®10%E Lo 2 B8 it E M5 M A
Vol.10 No.6

2020 &£ 6 A

Intelligent Computer and Applications Jun. 2020

XEHS: 2095-2163(2020)06-0079-07 HESSES: TP3-0

HEHFEEESZDBRLEEZHAR

RIS
(WU Tl R HHPLHURL: SHEOR B, /R 150001)

SMERARERS: A

W OE. HEAFEHARATELSMBEENANE I EAFTRY, BT AERMAFEE, TAMERLKERKELE,
R, CEINRB DA REE R AAREARRZRE Y o R 2D 509 2 A RARIFH AL — R KAATE £ A, M LR 46 &
AiX KA R BH T IR RBIBEERLZPM, ALAETHWAEKIBEERZ MG 7 Eag A b 446 XK 4235
M ke %A FE T IR MUP $9 AL % 323 T 3R MUP #9358 472 5 55 MR 48 1 T 3 K coverage H ik & 3+ 2 48 4
B 6 A B AR B ST K A AR R M A4 R B SRS iR AT TR M A R At 2 RR AR 4R 09 42 A I, IAHE T 3 I MUP AL E
AR A

KW, MBFT; HIBEEHZ P, MUP; XKML 4235

Research on optimization algorithm for dataset covering problem
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[ Abstract] In the era of data science, it is common to train machine learning algorithms based on certain data sets. Through
surveys or scientific experiments, we can collect data sets prospectively. Recently, it has been recognized that the training data set is
only representative, it is not enough. If the trained system is to handle some less popular categories well, it must include enough
examples from these categories. This is the data set coverage. problem.

In this paper, based on the existing methods to deal with the problem of data set coverage, combined with the idea of
association rules mining related algorithms, an optimization algorithm for obtaining MUP is proposed to improve the operating
efficiency of obtaining MUP; Solutions to sparse problems and insufficient bitmaps due to insufficient memory. Finally, through
theoretical analysis and comprehensive experiments on actual data sets, we verified the superiority of obtaining MUP optimization
algorithms.

[ Key words] machine learning; data coverage problem; MUP; association rule mining
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Algorithm 2 FastDeepDiver

Input; Dataset D with d attributes having
cardinalities ¢ and threshold 7

QOuput ; Maximal uncovered patterns M

1. Let S = an empty stack

2. compute the coverage of each node in level 1
and store them in a hash table T

3. isLevelOneHasUncovered = a flag indicating if
there is a uncovered

node in level 1

4. if isLevelOneHasUncovered == true then

5. push the nodes in level 1 to S in
descending order of coverage

6. initialLevel = 1

7. else

8. clear hash table T

9. compute thecoverage of each node in level
2 and

store them in a hash table T

10. push the nodes in level 2 to S in
descending order of coverage

11. initialLevel = 2

12.end if

13 level = initialLevel

14 while S is not empty do

15; P = pop a node from S

16. uncoveredFlag = a flag indicating if P is
uncovered

17 .if level == initialLevel then

18- cnt = T.get(P)

19: uncoveredFlag = cnt < 1

20. else if P is dominated by M then

21, continue

22. else if P dominates M then

23. uncoveredFlag = false

24 . else

25, cnt = cov(P,D)

26. uncoveredFlag = cnt < 7

27. end if

28. if uncoveredFlag is true then

29, Let S = an empty stack

30 push P to S’

31, while S is not empty do

32. P’ = pop a node from S’

33. K = generates parent nodes of
P’ by replacing one

deterministic cell with X

34. flag =0

35. for P € K do

36. cnt’ = cov(P",D)

37, if cnt’ < 7 then

38. push P" to S’

39. flag =1 ; break

40. end if

41, end for

42, if flag == 0 then

43, add P to M

44 . end if

45. end while

46. else

47 . () = generates nodes on P and c
based on Rule 1

48 .if (.size == 0 then

49. level — -

50. else

51. level = level + ().size

52. end if

53. push Q to S

54. end if

55. end while

56 return M

13 A7 Level 72 2 K 24 iy Ak v 38 1Y

#1
WHER LTI RITREE A Z b 2, vl L
T I WA A e ELEAS R A coverage,

A WFFEUE R A 22 30X s () 42 2% 1 1) B3k T D
SEIM MUP HIALE 5 J&— A n MRS ICL A n D
ZIrm PR BIEEE D, 33k 28 1 ) P 1 A A
2 BRgE R 1, HABPYEAR S 0B Vi e [1,n],H
t[i] =1H Vj#i, f,[j] =1, M5F1FR,

F1 REIEESE
Tab. 1 The constructed dataset

1tem A] Az An

l 1 0 0

1y 0 1 0

L, O 0 1
&ﬁ@ﬁ% +1, Z A UEWI AT LIAS 5] D A

B MUP NECH



5 6 1] XZREE, A5 I R AR A I AL R AT Y 83
M|=n+C" > 2" (1) F2 TBIBIEERRES

Ay LA ’ﬁﬁ_‘ /l\ ’TE%: , % [‘E‘: T ﬁkﬁ%ﬁ% , ﬂﬂ%& /l\if% Tab. 2 The inverted indices of constructed dataset
KE AT SR . vid 000 001 010 101
d Vi 1 1 1 0
total = k]_[l (¢, +1), (2) . o . . 1
c, RISk By 54k, AU . 2,0 1 1 0 1
total = [T° (2 +1)=3". (3) P 0 0 ! 0
IR EAEOY O ¢ ol o e ) ’ ) ’
LIABEI S — 2 0 SO R (4) 5 RIS o | j j j

MEBABO(S)

num, = C! 2" =2n, (4)
num, = C> 2> =2n* - 2n. (5)

AR AT )Z BT KB
num = num, + num, =2 n’. (6)

Moo= 70, 2" > 247, B MUP B/NBOKR T/
P2 719 S SN 88, HB — A MUP J5, A] LA 8
PR BB ARAN 1k H2Y n ORI
BIPHE I 5B num < total , T BRI Z 9 A5
coverage /AL 8/ T BEAE 8 5f MUP & € 4 1)
TR

DeepDiver F3EFHXF [ T [a) 8L DL R
] b SRR, HA R TE T2 B A 2 ) K
R ER I S I AN e = )4 O E i S O L A Y-
B4E, R OXF R U BN AR E. A SR W
FastDeepDiver 5.7 , REWS BT b 48 21 A 2 25 5=, A
T E PR 3] MUP s 983 B 2 09 5, BETE RS
BUAEH T, PERE L DeepDiver BB i HARE
1.4 itH coverage EiEHIKH 7%

coverage AT Ty vk R B AR e A B PR
M HE R 51 1% 07 2 2 U 5 00 4R 45 4 b Y
BitTableFl 512 B8 R4 45 1l BE R4 ) Bitmap
IER i 3T Bitmap F RO Hiz 8 P&
PR PR B SR AT R R /b 1 42 4 i AR v 4
RGPS TR F 8 . 1158 coverage BT IEFIH T
FlHER S ,Mﬁﬁ@%ﬁ?ﬁ/l\ Bitmap,

FIE— R A 3 A TonlE e, K
A5 MNEIEICAH , 1, 5010, 1, 8000, t; 001, 1, N
101, ¢, 4 010, 7] IAS BEIHER 51 403k 2 s,

133 T XA EIHER TG IR 5 5 iz 5 A s
BRI KR — DALY coverage, Horpr, fif
] 2 BN BON ed e BNRPEREEEL, d w4
BAML I = I BEN O(n) , B CAE i T A 6L )
TFE O(cdn)

IR T AR AN ) O G AR A HER
HeEHR B, B Bitmap W RSB MEAR R 0 BYTE I, 8
Sl RAR 2 TR S H#AE . @ E AR Bitmap PR b
$EE 1 coverage M TTHRRCR  H 2 R FE QAR T —
A TR) A, BIAR R 8 PN A 75 2, T SR s oo 1 2 A K
Z Al RE AR A NAE . X LA E PRSI, A
SCEEM TUAE 3 Ak i

(D RESBERCRNITE, ZEIIA—5
BYWAE, t inE A AL 001 B9 coverage, G115
vy AND v, o BRI BT AN GE R R o, M558
B BRI B iR AR 2 0 BN, BT LA
AR v, JAND v, o S5 HH 1 A T AR &
N, 2 HFFH N =1{0,1}, 0 £mx 000 O E T
bR, 1 7R 001 (IO T An, RFFEE% 4 v, AL T
NI AR R 1 R, andaE o WA N Hil
FRax AT bw, BRI HFEE 28 o, AR 0 A 1
PLE A, BRI N = (1], BaiSEERRE N
[ {0,1,0,0), 5 cnr HUSFLEE, BI85
001 A9 coverage M 1,

(2) Fe4i Bitmap [ 5%, #5 Bitmap 1 0 F§ 3%
Z AW % ETEEHER T D RO E D 1 BT AR,
BEEAS o, th BAEAE T ARE, W I ARG, LL sk
2B, v, 410,1,2)  Bitmap HY 5z
£ st Sy s | I T e Sy MG AR i
AN R AIEE, F5 one BUSFRRIA] XA
7646 T Bitmap A2 8], (H2 84 0 147
I IH]

(3) %143 Bitmap MY J5 7%, # Bitmap " AU T
HERR D 2 X EIHER 51 Tk 2T AE ANAT,
A LA 3 Bitmap #%0C4 (RIS #4780, L
1N 2 Wi Bitmap , W02 7% JEAE BRI 3 0 AR AT
W v, o T, 11,00 K143 (1,11 F{1,0)  AHRLY
ent AN, 1,201} RI402 41,10 Fi2,1 &4
PROMEA NS , & B IS 183 B SRS ene 1Y



84 B o /5 M5 MM

510 %

AR S BLE B Bl cov, , FHEX L cov MR 5L
155 T coverage,

2 BEERGERESW

2.1 HIBES5XWITITNE

(1) £ 44 . OAirBnB FHlE 46, 4 T 785 331
ZHAR AL K15 A @, o —A @ = or )8
P HoAh J& AR S — oo B . @ BlueNile %035 4E
BlueNile J& 2Bk KLk L&A B ER, IE T
116 30055 oA, B 4% 7 A~ KIs 1k,
SRR UIE B R G RE RRR P FEE
o, & A EEEECY 10 4.7 8.3.3.5,

(2) LK E 17 5% . O {4 34 5%, 2. 80GHz i5
CPU LA} 12GB NAE, QK345 Windows 10
ERSE i 1d Java SEIFEILTE Intelli] IDEA £E B
RrhigtT,

AirBnB 5 4 T B AN BB 2 U E
K, HTFX AR MUP 19 5335 1% P fiE ; BlueNile %%
e THBE MR K, EEA TR AR M L
SRS T M SRR B B S R 22 L
2.2 FREXMUP &iX4REXS b K08

¥ e S N R A& € ved R - |
AL AT FRE MUP B39O PERE
2.2.1  HBURB{APEREXS H 525

SUMCAR B AN AR S A B L R s e Al
L

(1)RH AirBnB %l 45, BUAT 10 @ 17
St o —ANE My = oo iE b, Bt g rEE o —
JUJE M, BAEICA AR 785 331 4, 4 80 T A8
PEICHL, FEM 8 ~80 000, L4153 RN AN 4 AY L5
S5 BEA BE /NS A el R A 1
SO HE T EIIGHR #RARE 5500, Br LA A T T
BRI TR AR, IR 1) b 5858 47 B [
JA% K, DeepDiver 5.1 Fll FastDeepDiver .15 12 17
B (e 2 S AR K 5 AR, W T LI 21, B
R R E BB 1T R AR

(2) KB MBI K BlueNile B4 4 2E 17
SC5G . BlueNile B4 —3A7 116 300 &%k o4l ,
HA 7A@, BEM 1~1 000, SL64E2MA S
Rz K, I LUE 2, T BlueNile HJm 7k 5
B, A ) i 55 T 1 1532 47 B (] R 4%
K,

(3) i B3RS AT LA i, DeepDiver 5.1k Fll
FastDeepDiver H.75A T () G0 M, Nt e, 4%
TRAFH AirBnB i £ S0 1iE FastDeepDiver 53325 il

DeepDiver B3, A SCR A AirBnB 04 42 4 O HT 13
AN E, 12 ANE S ZooE 1 N R =
JUJE P, B ST B T 785331, BI{E M 8 ~
80 000, 5 5 153 2| a1 151 6 T 7 i 45 &, T LU Hh
FastDeepDiver &35 K& /01 L #B E DeepDiver B3k
PEREHLE, KR FastDeepDiver 95 A % B b 538
BB A (AR A ZE ), TR F] MUP | AT
AR Z Y L S B BOE RN, DeepDiver
BB T E] Y FastDeepDiver 583 F8 46, Ji PR & )
{ERE S /N, AR e DR 23 DX sl e 8 48 3 119, A
Xf DeepDiver 8.7, FastDeepDiver 5. 7 H % X 7E 5T
R EHR AR T8, K FastDeepDiver 8k —
THATESETHRATZ (WTREA TR Z2) 1Y
9 5 coverage , H XX 265 15 3% coverage HEJT, FIT
PL Y AE RF /N i FastDeepDiver Bk M X
DeepDiver BRI RT . ESZE AT LIS , KB4
T FastDeepDiver 8.7k J& ff; T DeepDiver .7k
i, E R B A

#OF MUPS DEEPDIVER
PATTERN-BREAKER  FASTDEEPDIVER
PATTERN-COMBINER

1200 1500

. 960 1240

£ &

720 9802

Z 40 7203

240 460
0 200
8 80 800 8000 80000

Threshold

4 AirBnB #iE&E -2 HE (n=785 331,d=10)
Fig. 4 AirBnB:varying threshold (=785 331, d=10)

#OF MUPS DEEPDIVER
PATTERN-BREAKER FASTDEEPDIVER
PATTERN-COMBINER
100 10 000
80 8 120
n C:I-)
< 60 6240 =
E =
= 40 4360
=
20 2 480
0 600
1 10 100 1000

Threshold

5 BlueNile ##E&E- AL HE (n=116 300,d=7)
Fig. 5 BlueNile:varying threshold (=116 300,d=7)

2.2.2  H BRI S EC M RE XS HESE G

AR 4> % 5 R G TC A BRI, 454 IR L
MUP 53k ia 17 i) [ 22 461 &, fdiFH AirBnB 445
A2 HUHT 10 AN @ PE AT S8, Forh g — AN s R =
JeIE M, oAb Jm P o — oo b, BB E 5 000, B



5 6 1]

XIZREE, 25 I Bhs 4R 3 o I ) (AL RE T 85

TCLHNEN 8 000~785 331, 45 FANIKE 7 fir 7 i 5256

45

#OF MUPS FASTDEEPDIVER
DEEPDIVER
306 30 000
244.8 24 000
% 18 000 %n
5]
2 1836 2
S 1224 12000 £
fa=4
61.2 6 000
0 0
8 80 800 8 000 80 000
Threshold
6 AirBnB H#E&E-S¥ZHE (n=785331,d=13)
Fig. 6 AirBnB:varying threshold ( n=785331,d=13)
#OF MUPS FASTDEEPDIVER
PATTERN-BREAKER DEEPDIVER
PATTERN-COMBINER
750 1500
L, 660 1260
E @
570 1020 5
E =
Z 480 780 3
390 540
300 300
8 000 80 000 785 331

Threshold
7 AirBnB ##E5&- R B HHETTH N ( threshold =5000,d4 =10)
Fig. 7 AirBnB:varying data size ( threshold=5000,d=10)

M 7 ATLUE Y &AL s AT IR L A2
b, R R B Je A B /N R 2 52 W 1H 53 coverage
P EIHEZR 510 R/N (H S 55085 T4l %0k 8 000 B,
BHREILT- A T BRI O 2 & 28 1, ir ot
FIHER G WA RN LT A 0, RS20 ent [4]
AN, AR LR DA R RIR)Z
B9 1LY coverage B 75 2 M EIHER 51 i1H8E, K%z
B AE T HA B TN,

3 HRIE
AR S B A B B i (R, 7R A A S Al

B R T — RPN SR, E S,

Br 7 A AR MUP 532k A Bk 5 b3 137 5t 1

U, G545 RN AZ 4 AH SC T 58 DL R A8 R Rk p L

H WFFEIE A T BT X DeepDiver B3 19 B0 5 7%

FastDeepDiver B3, #£ i T 118 coverage 875 X%k

A g 1) R LA e o7 1] ek R PN A A A Ti) R e ke S

.

LS T T AR MUP S O PERE,

FEIUE T FastDeepDiver B A% T DeepDiver B 1=

p p

AIBCHERSCR

KK ELE G Ao ) P i — L8070k 1T

GUBEE S €O S E A i

Stk

[1] MULSHINE M. A major flaw in google “s algorithm allegedly
tagged two black people “s faces with the word “gorillas “[ J].
Business Insider, 2015.

[2] MARINA DROSOU, HV JAGADISH, EVAGGELIA PITOURA,
et al. Diversity in big data; A review[J]. Big data, 5(2), 2017.

[3] ASUDEH A, JIN Z, JAGADISH H V. Assessing and remedying
coverage for a given dataset[ C]//2019 IEEE 35th International
Conference on Data Engineering (ICDE) . IEEE, 2019 554-565.

[4] BIGGIO B, CORONA I, MAIORCA D, et al. Evasion attacks
against machine learning at test time [ C ]//Joint European
conference on machine learning and knowledge discovery in
databases. Springer, Berlin, Heidelberg, 2013 387-402.

[5] BAYARDO JR R J. Efficiently mining long patterns from databases
[ C]//Proceedings of the 1998 ACM SIGMOD international
conference on Management of data. 1998 85-93.

[6] BURDICK D, CALIMLIM M, GEHRKE J. Mafia: A maximal
frequent itemset algorithm for transactional databases [ C ]//

Proceedings 17th international conference on data engineering.
IEEE, 2001 443-452.

(3255 78 i)

SRARSCHRIEAN A = 2 4 B T ok i TAET R R & 7F

ASCE IR ARt — 2R KT H ARZ TN )

J7 e — 25 R R %% 1

(1] E, ROEA, RS KT ERGER I ET R IR [T]. &
PEHAR2E4,2016,35(2) :76-82.

[2] frafida, 2= peak, BT 38, 25, JE T35 59 R A4 A0 3 98 37 1 7k
TFEMGE R[], #otS e 2k 2017,54( 1) :96-103.

[3] A7k, oA ST HORIE 25 0 Al DU JC 4 /K T % &4 0 53
[T]. 10E AR 2E4] ,2012,33(7) :1601-1605.

[4] R—4 LIRS, £T 2 RE Retinex BYIE T K4 Contourlet 12,
FEIRIESR[ T]. JeF2#4ik ,2015,35(3) :87-96.

[5] ALEX RAJ S.M, SUPRIYA M.H. Underwater image enhancement

using single scale retinex on a reconfigurable hardware [ C ]//

International Symposium on Ocean Electronics.IEEE,2016.

[6

[

PARTHASARATHY S, SANKARAN P. An automated multi scale

retinex with color restoration for image enhancement| C]//2012

National Conference on Communications (NCC). IEEE, 2012 1

-5.

[7] HE K, SUN J, TANG X. Guided Image Filtering[ C ]//European
Conference on Computer Vision. Springer, Berlin, Heidelberg,
2010.

[8] LA, Broi , IMER , 55, BE T RUGL IEHE 1 5 R Retinex 14
BESRFE[T]. M T 5L, 2009,26(10) :99-102.

[9] MGk, MAER, EIER, 5. HT 2 B Retinex [ F 534 545
BE[T]. I, 2017,39(6) :24-27+64.

[10]83%% e, 5k 30, i3 %% 25, 55, — FhCak (¥ I 3l T e 30K & (A
IS, BN KA HARBIENR) ,2018,21(4) :37
—-41.

(1] T A, A W, 4. 3k T X Lo B2 32 B 5 1R 38 1k 1Y 7k

TS EGRERTTELT]. R TR, 2016,32(6) : 197~

203.



