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Borderline-mixup Imbalanced Data Sets Classification Method
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Abstract: The problem of imbalanced datasets has attracted people’s attention since two decaél,es.ago, and various
solutions have been proposed. Mixup is a popular data synthesis method in recent years, with‘many variants extended.
However, there are not many Mixup variants proposed for imbalanced datasets. This study proposes a Mixup variant,
namely Borderline-mixup, to address the classification problem of imbalanced datasets, which uses a support vector
machine (SVM) to select boundary samples and increases the prbbability that the boundary sample is sampled in the
sampler. Two boundary samplers are constructed to replace the original random sampler. Extensive experiments have
been conducted on 14 UCI datasets and CIFAR10 long-tail datasets. The results show that Borderline-mixup has
outperformed Mixup ‘consistently on UCI datasets by up to 49.3% and on CIFAR10 long-tail datasets by about 3%—3.6%.
Therefore, the propo‘sed Borderline-mixup is effective in the classification of imbalanced datasets.
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W CS RIS RS I
(7

1 1 Sofe o, =
X% IR AR SRR ) &
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SR AE BT B FE AT R AE A B 2H 5, TR A A
RS 5 WS o, HENRAFEA A ©
{):C= Axgy +(1 = Dxp2 ©)

9= Ayg1 +(1-Dys2
A1, A~ Beta(a,@), a €(0,00), BF|1[0,1].
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3 SEEG

PATHE UCT ML a2 2] 45 PE LA S CIFAR10-LT
KRHHE S LVEAL T RATIR B 7. Hoh AR £
(17 14 A~ UCT Hdl 4 2 A 5 5t B A A P17 v i 1 5040
B, HASP- i R P2 45 AN AH T

CIFAR10-LT J2 24 SCiik [6,28] #4 & (1) CIFAR10

I R RRAR . RIVAS [ 28 il A A A B0 B2 i ik, 7E AN
ST o3 S T A H A R R UE I B SR T LR
3.1 HR&E
3.1.1  UCI HLas s > 8udia e

FE 03RRI 2 oy Rseid, AT A 7ok A
UCT HL#& 5 ST AR EERD 10 A 70 AP 8 S A
4 2 RACTHEIRAR SR, WAk 1 MR 2 fos, 03K
55 F1 4 4% Spect™!. Blood™ . Yeast™'. Abalone”.
Ecoil™. Tonosphere™", Wiltm]* Balance Scale,
Bank Marketing™"’, Fgrtility[m ﬁﬁ%, 2 RES T
i T Car Eyahlation[”]\ Avila®), Balance Scale’®!
il Ghess™V Sri Tt 54 S HEEAT 20 2 A,
SRR SREE . R, 25 o S5 Hod 4 1
60%- 20%- 20%. H AP R BIRAEI 255 B 2
HOERFEAKR DL B A AT 2 /.

F 1 RSN UC EEE S

Btk FHEL  FEAH AT L
Spect 22 267 3.848
Blood 4 748 3.226
Yeast 8 1484 5.1

Abalone 8 4177 2.20
Ecoil 8 336 15.75

Ionosphere 34 351 1.79
Wilt 6 4889 58.16
Balance Sacle 4 625 11.90
Bank Marketing 17 45211 8.15
Fertility 9 100 7.429

B0 B RLI TG UC Bl

KoimdEn, | ORMESC BN RIS BTG
Car Evaluation 6 1728 4 18.615
+« “Avila 10 10430 12 857.2
Balance Scale 4 625 3 5.878
Chess 6 28056 18 58.372

FE o Rsciarh, 0T 2 R84, FRAT1R ELE A
Hp—RIESE, HRFNFERINIEIHTELR. & 1
JEIR T RT3 ESIeH 10 MBI AR OGS B,
R 2R THT 2000 4 DML E E.
3.1.2 CIFARI0-LT

CIFARI0-LT & H 54 CIFAR10 %54, 76/ &
AT L 2 5, AR F8 B ek i = ny !, DA 2E
I ZRRE A B R B A 1, AR A . X
tRREG], n 9 0GB AR e R SRR AR 1
u € (0, 1)1, FEARS 487 Ll A2 A R s ol wp
PAEE HHu .
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AN LU AT p 5 58 SR B B 2 TR 28 R AR B 5
DA /S R SRR AR B, BB Y — AR 7E 10 2
200 2 [i]. fEFRATH 258, S HL p = 100, 200, Hi4E 4R
AR EAE Bk 3 iR,

23 seibrh A CIFAR10-LT i 4%

R 0 =200 0 =100
WIRFEARZL 11203 12406

R FAREARLL 5000 5000

/NERIREARSL 25 50

32 LWRE
3.2.1 UCI #¥afE/r RS &

XF T UCT $df 48 7 RAT 55, AL £ DY 2 & A bl
HEAT SR, Rl 2 1 s BB N 2 A S R
Z A 23, B Ba =1, epoch K/INH 300, batch-size 1
128, HU 15 IRSEI )P ENEE R,

322 CIFARIO KRHHRERIG A, 50 v

X} CIFARIO0 JGFEEH 4R 1) 5240, FRA 11645 ResNet32
VERFT IS, R BENUBERE T 57572, HdhahEHh 0.9,
B ZEI N2 %1074, epoch K /N K 200, batch-size N
128, 22 2] RAUEAMHN 0.1, 7£ 160 Pepoch F1 180 4
epochif BR L 10. FATXTRGT 5 ANepoch KU B #EAE
BB =1, B S R R IE R R,

3.3 1FMEIER

T AP BE 4 0 25, HER R A 2 — MR A
MIVEAIBRAE, BT ATE UCH 43 RS20, A Tk B recall,
F1-score, g-mean{E N PFALARHEREAT LLAL.

TE 0 REIRERERE o, TPRIR A, FN RN

BT, FPERIRRIAYE, TN Fom 5. SEih, w8 |

DEEN IR, 28N TR, Y hifabsrecall, El-score,

g-mean7y MR RUIT.
recall 7R RN/ E R ) A [l 22, J:

TP
recall = ———— (10)
TP+FN

Fl-score RN KR precision F1 3 [0l Frecall
B — N RREME, FoRm N

2 X precision X recall

Fl-score =

(11)

precision+ recall

ook, precision Iy R0 SR RO %, B0
_ TPZPFP (12)
g-mean EANFHTELAR 443 35 R P — AME RS
SR B R 1 2T T 2 S B 2 1 — A2 2 JE R

_\/ e TN (13)
M= N Tp FN " TN+FP

XF T CIFARIO K B #4270 2%, AT
F v B, % R EEA e AR, PR R, 2R )5 K
M R accuracy VE VPl bR AE.

TP+TN
TP+FP+TN+FN

precision =

(14

accuracy =

34 ZWERESH

SIS R R ERM (458 KRS i /ME) . Mixup BLHT
HHE 2 Mixup 1) 3 NEKR Remix. Balanced-mixup.
Label-mixup {F Jy5f b 773, v
3.4.1 UCI Z7p2SRIast R

— RS SRR 4% 6 TR, 2 1 ST
MR AT, 5 1 AT FoRAE A7k, AT TR AE
551 A7 o PR B, A5 S50 4 £ S 6 A5 A2 0
IR R,

b %4 ®O7IEAE UCT HURAE b ig-meantt

G/ . ERM Mixup Remix Balanced-mixup Label-mixup Borderline-mixup
Spect " 0.298 0.497 0.494 0.503 0.441 0.534
Blood 0.335 0 0 0.529 0 0.573
Yeast 0.682 0.640 0.691 0.700 0.637 0.767
Abalone 0 0 — 0.589 0 0.598
Ecoil 0.5 0.678 0.622 0.634 0.583 0.786
Tonosphere 0.849 0.858 — 0.872 0.716 0.904
Wilt 0 0 0 0 0 0.914
Balance Scale 0 0 0 0.728 0.493 0.764
Bank Marketing 0.560 0.567 0.622 0.568 0.535 0.575
Fertility 0 0.047 0 0 0 0.228

R LA B, £E3X 10 NEHRES, 3 DR RS2
e KAWL W FATHIT7 iR AE 48R 2 B O F #B 2 i

PER.
FEg-meanf LLEH, FATHIJTIEAERR T Bank Market-
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ing HAE A Z A1) 9 A E R AL TR S HUR AL 45 2R, T
HIETE Wilt F Fertility Z08a4E h, LB LA 7 v HL
131 g-meanfi K Z # N 0, RIHIL 7483573 2K N
ZHERRIB, MEATHI J5 % Borderline-mixup 4371 B
B4 0.914 #1 0.228 Hig-meanfd. TErecall FJLLEH,
TR 7R e IR 9 /N 8 B RIS T & fi.
Fl-scorefH1E RN Z WHHREE L 2HUS T R pI4 R

FED B LA B G b, BATII T BAR BT U iR
UL, (BATHRESS 2 BE 28 3, H558 1 MPEREARZ
AR

A UL L, AR T VEAE — 70 R i a4
FEAT R, CERR AT ) Rt 5 B (1 dn s 36 P i1
Wilt £da28), FA TR T7 i TS Pz i Al L
Toft 525, 3K A8 VA B30 SR SR 1) A R

%5 KBITEELE UCL 345 Frecall i

G/ ERM Mixup Remix Balanced-mixup Label-mixup Borderline-mixup
Spect 0.09 0.272 0.272 0.285 0.212 0.345
Blood 0.114 0 0 0.299 op 3 - . 0.379
Yeast 0.479 0.419 0.493 0.521 \ 10422 0.668
Abalone 0 0 — 0.458 % ! 0 0.481
Ecoil 0.25 0.467 0.4 0417 0.35 0.633
Ionosphere 0.72 0.741 0.376 0:773 . 0.515 0.835
Wilt 0 0 0 0 0 0.848
Balance Scale 0 0 0 0.622 0.4 0.741
Bank Marketing 0.322 0.33"1 L 0398 0.402 0.297 0.345
Fertility 9."'§ 0.033 0 0 0 0.267

§
F6 HITIEIE UCI HHELE I F 1-scorefd

AE/TE S ERM Mixup Remix Balanced-mixup Label-mixup Borderline-mixup
Spect 0.154 0.335 0.328 0.342 0.283 0.349
Blood 0.195 0 0 0.397 0 0.427
Yeast 0.59 0.544 0.594 0.574 0.521 0.587
Abalone 0 0 — 0.461 0 0.472
Ecoil 0.4 0.606 0.522 0.553 0.507 0.674
Tonosphere 0.837 0.845 0.537 0.857 0.678 0.892
Wilt 0 0 0 0 0 . 0.671
Balance Scale 0 0 0 0.478 0.316 ?‘ 10435
Bank Marketing 0.423 0.443 0.492 0.475 0.398 & . 0.418
Fertility 0 0.044 0 0 % 0 0.129

—
& 20K Avila A1 Chess e AT I EEE 4, B
AP Ll i s T S A B 4R, X 22 380 ERM
A1 Borderline-mixup 7£ 2455 1 11 2 82K E precision 7
FEBUK. S35 B3 H0: £ Avila F1 Chess i g,
ERM [ F1-scorefti KT Borderline-mixup [ F1-score
18, F2 PR 93 /N s 4R 1 ds R AN~ 48T B A5l =i, ERM
1E 2 02K LY precisionfHi% = T Borderline-mixup, i
HHCPYIME S, ERM [ Fl-score{ti KT Borderline-
mixup ) F1-score{H.

KU TR T A AN P s AR, FRATT I T
TE LB precision I 5 1T B 2= PR D B DGy /D $2K i &
KT o ZHEEWIRE L, MMAEF 1-score /A HLEL E

3.42 UCI 27059845 R 7

Z 0 KRS Rk 73R 9 Fras, X1 SIS 1 )
4 NAP AT HCE 5, AT 77 % Borderline-mixup 7
g-meanfrecall 1IX Wi A VEAN F6 A HEF AT 726 1 (45
R, ELPE K ML St R i T8 2 4.

TEF1-scored5Frh, 5 2 DNEIEEKREIESE 1 1
=R RN F1-score 52 precision fMlrecall )i AT ¥4H,
AT T EAE recal BIX AN 4R AR I REHUR S 1, R
B9y W precision {8 K F BT IR R P E. FEFTED Y Avila
F1 Chess FEAN A1 precisionfd 2 &, ATRIL, X+
KB EB AW, ERM 7 7% B £53 2] 1 precision
HRZH N 0, %5 T BB Z (192K, AR precision

B3 . MFRATT I 7 R B Ry D Bk, MU 2 B 1)
precision 12 FER—H IR E. 29 F5HF1-score
B 72 X BT 2R Fl-score A B 3153 2 ) &5 3, M

2%T ERM HU45 8. H A, i Mixup M HARE, I
TR 7 PRI TE X RS 00 R, REER B L 45 IR, X
S T AR H Y Mixup 2B A 2.
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F 7 KITIEAE UCI R4 L g-meanfl

Bl ok ERM Mixup Remix Balanced-mixup Label-mixup Borderline-mixup
Car Evaluation 0.255 0.06 0 0.474 0 0.793
Avila 0.258 0.129 0 0.196 0 0.559
Balance Scale 0.627 0.620 0 0.932 0 0.958
Chess 0.547 0.350 0 0.516 0 0.587

®Y  BHIKIE UCI H¥4E Frecallld

LAETES ERM Mixup Remix Balanced-mixup Label-mixup Borderline-mixup
Car Evaluation 0.292 0.253 0.25 0.508 0.25 0.740
Avila 0.226 0.168 0.083 0.226 0.083 . 0423
Balance Scale 0.650 0.642 0.333 0.908 0.333 T 10945
Chess 0.389 0.235 0.056 0.352 0.056 - 0.397

5
1
#9  KITIEIE UCI HHE4E B F 1-scorefd

LTS ERM Mixup Remix Balanced—mixu[; Label-mixup Borderline-mixup
Car Evaluation 0.281 0.215 0.090 0.425 0.090 0.555
Avila 0.223 0.139 0.049 _ 0.132 0.049 0.220
Balance Scale 0.624 0. 618 L0211 0.845 0.211 0.862
Chess 0.389 | 0212 0.010 0.257 0.010 0.260

|

%%*E’b&% B R AT AR, AT i AUAE

B SVM Jot £ il F AR, K HEBAN14

5 E IR

TR B, TE 2 oy 25 B BRI R 45 IR
XD UF B T FRATTV T 30 SR SRS 1A ARk
3.43 CIFAR KJRHIE A EG > Km0 25 R i

CIFARI0-LT 44, WA & R FFAAE, BIF
TR, BT LLERATT R B accuracy Ky & 45 J7 1A R M RE. 5K
et Rk 10 prow.

10 FJ7HAE CIFARIO-LT Hffaccuracy (%)

Himse CIFARI10-LT 100 CIFARI10-LT 200
ERM 72.154 65.58 1
Mixup 73.13 67.102
Remix 75.76 69.92
Balanced-mixup 75.85 69.906
Label-mixup 75.51 69.806
Borderline-mixup 70.722

76.296 ¥

T DA 1, 7EHEMERY 1% K R 3 & CIFAR10-LT
e, AT 7 R L. FEAS P LL 4 p = 1001,
AH Lt Mixup FATHI /7 7% Borderline-mixup &7+ T
3.1% A4, 1€ p =200/}, Borderline-mixup #4 Lt +
Mixup $#&F+ T 3.6% A 4.

4 5k

ASCHEH T FhEHRE R (7R Tik WRRE
(Borderline-mixup), B 7£ T & 5 # 48 [ 28 76 A -7 5L
P4 LAY 4324 B8, Borderline-mixup HIEUHT S 7ET,
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