V5 T—4I1E BigQuery IZRESNFET, ETILDCL—=VF EREBDOEDHIZ. A VREZ VR
LALDT—4EMET—2ICEATAIRENAHYET , ETILDOL—ZU T ERBFPICEL
BB —F U ZFERALEZVEBATOVET AILEBIL—F o2 EDLSITERINIELNT
L&2H?

A. BigQuery Wb T—2 ZHRAMSTERT HALEEBEIER LFE T, Y—E RIZHEFICRTOE
B EMEUH T Vertex Al h A2 LFRIIN—F U EERLET,

B. Apache Beam /N1 75 4 %4 L T _ BigQuery i > T—4 5% & H Y TensorFlow
Transform & Dataflow A L CTRILELET,

C. Vertex Al Pipelines T/8 754 &R L BigQuery M5 T—42 #HRAEY AR F LRI
HaVR—RVFEFERALTT—2ZRINEBLET,

D.BigQuery RV ) 7 EER L TT—2 ZRILE L #ERZ 5D BigQuery T—JILICEEZIAH
FY,

Answer: A (A —yt—TU#ET)

Ex#fERE: 61

Your organization manages an online message board A few months ago, you discovered an
increase in toxic language and bullying on the message board. You deployed an automated text
classifier that flags certain comments as toxic or harmful. Now some users are reporting that
benign comments referencing their religion are being misclassified as abusive Upon further
inspection, you find that your classifier's false positive rate is higher for comments that reference
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certain underrepresented religious groups. Your team has a limited budget and is already
overextended. What should you do?

A. Add synthetic training data where those phrases are used in non-toxic ways

B. Remove the model and replace it with human moderation.

C. Replace your model with a different text classifier.

D. Raise the threshold for comments to be considered toxic or harmful

Answer: A (A —vyt—T%EY)

The problem of the text classifier is that it has a high false positive rate for comments that
reference certain underrepresented religious groups. This means that the classifier is not able to
distinguish between toxic and non-toxic language when those groups are mentioned. One
possible reason for this is that the training data does not have enough examples of non-toxic
comments that reference those groups, leading to a biased model.

Therefore, a possible solution is to add synthetic training data where those phrases are used in
non-toxic ways, which can help the model learn to generalize better and reduce the false positive
rate. Synthetic data is artificially generated data that mimics the characteristics of real data, and
can be used to augment the existing data when the real data is scarce or imbalanced.
References:

* Preparing for Google Cloud Certification: Machine Learning Engineer, Course 5: Responsible
Al, Week

3: Fairness

* Google Cloud Professional Machine Learning Engineer Exam Guide, Section 4: Ensuring
solution quality, 4.4 Evaluating fairness and bias in ML models

* Official Google Cloud Certified Professional Machine Learning Engineer Study Guide, Chapter
9:

Responsible Al, Section 9.3: Fairness and Bias

H%h7%: Professional-Machine-Learning-Engineer I 8% (X GoShiken.com AR Enf-&
# L A53 L\ Professional-Machine-Learning-Engineer HXEkRI%E% ! GoShiken.com MW &FH D
Professional-Machine-Learning-Engineer {52 EE Z {2t L TLVE T, GoShiken.com
Professional-Machine-Learning-Engineer RERIB LRI T, BENERTIIVET , XFD
GoShiken.com Professional-Machine-Learning-Engineer BRBE %45 Y 3T B AIE T B 5
https://www.goshiken.com/Google/Professional-Machine-Learning-Engineer-mondaishu.html
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ExFTEIRE: 62

Hiatzld, KEBEL T2y bEFERALTESHOIRFILEBZBETILEFL—=VF LTUE
9, Vertex Al T Reduction Server il & AT 5 FETT R L—=2F 3 TDT—Hh—
T—IVZBET IDENHYFET, HEIEAIZETEIREN?

il
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A BID2ODT—H— T—ILOIS UM GPU 22 FL—=24 a— KiEFEA ST
UTF—AA—CHEFERTALSICERLET, SEEDT—H— T—ILHAGPU ZHEDLSIC
AL  reductionserver AV TF— A A—UEFARALET,

B.BR¥D22NDT—Hh— T—ILDOILUNGPU #wA. bL—=2F a—FAERITESN DO
OTFT—AA—TFEFERTASLIICERLET, 7V S5 L—2 % L T reductionserver 22T
F—AA—CEFRATEELIICIBENT—h— T—ILEZBRL HEIEZEET IOV S
4 TEERLET,

C.HRHD2DODT—ILDILUMNTPU F#HEDOKSICHERLET, hL—=2F a— FARERTE
NBAVTF—AA—CEFERTBHICIE,. TPU DK SIC3BEHD T—ILEERK

L .reduccionserver A2 TF— A A—JEFRALET,

D.ZAID 2 D2DT—hH— T—ILDOILUNTPU #FH5E5 FL—=29 a— FAETENDaY
THAA—CEFERTLILSICERLEST , 77925 L—424GLT3HFBDT—H— T—IL%E
BHL. 72t5L—%7% L Treduccinserver AT+ A A—CHFRAL TV 24 TEER
LES, FEHEZEELET,

Answer: B (A —vyt—T%EY)

HTREIRE: 63

BEEE A4 T+—FLEEBTHRY FIT—FEATHLTVET, BEIEESD
RYMDEBEEZ#I7+—FLICTyTA—RLT HOAEEBELET, EHH 20 MOFEENT v
JO—KREIhZxzd, 7y 70— FEShE=EBEEICEPNETNTLEINESHE (FIXUTILE
A LTEEMICRE LW EZEZTOWET BREIZEEL 77U5r—a 0RELRRAODD
A LERDMRIZHZ BICIEESTRIEENTL £ S5H?

A. FYOREDOERRY I RZFEAL T, UANIEESNZERICFEITINILEMFTET,
Vertex Al # AL TAutOML A7 =9 MRHEETILERBELET, ET/IL#F Vertex AITU K
RAVKMZTTAALET, HILOWA—HF—HIBEELIEBRZETIL TV FRA Y MIEEL
T.BEEENELLDES A ZRELET  IWEEH->TLET,

B. TensorFlow Hub M SRR ETILE A D B—RFLET, ET/ILE Vertex Al TV FiRA ~
MZF7OALET 22— F—DNEELEHLVELEZETIL IV RRSA U MIZEELT B
BEICEYAETWEINESHhENELET,

C. UATIZEE SN-ERIZEMMINNDINE SO EFETIANILMNITLET, Vertex Al TEI{E
T—2ty FEERLET, Vertex AutoML ZERA L THEETILE FL—=2F L 2207
SRAZERAMLET, ETILE Vertex AI TV RRA U MMITF7AALES, LW I—HF—HE
ELEEREEELET , ETILOIVRRA U MIEFELT, BEEICEYUNE>TLEMNE S
NERFELET,

D. 1—H¥—M&E{E LT1-E &% Cloud Vision API [CEELET ATz b O—hyE—> 3
VEFERALTEBRRADITARTOF TV FEEAIL HBREIMDOURX FELEBELET,
Answer: B (A —vt—U%&9)

EX#TEIRE: 64
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BEEIEV =Y AT A TEATHOTOET  BERSINERICEASEATLEINE SN
ERETEHIVELNHBYET EL—V T YU TIVE EHEIZ1I DD S AD A IN—TT,
MEBRE -2 —SIL XY bT—9F FL—ZVF L SFEEDE=HIZETILN—230%F Al
Platform Prediction 27704 LE L=, T 7O/ A2 rOHIIZ FEC 3 TE2ERL FNE A
Platform Prediction E7I/)L N—2a VICHHLELE BENAEDRREH LY LB LIZR
DEFL . BEZEOLIOITETILOREBOYV I FI VI RALEWVMEZED & SIZHAET

NIXEWTL &£ 55?2

A. 1) a—)LEEOT

B.Jd—)LZBLLET,

C. RO EE T

D. ARRMOBERS LET,

Answer: B (A —vt— U %&9)

BERLEBEEX DEETILONITA—IVREFTHET 520D 2 DO—RMNLEIEETT,
BEEFELVEEFIDOREZAEL BREQELLFASNZBHAIOIEZAELE
T EEREBEEIRLEGIOBRICHY  —AZENSELIEMMABLEL L, TOHELREFRT
T RELHBREQOMNL—FA I HSEMEDBEEIRAMIL>TERY FF1,

BB IN-EZICENEEFNTVEINE I N ERHTE5I—RT—RATIE V=YL ATAT
SHIFBRBRA DFYELRAESEN TS ERSTINILAFITEIN-EBOEER/NMRIZHIZ =L
EEZATVWSO BRELVYELEENEETT RENFVLEVS ZLEEF ETILNEEMLGT
BICBEAHYEETHLIZLZERLETHA BERENMEVWEWVWS Z LI, ETILHANL DM
DEEMLGHIOCERICEZEUEBRETRRATARUNH LI EZEERLET, WS OHLDEEW
HHIZREIT IR ME BOEEMGFRAZTI>2R MYLEBLRYFEST REF, 2—H—
IVRARYIVREV—=I %I A T4 T7EAOFTHICHEEEZ HAEELAHD-OTT,

VI bRy RBHIE  ERHORY MLEAREG Y S RITh-2ESHICEHRT HEHTT,
VIO RBHE BV SRICHEEZEVET RIS VEREZF DIV IANTFRLE LTE
RENDH TILFISIRAFERED=2—F I 2y b T—VDHRBEBLELTICFERAINE
T YY) RBEREIRDESICERESINET,

VI Ty R (x_i)=exp (x_i)/sum_jexp (x_j)

2T xilFXUS5SRiDARE, softmax (x_i) [TV SR i ODHHHERTT,
YVIMIYORLEWMEIX, 7 F7ANFRE L TERSNDIDENHIR/NMEERZFRET /N7
A—RA—TY FEAE VILTYIRLEWMEN 05 DHEE REIEGVVEREZFE DI I RANE
RENBIZIFEVHELEL 05 BRETT, £S5 THWNMEES, FRIETHOAERA, VI FTYIR
LEMEFEERLEBREOD I L—FFIZRABI S-OICFERATEET, LEWVMEZEL<T S
CHEEENMLEL BRENMETLEI , —A LETMEZELSTEHLEBEEENMET L BIREN
EmLEI2,

BREINERICENEENTVEINE INETRET A1 —RAT—ADIGE, ETILORERLA
Y—DVI LIV IRALEWVMEZABLTREZEDAIRROAEE BREEZTIFHI LT
9, NE, ETIANEEEOEVESICOABTENLEFRAEZTV BRBREERITH-HIZ VD
Py RALEMEZEOITRENHLSILEEZERLET VI LT YT RLEWMEZEYLT


https://www.jpnpdf.com/Google.Professional-Machine-Learning-Engineer.v2024-06-17.q112-mondaishu.html

ET . ETILOBEEWNEFANEL Y ZBIRMUNDIEFEICHEY BEA M)V ANAELET, L1
NoT, COFERBFITIEIBEEREZTFLIENREDERKELYFT,

SE XMk

* ¥R & BIRE - Wikipedia

*YIT IV Y RRATICLEWNMEZEMT A% -0—FOY

E#fEIRE: 65

HE-ORRE, A—F—DETAZERELIZY 7Y TA—FLIZYTEDIETAHE Web
1 FEBELTVWET MLETILEZEERLT FHLLL 7y TO— RSN EDETADARLEAR
NHEMEFRL ENODETHEEMED Web 4 FTEEMIZRRTEDLSICTHHE
DHYFET, ETIADEUILENAESINZRIT HICIE, EORREFERATIMLENHY £IH7?
A COETILTRH BEZT7yIO—FLEz2a—H—0 i ! (H 10,000 F B R TS5
B.TOHEFIATZLHLEFALET,

B.ZDETINE VUV IHTRAELERLARDH DY) v I RA FEIE®D 97.5% Z=FEIL
F9,

C.CDETIE. 7y TA—FEINTHS 0 BUNDOKRBEBETAESINERIAZDH D
EE®D 95% = FRILET,

D. B 7 H#% & 30 HEORBEBRINI-E 2 —HOBOET Y VEBE R0 IZHFELL Y
F9,

Answer: C (A —vt—U%5&9)

https://developers.google.com/machine-learning/problem-framing/framing#quantify-it

= HTEIRE: 66

Compute Engine LM GPU ##EH LI-(RBT > U #EAL T BEDERICHFET HBAF ID D
A4 TH#FRTH5a0E2—323—EPaY ETILEMN—ZUTFTRENHYET, RD/NS
A—REFERALET,

** T T4 A4 H—:SGD

X BRIk =224%224

*INYyFH A X =64

*TRvY =10

*E=2

fL—=U59HBIZROIS—HFEE LFEFJ: ResourceExhaustedError: tensor &Y ¥ TS L=
[CAEUTRZE (oom), HEf=IEfAZ2T HEMN?

AT TT4IAVEEBLET

B.\vFHAXEHLT

C.EERZLEHELFY

D. EROMKEMmNMNLET,

Answer: (& Z &R~ 9 B)

iz
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https://stackoverflow.com/questions/59394947/how-to-fix-resourceexhaustederror-oom-when-
allocating-tensor/59395251#:~:text=00M%20stands%20for%20%220ut%?200f,in%20your
%20Dense%20%2C%20Conv2D%20 L 1 **—

I RE:

FEZ fa%T)lﬂg— fL—=>245LZELT, XD SignatureDef B Y 3,
FRIUJIIRACDELWVWEZEAIEMTTHA?

A. data = json dumps({"signature_name": f,serving_default", "instances": [['a’, 'b'], [c\'d"], ['e\ T] ]})
B. data = json dumps({"signature_name": "serving_default"! "instances": [['a’, 'b', "c", 'd", 'e', 'f'11})
C. data = json.dumps({"signature_name": "serving_default"\ "instances": [fab’, 'be1, 'cd']]})

D. data = json.dumps({"signature_name": "serving_default, "instances": [['a’, 'b\ 'c'1, [d\ 'e\ T]]})

Answer: (&% &RT9 5)

E#fEIRE: 68

A Machine Learning Specialist is assigned a TensorFlow project using Amazon SageMaker for
training, and needs to continue working for an extended period with no Wi-Fi access.

Which approach should the Specialist use to continue working?

A. Install Python 3 and boto3 on their laptop and continue the code development using that
environment.

B. Download the TensorFlow Docker container used in Amazon SageMaker from GitHub to their
local environment, and use the Amazon SageMaker Python SDK to test the code.

C. Download TensorFlow from tensorflow.org to emulate the TensorFlow kernel in the
SageMaker environment.

D. Download the SageMaker notebook to their local environment, then install Jupyter Notebooks
on their laptop and continue the development in a local notebook.

Answer: A (A —vt—U %&9)

Explanation

RTEIE: 69

Vertex Al ZERALTHRIL ETILERAEL BEOWE|IT—FIZE VW TEHESDFTELS
FBIL 2 B OME RO S S EEOHEBREROELZFALE: KEDFAEZZITMAZ &
HEF L= FY 7 MREIZ Vertex Al Model Monitoring 2R3 2% E T, 3R FEHR/IRIZHNZ
FWEBZTWEY, HLEIAETEIREN?

A EZRYUTICHKEE L HEREEZERALET  EREEDOELZT 94 LML Y LESERELE
9,

B. SR ADOHEEFFRALEST , PRIV TY I LT7HEZXEOLYE 1 ICIEMEICERELET,
C.EMRKiZzERAT L EREEDELZT IAIL ML YLECERELET,

D. ¥ ELHBERMZERICERALET, FAY LTI L—FDEEXZ 1 &Y H 01T
EICEEELEFT,

Answer: (fRAZEZ%RTT B)
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FTEIRE: 70

HET-IXBITICESHTEY AETAREDI=HODSVFL T+ LA N ETILEEBELTLE
4T, bSO a3 EELTRAEYRDHY TDI3E 1% BNFETHIEFEINTLE
T, EDT— I EMBINDERDON T+ —T U RZRALIELAEEENH Y FTH?
AFRERLSUHILavHF10RA—N—B2TYLGLET,

B. T—4 % TFRecord [CE&FAHFT,
C.IRTOATIVHBETIVRY h T va—TAVJEERLET,

D. IR TOHMERHZE ZERILLFT,

Answer: A (A —vt—U%5%9)

TR 71

You have trained a DNN regressor with TensorFlow to predict housing prices using a set of
predictive features. Your default precision is tf.float64, and you use a standard TensorFlow
estimator; estimator =

tf.estimator.DNNRegressor( feature_columns=[YOUR_LIST_OF_FEATURES], hidden_units-
[1024, 512, 256], dropout=None) Your model performs well, but Just before deploying it to
production, you discover that your current serving latency is 10ms @ 90 percentile and you
currently serve on CPUs. Your production requirements expect a model latency of 8ms @ 90
percentile. You are willing to accept a small decrease in performance in order to reach the latency
requirement Therefore your plan is to improve latency while evaluating how much the model's
prediction decreases. What should you first try to quickly lower the serving latency?

A. Increase the dropout rate to 0.8 in_PREDICT mode by adjusting the TensorFlow Serving
parameters

B. Increase the dropout rate to 0.8 and retrain your model.

C. Switch from CPU to GPU serving

D. Apply quantization to your SavedModel by reducing the floating point precision to tf.float16.
Answer: (&% &RT~9 5)

* Quantization is a technique that reduces the numerical precision of the weights and activations
of a neural network, which can improve the inference speed and reduce the memory footprint of
the model1.

* Reducing the floating point precision from tf.float64 to tf.float16 can potentially halve the latency
and memory usage of the model, while having minimal impact on the accuracy?2.
*ELELNE—RFTHLRAYT 7O RERZ0SITEOLTEH LATUVICEEELETEAN E
TIVDINT =X ANKIBITIET T HABEMELHYET, FAYTT7H I BFEEZH T
OIZkL—=2JFIZazy rESUALIZFOY T4 HEEMEFETH ST,
*CPUMD GPUH—EXRICHIYEZDE N— RO T7HREETILOEH ST C TGEEN
WESINDIGEELRESNGMGEELHY FI A, BEACEMDIR FEEHEAKLET AR
HtHYFES4
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EHfERE: 72

You are working on a Neural Network-based project. The dataset provided to you has columns
with different ranges. While preparing the data for model training, you discover that gradient
optimization is having difficulty moving weights to a good solution. What should you do?

A. Use feature construction to combine the strongest features.

B. Improve the data cleaning step by removing features with missing values.

C. Use the representation transformation (normalization) technique.

D. Change the partitioning step to reduce the dimension of the test set and have a larger training
set.

Answer: (fAZE%RTT 5)

EFTEIRE: 73
Compute Engine £D GPU & L= RBI L U2 FRAL T BEDERICHEET SBUAF ID D
A4 TH#FRTH5a0E2—32—EDaY ETILEMN—ZUTFTRENHYET, RD/NS
A—REFERALET,
*F T T 44— SGD
X BfR 24K =224%224
*INYFHA X =64
IRyY =10
*E=2
fL—=29HBIZROIS—HAFEE LFEFJ: ResourceExhaustedError: tensor ZE|Y ¥ T L=
[CAEYFE (oom), HIET=IEfAET HREMN?
A BRORKREHEDMLET,
B.ATTARAYEEELET
C.N\YFHAXERFHLT
D. ZBXZLET D
Answer: B (A —vyt—T%EY)

AT RE:

&37&7‘—(?&3—:_ BI 2= (POC) FBEEBETILEERLE L, 2B 7 —FT I F vIZIEHE

2 L/Clﬁi?’?ﬁ\ Ly ( DNDNAIN—INFTA—FDEZRET DLELNHY T, Vertex Al T/

'flﬁ—/f%)‘—’ﬂ?ﬂ”’é}%ﬁ LT . ETILCTHERIND D TIEHEEEDEYTIEDOAAHRT E
BHEFEEOMAZTRELEZVWEEATVET ROBEEERLET,

iE&JL}/'*T’r A3 vDHEE . #4 T% INTEGER [ZE%E L . minValue [E 16, maxValue |& 64

[CEEELET,

PERIZDNTIE, 24 T% DOUBLE [Z8%%E L . minValue % 10e-05_maxValue % 10e-02 [Z5%

ELFET,

TIAILRDRA RARELF2—=2F 7TV XLEFERALTEY ETILOREEZKIEEL

FWEEBZTWET, FL—ZVJERIEBETIEDY FEA, BNAIN—INTA =2 DA

IN—INS A—B R —1) 45 & maxParallelTrials ZEND &K S ITEEITNIELLTL £ 55?2
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A HBOAHT 4 #2323 2IZ(E UNIT_LOG_SCALE % %E (2 (£ UNIT_LINEAR_SCALE % .
DSEOMHFHTICIXERALET,

B. #B#AHT 4 A < 3 2121 UNIT_LINEAR _SCALE_ 2E (2 UNIT_LOG_SCALE. #
DAFATICIEFERLET,

C.HBHAHT 4 A>3 »IZ(% UNIT_LOG_SCALE. %F#(Z (% UNIT LINEAR SCALE._ & &
UMD FIHITIZ[E UNIT LINEAR SCALE @B LET,

D. HB&AHT 4 A S 3 2IZ(% UNIT_LINEAR_SCALE_ 2T (2 (% UNIT_LOG _SCALE, &
UL OIEFIFITIZ(E UNIT_LOG_SCALE 2R LET,

Answer: B (A —vt—C %)
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BHFEBARD Y YA NI EROT—EYAIVTA AN/ — TV IIZT7OERAL ET
LWErL—=VF L ITUFRRAY ETTBATESESIZ Amazon SageMaker Z#ERL L T
WET , BEDBRANRIA—IVRAZHERTBIZIE ARy YR M HEENETILET IO
19 5E, TI0OA Stz SageMaker T KR4 > @D GPU & CPU OERZE LUV
FRAY POV LBFICERINSITRTOIS—ZEBHTELILENHY FT,
CDIERZ BT S5 Amazon SageMaker A SN TNBADFEDH—ERTIM? (2
DEEUVLCIZELY,)

A. AWS CloudTrail

B. AWS NJL R

C. AWS Trusted Advisor

D. Amazon CloudWatch

E. AWS % E

Answer: (& &R 9 B)

$iBA/ZHE: hitps://aws.amazon.com/sagemaker/fags/

ExFEIRE: 76

HETIE JREML ET—F2 DT —% O0— K% Google Cloud 128173 % Z & #iRE L = KiR#E
HEBTEOWTWET T2 T o070 F—LAIX #EE&EET—42 % Avro 2R T Cloud
Storage /N7y MZI OV RAR—FLELE, #EETL HEZERL MLETILNAF DS A
UFRBICERT AMEEERRA NT ARV JO0—2RETIDENHYET /NM TSAVIFE
DESIZERITNIELNTL &£ 552

A. Avro 7 7 1 JL% BigQuery [CERYAA THMEEITLFE T, Dataflow /31 TS5 4 U &FERALT
HEEERL 4254 oFRDT=85HIC Vertex Al Feature Store IZIRTEL E T,

B. Avro 7 7 14 JL % Cloud Spanner I[IZE Y AA THHTEEITLE 9, Dataflow /3 TS5 1 U %&fE
BALTHEREFERLET . A>T 4 o FBID =8I Vertex Al Feature Store IZIRTFEL E T,
C.Avro 7 7 1 JL % BigQuery [CEYAA THHTZEEITLET ,BigQuery SQL A L THE %
ERL A 254 oFRAIZHD BigQuery T—IILIZRELE T,

D. Avro 7 7 1/ JL % Cloud Spanner [CE Y AA TR EEITLE T, Dataflow /31 TS5 A V& {F
FALTHEZERL, . 254 o FRDO-HICZ BigQuery ITIRFLET,
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Answer: A (A —vyt—T%EY)

H%h7%: Professional-Machine-Learning-Engineer I 8% (X GoShiken.com MR Enf-&
# L A23 L\ Professional-Machine-Learning-Engineer HXEkRI%E% ! GoShiken.com N &FH D
Professional-Machine-Learning-Engineer 3{ 52 &E Z {2t L TLVE T, GoShiken.com
Professional-Machine-Learning-Engineer :RERIBIERFT T, BENERTIIVET , XFD
GoShiken.com Professional-Machine-Learning-Engineer BRBE %45 Y 3T B AIE T B 5
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RFTEIRE: 77

T3 YA IR F—LRF A7 V2a—LENEETIOBIL—ZV T 5 Y R— T EHVXT
I Docker AT+ — BLUFAUSAUFRIIIRNDEFHRyY—) U F LEREYR—F

$THEY—EREZVIIRAMLELE, COVRTLIZREDT Y b ITA—LaVviR—RU M E
BIRTLILENHY FTITH?

A. Vertex Al /XA TS5A 2V EA TS5y b T+—LFH

B. Cloud Composer, BigQuery ML & U Al T35 v 7+ —LDF A

C. Cloud Composer, AR % Ls O > TF Z{EF L 1= Al Platform Training, App Engine

D. Vertex Al /31 TS 4 > & App Engine

Answer: A (A —vt—T#ET)

EHTfEIRE: 78
ATTVANANEREELT 2y FEERALTMLETLERAELTVES, T—20%F
NENL—Z=VT Y RETRAMEY MISUFLIZREILEL:, FL—=2F €Y FAD
ATITVERICTO Ry b I oa—Ta V0 %ERALEE. TR MY AL 1D2OATTY
EHNAREZELTWEHIEDADONYEL, HAIEMETLIREN?

A FL—=25 Yy MZT70% TR Y FZ30% 2FRALT . T—23 5% 3 LICEERAL
FY,

B.7X by FCARAN—RRBZFAHALET
C.TARNT—AADATIVERIZO KRy F Toa—To U &EALET,

D. T RTOATINERTEILIZZELDT—2FRELET

Answer: C (A —vyt—T%EY)

TAL Y FAOREZELTWAATI)ERIZHLT H-HODREDA T avIE, TA L 7—
AADATIVERIZTURY F Toa—FT4 0T #8ATHILETT , COF T3 VITIER
DFELHY FT,

*DURY b I A—T AV TEATIVEREETILCHEICNEBTES/N\1F 1) XY bLIC
T 5= MLETILOT—EAEXO—EHEEBRENRIESNET , TR T—2RADHT
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JUERICOVRY F Toa—T4 U0 %@ATHE. TAN T—2RNOREBOHEIEFZ
L—=2 T—3 ¢S ETLFRICBTA2IS5—0OF—HBERBTEET,

*JURY F I AT OTEATIVERDEZ ONDES L ICEBDOEFHEEIER L EE
DEIZH ST B4HHIE1 ZEY B TEEH MLETILOT—2DEREBEESEARIEFSINE
T EH EYIZ0, TR T—2RADATIVERIZVDURY b Toa—To VI &ERT S
EATIVEHORDEGREEERZHREFL T —2DEROEAZTRMTEET,

AT a Vi, ROEBEALILLGHEYRETIEHY FHA,

*FATOa A T—EERL—Z0T Y MZT0% . TAM Y RZ30% ELTSUALIZE
BT HE SOBRIEMIEVRIDELEST, COATLa TR T—2EZBE YV I
LTHEITH2BENHY EEITHELIINDEAEENHY ET, 012, ZDF T3 VI,
T—E9HDS U LEICKET DO RELTWAATIVERELTAN £y FMZEET S
CEEFRIELAVWGELRABHYET, SHIC. 20X TVavId ETIANTOML—Z205 2y k
NoFBE LT —20RFMEONE— Va2 ERIT AN HEH-HOH MLETILOREEEMHE
[CHBEH5Z5TREMNHY T,

*ATLIa VB TR Y FTRNA—XRBZFEATH L EBMOA—/1N—~y FEFEMELE
CEd,

DA T AT, TAN Y MHOATITVERHRER/N—R R MNUIZEBRT IBHELD
DEFT RN R MLERF FEAEDENEOTHY ETOLSNDEREDA VT VI REIE
DHERMT DY FILTT,

FEL . BETILTIEAANT AN L—=0T T—RERILERERTEHEODIEEZBELTH
Y. OoRy b Toa—T4 V0 EFERTEHEH TR Y FTORN—IAREOFERAIL ML
ETFILERBRENGZOATREEAHYET, ESIC. TAM Y FTAN—RRRZFEATIE X
IN—A R MLERBESSUVNET H-OICEBNOFEEAT)ADLEIZHS=6H EMEL
(FRT—F TILTIHBEWATEESELAHY T,
*FToarvDITRTOATIVERTIVEZELDT—2ZNETDH L EMDIR b EEED
EELET , COATLIaVTRRELTVWAATIVEHZELEILICTZLDT—2FNE
LTSRILEMITEIDLENSHY  aR EBBLIINDAREELAHY FT, S5, T—F2 V—2R
PECRKRALDMRBIZE>TIE RELTWSATIVEHLFATELRLVLD, TR T—42IC
BLE LA WATREEA H D=, CDA T 3 VIEERTAARFELEIVETHWNGELHY FT,

xFTEE: 79

HEF=IFINFTHIZEHHTULET, Vertex Al IZIX 3 DDERLGBEHNODFTET—22ELE
BIn=-ZBERAT—42ty BB YET , 7—2 Y X [EHBEORFT2I A LRAZVTHE
DL OO DHEHEINEENTVET , ZDT—22FAL T HELGA—T o355 LUVES
DFELFRZETSIETILEML—ZVILEEVWEEZTWES, FL—=20F BREE. BEUTX
ftEy FOBTT—2 %08 2RENHYET , T—2Z2RETBHICIEEDLS BT TO—F
ZERTIBENHY FTITH?

A. Vertex Al FEIREIZFRAL A M T7E¥EEEZFEALTREEY FMZ1 DDA T Z#EYHTE
9,



B. Vertex Al DT 74 bDT—E2HENZFERALET,

C.Vertex Al ERINDENZFERAL BTSN LRB Y THEEE A LNFTILELTHRELET,
D. Vertex Al S VA LRE|ZFALT TD70% & bL—=24 &y MZEIY BT 10% ZRIE
Ty MIEIYHETET,

TAMEY FD 20%,

Answer: B (A —vyt—T%EY)

3DONELBEHNODFTET—2%F2E8L Vertex Al DEEBESNEEBRT—42ty FEFERAL
T hL—=VT . TR Y FEITT—22RET5-ODREDA T 3 UIE Vertex
AIDTIH+I s T—2 08 %FEHATHZ LT,

CDFTLavEFERTDE Vertex AIDIRT—E L VTS HETFRALT T2 %/8—t Y
T—UT3ID20DtY FMIBEMN DT VA LIZHEITEET, Vertex Al IE, Google Cloud £ T#
WEEV) 21— avEBESLUTIOATELOOMET S Y b T+ —LTT, Vertex Al
(X EBEFE. ODX T4 vV EIR KEEI SRR YT THIRBHE. T4—7F =2—37
WAy RI—=9 L E SFESEFLEIATOETILEYR— bTEET, Vertex Al [T, T—2 27,
ETILEE ETIVER ETLER ETILANFTUORADEHDSIEFISFLRY—ILEY—ERE
RETEFET . TIAIL DT —E2DEFE Vertex Al IZE > TIRIESNBZT—20EHETH

Y A—HF—DAHCEREIVEHYFEFRA  TIANLLDT—E2REX SUEFLYLTYLT
FEEFERALTT—42%L—=0Y BRE. TR Y MZREIL T2 OEENA—tEVT—
DEREYMIBEIYHETHADIZRIBEST . T4 L MO T—2REET—2 208 TO X %5
FETEHDIZRILL (FEAEDBRIZS THEELET,

fo—=2 T Y MI ETLECL—ZVT L ETILNSGA—F—%RAESTLH-OIZFERS
nNBET—32DHY Ty bTT, bL—=2F 2y I AABEEEI—5 Y FEHORDOERZE
FEL.ETILDONIA—I VR EREILTIDICRIBET Ry ME, ETILERIEL
ETFILDNAIN—INSG A —E —FRABST H-OICFERENLZ T2 Tty FTT BRIty
ME BIZRZAHEWT—R(IZ/HTEBIETILONITA—I RAZHEL BEEESF-(EE/MEES
ZEWTEDICHRILET . TAMEY I ETILOTFRAMIFERAINEZT—2DY TEY b
ThY  ZEMATHEEEEZRELET . TR N EY ME HLOLWT—2IZHT HETILON
TA—TVREZFHEL, ETILORLBENZBRIET H5DITHILEET, Vertex AlDT T 4L k+
T—AREEERTEE . SVFL YT VI AEEFERLTCT—2% b—=2 T BREE. T
Abty FMZIREIL ROBEDT—2%&Ey MIBIYETHIENTEFET,

AT a Vg, ROBARIZEKY AT arBIEEBATLEEA,

*A T a2 A Vertex Al FEIRE|ZFRAL XA MNT7REEZFARALTEEY FMZ1 DR T
FEYUTEHE TR ERRUENTVRADEN=EY MZREITEFT T5—ONT+—7
DADEBETHFEEST LA HY FT, FEHEIE, m_use TRILFELFT—2 710 L2—H
FFERALT T—3%ty MIRBIT 55 EEHETE LT —2REAETT , FEHHEIE, 7—
AREODY Y ENREIIARL ERET AR EFLILEZEDT 2B ELET 501
BRIAHLFET EABHEERX . FLT 22 WNELZEHOBAEZRIEHEE T, EHAMEEIL,
T—ADY—RAEHEL ERHIEITT—3FTIL—TTIDICRILET, =12 L Vertex Al
DFERENZFRAL A M7 REEEZFERALTEEY FMI1 DDA MNP ZFEIVHTEE T4
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ERROGNSZVAOENf-EY MIHBEITEST IT53—ONTH—T UV RADETHIELET ST
BRMEADHYFET  E<BENHYET

*O—FZEEBL mli_use INILERIET—F T4 L3 —RKEERLTERL £y FTEIT
DDRARF7ZEYLETEST, SHIC, DA TLarvTE EEY FOT—E08T—42 1ty F2IK
DT—R2ERLAMEREZR/R O ENMRESNG NSO T2 D—BHWGE/NNZ—2FFET
EHLBRY  ETIVITREY OSEMNECHAREMENH Y £52,

*A T3 CVertex Al BRRINDENEFERAL  BRFTE M LRE U THEEERHEZHE LTERE
THE. TR ERKGNZVRADENT-EY MIRETEST I53—PNTH+—T UV RADIE
THARET HAEEMAHY FT  BRINSENE, T—2DIEFICEOIVTT—2%ty MIHE
TEAET—3NEAETT FRINZHDETDE, T2 OHEMGKFEREIEFZHREFL,
T—ARBEHCIENTEFT RFEFI M LRF LV THEEF RET—2NRESN-BIFZ
RYEETT  BRFER A LRZ U THEEE BEORBICHES T—2DELLIERZEEBHL  T—
SDEFEMLEERAMZTIEET SDITRILLFT, =1L Vertex Al BRI DB ZERA L BR5EH
A LR THEZHEERE LTEETSE . T2 ERKULGNTVRADEN-EY IS
BTEST IT7—ONTA—IVRADETHIHEET HAREEIHY FT, 20— FERHBR L FHFEE
HEERLTHEAL KEZROIEFTT—2 2285 EL’HYET, S0l 20AF T3
VTR . BEY DTN T—2ty F2AKROT—2 LALLM EREZFE DI ENRIESH
BN, T—30—BHGNEI—VFZFETELGLGY ETIVIZRERY PN E L SATREM
NdHYEFS,

* Option D: Using Vertex Al random split, assigning 70% of the rows to the training set, 10% to
the validation set, and 20% to the test set would not allow you to use the default data splitmethod
that is provided by Vertex Al, and could increase the complexity and cost of the data split
process. A random split is a data split method that allows you to split your data into sets by using
a random sampling method, and assign a custom percentage of the data to each set. A random
split can help you split your data into representative and balanced sets, and avoid data leakage.
However, using Vertex Al random split, assigning 70% of the rows to the training set, 10% to the
validation set, and 20% to the test set would not allow you to use the default data split method
that is provided by Vertex Al, and could increase the complexity and cost of the data split
process. You would need to write code, create and configure the random split method, and assign
the custom percentages to each set. Moreover, this option would not use the default data split
method that is provided by Vertex Al, which can simplify the data split process, and works well in
most cases1.

References:

* About data splits for AutoML models | Vertex Al | Google Cloud

* Manual split for unstructured data

* Mathematical split

HTfEIRE: 80
Google Cloud TT4—7 Za—3J)IL Ry bT—9 EFIEL—=UFJLFELE, ETILIER
L—=29 TR THEERNDLEVTIN BT -2 TRHNAT+—T U ANELLGYFET,E



TICIEBZEICHT DHEER-EILEAHBY TS  ETLEBIL—ZVITHEEICE
DEHBEFERTILENHY TITH?
AANTSYFTr—LTNANR—RFA—FRABDITERTLT L2 EANL/RSA—R LR
Oy F79 b NSA-—2ERBILLET,

B.AI T3y b4 —LTNAN—NFA—SRABD 3 TERTLTEEXRERKBELL, —2—0O
COBE 2 EISEOLET,

C.12DIEAHE/NFA—52 04 ZERL FERZ 107D 1 ICTIFFET,

D. FAYT7Ir NRSA—2 02 2BAL FEXL 105D 1ISHISEET,

Answer: (&% &R~ T B)

ExFTiERE: 81

ENAIILFRY FT—HFEEE(X _Amazon Athena & Amazon S3 ZFAL TEEDEFZHMH
FURBILT D-ODRH TSV b T+ —LEBELTVET,

V=R VATLIF T—43% CSVERATYTILEALIZEELEFT . T2 T 002705
F—LlE, T—42 % Amazon S3 IZ{R7ET B HillZ Apache Parquet XK ICE# L -V EZ TULVE
9,

EEICRLIFALIINSHENY Y a—2 3 U EENTTH?

A. Amazon EC2 4 >~ X4 > X T Apache Kafka Streams Z#{#H L T .CSV T—42 ZH YA

# . Kafka Connect S3 #{#H L TT—42 % Parquet E LT U7 ILIELFET,

B. Amazon Kinesis Data Streams /5 .CSV T—4 #H Y ;A# Amazon Glue #EFRAL TT—4
% Parquet [ZE#LET,

C. Amazon EMR 4 5 X 2% —T Apache Spark Structured Streaming Z{#A L T .CSV T—4 £
L) jA# ., Apache Spark #{#f L TT—4 % Parquet ICTEM L F T,

D. Amazon Kinesis Data Streams /5 .CSV T—4 ZH Y iA# Amazon Kinesis Data Firehose
ZFERALTT—4 % Parquet [(CE#LZET,

Answer: B (A —vyt—T#ET)

SRER/SHE:

ExFTERE: 82

XA TAICHRLGEEOBREBT AR Y YR MI, ETIV FL—ZVFHOT—52 1Y b
FEBLTVET, T—%t Y MME Amazon S3 IZRESH BEAZEHETES1ER (PI) NEE
hTwhxEd,

T—R2tv bk

*VPC Vo DHT I ERATEZRLELAHY FT,

*NEDSEA—2Y FEBBLTIEGEY FHA,
NODEHIZEDESIZHEENDIDTL L5H?

A.VPC TV FRRA Y FEERL BESNI=VPC TV RKRA2 FEVPCADT Y X EHIR
TENTY FTHOEAR)—FFERALET,
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B.VPC IV RSV KL BESNIZVPC IV RRA 2 & AmazonEC2 4 VR A2 Y
ADSDT I REHATE2NTr Y TR R)—F#FRALET,

CVPCIVRARA U FEHEKL Ry FI—0 7OEX a2 bA—)L YR (NACL) ZERAL
T HESNIZVPC I RKRSA 2 bE AMazonEC2 4 VA B VD ADBD CS5 74 v DHEEF
ALET,

D.VPC TV RRAV FEERL, X2 Ta JI—T2FERALT EESNI-VPC TV FR
42 b& AmazonEC2 1 VR B VAANDT VA EHIBLET,

Answer: B (A —yt—T#ET)

SRBA/SER: https://docs.aws.amazon.com/AmazonS3/latest/dev/example-bucket-policies-vpc-
endpoint.html

= HTREIRE: 83

H7it=1% TensorFlow 7 L— LT —Y #FAL CTREMDEBREEETILEEET 5F—LTH
WTWEYT, F—LRBEEHO ML ZEERZETL TS EBROETEZEHNT S &R
[ZHE2TWET , A—/N\—A~Ay F O— FZH&/PMRICHNZ A 5 Google Cloud ETEITEN S
ML EERE SN RMIZEBE, AItRE. T/1\V I T 20D > TNET7 TO—FHIBETYT, EDL
JNTEDHEBIRETL &£ 5M?

A. 3517 7 1 L% BigQuery T—JILIZCE ZFIAA THRHFT 5 & 512 Cloud Function #E&%E L
¥, AL D =% TensorBoard # A—HJLTHRR b9 % & 512 Google Cloud VM ##&/k L £
9,

B. Vertex Al Workbench / — F 799 A VARV REwY b7y TLET A VRAE VR EFER
L TH548T—4 % Cloud Storage /\7 v FMZREFL  AIHRIED =8I TensorBoard # A —# /LI
RRAMLET,

C. * YR T74)L% Cloud Storage /N7y FMZEZFAATHRET 512D Cloud Function
ZRELEFT, AIRIEDT=5HIZ TensorBoard # A—HJLTHRR k9 5 & 512 Google Cloud VM
EHEELET,

D. * FY O REINT A =R —%BIT B8 Vertex Al Experiments v 7y T LET,
HEIEDT-6IZ Vertex Al TensorBoard &R L £ 3,

Answer: D (A —vyt—T%EY)

= #TfERE: 84

You need to design a customized deep neural network in Keras that will predict customer
purchases based on their purchase history. You want to explore model performance using
multiple model architectures, store training data, and be able to compare the evaluation metrics in
the same dashboard. What should you do?

A. Create multiple models using AutoML Tables

B. Create an experiment in Kubeflow Pipelines to organize multiple runs

C. Automate multiple training runs using Cloud Composer

D. Run multiple training jobs on Al Platform with similar job names

Answer: D (A —vyt—T%EY)
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HEIFBITTHOTVWEST, O—VRBEOREEZYR— M HERYRY ETILEHRKET I
ENH B TensorFlow D=2 —3F )L 2y b T—Y EFRALTETILEERET L EEZRET D
MABHICEY  TOBBEICE DV TETILOFAUZHATETLILENH D ETIANT IO E
NEEEFL ETIONITA—IUREHEOBBEEBHICERLIZVWEEZATVWET ,ET
ILOBFEETTAA AL FOMAIZ Vertex Al ZEAT S &ICLELE, ESTIELNTT
m?

A. B> 71 o5& ht- Shapley i T Vertex Explainable Al Z{B L Vertex Al ETIL E=4 1)
VIEREMILTIA—FyRmDOE) I rEFI VI LET,

B. 4> 71 >4 &hi- Shapley ;=T Vertex Explainable Al Z{#H L  Vertex Al ETJ)L =42 1)
DOERMMILTCITA—F¥DHDAF21—%Fzv I LET,

C. XRAI * Y v KT Vertex Explainable Al Z{ER L  Vertex Al ETIL E=2 Y5 F%HHMIZLT
T4—F¥DHDRF) I bEFVvILET,

D. XRAI A Vv KT Vertex Explainable Al #{ERA L Vertex Al ETIL E=2 ) T %F ML T
T4—FPHDAX1—%2FzvILET,

Answer: (&% &RT9 5)

RAEHZELZL RBICHOESTERTEAERAV R ETILERAKT HICIE ROFIEICH
SWHENHYET,

*H o J1) 5 E Nt Shapley * /v KT Vertex Explainable Al Z{#f L &3, Vertex
Explainable Al (3, #HZEBETIILOFEEEZIRET S5V —EXTHY  FREAFAICED L
SIZHEETAINEEMBTIDICRILETI, YT 5 iz Shapley (&I, TR TORIEEL
BEY Ity MIh5FRIIHT 2R BFHEOBRREEICE DT, B4 H O Shapley {Ex H#HE
THIEMTI2, 2T oItz Shapley ik HFHEOFBEEINRCHEERADRZIRA D
EMNTEDZEZDH, Za2a—FIL XY T 0ZDMDERLGETILIZELTVET3,

*Vertex Al ETIL E=2 Y T AL T BESTORY I bEF vy LET, Vertex Al
Model Monitoring (&, T 704 SNFE-ETILDNRIT+—I R EGBERBIZHE>TERB &
VEETHIDITRIDY—ERTI4, T4 —FvRHAFV I NI ANT 4 —FrOnHdk
L—=20 T—AD0 b KIBIZELT HEEIHKETEHT—F2 RUTPO—ET ETILOREL
EHEEICEEES5ZLAHREIADYET FHENHTOFI I MEFIVvITEHILT ETIL
DBEFL—ZVTPHLWT—RIZLEEHDPDELGHFRERETEET,

SE 3

%1 Vertex Explainable AIAFA | TER Al | F—F LU 59 F

%2 >+ J1) —{& - Wikipedia
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RFTERE: 87

You have developed an application that uses a chain of multiple scikit-learn models to predict the
optimal price for your company's products. The workflow logic is shown in the diagram Members
of your team use the individual models in other solution workflows. You want to deploy this
workflow while ensuring version control for each individual model and the overall workflow Your
application needs to be able to scale down to zero. You want to minimize the compute resource
utilization and the manual effort required to manage this solution. What should you do?

A. Expose each individual model as an endpoint in Vertex Al Endpoints. Create a custom
container endpoint to orchestrate the workflow.



B. Create a custom container endpoint for the workflow that loads each models individual files
Track the versions of each individual model in BigQuery.

C. Expose each individual model as an endpoint in Vertex Al Endpoints. Use Cloud Run to
orchestrate the workflow.

D. Load each model's individual files into Cloud Run Use Cloud Run to orchestrate the workflow
Track the versions of each individual model in BigQuery.

Answer: C (A —vyt—T%EY)

The option C is the most efficient and scalable solution for deploying a machine learning workflow
with multiple models while ensuring version control and minimizing compute resource utilization.
By exposing each model as an endpoint in Vertex Al Endpoints, it allows for easy versioning and
management of individual models. Using Cloud Run to orchestrate the workflow ensures that the
application can scale down to zero, thus minimizing resource utilization when not in use. Cloud
Run is a service that allows you to run stateless containers on a fully managed environment or on
Google Kubernetes Engine. You can use Cloud Run to invoke the endpoints of each model in the
workflow and pass the data between them. You can also use Cloud Run to handle the input and
output of the workflow and provide an HTTP interface for the application.

References:

* Vertex Al Endpoints documentation

* Cloud Run documentation

* Preparing for Google Cloud Certification: Machine Learning Engineer Professional Certificate

#TiEIRE: 88

Your data science team has requested a system that supports scheduled model retraining,
Docker containers, and a service that supports autoscaling and monitoring for online prediction
requests. Which platform components should you choose for this system?

A. Vertex Al Pipelines and App Engine

B. Vertex Al Pipelines, Vertex Al Prediction, and Vertex Al Model Monitoring

C. Cloud Composer, BigQuery ML, and Vertex Al Prediction

D. Cloud Composer, Vertex Al Training with custom containers, and App Engine

Answer: B (A —vyt—T%EY)

* Option A is incorrect because Vertex Al Pipelines and App Engine do not meet all the
requirements of the system. Vertex Al Pipelines is a service that allows you to create, run,
andmanage ML workflows using TensorFlow Extended (TFX) components or custom
components1. App Engine is a service that allows you to build and deploy scalable web
applications using standard or flexible environments2. However, App Engine does not support
Docker containers in the standard environment, and does not provide a dedicated service for
online prediction and monitoring of ML models3.

* Option B is correct because Vertex Al Pipelines, Vertex Al Prediction, and Vertex Al Model
Monitoring meet all the requirements of the system. Vertex Al Prediction is a service that allows
you to deploy and serve ML models for online or batch prediction, with support for autoscaling
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and custom containers4. Vertex Al Model Monitoring is a service that allows you to monitor the
performance and fairness of your deployed models, and get alerts for any issues or anomalies5.
* Option C is incorrect because Cloud Composer, BigQuery ML, and Vertex Al Prediction do not
meet all the requirements of the system. Cloud Composer is a service that allows you to create,
schedule, and

* manage workflows using Apache Airflow. BigQuery ML is a service that allows you to create and
use ML models within BigQuery using SQL queries. However, BigQuery ML does not support
custom containers, and Vertex Al Prediction does not support scheduled model retraining or
model monitoring.

* Option D is incorrect because Cloud Composer, Vertex Al Training with custom containers, and
App Engine do not meet all the requirements of the system. Vertex Al Training is a service that
allows you to train ML models using built-in algorithms or custom containers. However, Vertex Al
Training does not support online prediction or model monitoring, and App Engine does not
support Docker containers in the standard environment or online prediction and monitoring of ML
models3.

References:

* Vertex Al Pipelines overview

* App Engine overview

* Choosing an App Engine environment

* Vertex Al Prediction overview

* Vertex Al Model Monitoring overview

* [Cloud Composer overview]

* [BigQuery ML overview]

* [BigQuery ML limitations]

* [Vertex Al Training overview]
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REAVRAL=ILLET,

D. 1Z# (YRXA2— 1D _"J—Hh— 3 D)Dataproc 7 SR 2 Z1EM L  F DL T Vertex Al
Workbench / — kv 9 4 VD RAVREETLET,

Answer: D (A —vt—U%&9)

HTEIRE: 96

it # L LY Google Cloud 7R ¥ F&4ERL L & L 1=, Cloud Shell i 5 Vertex Al Pipeline
CaJEEETESZEET R ML= Vertex Al Workbench D A—H—&BED/ —+JT vy
ARAAVREFRALT ZTDA VREA VAN LOA—REETLEZVWEEZTWET 1 VR4
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DREERLTEFTLELE, O—FZEBABLFELEZS, SEISERASRS LG IS —TP 3T
NERELET, HLGIEMET LIREN?

A. R L = Workbench 4 > X2 2 XM {#EAF % Vertex Al Pipelines ) V—XDEILY) —2 3
VICHBHETHEREL TS,

B. Vertex Al Workbench 4 > X2 XM {#EHT % Vertex Al Pipeline ) Y —XDEILY TR +
D—J LEICHBH L EHERBLET,

C. Vertex Al Workbench 4 > X 2 > X |Z Identity and Access Management (1AM) Vertex Al User
rote NEIY B THNTWSZ EHZHRELET,

D. Vertex Al Workbench 4 > X % > X [Z Identity and Access Management (1AM) Notebooks
Runner B—)LAEIY B ToN TSI L EMHRALET,

Answer: C (A —vyt—T %K)

Vertex Al Workbench (&, Google Cloud £ T Jupyter / — kT v U #EB L TEITTE5HEH
#I=1% (IDE) T9, Vertex Al Pipelines (% Vertex Al A >/R—R > b Z2FEAL THBFEET—H
JO0—%2ERE L UVBEETESHY—EXTY, Vertex Al Workbench 4 252 > X5 Vertex Al
Pipeline ¥ 3 JZEET HIZIE, Vertex Al Y —XRIZT I RS 5= DEUGERLIDBET
9, Identity and Access Management (IAM) Vertex Al 1—H— O—JLIZ  ETIL TV KKRA >
F XM TSAVDERPTTOA%E Vertex Al Y —ERFFRT 5-OITLELZ/IRDIE
REM59 5FBRIEZEIN-O—)LTT, Vertex Al 1—H— O —)L % Vertex Al Workbench -«
VRAVRIZEIYBTEHIET, AV RE U RIZ Vertex Al Pipeline & 3 F&24(ET 2=H0+%
HIERMNH S & 2R TEF T, Cloud Console_gcloud A% > K54 > wW—JL_ Ft=IE Cloud
IAMAPI Z#RLT 4 YRV RICA—LEZEIYETHIENTEFET  SEER BX

[&. Google Cloud d A= &2 A > k& Vertex Al Workbench  Vertex Al Pipelines 1AM [Z &
THVY—RANLHERTEET,

*Vertex Al J—HORVUF | =IO 59K

*Vertex Al IN\A TSA 2 | =TS F

*Vertex Al D&EN | T —TILO 50K

YYY—RAADT IV EREDORE EE BRYBEL | T—TILIZIF

= HTRERE: 97

T—RAHVAIVR F—LIE, SESFELGRE ETLT7—FTIF Vv NAN—NFA—3—%
RRICEBRTIVENHYFEST, SESEFLEROBEA M)V XZEHL API ZE A L THRE
DEBELEBLICA M) VREV IV T EIRENHYET, FEEEZR/DMRICHNAGHASERZE
Bl ETHICEMEFERAINELNTL £ 5H7?

A. Kubeflow Pipelines R L TEBZETLET A MIIR T7AMILEITY AKR—F

L . Kubeflow Pipelines APl R L T#HEREZV T LET,

B. Al Platform Training £ L TEERZEITLF 7, FHEEEZ BigQuery IZEEA

# . BigQueryAPl 2R L THEHRZIV T U LEFT,

C. Al Platform Training Z{#A L TEBRZE{TLF T, $BEEZE % Cloud Monitoring [CE &34

# . Monitoring APl Z#ER L TRREZ VT LEFT,
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D. Al Platform Notebooks Zf#f L TEEBRZETLFET  HEREHH Google R TL vy Fo— K
T 74 ILIZUNE L Google Sheets APl 2R L CTHEZ T LET

Answer: C (A —vt—T %)

Al Platform Training &, SESEGHBE. ETIL 7—FTIF v NAIN—N\SA—=2 ZFRHL
T.Google Cloud t CHHFZENDEEREETTES5Y—E XTI, Al Platform Training Z{#EH 3
¢ RBRERAT—ILTYITL S L—=25%FRAL _GPU » TPU L EDEBKEN—F
DIFICTIOERTEET,

Cloud Monitoring I%, Google Cloud, AWS, ZDH{iD Y —ZAMB A YU R BY  FL—XFI
ELTHHT S —ERXTT, Cloud Monitoring #fEf3 5& . T—2IZEDVWTH v ak—
F. 75—k LR—bEERTEET2, E=RUVITAPIIE, RIS LTEZRZY VY T—
RISV AL THEETEDLIITTEHMF2—T A XTI3,

Al Platform Training & Cloud Monitoring Y 46 & | FEEXZ R/ RICHIZ LA 5 RER Z B Ef
LT LHR— FTEET, Al Platform Training Python /S5 —2 4 #FAL T EROBEREZE
Cloud Monitoring ICEZAL T EMNTEET, TDH Monitoring APl ZER L THERZI TV
L.SESELHEBEONTA—IT U REZLHETEET, Cloud Console THEZEZHREWRLIZY A
ARAL T aR—FRT7I—bEERLIZYTSHIEHLTEETS, LIzA > T Al Platform
Training & Cloud Monitoring #fER$ 5 &N, COI—Ry—RIZIEFEBELEA T 3> TT,
SE Xk

*Al TSy R ITA—L FL—ZUFDKRFa AR

*OSOREZAYTDRFIADE

*EZAR) Y APl OREE

* Al Platform k L—=2% T® Cloud Monitoring D {#

* FHMETEE DR

EHTREE: 98

You are developing a model to predict whether a failure will occur in a critical machine part. You
have a dataset consisting of a multivariate time series and labels indicating whether the machine
part failed You recently started experimenting with a few different preprocessing and modeling
approaches in a Vertex Al Workbench notebook. You want to log data and track artifacts from
each run. How should you set up your experiments?

A.

B.

C.

D.

Answer: B (A —vyt—T%EY)

BT E: 99
HEE FESKBITEMLTVWAMEA—D—THLTLWEY, AEEEREENHZDOR
feeF vl T HDICECTREIZERT AICE MLETILVEBET IVLENHYFET, LU
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RIERMARENMBEBIETY, THICIXEETEDA Wi-FiAHY FEA, HIE-O=#(E FHLL
MLETILETESEIFTRCERELEVWEZEATVWET , EDETILEFERT HRETIA?

A. AutoML Vision Edge E/\1 ILERE-1ETIL

B. AutoML Vision €7 /L

C. AutoML Vision Edge mobile-low-latency-1 €7 JL

D. AutoML Vision Edge mobile-versatile-1 €7 )L

Answer: B (A —vyt—T#ET)

=HTEIRE: 100

WP E AR v 1) X FE, Amazon SageMaker [CHR A LT ILTY XLEFBALIWEEZT
WET, ARI ¥ 1) X ME Amazon SageMaker [Z& 2 THR— k&t B Docker A > TFIZT

WINVXLERELFET,

Amazon SageMaker Wb L—=UJ ZE LKA TES L SIT, AR ¥ )X ~E Docker 2>~
THFEEDESITNNY =T IDENHY TTH?

A. 3> TFAD bash_profile 77 A IVEEREL bL—=2% TOJ S5 L%ERFHIBT 5 bash a7
vREEMLES,

B. bL—=24 TRYSL%ET4LY bV optmiitrain IO E—LET,

C. bL—=2% 7045 L% ENTRYPOINT L VWS ERID LAV ELTHERLET

D. Dockerfile ® CMD #mZ#ERAL T, bL—=29 OGS LEA A—2O CMD & L TEM
LEd

Answer: D (A —yt—T#ET)

EHTEIRE: 101

TEOEWMEZT AR ¥ 1) X ME TensorFlow #FEA L =ERIIFRETILO FL—=2FERE
FRLESEIRENHYET BRE, FL—=V T EV VI GPUR Y UTRESNTEY 5B
TETICH 23 BMANET, FL—ZVFXBEETIIVENHY FT,
ETILOREIHBHERANTIN Bt bL—=2T T—2 0O 4 XHMEGHIZEMNL ET
LWEBHTRLGLKHRICLICEHTILENHSEFRLTVWET AtEFEL, a—T14 27
DFEAEAVITIZRA SV FYDEEEZR/NMRICHZIZNWEEZTUVET,
FHROFEICEODE TR TEDLSITTH1OIC BHEBEAR Y YX MEIFL—Z=2T Y
)2—2avICHLTRIZETRETL £ 5H?

A. $AH3AH D AWS SageMaker DeepAR ETILDFEAICYIVEZRF T ECKRRBEZEFERT S
FOICBHELZBOI O VIZH LT RL—Z2U 5 #HHE L FET,

B. TensorFlow 3— K% %% L T Amazon SageMaker TH7HR— k &t % Horovod 9887 L— L
J—%RELFT ECRRBEBEEZERTHHICRELGHOIDVICHLTL—=00 %
WHE LET,

C.TensorFlow A— FZZEBE LAGZWLWTL S, hL—= V5 2EFEIET BIZIE K YiRHL
GPU & L=< VIZEBLET,

D. hL—=2%% Amazon EMR IZBEL ECRRABEZERT HE=DITBELHODT I VIC
J—oB—FEDBMLET,
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Answer: B (A —vyt—T%EY)

= HTEIRE: 102

Google Cloud E CHEEILT—2RAD ML /NS TS5 A VEBRBEL-WEEZTWET, HE=(E
PySpark 2R L TABBEL T3 EBRETO>TVEITN NA TS5 VOERTIZ 12 BRELUEN
DOTWVWET BFKEL/NA T4 VORTHMEEMBT HI2IE —/1N—L R Y—)LL SQL X
EHERATAILENDHY T, ET—42I1X9 TIZ Cloud Storage IZBEI SN TULVE T FHE L NED
EHEiE- LA S Google Cloud EI2/8f TS5 A4 U EBETBHICIFESTIIEENTLED
mn?

A. PySpark & SparkSQL ¥ TV IZE#} L TT—2 2 Z#: L Dataproc T/ TS5 4 U EFETL
TT—% % BigQuery IZEZAHAFET,

B. BigQuery Load #{#f L T5—4 % BigQuery [CELY A& PySpark 31 > K% BigQuery
SQL VT JIZEBMLTT— 2 #EHBL TOEBREHFLWOWT—JILICEZTAHFT,

C. T—#% % Cloud SQL [ZERY3AH PySpark I<¥ > KZSQLAY TV IZEMLTT—2 =Tt
L. #HEEIZBigQuery D7z TFL—ary VT YEFERALET,

D. Data Fusion ® GUI R L TE#/NA TS5/ U &HEBEL, T—42 % BigQuery [CEEAHF
9,

Answer: A (A —vt—T %%

R#TfERE: 103

Bzl W RAI—HR—FDBEFA—ILERBETIETILERELTCVWET A2 TL IR
DATLEDINEELT—4 1y FZFEAL T TensorFlow Estimator TETILZERLELT-
N EBINITA—TUREZERT DICIKRAELGT -2y FEFERALTETILENL—Z2T
THOBLELAHY T, ETILH Google Cloud [TREHEL A2V TLIANLITDEADBITER
SIZTBE=HIZ. a—FDUIT7HR3) 0 TEA VTSR I IFYDA—1N\—~y RER/NR
[CHIZF=-WEBZTVWET, HLEEFIAETEIREN?

A. 28k L—=2%'(Z Vertex Al Platform Z{£ER3 %

B. kL—=2%HIZ Dataproc LIZY SR 2 %R LET

C.BERT—) VI %FERALTIR—P R A VREIVA TL—THEKRT S

D. Kubeflow Pipelines Z{#f L T  Google Kubernetes Engine 9 S X2 —T kL—Z=245 L &FE
9,

Answer: A (A —vyt—T%EY)

Al 75 v bk 7+ —LIZIE kubeflow /131 TS5 A4 V3 EFENTWET , ThEFERT 5=H121 >
TSRSV FxEEYy b7y TTEIRLEEHY FHA,D DIFBEIX kubernetes 7 5 X2 — T
DOoVEEY LT YTTEIRELRAHBYET, COBRMIE A VISTRA I IFYDA—1N\—A~y
FE&/NRICHIZ S & SROBTLET,

EHTEIRE: 104
BEEF AVIA Y IUNFTLANY— T—LEERTDENILT—LOREZ— Ty T
XTHOTVWET  &BE, HLEF-OSH T, ¥ —LATRETAZITI TLAv—HEML IX
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BOEEELI—HF— ITHUVXRRYIVADETIZOEA > TR EMNEREINEL, F—L4
Ty AR TRIZCTL—V—DBRETEZLIEZNESIHZRHERT ENA T UREETILEREE
L. AEfTAZT T L—NV—%¢B81t32A9vt—CFMOTRUVATALICEELELE, T
WIETRAFRICEFICEBELE LIz, RIC, ETILERDGHICT IAA T I2RLENHY FF, &
HIEDINBEDIBRERTHOIZ F—L Yy a DRTRICT CIZHEEZREBET LIV ) 21—
DIAVERBLEVWEZEZATWEY, HLEAETEIREMN?

A. T /L% Vertex Al Model Registry [Z4 > 7R— b L E£9, Vertex Batch Prediction 4+—E X #{&
RALT Ny FH#HRmIITEETLET,

B. EFJL 774 JL% Cloud Storage /X7y MZBRELET, ETIL 774 L EHEAHTRY _Cloud
Function ETH Y54 UH#iw') U T X k%475 Cloud Function Z/ERL L £ 9,
CETLI7AILEVMIZRELET , FRAVIZIRAMSHS-UICETIL I7A4I)LEO— K
L.VM ETH®maI&#ETLET,

D. E7/)L% Vertex Al ETIL LR RYIZAVR—bLET, ETILERRA TS Vertex Al T
VRRAVNEERL AT R VIR MEERLET,

Answer: D (A —vyt—T%EY)

AT UHRT B—FEOROFRAY VIR FEEFILICEEL BEBICHEEESBS SO
RTINS 4 VHRE A 2534 2 F—LATOFRETEDRERE 24 L) —HFHHN
WMEGOFTIVFITELTWES AU VHRTIR. ETILAI Y FRA U MITTAMEN
BENHYFET IVRRAV I FRIVI IR MDY —EXR URL 21RETH ) V—RXTT
2,

Vertex Al Model Registry [ ML ETILDSA ZH A VI EEBTESHRYKRD K1) TII, AH
ABLETILOAUOML ETIUGE SETFLY—ANLETILEA VR—FL ELRSH/N\—
TAVRIAYTFTRICEIYVETEHEIENTEEII A VTFM4 UFARADY—ERX URL ZiH#
B)VY)—RTHAIVRRAVMIETILETIOATEHIELTEET2,

ETIL%E Vertex Al ETIL LR MYIZA UR— b9 5L Vertex Al BEZFIAL CTETILEEE
WP LIUEFTEZE T3, Vertex Al Experiments T 5¢ RBE RBE BEE AUCKHE &
FIFELETILN=23 004 )Y REEBBE L ULLETEFET, Vertex Al Explainable Al &
FRLT EADTA—FrDRETILOFACEDEERTEL-AERT 74 —FrEHEZER
TEHIELTEET,

ETIERR T 5 Vertex Al T RiR4 > b ZEERT 5 & Vertex Al Prediction —E X #1{#
FALTAHYSA VR VTR FENETEEIT2, Vertex Al Prediction [, R4 —F5EY T4,
EHEME. EXa2) T OJLBEDSIEIFLMAAZRM L FT2, Vertex Al API F7=(F Google
Cloud AV —ILZFERLT A3 VHERIIVIRAMEIY RRA U MTEEL BIEIZHEE
FM/TEETAS,

Li=M>T PFUFICHREEA T 3 VI&, ETIL%E Vertex Al Model Registry [Z24 > FR— b
L.ETILERR LTS Vertex Al T FARA > bEERL AoSAVHBYIIRNEITSC
ETY,
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AT aviE Ny FFADERAPLETIL 774 IILOERDFRAHAHLEDENESFEFIRE
LABWLD, KYEBKDRAREA VT FUORDFALRBE L7155 Vertex Al Prediction ZfER L ALY
fzh DFUFICIFTBELTOWEREA, 7T FEEHO VM OERKG E,

SEXHk:

*FUSAVFRENYFFR|TERA | T—=TILITOR
*ETFIEIVRKRAVMITTIAA4TE|BRA | T—FTILE5H K

*Vertex Al ETIL LR RNYDRBN | T—T WIS K

A USAUFRERE | TERA | T—=TILIS5DFK

#[EIE: 105

HE-DEBOI—ILE 2 —D050 RBBEICEBITIBEEDODREEZNMITIETILERET D&
SIkESINFELE, O—I/ILE 2 —I2IFEE 100 AE#B A 5BELILMNY T—2 (X Cloud
Storage IZRFESINFET WMESN TR ETEEIRKE S MEIASHTE LT BEAZE
ETELEHR PN 2RFFLEDHITSIIELEETEFRA, T—F YA IR F—LIE, SQL
ANSI-2011 DA VB3 —T A REBBEETHIRRBIELET IV EEXAADY—F/IN—TFT4 Y—)L
FHATCWET , T—2LBELUAMTRAOIVR—R Y FEERTLIVELSHYET, 7T—42
NATSAVNIEEDESIZHREFTTRETLLSH?

A.1=F—%270—_2=_Cloud SQL

B.1=Pub/Sub 2=7T—%2X+7

C.1=5—470—_2=BigQuery

D. 1 = Cloud Function_ 2 = Cloud SQL

Answer: (&% &RT~9 5)

Ex$TfEIRE: 106

HET-IXBEESHO Al F—LTEULTHY  TensorFlow & Keras #{EH L THREMXRMEH
ETILERELTWET , ETILDNITA—I VR EFBLESERICIE EHB LIIVS avk
SR ARG EOBEBILE#EZHAATBENHY ET, CAoDBEHEE FL—=2T Ny
FIZSUALIZERALEST . RTBEAVEL—T A VT UY—RADFEREEEELTT—42 A0
BN TS5AVERBIELEZVWEEZTWEYT, HEIEMET EIREN?

A. HiREEE % tf.Data /N1 TS5 A4 VIZEMIZIEBEHAHFT,

B.Keras Pz A L—42—D—& & L CHLRBEM ZEBIRNICIEEHAH T T,

C.Dataflow ZFEAL T FA NS IT X TODILKREZEM L, TFRecord & LTRFELET,

D. Dataflow AL T, FL—=VFDETIEITHEZERIC/ER L, TFRecord & LTX
T—IUILET,

Answer: A (A —vyt—T%FEY)

ETHSLVIVEa—Ts 2T VY—XROFEARRICALTT—20E/\1 T34 U E&EILE
TEHEEODREBDA T 3 Ik ViR % tf.Data /34 TS5 4 VICEIMIZIEHRAL I ETY, &
DT avIZERODFENHY FT,
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*T—ROEBMIE—ZERLEYRELEZYTEIELHL Ao IS4 TT—2 LR EET
TEFET, ZNIZKY R FL—PRENEFHNSIN, T2 EGEBFRINERINET,

* ff. Data APl DA FIMEE /R T+ —<T U R EERA L MO CPU a7 F 11 GPU F/31 X £
LT IRBEBEEHOT—2 /Ny FICHF THERMISERTE E T, tf.Data API [T, 7—2 A
HEEZRLIE GFERBZERT IO . Fyyia TV Iy F BHF1—Z2IK
EDSFEIFLHRBILFZELHR—FLTLET,

*TensorFlow £ & U Keras ETILEV—LLRIZHESh tfDataT—42 Yy bEFL—=2Y
EEMBEDADE LTHEATEE S thData APl L B, TXRA b A—Ta4F ETALREDS
FIFELET—AARKOL T7MIL T—ER—ZA WebH—ERGBEDSEISFEHT—42 V—2X
LHR—bLET,

AT avig ROBEAMLHFYRETIEHY FTHA,

*FA T3 B Keras Dz RL—2—ND—E & L THRBE#ZEMICIEEOAD & L DHDHF
RBEA—N—A~Ay FRRELFEFT Keras Pz R L—4—IlE FL—Z U FFEIEFEFEADT—4
DINYFEERT S Python Dz rL—42—TY ==L _Keras Dz R L—2—I&, FL—=
JEEBDTINA REFII I VICHET 5 =OIZFER SN 5 tidistribute APl & BE#fttENH Y
FHA, IBIZ Keras Dz R L—F —[XE—® Python X Ly RTETIN IHHNEDSHFELE
FixEHHR—FLTWEL =86 tf.Data APl EEMENFEIIRT—FEYT4BHY FEA,
*ZF 7 3> C:Dataflow R L TRIGEL TR TDILEZER L, T > % TFRecord & L TR
FIhE BMOBEHSEQAR RAFEAELET Dataflow (X, T—F DB L EHD-5HIZ
Apache Beam /N1 TS5 4 VEEFTT B IILIF—Y K H—E XTI, 1= L Dataflow Z{&H
LCRIBEG T R TCDIREERT BICIE, KEDILREBZRZERK L TRET ILELHY K2
DAL= AR—REHEL AML—CUERY FIT—Y DR MHAEET HAREELAH Y F
¥, & 5IZ Dataflow Z{E M L THRRBEBEZ1ERLT B IZ1E, BID Dataflow /84 TS5 4 U &#ERK L
TT7AAT50RENHY TR TEHRBLAMNDAREENHY T,

*Z+ 7> 3> D:Dataflow ZFERALTRL—=VJDOERFTIEICHEEZHNICERL, T E
TFRecord & LTRT— 0595 & BMDOEMHS LEELAE L FT, Dataflow &, T—2 DAL
HELBDT=HIZ Apache Beam /N1 TS5 4 VE#EFTTHIINIF—P R H—ERTY, =12
L.Dataflow ZERA LT AL—=V I DETZEICHRZEMNICERT HIZIE, ETILA ML —
—oENAB=UIC Dataflow /131 TS5 4 VEEFTTIHENH IO LATUoI—NREEL,
fL—=2F TOwANBRDAREENH Y £9, & 512 Dataflow Z{FEA L THLREMAE /R
I 5(21E, BlD Dataflow /X1 TS5 A H#ERLTT TAA T HLENHY EEITHELILMND
AIREMEA H Y F T,

SE 3Rk

* [tf.data: TensorFlow A71/81 TS5 4 > DIEE]

* [E&L5R | TensorFlow 3 7]

*[T—R2I7A—D FFa A ]
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(29030%OFFRIREE S & IEfE {1 & T 30%wiEAIEI5I0— F: Freepdfdumps)

=HTERE: 107

HE-OMBEA >S4 VB TIREEELTVET B AR B RIRLETESTLEELLLD
NEMLTWEAZEIZRIEELE BEDAA Y MEAEFFIEETHLETSTEMNITS
B TXR M ERET IO LELE BE, —BO1—F—ho BHrOFRBKERLEZEH
DAAY DR OTEFELTHEINTLEIERESNATVLET, SHICHELLARTHD L,
BPNEEESNTOAEENDREERIZER LAY FODEROBRRAMELAT N EAHMY
FLIz, F—LOFEIIRONTEY I TICFENBREICH>TVWET, HAIMET HIRE
mn?

A CNEDITL—ANEETCHVWAETHERAINSER N —=0T T—2%FEMLET,
B.ET/INZHIBRL ABICKSPETL—YavICBEEBRAET,

C.ETIERDTHFR FNFEFICEEHAET,

D. AV M EFFLIIEETTHILRLGINDLEWNVEZXZLTFET,

Answer: A (A —vyt—T%EY)

COT7TO—FIF EEOHVWAETHERAINTVAIREMEIL—XDHESSICIRHT S
ET PEFONIA—TUREZALEEIDIZH/ILET, ChIZKY HDEFIE. CALDER
HEAKICERTHAAZELRAAVFEAETHVAA D MR LIYBEYICRATESLSICHYFE
T, ELIT ERT—R2IE AN Y —RIZZERGEREZVELETIC BEOETILONT A+ —
YRUREALIES-ODERAXMMROEVNAETT,

EHfEIRE: 108

HHPEE ARy YR MI BED Web 4 MIEGO#BEZIRBETIETILZT IO/ LE
Lz, B8, . COETILDN T —IVRFFEIZEFT BEEIFHLTLIVZLDHERFEA
TEHESIIZHEYFELE, LAL BEBENALURIZ ARy YR I BSHBOHEIEN B
BEAZHEZRSTEVSTOETEBICRYIRO TSI EIZRIDEELT,

CHDETLIF FEULAORNDEANSGEDL > TWEWH AR Y X MMIFIHFEI o1
DhHhYFEEA,

ARVY YR MIEFETILDN I A =T REAMLESELOIZEDFEERTRETTH?
AETLE TDOML—=20T TR LAREEOEICKHRLCEZHFLLVT—22EAL TEHM
ICHBNL—=U 0T 2RENHYET,

B. MR EENETEICXHIETELE L= ETILEREICERATIVENHY FT,
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