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1. Over-sampling

Solutions — 2. Re-weighting

_ 3. Decoupled training

Class] 2 Class2 2 Class3 ... = Class C
(major)  Imbalanced dataset ("7
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* Re-balances an imbalanced dataset with pure-noise images, in

addition to oversampled natural images.

Balanced batch with
pure noise images

Classl = Class2 2 Class3 ... = Class C
(major)  ymbalanced dataset ("o —
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== Original imbalanced dataset

1. How many noise images should be generated? Original imblanced

Pure noise images

P(replace x with x,,pselci) = (1 — p;) - 0

Class | Imbalanced ratio

# of samples

Class index

2. How to generate?

a) Compute mean and var. of each color channel [ € {1,2,3}

upy =E(X[, :]) , opi=+Var(X[l, :])

b) Generate Gaussian noise
:‘%noise ~ N (IJJ'D:' JD)

Tnoise = Min (max (Tpeise, 0),1)
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Since the noise images behave differently with the real images. A new
batch normalization method is proposed to handle this problem.

Distribution Aware Routing BN (DAR-BN)
A

( Update
/ |_. Concat ._I lBatch Statistics
F

aAdaptive 8.y
s Aﬁ;me J




I Experiments PEII‘NP_E

v Datasets

Dataset \ # of classes Imbalance-ratio (IR) Largest class size  Smallest class size # of samples
CIFAR-10-LT [5] 10 {50, 100} 5,000 {100, 50} {13,996 , 12,406}
CIFAR-100-LT [5] 100 {50, 100} 500 {10, 5} {12,608 , 10,847}
ImageNet-LT [30] 1,000 256 1,200 5 115,846
Places-LT [20] 365 996 4,980 5 62,500
CelebA-5 [27] 5 10.7 2423 227 6651

v Baselines

B ERM : Directly train the network on the imbalanced dataset.

B Oversampling : Oversampling the minority classes.

B ERM + AutoAugment: Employ auto-augmentation in training.
m Other SOTA.

v Implementation details

1. The proposed method is applied only on the last 15~30 epochs

2. & is fixed as 1/3, the experiments are repeated 4 times.

@
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Methods CIFAR-10-LT CIFAR-100-LT ImageNet-LT Places-LT CelebA-5
IR=100 IR=50 IR=100 IR=50

Empirical Risk Minimization (ERM) 79.6+02 84.9+04 47.0+05 52.4+04 51.1 29.9 78.6 +0.1
Oversampling 75.1+04 82.2+04 42.5+03 48.0+02 49.0 38.1 76.4 +0.2
LADM-DRW [5]¢ 77.1 81.1 42.1 46.7 - - -
M2m [27]8 79.1+02 - 43.5+02 - 43.7 - 75.9+1.1
Balanced Meta-Softmax (BALMS) [! IE - - - - 41.8 38.7 -
LADE [22]} - - 45.4 50.5 53.0 38.8 -
MisLAS [54]8 82.1 85.7 47.0 52.3 52.7 40.4 -
OPeN (ours) 84.6+02 87.9+02 51.5+04 56.3+04 55.1 40.5 79.7 +0.2
ERM + AutoAugment 81.4+03 86.4+02 49.9+04 55.7+04 52.2 29.2 79.3 +os
BALMS [40] + Autofﬂxugmel‘lt§ 84.9 - 50.8 - - - -
OPeN (ours) + AutoAugment 86.1+01 89.2+02 54.2+05 59.8+05 56.1 39.6 80.9+04

Table 2. Results & Comparison on imbalanced benchmark datasets. Mean accuracy over all classes per dataset. OPeN outperforms
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Norm Layer

CIFAR-10-LT CIFAR-100-LT

Standard BN [25]
Auxiliary BN [45]
DAR-BN (ours)

81.45+0.70 49.1840.54
83.38+0.16 00.13+0.06
84.64+0.16 51.50+0.44

Table 3. Ablation study: Comparing different Batch-Norm
layers. Mean accuracy on CIFAR-10/100-LT with IR=100. Each
type of BN is plugged into OPeN (with same training parameters).
DAR-BN outperforms the other normalization layers.
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* From a training point of view, oversampling with pure
noise images increases the magnitude of minority
gradient components.

* Although the pure noise does not contain discriminative
information, it implies the class prior to the model.
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* v DNN
* N={1,..,n} Asetof nvariables, e.g., an input image with n pixels
* v(N) the network output of all input variables

i Example: Given an image x, v(xs) can be implemented as any i
I o truth | _, I
i scalar output of the (e.g., log - Plo=y _|zs) ; of the true category)

_P(ﬁ:ylmth |-'17.‘_-?

Definition: m-order interaction

1" (i, 7) = Esc (i), 5/=m[A0(i, 4, S)],

where

Av(i, 7,S) = v(SU{i, 7}) —v(SU{i}) —v(SU{j}) + v(5).

It quantifies the marginal effects (the importance) of the variable j that are
changed by the presence or absence of the variable i, i.e., the collaboration
between i, j in a context S.

m
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o __ EvealBi [l l2)|]
E [ExcalEs (1107 (i, jl2)]]]

AlexNet VGG-16 ResNet-18/20 ResNet-50/56 MLP on tabular
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Figure 2: The distributions of interaction strength .J("™) of different DNNs trained on various image
datasets and tabular datasets.?
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Theorem 1. (Proof in Appendix B) Assume ELj,S[W] = 0. Let 02 denote the vari-

ance of each dimension of W Then, E; j[AW )(i,7)] = 0 and the variance of each

dimension of AW (™) (i, j) is (nz2k n=m=1)2; 2/ 2). Therefore, E; ;[||AW ™) (i, 1)||3] =

Jv(N) n(n 1)

K(n af({;ﬂ i(il}l )252 /(" %), where K is the dimension of the network parameter WV .

EEE TR ENEEEENTE LIS E AWM (4, j) (REEERT

F{m}_‘n—m—l (‘ﬂ—
- n(n—1)
Z&/h, B, harBRNESEESER, S EERNT R, ENsERE s TER RN

=Mi3rg,

2
) . PILLEY, NEREEEPNZE RS SiNEER



I Control interactions of specific order PEII‘NP_E

o5 = s
L7 (#1,%2) = |Q| erQ Zc 1 P(y™ = c|z) log P(§ = c|Auc.(r1,r2|x)),
L™ (r1,72) |Q| era Z P(y = C|Auc(”'1,7"2|-13))108 P(y = CIAUC(r17T2|I))3

where Aue(ry,rolx) = v.(Ss|x) — 19 /11 - v.(S1|x)
Suchthat 0C S C So C N, |S1| =rin,|S2| =ron,and 0 < r; <rp < 1.
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* L7 (1y,15) usually could successfully penalize interactions of the [ryn, r,n]-th orders

« L%*(r,1,) could encourage interactions of the [ryn, r,n]-th orders

(c) AlexNet on CIFAR-10 AlexNet on Tiny

== Normal DNN 6 1 == Normal DNN
& —s— Low-order DNN = Low-order DNN
= —— Middle-order DN —+— Middle-order DN
%ﬂ 4 —s— High-order DNN 4 —s— Highgorder DNN
o
o 2
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Order Order
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I Empirical Studies

Table 1: (left) Classification accuracies of four types of DNNs, including the normally trained
DNNs, and the other three types of DNNs mainly encoding low-order, middle-order, and high-order

CIFAR-10 Tiny-ImageNet
Model AlexNet VGG16 VGG19| AlexNet VGG16 VGGI19
Normal training 88.52  90.50 90.61 56.00 56.16 52.56
Low interaction 86.97 8999 §89.74 58.68 55.60 55.04
Mid interaction 86.65 90.29 90.03 53.88 55.84 53.36
High interaction 88.68 90.84 90.79 56.12 5536 53.28

The similar performance indicated that it was not necessary for a DNN to encode
low-order interactions and high-order interactions to make inferences. Middle-

order interactions could also provide discriminative information.

m
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90% 80% 70% 60% 50% 0% 90% 80% 70% 60% 50% 40% masked
Figure 5: Tested images by random masking (left) and centrally-surrounding masking (right).

Normal DNN on CIFAR-10 High-order DNN on CIFAR-10 Normal DNN on Tiny ImgNet High-order DNN on Tiny ImgNet
—— random — random —— random
g 0.75 {==centrally «. 0.75 e centrally-surro AT centrally-surroufiding
5 050 0.50
§ 0.2 0.2f
0.25 : 0.25
area: small ; dilea: small area; farge
0.1n 0.5n 0.9n 0.1n 0.5n 0.9n 0.0 0.1n 0.5n 0.9n 0.0 0.1n 0.5n 0.9n
Preserving rate Preserving rate Preserving rate Preserving rate

Figure 6: Classification accuracies using VGG-16 on images with different numbers of patches
being masked. The Appendix C provides more results.

 Normally trained DNN usually encoded local patterns

* High-order DNN encoded more structural information

@



'E\\HHU/?&'
\\\\\\ ////////

\\\\éég 7
1952

///////” iy \\\\\\\
Yuat

UA

A

*
%

& %

wWWmm@

b

Q\\\\\\\\\\\\INHH

“n

PHFNEE

THANKS

EIURRIS ST 8RR E

FAttern Recognition and NEuwral Computing



