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Data Governance
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TORRGEH, T—2) 32— BH. R —BHERE
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- Dataenrichment: T—JLOF|D A9 T—2%BE)
BICHERL., HE7E

- Semantic grounding for agents: T— T MIED
T, DR - EETELH—DIFRIR
(SoT: Source of Truth)
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Data Governance Agent Recommendations

[ Scope.
‘ Project

(Open recommendations

357

Visible to you

T Filter Enter pr

Category

) Observability

() Observability

O Metadata

O Metadata

operty name or value

Recommendation

Anomaly Detection

Anomaly Detection

Missing Metadata

Missing Metadata

Impact

Anomaly detected in
'Sales_Quarterly_Report:
20% of entries have null
values in ‘Revenue’ column.

Anomaly detected in
'S_Qy_Report': 20% of entries.
have null values in 'Rue’
column.

Detected 15 tables missing
key metadata such as
descriptions, tags, or owners.

Detected 25 tables missing
aspects

Reasoning

Tracing upstream dependencies...

Null values originate from
"Transaction_Records', The likely
cause: incomplete ingestion from
'Payment_Gateway_Logs'.

Tracing upstream dependencies...

Null values originate from
'Transaction_Records', The likely
cause: incomplete ingestion from
'Payment_Gateway_Logs'.

4 Identifying Vrequkntly queried
tables missing metadata...
£ Using lineage data, finding
related tables with similar
structure and metadata.

- Identifying frequently queried
tables missing metadata..

© Using lineage data, finding
related tables with similar
structure and metadata.

New recommendations
84n the last month

Resource

ncaa, basketball2

ncaa basketball2

customer

customer

Org,folder, or project

Proprietary

Org, folder, of project ID

S dataplexdemosk  dataplex-demo:sk

o datapledemosk  dataplex-demo-sk

S dataplexdemosk  dataplex-demo:sk

S0 dataplex-demo-sk dataplex-demo-sk
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Automated metadata curation
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0 scratchpad © R it e
File Edit View Insert Runtime Tools He

Data Science

' | @ start coding to get started

Agent

T—RAYAIVRADEAAY%BEIE
95 1st Party T—2 b

LTOERZERE :

> F=E STV T T2 IL—LMOHAH
BWYRAHED ) —=2Y

> T—E3RE  RMT1TORELLBEHIF
RO

= AllZKk%F A : Google Research M
TimesFM B E DR EIHDETILEZL Al
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Conversational
Analytics Agent

Untitled

T—ENMERVEEBILT S

1st Party T—> 2k
LToO%EZEHIE :

> SWMOREL : BARSEA—RADIUHA
~

> Custom data agents: iE7 & A% AJRE
(ST 29490 REA—bERAT-RE AP

=> Direct connect to BigQuery: BigQuery
TT—3ZEHIEERT HH . Looker D+~<
TV LAY —LHAEDED

> Python @ Code interpreter:
BHLET 2 HAIOR ZRIAD
Python O—RFZ& 4k

ESRALANY—D AN T—290H%E

Ask a question about your data.

(Ask a question
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Conversational Analytics API
IA—T 54 XtEW T Data Agent #H R4 A X & 7704

A

< Talk to data

8 “What if Las Vegas customers
purchase 20% more this week?
What will be the impact on our
supply chain and sales
forecast?

Date

1/15/25

114725
113/25
112125
1M/25
110/25
1/9/25

@ BigQuery

Google Cloud Next Tokyo
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Supply
124
124
135

69
45
122
100

Looker Model

------

Sales

5.2M
39M
39M
3.3M
31M
2.2M

1.6M
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BigQuery Knowledge Engine

e BigQuery Knowledge Engine [%.
Knowledge Graph @ h%;EHLT.
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AEN)FY P—xFTHF ¥ with Data Agents

Data sources

stream
events

Google Cloud
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s * o Streaming
"o Pub/Sub

@ RDB

@ Batch

o\, cbc

o/  Datastream

Al/ ML

il Vertex

a4 Dataflow

y ESi 3
Data

Storage
- 9

o Transfer
<=

Service

Conversational
Analytics
Agent

Data Data
Engineering Engineering
Bronze Agent Agent Gold
Data Ll Silver Data | X
Q BigQuery Preparation L Preparation Q BigQuery
Q BigQuery
BQML
L) Sloud Data Data Q BigQuery
I~ I Sstorage
Science . Science
Agent gLy, Agent
— REE.
raws —% Sre *S AR
BEUHEE £ o=iale
Notebook | > Notebook | e L=&E
ETILER

Visualize &
Consume

(.0
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O Looker

Data Governance Agent
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Gemini in BigQuery - Al for everyone

Gemini O EEHMEEH I THIFATTREIC

SQLO—F4&RL/

Data canvas

BELOVTXANTOTHOTAITLE

aBA / 5T

Python O—F 4Rk / 3—F#5E

Data preparation

Q Search

save - NEOAE =
wh > Dutx Campann
haneei Impressiom  chcks  Bockings  campaign.date loceliemg  hotwlname shane
wing inteager iteger letege iy ) striog )
LT LT T TR (T o

socelmeds 40000 100 4 wr The Liserty lan @2 82
enat ¥20000 oo 0 we Outhack Oasis Besony 61 2967 5437
soculmede 560000 2500 488 wF Redwood Lodpe and Cading 17075559800
et 120000 v 20 Wallaby Creek 848 7 4547
dupiayads 340500 am s
artrecute 83000 [ ) Ryokan Sas
semchads 410000 W00 €20 Magle Loat Lodge
soculmeda 780000 N NS The Coown and Scepme
Saghey.a0s o S0 Hackends del S0t 52 (624) 1435555
el @ W 250200 Poveads G Florests 1) 282
partracste 170000 e 40 v we
omat %2000 0 M0 18232022 Kyom Tea Hoone o {o7%) 312048
sewchads 350000 oo e 1 The Jazz Comes ot 14085555080
ookl mede 430000 “wo xre caca 30 035 535844
Saplay.ads no e Oasthaus pum Adter oo 23348
parines_ste o 12022000 The Taj View Haoet 915622229704
sencn_ads 0 15002023

wd  emal s wuan  we Kot Coumry Lodge 43543597
sooslmeda 30000 000 W0 e wWe Mochey Haven 1oat 1404 HOCHEY
Gaplay.ads 385000 w00 W weraom  awe Savorrt Soraet Vitas 302286027848
penrecste 110000 000 360 escerm v Conssesads Metel 5055551234
sewchads 2000 0 weeN2 W Finca Los Gauchos 541158857777
socalmede 420000 0100 S5 w@un  we Plays del Carmn Pacaisn  (384) 6765412

Details

B —I)LERREMEHN0E

Proprietary

290 m o- o
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»
AoPURD STEPSCY
4 Suggestions by Gemial =3
o x
Filter out invald 2ip codes
- . Fe)
o9
R— x
Standardize phone numbers

AL 12C_ PP o

P —— .

@ RUNNNG (3 OF 5
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SQL M-

ER - | BRIGFUHLA

@ a—F1>45
HR—MY—ILTERK

DENS € DENSE_RANK()
FROM

‘event24-438905.weather.data
FROM “event24-438905.weather.data’

veather_rank

(FREER S HiFHSE IS )

B SQL IFAATAAhIZEEHf5E Preview

Proprietary

T # weather.data ZfEl\. RROD—HCEDFHRARZTRAL C
I 2 |eLecT
¥ Gemini EEFILT SQL &4 X :
e 1 DATE (datetime) AS date,
A EZEW. ERO—HEOFHTERHEL i
el R REIRERSLE = : AVG(temperature) AS average_temperature
SELECT FROM
A S ! : .
e - 1 event24-438965.weather.data
event24-438905.weather.data’ . 2 A
WHERE city = 'tokyo' 1 WHERE c1i fy = fOkyO
GROUP BY 1;
1 GROUP BY 1;
1
I
|
Q@ TOUTVERTIDE. 1641 KB BUEShES, I =3 LN F \E
<
am | ! @ SQL TT4BDAAVT
Refine B ke e e e e e e e e e e e e e e e e e e e e e e e e e e e e e e e e e e e = e e = =
Br-Ilw—2zGE DIV U— JIVEHBICERTZZ I
ZoREEFHELCCLEY b G @ I SELECT
| city,
BA
; | | | DENSE_RANK() OVER (PARTITION BY city ORDER BY temperature DESC) AS temperature_rank,
|
1
1
I
|
1
1
I
|
1
1

Google Cloud Next Tokyo
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SQL OFER Interactive SQL Translator

e 2755 DB®MSQL A5 GoogleSQL ~DEARE 18
o AA—TLLTII Google FIERM SQL ki

2rm QREE - S H2ITAZX B EREE ~

BT HiveQL w (1] GoogleSQL 0
1 SELECT % 1 SELECT T
2 user_id, 2 user_table.user_id,
3 COLLECT_SET(item) AS unique_items 3 array_agg(DISTINCT user_table.item) AS unique_items
4 FROM user_table I+ | rro
5 GROUP BY user_id L 5 user_table
6 i 6 GROUP BY 1

8

HiveQL H5 GoogleSQL ~DFARR

Google Cloud Next Tokyo 029
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BigQuery Data Preparation (T—4MD#{f )

BigQuery Studio ADT—2 FJ/A\L—3> I—Tx ok

QSearch + X % *PatientM..ion * X - Qo8 7- ¢

T DEPLOYED  (® VIEW SCHEDULE

le

J
i+
z
H
R

= PatientMedication2 data preparation EISave ~  © RuN

Read from BigQuery table
apreparationlive.

e Gemini DXiE(ZXY = | e
SQL TF—R INATSA & H TR ' ¢

aaaaaaaaaaa ;uew table dat. Join the left and right tables on their
o e ot o i
e AUTHFRAMEEELL:
Al £ R DEHIEREIZRY . T DR —t B -
LU ERERITATREIS

o RX—T TYFY
EDRRET—EAREDTH—avEp%E
BEMtT AL T, BREZER

e GitHub &MEH#E(IZ &Y . BigQuery T
TIAAEF—F AL —2 30 FERITABE
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Data Preparation / EXT—2%& L2020

Google Cloud Next Tokyo

® v X [orders v X

= orders data preparation

Graph >

F—%

9
10
1

12

*orders d.. ion v X v

BSAVE ¥+ QOzx¥Va-)L

= m 0 a 7~ ¢ [

¥5vo0—R WK & Fof~

Y —X: orders
2F¥—<

purchased_date prefecture

STRING STRING

.. X [ [TTTT .

09/30/2024 EAR-AHET

01/10/2024 FHR-AHEN

01/10/2024 e R-KET

09/30/2024 HARR-FHET

2024_09_30 ILBLR-FR AT

2024_10_01 )| B

2024_09_30 =ER-EN

09/30/2024 BER-IWcEm

2024_09_30 RRH-RR

2024_09_30 FPE-KFEH

2024_10_01 HER-KRH

2024 10 01 BHE-ZEEH
R—IBDDITE: 50 v 1-28/28 IK < > >l

&l >

®’= (10) BARSNRATYZ (1)

<+, Gemini IC & 212K
Al LB PTEREERLTCT -9 2 EFHELE T,

Zifa

Converts column purchased_date from type
string to date with the following format(s):
'%m/%d/%Y", %Y _%m_%d'

COALESCE(SAFE.PARSE_DATE('%m/%d/%Y",
purchased_date),SAFE.PARSE_DATE('%Y_%m_%d',

purchased_date)) QO
ZORTEFMELKEZY iy &G [

Tk 50— picfzE]

[ A7y /&8N v
it a0l 031


https://docs.google.com/file/d/1MGLikD_vTtjTYA6KRVMwU4Bi0OuvGcnU/preview?resourcekey=0-I23Sa9X_U5w1ctMSWvtkkA
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Data Canvas ’;1;55@?d;:f n&]vfﬂ#' ¥ yovn—k wHF > QRTVa-l QBEM v 0;%?&1:7;};)\:b;;’
BARASELHEAEHOELGAL
REMICT —FERERTED
Gemini (&
o T—HDEE
e SQL MAERK
o Fy—hDER
EXIET D 1

A—H—HBEEEDA 7> 3 Y ERRT I, Option+F1 F—%&MULE T,
V3 JERE CEH A~
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https://docs.google.com/file/d/1wJJhHwYU9XqLJZ1QDZ3QIZrJhh3F-rMO/preview?resourcekey=0-pXr5nAQDbYZeiKlwboQ8oA

BigQuery Al Query Engine

LLM D AET—3 TV TA—LIZHHIAH

I TVILARERBT AN B
AEFLDERLE 1—5EETDE:

o RLMERICKREILT 5. BYIRLEAE T HMREIL?

o FORBHEAMNHREINDH?

o FOLEL—NREUEBEZLTNEN? {product} as a better
alternative”)

SELECT *
FROM reviews JOIN products
— > ON AI.IF(f’{review} recommends

Al Query Engine M\ {E%% fliE{L

o HLVENT-SQLLBAREE IOV T+

o FHIAMIHEIZEATE, ADEMMBIETE

e BigQuery DataFrames @ Pandas 51 7%
Python 1>#71—X

o SQLTEBRMHLLVAHTIC

Google Cloud Next Tokyo
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BigQuery - $LL\Workload Management

Flexibly assign reservations
A —+H—5A' Runtime Reservation Z:&{R Al §E( -
Automatic location selection (2

4
/ q:# 1¥Q Location type @
o TIHILNFHZLEZLTGEIRAREIC O Fegion
Specify a region to colocate your datasets with other Google Cloud services.

o EIRIBIZIF IAMO—ILDFTEANE © e o B
e |AM Condition THE D F #I1 =l fR 7T 5E e et e et It

Location

Multi-region *

{ US (multiple regions in United States) - ]
Reservation

[ = Filter Type to filter _l

R Default project assignment

J¢  on-Demand

~\

7 name, gender ( :fo}ects/argo{sutsu—bqfadmin/|ocations/US/reservations/usJ

8 ORDER BY user-us-s-1

9 total DESC Gi projects/argo-tsutsu-bg-admin/locations/US/reservations/user-us-s-1
10 LIMIT -

1 | 16;

& This query will process 99.95 MB when run.

Google Cloud Next Tokyo Processing location: US X Reservation override: projects/argo-tsutsu-bg-admin/locations/US/reservations/user-us-xs-1 X




Preview 2025-05-12

BigQuery ZTVEITFTS57L SQL XD IERIRIEASFTREIS

- EfFYSIT/—RES)YHITERE.CO/—FN SQL XD EDERIZX T EDMNNASALERTE
SN (VTYEFTIZUBLEE T, SQL XOXIGERTIZH NS )
- EFTIVDHEHMBENLYBEIZ . FEGN\IF—IYUR Fa—ZUT0NRBHIC

ON KITOFM R7777

EISA L ERT S | @Y RERD LEDRT—VEN T ERTE | @D YT g0 Joins

HwLd— N
¥ Query text
zotsyaviasgiussElen? M9 Gl
t 9
@ bigquery-pub) XAvox)
F—=HY—=2 1 SELECT
2 bigquery-public-data.thelook_ecommerce.order_items' .product_id,
AGGREGATE: $3@ := COUNT_STAR()
T ) I

3 | COUNT(*) AS total_sales
4 FROM
READ: FROM bigquery-public-data.thelook_ecommerce.order_items
6KEDOLIO—R *bigquery-public-data. thelook_ecommerce.order_items
\ JOIN: INNER HASH JOIN EACH WITH ALL ON $1 = $10
JOIN
bigquery-public-data. thelook_ecommerce. users"

o

o

X 502 Join+

o N

ON
JOIN: INNER HASH JOIN EACH WITH ALL ON $1 = $10

9 | ‘bigquery-public-data.thelook_ecommerce.order_items' .user_id = 'bigquery-public-data.thelook_ecommerce.users".id
HARS: 0.05%) 10 WHERE
| B — 11 | ‘bigquery-public-data.thelook_ecommerce.users’.country = 'United States’

[ ] 12 GROUP BY

AGGREGATE: GROUP BY $50 := $40
21.95KEDLI—R 13 | ‘bigquery-public-data.thelook_ecommerce.order_items' .product_id
‘ 14 ORDER BY
15 total_sales DESC

= S03:Sort+ (V)

ey 7IL
Google Cloud Next Tokyo YvyTLOWHNA 38589 KiB 036



GA 2025-05-12

GROUP BY AIDLOM D LGRS GA

- GROUP BY STRUCT
- GROUP BY ARRAY
- GROUP BY ALL

SELEET
year,
homeTeamName,
SUM(attendance)
FROM
"yu-bg-demo.yu_test.baseball_schedules’
GROUP BY ALL;

Google Cloua Next 10Kyo 037




BigLake tables for Apache Iceberg in BigQuery GA

|B BigQuery tables for Apache Iceberg A%!) +— L L T BigLake tables for Apache Iceberg in BigQuery
EWLVSARIT GALELT:

v B/ILI IR—DRETILIR—IF D Iceberg THRARIJIUR %%
RATRE

v EBh-BRNHREER 35012 Iceberg T—42%BEIREL

v/ BigQuery & OSS TP 2R THRAMYBELZL T1#HY
10Gbps D RIL—F YRR —)L

v/ BigQuery ML Vertex Al & (. BQ #1717 T—7 JLERFRIC
lceberg T—7 )L L TEYE

kkkkkkkkk

v lceberg T—IILIZx T 2FHHDUNEF T4 EH F VR,

BEHOI OB THE AR EE
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BigLake metastore A3J1)—X (GA)

|H BigQuery metastore H%1) +—L L T BigLake metastore LV B EIT GA LELT-

@ Analytics & Al engines

!q ............ RE oo
*+—T— = 1 Ll
SQL. DY—=R IV AIML D=6 DZ bQ Sear Q o) spai ada

VB L AT —REARTE

[}

(3]

BWE{ET—4 LML T—42DYHR—F Dataproc BigQuery Vertex Al Partner engines §

RLT2 54 L A2 RMTEERALT, it T—7 g

NEFTOTHN T—TINOEHEY T ATHE . =

BigLake | #2171, BRNHE, EIE ¢

HEHIFUR §

Q =__ N RS —& - ©

?AEO)}QT SHRBURIGRY) ¥ —EEIF Biglake metastore | T—J LEH , A¥—<, 7V AR — a
FATlde

= B I IR =
Structured data Semi-structured data Unstructured data
Google Cloud Next Tokyo 039
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Preview 2025-06-03

BigQuery PR/ AL S84 LHMERTREIC

TRV R S84 LK. BigQuery V1) 7Oty HHRENIMLEFRELET,
LRV RILEI. BigQuery ARL—U TO I L AR T . EROT—2T a—F, &BILFEGE. VTV
WBOEELGAEICAIMNVEEERTH5ZET RIMUEEIN 0T DETELRELET,

/¥
o RF¥—TPIA—ROEFHLT, YTUEBA200fEE R L

o ROYMIA LEZKETHRRIO%H!HE BREEZZATLERTS

o a—MITYDROYRIA LERKIOMEHIRE B3, A7 AT e, qary e SIS -ttt RS S, KBRS

® %éEEJ{t(:J:LJs 1@0)7:[') (:%2%55'26:&7‘;(\ ﬂ%tf;éal ALTER PROJECT PROJECT_NAME 7 i
)E&REITERIE bl AT ey il = o

RIMVERETEI—M I ETO KT H#ERETR L
BEOAITHF—NE)T4F v aR—FFE=I&
INFORMATION_SCHEMA.JOBS#Z{#EMALT. / \IA—TUAANDEE
E:E:gu.\/o“ Slot time {ms) by project

Google Cloud Next Tokyo



Preview 2025-06-02

BREERMDT 74V EEERTE AT REIC

BEEE, BN BRREERET HTEN RS LS o1 = s [ )

| h Y —

U0 2 EDREHAHE DT e

o {EAANERZE: BigQuery Studio Tt avERiLIzEEITERAINDS . o
TIAILRERTE Al
—EBDRE X TOS UM ER T SBASNET A [EAR ‘
EIR—UTLEETES A

o MHHE: GEEL. BRLEIOSIHINE-ITBERO1I—F— | et 5 o e
(2L T BigQuery Studio ZhRATA X TEET, 3|

L. TEERORTE > CSV(Google FZ47) 1. IBA< > Looker
Studiol, TTHRKR—b > RTLYRO—FTRRIGEDI—H— 4
LA—DI—RBROET | FETEYYBIONES
XKINLDERTEEL.BigQuery Studio TIERRIZEOTWSIHZETEH, BERELGLIT—EPY—ILA
D7V REHIRITHEDTIEHYEE A ML NILTEREZITI(Z(Ihigquery.config.get 1
RABETY,
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GA 2025-05-28

BigQuery Tables @ CMETA A% GA [Z

BigQuery tables & external tables DA TAZT—3 AV T VI REERT S EAATREIC

! 451
e INFORMATION SCHEMA %4rL T CMETA DK REZEZFR I BE
e 1GiB%#Z5 BigQuery T—7ILDAIT—REBEEHMIZA2 T VI RIZEZ %
o AUTYIRDEBEEHEMNHELIMESIL., CMETA HOROAYNFH(BREAVTIIRAD
AVTFURBEDMD Y AT LBRY L BF T He) 2R AT BE
(Bring-Your-Own-Slots) LB IENET,

Google Cloud Next Tokyo 042



BigQuery ##iaIox1)

MRETRI7ZE SQL LB kY
FLWATYD TN
T—RINATSAVEENERERD

SQL R—R 0 #FaIES T 0E
BigQuery X7 — LT, SQL #FRALTZET —FDRAM)—LIZH
LTEHRBO I —/N\—LADHEET

UFNEAL TTIRRADER Al
UT WAL LOBIESH . #EEE, RERHEED Al+ ML iEE
EHAT BB (TSRS

ARL—2aFtIb VARATL AD

1)78—2R ETL E#t

BigQuery DT —2%T7IILAALTTOY S LKIZEHL.
Pub/Sub. Bigtable. Spanner. 3l® BigQuery T—7 )L, E71=(X1E
EWREER# D/ S—hF—H & 1cE

Google Cloud Next Tokyo

Proprietary

BigQuery
tables

/.

K — °.5S Pub/Sub
[ ]

Qth)) II"

NP

(I

I
BigQuery \ 2 g
e o T \ & Bigtable
* ? ;{.. Spanner
i
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BigQuery - Pipe syntax
o SATHXOYR—ME>T, F—HBHEEABEDOIEE TRIATEHLIS

o 1EMLSQLEZEBMIZHAMNYDILERTES
e SQL DOF/ w5 HLTHE

PER DI Pipe syntax

SELECT state, item_type, AVG(total_cost) AS average FROM mydataset.customer_orders
FROM |> AGGREGATE SUM(cost) AS total_cost, GROUP BY customer_id, state, item_type
( |> EXTEND COUNT(*) OVER (PARTITION BY customer_id) AS num_orders
SELECT |> WHERE num_orders > 1

SUM(cost) AS total_cost |> AGGREGATE AVG(total_cost) AS average GROUP BY state DESC, item_type ASC;

customer_id,

state, P P e .
item_type,
COUNT(*) OVER (PARTITION BY customer_id) AS num_orders | state | item_type | average |
FROM mydataset.customer_orders WESSSS=S TeSSseessssSs possmesoos +
GROUP BY customer_id, state, item_type | WA | clothing | 35.0 |
QUALIFY num_orders > 1 [ WA | food | 3.0 |
) | NY | clothing | 16.0 |
GROUP BY state, item_type [ NY | housewares | 22.0 |
ORDER BY state DESC, item_type ASC; Tesescos e e +----- - */
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SELECT rd, o 5

oy sum(r.e) AS’S; Jfﬁ;gr i

= rank() OVER (or oS O

: FROM r JOIN s USING (id filtor 3>

® | WHERErc<15 e =

c | GROUPBY rd wiAdow =

u>)‘ HAVING sum(r.e) >3 project 8

\ ORDER BY r.d

% | FROM r JOIN s USING (id) join o
T | |>WHERE rc< 15 ~ filter =
O | |> AGGREGATE sum(r.e) AS s GROUP BY r.d — aggregate 8
& | > WHERE s >3 filter =
+ | |> ORDERBY d sort 5
7 | |> SELECT d, s, rank() OVER (order by d) W'”f’OW £
project a

https://www.vidb.org/pvidb/vol17/p4051-shute.pdf

Proprietary
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Proprietary
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BigQuery - DTS A% MySQL & PostgreSQL 23 it

/ 1
e BigQuery Data Transfer Service @ MySQL/PostgreSQL AR5 %FERT HE. AV REV AN
5 BigQuery IZTT—2ZRYRALCEMTEET
o FUTLIRIZE, Cloud SQL. XU Amazon Web Services (AWS) > Microsoft Azure %&E
DD /INT )y 959K TANAF—THRARSN TSIV REAV REHR—RLTWVET,
e F/-. BigQuery Data Transfer Service @ AR A3%&FERT 5&, T—EFR—ZXH5 BigQuery
[CT—3%8E T 50D TIVRB LUV ENGT —2EnE D3 T4 ERTEE T,

| A—RF5—R
e MySQL £LLIE PostgreSQL N o T—4%#TLI-WMEGE
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BigQuery - Spanner~ @ Export

!
e  BigQuery ®T—%% SQL T Spanner ~ Export AI§EIZ
e  Enterprise or Enterprise Plus @& %f it

EXPORT DATA OPTIONS
(on-demandt,IEXFIE)

(
[ A—RT—R rh : . :
="https://spanner.googleapis.com/projects/PROJECT_ID/instances/INST
* Spanner ~0) ReverseETL ANCE.ID/databases/DATABASE_ID",
format = 'CLOUD_SPANNER,,
spanner_options = ""{ "table": "TABLE_NAME" }""

/ FIPR =18 )
o 11TMOLIRIL IMIB AS
o OHEFBILIRNIZKRHBHTY) SELECT * FROM mydataset.table1;

Spanner external datasets

Google Cloud Next Tokyo 048


https://cloud.google.com/bigquery/docs/spanner-external-datasets

BigQuery - External Dataset @ Spanner H7R—k (GA)

! ¥
e  Spanner DT —AR—XRI[ZYUENnT=
BigQuery DTSV &7 —2 v 1ZERCATBEIC
e T 7J#JLLT Spanner @ Data Boost W E%HIZH S

(EEAT) CREATE EXTERNAL SCHEMA DATASET_NAME /'
NET—2yMMIFARYERAT, REARA OPTIONS ( .
%UNE external_source = 'SPANNER_EXTERNAL_SOURCE ¢ ',

location

o Analytics Hub %> Dataplex 0 Data Profile.
Quality, ¥ TE 1—(XFEATFT
15X ) T4 OFNTRE T IEERTRTA
SQL auto completion & A~ A]

Spanner external datasets
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https://cloud.google.com/bigquery/docs/spanner-external-datasets

GA 2025-04-28

BigQuery - Dataplex automatic discovery

BigQuery & Dataplex - Discover and catalog Cloud Storage data A% GA [2HEYELT=

K
o IEELTGCS D/IRDTF—2%RFr LT, H205 DEBE
. Biglake T—7 )L  SMEBTF—T )L AT T—T L %EH (v it
e  CSV, Parquet, Avro, ORC, JSON (newline-delimited) % & M # S |-
B FEE T2, BEUER CHELE DFEEILT— 5 il
<50 |
o THIMGBRXYUFELIEALVTIVR AXVvUHEITATHE
A—RT—2R
o EMICEANTVST—HERFYUTHDOTIELL, HHEE S
THERELILTRAF YL, csv b biglake T—I LZAE i 1
RYHILEBEE. HIVTEBR T —FDA2T—5% Object

Table ELTEEFITHEZHEIE

Google Cloud Next Tokyo
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GA 2025-06-02

Pub/Sub Ayt— 2 BEERT S SMT BEESS GA

AytE—UDANBECEMZEREETEL DU L AYE—DFH( SMT) IR REA — AR IR 4

! F

REYINDRARE, F=EH TRV Tav oD ZERICBRSLETRNEBA SO IENTE. B
BAT—AIINT=86I1Z Cloud Functions 4> Dataflow 72 E D Bl - —E XRZ AE T AL ENGLE

%
o ZEH#IZIL JavaScript DA—Y—EERBEH(UDF) ZFIHT S
| A—RF5—R

T—RYAXUTEBRE: LY H—FBEOPIGEEDT4—ILREIAXT U E-IEBRELTH

BT —3%%REL. T—2 TS5A/N\—RFZERMLET,

o TABKDEM: FHIVAMN)—L VRATLEOEMMEEHERT D012, BELSBRABTT—4
EEBLET,

AvE—CDTANA) T AT UOVELIIREICEDOVWTAEGAYE—D%F R, BET S

Avt—CDHEMIELET, SMT ZFEHT SE. Pub/Sub DA AHTAILEEYEERITTILE

EHZEHRETEFT,
o DUTNGET AL XFIRE. BEDTA—TUMETE. HEEELGE DEKRMGT SR E
FRVERTLET .
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BigQuery - BigQuery sharing T Pub/SubrEvH % H

i J 1—RH—2
e BigQuery sharing(Analytics Hub) &L T Pub/Sub + . 2a

EY7ERBL. HRAORBI-AN 22T T 507 SRS O 1855 EXREE 7 LA LTRE

O
1TV ER. o  RI—AVHYTXOREFFRR DR
o INFE
o JEHHDHEEEHE
o N—HTTA4LTENREIT— HR—bDIN—YFF54X
Data Publisher Project Data Subscriber Project © BAFEVY TSA0T
& xhang o ALRTT
. _sech @ o UTZIBALTEEDIRIDH
N = | o o HITITIL FINARIZKBNAHIL E=AYLY
el 0 B | e . a
| v o FURTI—HDREEMER-EETH
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Google Maps Places T—4H% BigQuery TH| A &k

[Z

BigQuery Data Clean Room T Google Map M

%;7“; POI 52_9& g *ii:_géﬁﬁ Toronto: Open Places by the Hour
tXaT7ICT—LERE

BH#tOmBT—4& Google Map M Advanced Places Insights T—42%#
&, Data Clean Room [Z&kY ., T—RER DT SA N —ERSIND

EHTES & SBEWGIHAF

2 {f 5000 T LU LD E BRI DVNT, BHOELE. Sl . B ERHMLE
DEE7% POIRIEEITUT 5T, BRFNDBENLA LY A EHESF -
AR RZ—RICE DR IEBIEA A - (B B OBE) b R ATHE o

R SERRICT HENMEN-Y—L

Places ;\:_géﬂiﬁm '7 _77 H _(:ﬁﬁ L’ M 73 rj pb BigOuery L4 :/X7__ An example using Advanced Places Insights to analyze what businesses
N W 0)11@0)“}—»&5@%3{?1"@0 Bnguery o)xb—_)b&/ \072I'_7>X€5§FH are open by time of day and day of week and visualized in Looker Studio
LT. HoHRRED 7 iTER{E
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Your ideal Data Warehouse.
SHEIAMNDE

© ®

PAST & PRESENT Why BigQuery? FUTURE
H—/\LR FERIGS T ILE ERAIEDTEELGRE
ARL—SEavE 1— D5 HLIRME Agentl=& 5T —REDXIEE
F—AOREL gl R HOR*/E

OB ERED B

[T—32&ExtEE9 5]
ATV TN T YR TH— L

055
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