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Between-class Learning for Image Classification
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We introduce our paper “Between-class Learning for Image Classification” presented at CVPR and MIRU last
year. In this paper, we propose a novel learning method for image classification called between-class learning (BC
learning). We generate between-class images by mixing two images belonging to different classes with a random
ratio. We then input the mixed image to the model and train the model to output the mixing ratio. BC learning
has the ability to impose constraints on the shape of the feature distributions, and thus the generalization ability
is improved. As a result, we achieved 19.4% and 2.26% top-1 errors on ImageNet-1K and CIFAR-10, respectively.

1. BFU®HIC

RF£TIE, CVPR 2018 THE L 7 X [Tokozume 18a]
IZoWT, JaBkir & LT ICLR 2018 TH#£ L i
[Tokozume 18b] DNE & Ab¥E THMNT 5.

FRMHR ORI B WT, FEEEEE VTR EOE
BT LT3, YR, BIBOHER AR 7 — & 22
5 R HERTRE A R~ DB % 2 T 5. RS kE
BT =856 R 2 R0 HRI 2 Rt 2 359 5 L,
FIE I B 2 HERHETH 5.

Z TARIIETIE, RS NZEET— 5 6 N 2 R
MzEEHTES, WH=2—7 0V %y b7 —27 OH L it
YHRFERRET S, HIL A EEFRCE, 2y 7 —
7 &P IENLE DIER OB M 2 5 A kw2 L, R
SN T =y BRI Z 5 2k, AN 2R %
FEHTELZLE, D3OBKRDLND,

22T, MBI EEER LI DL ) B DES I,
¥, 27 7 RIHD Fisher’s criterion [Fisher 36] 23K & W22
[N TdH 5. Fisher’s criterion &%, 7 7 ANDEIC
R$ 277 AMHHOLDZ ETHY, 20D7 FANEDR
BRI TH 2052 R TIEETH B, T, K7 7 ADEMHEY
RRHECERNSENN T h 2. WY A 7 TR Y 7 ARSI
T BEDH 510, FHERICEWTE 2 7 AR
AT ZEDEFE L, AFETIEING 2 D25 7Z
ROt L 33,

PERDHEIMFEE T, FEHT—F Ly P2 oH—DFH
F=FBERL, MET37 7211, 2Ry 0z2HAT
259122 —F Ry b= RFE LTV, ZDLIH %
FEFECIE, BRI B W T 7 I ADIE TR TH
USRI G 2 6 N7\ DT, Feefh I 2 2 SRR
iV, ARWFE Tl C ORIEZ T 2B FIE 2 RET 5.

2. Between-class Learning
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A (%)
TN EETF CIFAR-10 CIFAR-100
Standard 6.07 £ 0.04 26.68 4+ 0.09
11 J§ CNN BC (ours) 5.40 + 0.07 24.28 £ 0.11
BC+ (ours) 5.22-+0.04 23.68-+0.10
Standard 4.24 £+ 0.06 20.18 4+ 0.07
ResNet-29 BC (ours) 3.75 £+ 0.04 19.56 £+ 0.10
BC+ (ours) 3.55 +0.03 19.41 4+ 0.07
Standard 3.54 £+ 0.04 16.99 + 0.06
ResNeXt-29  BC (ours) 2.79+0.06 1821 +0.12
BC+ (ours) 2.81 + 0.06 17.93 £ 0.09
Standard 3.61 £0.10 17.28 £0.12
DenseNet BC (ours) 2.68 + 0.03 16.36 £+ 0.10
BC+ (ours) 2.57 +£0.06 16.23 + 0.07
Standard 2.86 15.85
Shake-Shake  BC (ours) 2.38 +0.04 15.90 + 0.06
BC+ (ours) 2.26 + 0.01 16.00 £ 0.10
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