B AFHIREERASNA

SCFHNEEZES I

Rem: tEMRERE
RFH: 20265 (F=)

1EZ

Tsinghua University




Rtz A RN

02
i T Btz aJfFENEEF >

o AutoML shiN SHEiA
o BEHEHIESERL

o Featuretools




AutoML ByzhiN,

1. N=ZFIEE I

2. (Bf9E— /"ML PipelinesE=:

- BEKHIZIGHITURE R
y %‘J_E/JQEXMTJJLF
o VURIKFIHYE R X HVEHETE
. &T%L:E%E’%Eﬂ”
« BESHEN




%42

Tsinghua University

H20 Driverless Al &=

E% I‘-jﬂﬂ : 4 Al Overview

H20.ai's revenue reached approximately $75 million in 2024, up from $67.8 million in

A N 2023. The Mountain View-based Al company has shown consistent growth, specializin
L A tOM Y \*’ < =i [I 7 i hine | i dApt I\}/IIL ithaf tg ise Al pd i °
u | A pay QX./I'—LI %% —_ in open-source machine learning and AutoML, with a focus on enterprise Al adoption,
serving over 20,000 organizations. @ GetLatka +4

° 1’Eyg %&.“'—"I*SI'“?SZ , yl:”ﬂg?%:- Au tO M |_ ? Key revenue and company figures include:

¢ 2024 Revenue: $75M

e 2023 Revenue: $67.8M
o Growth: ~10.65% year-over-year from 2023 to 2024

« Valuation: The company reached a $1.7B valuation following a Series E round in
November 2021

 Total Funding: H20.ai has raised over $250M from investors, including NVIDIA,
Goldman Sachs, and Wells Fargo © GetLatka +3

H20.ai serves a significant portion of the Fortune 500, focusing on automating data
science processes. = H20.ai+1

yESR: https://www.youtube.com/watch?v=ZqCoFp3-rGc
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« AutoML E7EiE5&E (augment) MIEEENE (automate)
o FERI==EIBARY T{FF0 T{FSCiL

Wang et al. "Human-Al Collaboration in Data Science." CSCW (2019)
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Model validation
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—tHEF (TERFEEMSIE)
o EHEUBEIHLE
-  BEHEBRSMINETF
- ¥EFEHT (W0 Log E&ZEN)

=MEF ((EAF2+/MEHIE)

- BEAREANIZE (W +, -, %, +)
o SARE (90 GroupByThenAvg, GroupByThenMax)

Katz et al. "ExploreKit: Automatic feature generation and selection." ICDM 2016.
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Entity: SE(43R
EntitySet: SEPESKEZERIXER

Feature Primitives (3FEFIE) :
- —JcEF: 31 MONTH
« BMEF: W GroupByThenSUM
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Entity sets
Customer Product
Customer_id Birthdate MONTH(Birthdate) SUM(Product.Price) Product_id Customer _id Name Price
1 1995-09-28 9 $500 GroupBy 1 1 Banana $100
ThenSUM:

2 1980-01-01 1 +— 2 1 Banana $100

3 1999-02-02 2 3 1 Orange $300

T 4 2 Apple $50

»
»

Unary Operator:

Feature

Primitives
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SR 11-7: Guidance on Model Risk Management

BOARD OF GOVERNORS DIVISION OF BANKING General
OF THE FEDERAL RESERVE SYSTEM SUPERVISION AND REGULATION
WASHINGTON, D.C. 20551 SR 117 * Data
April 4, 2011 Protection

* Regulation

TO THE OFFICER IN CHARGE OF SUPERVISION AND APPROPRIATE SUPERVISORY AND EXAMINATION
STAFF AT EACH FEDERAL RESERVE BANK

SUBJECT: Guidance on Model Risk Management

Art. 22 GDPR
Automated individual decision-

making, including profiling
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9999
10000

5.0km 670f t*
8.2km 2 9201 t*
2.3km 2 880ft?
10km 1 680/t
7.8km 1 730f t2

EIZFFIEEEY

.30km
12km
20km
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RIBEIRO, MARCO TULIO, SAMEER SINGH, AND CARLOS GUESTRIN. “WHY SHOULD | TRUST YOU?: EXPLAINING THE PREDICTIONS OF ANY CLASSIFIER.” PROCEEDINGS OF THE 22ND ACM SIGKDD INTERNATIONAL CONFERENCE ON
KNOWLEDGE DISCOVERY AND DATA MINING. ACM (2016)
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Koh & Liang. "Understanding black-box predictions via influence functions.”" ICML 2017.



1%***"! ﬁj: ’ \—

T BHAER &M@, RER, KNN, UHHERRLE ..

 2RBENERE FUIEREEN soraiE, =BERE ..

 ANMETNERE SRS, BsSE), BRI




RE i

s5—Eb5T: FEENSHEET I
WERRE BB =ML R SRS
SEeN. B BT, S5Ah. BRDE

SB_ER53: BiLiERFS (AutoML)
BRI, BRI, BEER
FRLEIER (NAS)

F=8fy: nIfEENEES
EHRERY vs S5 fRtE
EEERES MRS A

£iEIRE) — RBMSRE — Bt — AR







	Slide 1
	Slide 2
	Slide 3
	Slide 4
	Slide 5
	Slide 6
	Slide 7
	Slide 8
	Slide 9
	Slide 10
	Slide 11
	Slide 12
	Slide 13
	Slide 14
	Slide 15
	Slide 16
	Slide 17
	Slide 18
	Slide 19
	Slide 20
	Slide 21
	Slide 22
	Slide 23
	Slide 24
	Slide 25
	Slide 26
	Slide 27
	Slide 28
	Slide 29
	Slide 30
	Slide 31
	Slide 32
	Slide 33
	Slide 34
	Slide 35
	Slide 36

