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Abstract

Data governance is a fundamental basis for ensuring data quality and security, promoting efficient
data circulation, and realizing data value. However, in practical machine learning (ML) model
training scenarios, data preparation is still constrained by low resource utilization efficiency,
uncontrollable costs, and insufficient optimization under budget constraints. To address these
problems, a data preparation method oriented toward cost-benefit collaborative optimization was

proposed. Mathematical programming was adopted to incorporate data preprocessing, cleaning,




BIG DATA RESEARCH K

transformation, and other operations into a unified cost modeling and decision-making framework, and
a cost-benefit analysis and planning method for the overall pipeline was designed. Experimental results
showed that the proposed method achieved a better trade-off between cost and performance under
limited budget conditions, thereby improving the overall performance and cost-effectiveness of the data
preparation process. The results indicate that incorporating cost-benefit analysis and optimization into

data preparation strategies facilitates efficient resource allocation and provides useful support for cost

control and performance optimization in complex data processing scenarios.
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FITHE o ARSCEEER HEE R RIS IR,
JELL Frank—Wolfe J7 3% A W &5 oR AT B
IR NE=R A

(2) HTF Frank-Wolfe JEAH 1 & P
A Ts ¥

X VRO A AT SR AF, A B3k
SER ML R, T IRATH e BAEAESFF
e, AN S HERRR, B
BE T € T T Cropr < e X e, K AL 25 1
235k, AT LAH Frank—Wolfe $53: EAE S xd
TS5 U (] BE AT SR . B LR AU RS
PR

P& G348 2R J7 AR [0, 1Y 45 [R] 4% & N e (E
FEIIRHIEK, Frank-Wolfe Hmk
R AR 2 ARG 73 il D e A 2 (A, fR

Sk S REIRN RO

BT §= {x . x,, .,.,x‘,}, WL AL, (o),
e [0, 1, FARIERUHEK FEESH

B e

e«—e?
! 1/ ERIHETIT A
2 forkfromOto K—1
&YV, . (€)
0 /A SR T 377
s® «argmax , oty < g®, s>
1/ TEFLE PR TR, P2 T THL T it s®
i AV (g, W5
/AR TR A E— e KR
6 if d¥<e
return e®
. % Jelie e TR e
8 Pi=argmax,, o /5. (€ B4 9(sW—e®))
D o (s _ gk
’ Vs e
10 end for
11 return e®

AU AR T AT TR, O/ K
AR B K] - BEORAR, MY TR
S

T 6 B i A2 R DA 55
ARSI T VIR LB R f e
RT3 PR AR,
Wi R AR ST GBDT Mg,
Bl G MBS RA R , SIT AR T
1 £ 5 VR B4 (AL

4 IERESERM

4.1 BiRE

AT E N — R 73 AT 55 R I 5L
9o, s AR 5 X RIS H A
RAITTIT

@ Google Play Store Apps( fa #r
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Google): Kaggle B SZ % #F 4 , 1 &
Google Play B )5 B {5 &, 7755 Br ik
Je WP MIZRBIAS - 5 (R, A 55 2 T
W2 PF 432 5 T 4.0, WM TR
A o

@ House Prices ( fij fX House) :
Kaggle ELSLE 4L, WEHM, (8, &
AR B (A B S5 s 2 B M, AR B R
B SHAE . AL TU AR S8 A - Al 45 (7]
o AESS T G5 A R T A g, )
FH T 55 #l7 Ak p BI BORU: BEAil o

@Shuttle: fIM K= W53 AL
] ¥R 45 2 (University of California,
Irvine Machine Learning Repository,
UCD) ##4, &R AL ird i
HOUR T . He MR BN & A8 RAR 5 AL, AR AE
LN 537 S B I N A EPER
FSAEFIWATR RS R E R, BT/
J5FE R o T

@Chess: UCI#ESE, A& EFREHE
WAL EMBINEE, FEFBEE,
g R 28 1) AN -8 S (D, A 55 4 T 3%
AR, T EFRGAL AT 2R 5%
W 53T o

®Uscensus: UCIE L, @& EH
NG A RIS | BOF R A AL S5 (5
B, AR BUB R R M RN P S
[, E 552 O A AR & A = T 5
HETT, AT MR I .

R S e M R AR B R

x4 SHHIESEEXER

otz ElYE YEE

Google Play Store Apps 13 10.8k
Jungle chess 7 4.5k
House Prices 81 1460
Shuttle 10 58 k
Uscensus 15 3.2k

4.2 3 HRBITIEGHEIR

SLIG TR e B4 2 55 E N T A 55 i
TH0 0 L8, 1M EEFJE (logistic
regression, LR). ZMH 508 (linear
discriminant analysis, LDA). #h2Z& I
#7 (naive Bayes, NB) LK 43r2E 51T
B (classification and regression tree,
CART) VEJN FFsr By, DASSIETT
A [ A Y S5 ) i P . BLdR 4% R 7+ 3
X 53 R YNGR AT A, W S 7 7 0 1
RIS ORFEA T L, R & R 2
MR fF R 22 5, e — R LR SEE
TR .

4t AR o7 H o, AKXk A
Performance, Time. Cost/Budget #F
Gain/Cost PYIUZ D FEFR, K e B s
WERTTT RIWEE . R . SEPRTIE LAk
ARWREREE . PRI & ORISR AN 2 5 i
7~ , FH i Performance 3£ fi} accuracy
Fl-score W28 B bRl o

RIS 5 AL TT A LA LR

W ER, (D Learn2Clean(fa fr L2C): H: T 2 il
R5 XWEGS VSRR
Bt X KR
Performance T PERE T R RE SR iR
Prep_Time AT ] B I R A (R )
Cost/Budget SEBRFSE L SEBRER R A S A E A HE
Gain/Cost A SR AU REHE T 5 S PR A AR LU
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sAb2£>] (Q-Learning) FETE L BhEAS
(] 1 F AR B AR S e B A2

HAIpipe—AI( f& F8 HAI-AD: N
HAIPipe & Hi (0 B TR B A 22 ST 1 AT
EARE, f6REBELFIE5RRA
PR AR AR IE

DiffPrep: & 7 A& B i B2 434
T A BT BRI A U A T Ak B 7 SR S AR A
ZHL

@ Ctxpipe: JHIH1E AR ASKBUE R T
NOCRHIE, I IE IR R A S S TR T
K.

ARILH = ATAE LR EEVIE R
(random-budget search, RBS) . &/
T (greedy knapsack, GK) Fl3
A fii & 4 fig (uniform-budget
allocation, UBA) =FhAiGA M ZE .

@® RBS: fEMAAH T NIRRT
HENPATRE, HiaFERIER TR &I
AT T 5o

GK: # 8o pli AUt teHE 7, T
KA TR IGER T

UBA: ERTFHEWERE, KA
KISy ii e T A

4.3 TREE

N R BRI 5 A U A T R
W B T3 T LS, A3 CBAprep 75
2 55 At KA 3 45 8 I8 AR U7 ¥k Learn?
Clean. DiffPrep . Ctxpipe. HAlpipe—
ATBEATR I FEARFBATI AR T, &
N R SR A ol D B 0 O B AR E A
AERE.

WE — AR B v A T s AT
7] 9 5 Bew, 77 %1 HL 300ms. 500ms,
700ms. 1000ms. WCEETEHR [AIHIH B, £
RN, A RHURE B A BT BT I A

bt Bt geFE bR, G4 accuracy fl
Fl-score,

XfFARSC CBAprep HEZR, H#H A
B E R RHATE EARKEIA , X T
H AR o B TT v, ENTABAAIBT
I [R] S 20 R RIS B o PR A ST FE AT
AR R OCE E A, R AR EEE
A7 I [AD 6 N (RD TSR, AR5 8 N A kAT
HOT LA R I R U K . W R E s
17 I () e 6 To Va2 By, WA FEZ A
BT BTG AT AR (R -7
KETR) o

SRy 3R G B TSR R A R el o A I BT
Mk S I 22, AR SCHE— 4 5 RBS.
GK 1 UBA = ¥ S50 ) 1 5 Ze b A7 4
T T3 R R TR TR 24 AT 8 R A
EHEE, FICEREFEY s Eae | 2
BRI A L7 B AR 7

4.4 TRER55HH

441 EERELSRERFRBMETHR
Mt L

WIEERE, ELZHWAZRART,
CBAprep ¥J 8 4E ol 1 & TSR ZE SR 1 v]
W, RSB ERRER . 2 IR R
% 300 ms B, 2%k = i ARG HLEH Y
BT IL IO E A T, i CBAprep
FEFTA AR E R m T TR,
R B 5 1) R A7 BROE R 1% o DA Shuttle
(2 4E R, CBAprep £ 300 ms Wi & T
FIET R IAF] 0.966, Tk 2 8L T
PHAE 1000 ms FUAL T 19 PERE, 0 B H g%
e H G m M A7, EARENR
REE A . BEE A 300 ms M=
1000 ms, CBAprep f 14 AE & K °F 2 #2
T, FHEREE RS R A S
MR %, HEZ T, fBoig ik
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x6 FEEEEFENELIR FHIBRXLL

s B, L2C HAI-AI DiffPrep Ctxpipe CBAprep
0.525/ 0.545/
300ms - - 0.545/0.356
0.474 0.478
0.595/ 0.556/
500ms 0.600/0.591 0.550/0.358 0.549/0.5647
0.581 0.539
Google
0.595/ 0.586/
700ms 0.600/0.591 0.550/0.358 0.549/0.547
0.581 0.554
0.595/ 0.628/
1000ms 0.633/0.633 0.621/0.613 0.59370.574
0.581 0.614
0.674/ 0.662/
300ms - - -
0.641 0.645
0.674/ 0.681/
500ms 0.604/0.600 0.681/0.652 0.670/0.484
0.641 0.674
Jungle
) 0.674/ 0.687/
700ms 0.673/0.671 0.683/0.651 0.670/0.484
0.641 0.521
0.674/ 0.741/
1000ms 0.680/0.656 0.760/0.733 0.680/0.552 )
0.641 0.728
0.818/ 0.898/
300ms - - -
0.813 0.898
0.818/ 0.903/
500ms 0.877/0.865 0.901/0.900 0.895/0.878
0.813 0.900
House
0.818/ 0.915/
700ms 0.915/0.912 0.913/0.911 0.915/0.910
0.813 0.899
0.818/ 0.928/
1000ms 0.928/0.928 0.920/0.919 0.928/0.928
0.813 0.918
0.934/ 0.966/
300ms 0.900/0.892 0.922/0.910 -
0.927 0.405
0.974/ 0.970/
500ms 0.900/0.892 0.930/0.923 0.954/0.891
0.972 0.632
Shuttle
0.974/ 0.981/
700ms 0.966/0.965 0.929/0.921 0.979/0.907
0.972 0.606
1.000/ 0.982/
1000ms 0.966/0.965 0.951/0.947 0.990/0.479
1.000 0.567
0.785/ 0.858/
300ms - - 0.816/0.695
0.756 0.731
0.813/ 0.871/
500ms 0.796/0.759 0.800/0.682 0.816/0.695
0.797 0.690
Uscensus
0.813/ 0.875/
700ms 0.796/0.759 0.802/0.686 0.849/0.780
0.797 0.700
0.813/ 0.874/
1000ms 0.854/0.849 0.802/0.686 0.849/0.780
0.797 0.723

B Z AR LR, AR TR 2 N R R

[

WEE, SHEHERUNE TE. #W

Learn2Clean fF Shuttle ¥ #& £ | F 700
ms 1 1000 ms I #E 7 2 4 0.966, i £
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300 ms #1500 ms B A 0.900, &R K
%, CBAprep fe4% B 1l & A8 Ak 42 (L 5 R
g, FRE BRI RS T &,

442 TEREMELITELIE

A HE—4 5 RBS., GK fl UBA =
TR R FE e AT e, A Ty A R A
[i] 9 55 249 SRR ] i 0 A T 45 2R B P v

&%, Hrh RBS M2 7l 520 51 BE
LA s R Al 56 ik S L SRR IR B R L T
Fo RTLBTHYIREMMEKETH
SEIEE R, 9§ accuracy . Cost/Budget
1 Gain/Cost, H:H, accuracy #1 Gain/
Cost #i 7= i 4f; Cost/Budget WAL 5 A
o1, FEWE A A R IR 1 SRR TR
FIHAMTE, AHIRT 1, WL 1 RR
T VI B PN

R7 HERABLTIITINERIE

KdmeE Wik Avg. accuracy Avg. Cost/Budget Avg. Gain/Cost
CBAprep 0.5788 0.7336 0.0786
Google RBS 0.5889 1.1010 0.1007
. GK 0.5546 1.1509 0.1559
UBA 0.5761 1.1390 0.1453
CBAprep 0.6928 0.4040 0.0734
Tungle RBS 0.6833 0.7523 0.0289
GK 0.6791 1.2051 -0.1528
UBA 0.6788 1.4699 -0.1231
CBAprep 0.9110 1.1527 0.0001
RBS 0.8694 1.4392 -0.1391
House
GK 0.8671 1.2051 —-0.1528
UBA 0.8738 1.4699 -0.1231
CBAprep 0.9748 0.4906 0.2283
Chutile RBS 0.9678 0.8452 0.1874
GK 0.8336 0.5325 -0.6606
UBA 0.6788 0.725 0.0003
CBAprep 0.8695 0.8251 0.1335
RBS 0.8633 1.1509 0.1559
USCensus GK 0.8487 1.101 0.1007
UBA 0.8661 1.139 0.1453

LG SE L], CBAprep 7 £ 55

e EBUS T HE T EER R, AR
) JH A0 B2 B A Wi s Oy T S AN R
HRBSHIH, CBAprep FIlJ A T HTHL
o TR 25 R TR R, RES E RS E HE
TR LT . 5GKMI,
CBAprep A i 5 (19 BLAL AL

a5, SRR TG Z MM E
W FOPRATRR B 4 e, AT I B 008 3l 9 =) 30 2
OEF W R EE R . 5 UBAME,
CBAprep REE IR 48 HE1T H & N 2% J5 43 fic
T ERUAS: 5 36 11 B AR WAL 2 358 o



16 BIG DATA RESEARCH K

443 HRbRIE

AR E T CBAprep J7 ¥ 13 il 5L
B, T A Sk & S o B AL R AR AR
AT RN, LR FE AR B S
B R GO RE SR AR

1 XRAHERDM

ELATR Lo, ARSI JLROR
[l R 1 00 v SR M R T IO, f A
PRFEZRE 3 EL 5256
@® CBAprep: fER UL EFEEM -
BEFT B3 R R 43 B o
R_DIS: #1758 FH G ik
i,
R_ALL: 584FEHL A 180 e &
SRS

@ NONE: AHFTHEIEL

®8 MEAEEHRE

BRUME BEENE

SKHg HET¥A - FHE
CBAprep N N N4
R_DIS NG N x
R_ALL NG x x
NONE X x x

DL 55 w0 7 Bl T R A
POl ael VNl e N ] I e B i
S S R N N U G
CBAprep 5 R_DIS, R_ALL., NONE A [d]
SSRGS, RE N AL H N 1000ms, 14
BISLIGEE AT

9 CBAEHRERNSCIE

e T SLIGTTEE prep_time accuracy F1
CBAprep 0.702 0.717 0.702
\B R_DIS 0.649 0.627 0.608
R_ALL 0.575 0.158 0.135
NONE 0 0.175 0.148
CBAprep 0.665 0.678 0.667
R_DIS 0.547 0.654 0.638
Google Play Store Apps LDA
R_ALL 0.571 0.285 0.257
NONE 0 0.079 0.061
CBAprep 0.988 0.559 0.539
R_DIS 0.722 0.537 0.512
CART
R_ALL 0.351 0.225 0.198
NONE 0 0.253 0.224

RSk #E, CBAprep f£ NB. LDA #i
CART 1Y b 35 B A5 i e (O HERR 2 5 F1
A, Hrf NBERZRIAE 0.717, 5 HAE
R e TR R, HELZ T,

NONE 5 R_ALL £Hl4: 2, R_ALLfENB
R 0.158, FHRENLIEEE
SR el WA 5 A R N =
R_DIS B AT R_ALL, &iE 7 &+ fiff idk
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B REAS RS H G M E 741G, B3
T CBAprep, it IR 40 %8 I5 43 il B 3 —
BHEFHEM

AW 25 R IE , 7E LDA BT,
R_DIS ko R_ALL 3% /4> 0.024s $4 7 B 7],
] ISP B 26 1 0.285 42 1 % 0.654, 3 HA
N v 0 28 Al B S = el s i
CBAprep fZ Ft R_DIS #4111 0.118 s, #14
W R HE—H T2 0.678, FUIHE I 4
Firl A e RE A% T 3 A B P 7 A PR R RIS T

U NEREAE/ RS VE

2 BEHREXW

GEIR o3 BL TR 3 1 SRAR UKL Wi g
EE B ASGER, TS, 55 Rk
RAFMEARSLL, RGN EERL
GERTALEHEGN o N T TS, AHER
PEREIISZI, BT RAR S RS 4

AN IR B R SR A ST F LI 1 0 E

0.575

0.570

0.565

T A

0.560

0.555

100 800

5000 10000 50000
GNP

B4 RAFHERHS,, N TR RN

WEMR, FEE SR RIS RFERELS
BEN, T A R SRR T IR T R
Eo %S, =100 K, MERFE LN 0.551,
HIRZEW BN, 5 RFEA 22 SR
TG TR E o BB S, 2 800 FlI
1000, EHRIA 2R, RETEEL /N,
2% IH 3 0 SR AL IR AL RE OB 4R Tk AT S
B S W IEE 5000 DL, ST R
BRI, BRI ISR A (T SR A IR A
FBAN T8 . R, ARIOE S, = 10000 1%
NERGME, PP RO SR RUR

4.4 4 EAGITHSWETRNER TR
HEIRIE

Hi T CBAprep M6 46 ¥ 3R & Wt T
MachineCost B A fl PTFE U F1 GBD T 1 2
PG B T &5 5, AR SOk — B A
R BEAT IS BT

1 RAfEitER
MachineCost 8 ERGiE

% F MachineCost it A (il TR R, A&
SCRFEARRERES ST ARITIRE
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FUR B SE ST (s (TR, Tl I
SLARAT R RIEN E LA, IF S
MachineCost Tl 25 Rt 17 8 . A TE
B MAE. RMSE. R¥FISFH45% 5 43
It % 2 (mean absolute percentage
error, MAPE), Hr, MAE I RMSE H

Tl T AR S i AR 2 A ) 4 1
#, MAPE H T &M 1m%E, RRH T
RN L ARG R, B 5
F15 10 JE 7R 7 MachineCost A fit; 1 5y
AR 25 R o

MachineCosteli A il 14170 5 521 15 TR 24 b
-- T il
]ﬂ':
#H 1 A~
&
£ o1f
% ﬂ.[rl?
=
&
I].ODI-:
' ';;.um om0 1 T
HIEHATRER (B, AHERED
B 5 MachineCost AZATNIZIE
K10  MachineCost BiAMEIT DS R
Himse TR MAE RMSE R2 MAPE
Eol LR 0.0685 0.4395 0.9216 25.1122

MachineCost B Al T HL ) MAE 24
0.0685, RMSE & 0.4395, R? jk %I
0.9216, i 1% 8B R % B UF UL & ESE R
FIRUARAEAC A S, I XU REAS A B i
T RZME WA ZE R . MAPE O
25.1122, HAERRZEA TR RZTEH A,
1% MachineCost fRA G T 2B 7 F2 o

2 GBDT WmFsREaEaE
BSiE

X T GBDT W g PE Al 455 3 1y A Rk 46
UE, RSO E R B S L,
ARAFXT N T A B E R, RS
GBDT Bl i 25 b A7 He 8 o PR $a bR A
MAE. RMSE. Rl Spearman fixZ %,
Hrp, Spearman #H K R HH T 6 & FN
W s HE i 5 s s HE 2 R — Bk .
BRI 25 R 6 ik 11 IR o

MR S236 K4, GBDT W 2 il 0 5 Y
) MAE 2 0.0045, RMSE 24 0.0077, R?
IKF]0.8352, i B A 1Y R A% B A AU
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GBDTH s AT S 5 PO LR L GBDTU 25—

060 s
S G o 0.601 4 S
- 0.58 T
g 1 0.56 iy i
=04 % 0,54 m ‘v‘LJs?J'a
i . N - ¥ J_’_‘:_-d
F 052 35 0.52
0.50 o i 0.50
048 " 0.48
048 050 052 054 056 058 0.60 0 30 100 150° 200 250 300
AR i P s HE I R R TE IR S
(a) (b)
6 (o) GBDTURZSFHUNME B ZEFU R (b)GBDT UNZSFHUNME BUF MU 28 HE S —BUE
&1 GBDTUNZSFMITIDER
BiEsE TIEFER MAE RMSE R? Spearman
eoel LR 0.0045 0.0077 0.8352 0.9071

AR WA SR I S T IR AL B 2 (AT 0 AR YIZRIN 1] . A7 T FE AR N 1 58l AR A
LXK FR, H—PH, Spearman X R BCARAERY I DU SR 1 RE 1R S i
HOEEN0.9071, KT AT 5L 25445,

Wi HE B R — ok, BEEE SOR B 1E KR 25 5 M0R 3 Bh, BUERE
r O R T . R, R BRI s mm O ROE S E . (TR B A
AHAELHR Y CBAprep A —EIEBHE 3 jpogommis . waitil. KR
H, BEET RSN, HFE B E SR W T FRE 2 G75 Je SS BRAT20028) 53 B ERAY 1)
FEE TN GRG0 et FO AR Y AT FEE N B AL 2L Z . CBAprep

T # Token W HE . FIF AL B 824 51 A A |

4.5 CBAprep EHMERI A RIZ|T A Tk i e ARG AR AL, I 1A
BRI BT Benchmark /84> . WSk . S5 fim

S S I  A S T DA ST 4 R A PN A 0 i 2 g S U i o i R Y
G CBAprep AR, (AR R, 1=, SRIRABURRTRURAAEA,
CBAprep RO BB RMM T s WOERTFMANIE . ORI S e, A
R TSR A S M S sk A SRR R T ORI A £ 1 B
B MR TR A A R, e, AR RJT AT RO o PR R, KA
TR H, CBAprep TELETIE  AARUGLECEDIZ I —,
i35 Fe kR E I T R RO 5. T
5] J5 4 55 7] B i 25 F8 A B Accuracy B
HMAE. RMSESiRY; WEE2SE6m D (Ekia
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Zr b, ARSI S A A 1 A AN BT
5 BRI ORI, g T —A4
[T A N R 7 A U G R i e A P
CBAprep. fEJ7 VLT, J# ik 7 £k
P L AR B ARG A5 A BEAE L, SEHL T A
AR FEFRBI DL BN LS, A5
SRt T | T R, iR
YA A5 7 R BRI A T, A
LMk 2 2 FE S IR B A B AR 43 B s 7
HREM, ®itmEAE 5 RS B4
BEEShLE, A GIEES wIEAL,
ARG H G, BINOEE, L
WAL T, CBAprep f£ 2 B 4
P 3 IR e R Ay R R A
JEIL T Bl A 25 43 AT 0K O T AR 5
FEECRME S OB B EE R, D SEIR AR
WAL A P45 T e O R AR A AR L T R AT
FEAZ

SEH :

(1 X2, E%, FER, . Amnm g kR

WFEEERIR(CL/ /88 -1 @ [ f 1 i i R 18
SCHECEM) . bR R R, 2024:
170-176.
Liu Y, Cao J J, Weng N F, et al. Re-
search review on data governance and
its development[C]//Proceedings of the
12th China Command and Control Con -
ference. Beijing: Military Science Press,
2024: 170-176.

(21 M, 2R, HEe, G ARG Ve
ARER ] W RFE R CH B R,
2018, 58(12): 1037-1050.
Hao S, Li G L, Feng J H, et al. A survey
on structured data cleaning technologies
[J]. Journal of Tsinghua University (Sci -
ence and Technology), 2018, 58(12):
1037-1050.

(31 ERHHE, 2, H/NG . HEREESOLA T AL

et P i e IR B T — RAEZR [T]. K&,
2024, 10(6): 5-15.

Huang K M, Xu D, Du X Y. Data circula -
tion security governance from the per -
spective of data socialization: A five-
sphere framework[J]. Big Data Re-
search, 2024, 10(6): 5-15.

(4] 7E2&, BRERE, AR/ANGS . AR ol B O R o A 65
ARWFFEHERR ). KHHE, 2019, 5(6): 1-16.
Fan J, Chen Y G, Du X Y. Research
progress on human—-in—the—-loop data
preparation technologies[J]. Big Data
Research, 2019, 5(6): 1-16.

[6] Berti—Equille L. Learn2Clean: Optimiz -
ing the sequence of tasks for web data
preparation[C]//Proceedings of the
World Wide Web Conference. New York:
ACM, 2019: 2580-2586.

[6] Chen S, Tang N, Fan J, et al. HAIPipe:
Combining human—generated and
machine—generated pipelines for data
preparation[J]. Proceedings of the ACM
on Management of Data, 2023, 1(1): 1-26.

[71 Li P, Chen Z, Chu X, et al. DiffPrep:
Differentiable data preprocessing pipe -
line search for learning over tabular data
[J]. Proceedings of the ACM on Manage -
ment of Data, 2023, 1(2): 1-26.

[8] Gao H, Cai S, Dinh T T A, et al. CtxPipe:
Context—aware data preparation pipe -
line construction for machine learning
[J]. Proceedings of the ACM on Manage -
ment of Data, 2024, 2(6): 1-27.

[91 Krishnan S, Franklin M J, Goldberg K, et
al. BoostClean: Automated error detec -
tion and repair for machine learning[R].
arXiv:1711.01299, 2017.

[10] Rekatsinas T, Chu X, Ilyas I F, et al.
HoloClean: Holistic data repairs with
probabilistic inference[]]. Proceedings of
the VLDB Endowment, 2017, 10(11):
1190-1201.

[11] Ding X, Qian Z, Wang H, et al. UniClean:
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(14]

[16]
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=

(18]
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