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F Class Imbalanced Learning Sukicicesl) o
Under-sampling: RUS, ENN
/ 1.Re-sampling:
Over-sampling: SMOTE, ADASYN
2.Re-weighting: Focal-Loss, Effective Numbers, LDAM

3.Ensemble: SMOTEBoost, EasyEnsemble & BalanceCascade

< 4 Transfer learning: OLTR, Range-Loss, FTL

5.Metric learning: Contrastive-Learning

6.Decoupling: BBN, Classifier-Balancing

\ 7.Meta-Learning: Meta-Weight-Net




' Motivation - “the value of labels” Jhrariict| g

e Positive: Imbalanced labels are indeed valuable. Extra unlabeled
data benefits imbalanced learning (Semi-supervised Manner)

 Negative: Imbalanced labels naturally impose “label bias” during
learning, where the decision boundary can be significantly driven
by the majority classes. (Self-supervised Manner)

ot

How to maximally exploit the value of labels to improve class-
imbalanced learning?
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A mixture of two Gaussians (ul1 > p2): Pxv

The optimal Bayes’s classifier: f(x) = sign(x — %)
_’_

Target: o= 5 a

Base classifier trained on imbalanced data: B

Imbalance in accuracy: A

a4 P

Pseudo-label is positive/negative ny nN_
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282 Ay
Theorem 1. Consider the above setup. For any 6 > 0, with probability at least 1 — 2e 9% "~ "+ —
B 87y 62 B 87 _ 62 A
2e 9ri-u2)? — Qe 9m-r2)® oyr estimates 0 satisfies

10 — (1 + p2)/2 — Apa — p2) /2| < 6.

Interpretation.
* Training data imbalance affects the accuracy of our estimations

* Unlabeled data imbalance affects the probability of obtaining such
a good estimation.
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(a) CIFAR-10-LT
Imbalance Ratio (p) | 100 | 50 | 10

Dy Imbalance Ratio (pv)| 1 | p/2 | p | 2p L | p/2] p | 2p L | p/2| p | 2p
CE 29.64 25.19 13.61
CE+Dy@5x  |17.48]18.42|18.74|20.06 16.79|16.88 | 18.36 | 19.9410.22| 10.48| 10.86 | 11.04
LDAM-DRW [7] 22.97 | 19.06 11.84

LDAM-DRW + Dy @5x [14.96]15.18|15.33|15.55|14.33| 14.70| 14.93| 15.24| 8.72 | 8.24 | 8.68 | 8.97

(b) SVHN-LT
Imbalance Ratio (p) 100 | 50 10
Dy Imbalance Ratio (pv)| 1 | p/2| p | 20| 1 | p/2]| p | 2p L | p/2] p | 2p
CE 19.98 | 17.50 11.46
CE+Dy@5x  |13.02]13.73|14.65|15.04|13.07 | 13.36 | 13.16| 14.54| 10.01 | 10.20] 10.06 | 10.71
LDAM-DRW [7] | 16.66 | 14.59 | 10.27

LDAM-DRW + Dy @5x |11.32]11.70(11.92|12.78 | 10.98|11.14]11.26 | 11.51| 8.94 | 9.08 | 8.70 | 9.35

Loss function:  L(Dp,0) +wL(Dy,0)
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Training Set Test Set Training Set Test Set
Bad separation : Better separation w/ unlabeled data
<% . for tail classes Mixed class boundary - L6 ¥ x
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(a) Standard CE training (b) With unlabeled data Dy @5x (colored in black)

Figure 1: t-SNE visualization of training & test set on SVHN-LT. Using unlabeled data helps to shape clearer
class boundaries and results in better class separation, especially for the tail classes.
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Figure 2: Test errors of different unlabeled data rel-  Figure 3: Test errors of different py of relevant unla-
evance ratios on CIFAR-10-LT with p = 50. We fix  beled data on CIFAR-10-LT with p = 50. We fix the
pu = 50 for the relevant unlabeled data. unlabeled data relevance ratio as 60%.
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XY = +1 ~ N(0,021,)

A mixture of two Gaussians (pul = p2): X[Y = —1 ~ N(0, Bo?1,)

Linear classifiers: f(x) = sign((@, feature) + b)
Standard error probability: erry = P x vyopyy (f(X) #Y)
Learned representation: 7 = ki|| X3 + ko

Theorem 2. Let @ be the CDF of N (0, 1). For any linear classifier of the form f(X) = sign((0, X)+
b) where b > 0, the error probability satisfies: erry = pgﬁ( — #) - p@( >

b ) 1
110]]2v/Bo1 4"
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N _ N ‘
fss(X) = sign(—Z 4+ b), b = %(Zi—l 11{\2_“}2% i 2 i1 1}\;@——1}%)

Theorem 3. Consider the linear classifier with self-supervised learning, fss. For any 0 € (0, %)

+1
o~ N-ds*/8 _ o,—Nd5*/8

we have that with probability at least 1 — 2 , the classifier satisfies

2
_ g (Bm1-(+5)5)? — . B=1=Q+p)5) . B—3 B—1Y\.
erry. < P+€ - Tp-c = o€ [ﬁ+1? B+1)’
fss = g (B=1-(148)8) _d_(ﬁ—l—(lﬁz—ﬁ)aﬁ | 63
pb+€ 16 ‘|‘p—€ 326 ) lfé € (09 ?)
Interpretation.

* With high probability, we obtain a satisfying classifier fss(x), whose
error probability decays exponentially on the dimension d.

* Training data imbalance affects our probability of obtaining such a
satisfying classifier.
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Table 2: Top-1 test error rates (%) of ResNet-32 on long-tailed CIFAR-10 and CIFAR-100. Using SSP, we
consistently improve different imbalanced learning techniques, and achieve the best performance.

Dataset CIFAR-10-LT CIFAR-100-LT

Imbalance Ratio (p) 100 50 10 100 50 10
CE 29.64 25.19 13.61 61.68 56.15 44.29
CB-CE [11] 27.63 21.95 13.23 61.44 55.45 42.88
CB-CE + SSP 23.47 19.60 11.57 56.94 52.91 41.94
Focal [32] 29.62 23.29 13.34 61.59 55.68 44.22
CB-Focal [11] 25.43 20.73 12.90 60.40 54.83 42.01
CB-Focal + SSP 22.90 18.74 11.75 57.03 53.12 41.16
CE-DRW [7] 24.94 21.10 13.57 59.49 55.31 4378
CE-DRS [7] 25.53 21.39 13.73 59.62 55.46 43.95
CE-DRW + SSP 23.04 19.93 12.66 57.21 53.57 41.77
LDAM [7] 26.65 23.18 13.04 60.40 55.03 43.09
LDAM-DRW [7] 22.97 19.06 11.84 57.96 53.85 41.29
LDAM-DRW + SSP 22.17 17.87 11.47 56.57 52.89 41.09
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Table 3: Top-1 test error rates (%) on ImageNet-LT. Table 4: Top-1 test error rates (%) on iNaturalist 2018.

I denotes results reproduced with authors’ code. I denotes results reproduced with authors’ code.
Method ResNet-10 | ResNet-50 Method ResNet-50
CE (Uniform) 65.2 61.6 CE (Uniform) 39.3
CE (Uniform) + SSP 64.1 544 CE (Uniform) + SSP 35.6
CE (Balanced) 62.9 59.7 CE (Balanced) 36.5
CE (Balanced) + SSP 61.6 52.4 CE (Balanced) + SSP 34.1
OLTR [33] 64.4 62.6 LDAM-DRW [7] 35.41
OLTR + SSP 62.3 53.9 LDAM-DRW + SSP 33.7
cRT [25] 58.2 52.7 cRT [25] 34.8
cRT + SSP 56.8 48.7 cRT + SSP 31.9
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(a) Standard CE training (b) Standard CE training with SSP

Figure 4: t-SNE visualization of training & test set on CIFAR-10-LT. Using SSP helps mitigate the tail classes
leakage during testing, which results in better learned boundaries and representations.
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e C(lass re-balancing strategies is to significantly promote classifier
learning but will unexpectedly damage the representative ability of
the learned deep features.

* After re-balancing, the decision boundary tends to accurately
classify the tail data. However, the intra-class distribution of each
class becomes more separable.
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Figure 2. Top-1 error rates of different manners for representation learning and classifier learning on two long-tailed datasets CIFAR-100-
IR50 and CIFAR-10-IR50 [2]. “CE” (Cross-Entropy), “RW” (Re-Weighting) and “RS” (Re-Sampling) are the conducted learning manners.
As observed, when fixing the representation (comparing error rates of three blocks in the vertical direction), the error rates of classifiers
trained with RW/RS are reasonably lower than CE. While, when fixing the classifier (comparing error rates in the horizontal direction), the
representations trained with CE surprisingly get lower error rates than those with RW/RS. Experimental details can be found in Section 3.
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Algorithm 1 Learning algorithm of our proposed BBN

mnoo,

Require : Training Dataset D = {(x;,v:)},_,: UniformSampler(-) denotes obtaining a sample from D selected by a uniform sampler;
ReversedSampler(-) denotes obtaining a sample by a reversed sampler; F...»(+; -) denotes extracting the feature representation from a
CNN; 0. and 6, denote the model parameters of the conventional learning and re-balancing branch; W, and W,. present the classifiers’
weights (i.e., last fully connected layers) of the conventional learning and re-balancing branch.

1: forT =110 Thmax d(:u2
2: a<—1—( L )

Tmax
(Xe,Ye) ¢ UniformSampler(D)
(Xr,yr) ¢ ReversedSampler(D)
fe — Fenn(Xe; 0c)
f’r — Fcnn(xr}ﬁf‘)
z 4 aW, fo+ (1—a)W, f,
P < Softmax(z)
L+ aE(p.ye) + (1 — ) E(D, yr)
10:  Update model parameters by minimizing £
11: end for

D A A
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Table 1. Top-1 error rates of ResNet-32 on long-tailed CIFAR-10 and CIFAR-100. (Best results are marked in bold.)

Dataset Long-tailed CIFAR-10 Long-tailed CIFAR-100
Imbalance ratio 100 50 10 100 50 10
CE 29.64 | 25.19 | 13.61 | 61.68 | 56.15 | 44.29
Focal [17] 29.62 | 23.28 | 13.34 | 61.59 | 55.68 | 44.22
Mixup [55] 2694 | 22.18 | 1290 | 60.46 | 55.01 | 41.98
Manifold Mixup [2Y] 27.04 | 22.05 | 1297 | 61.75 | 56.91 | 43.45
Manifold Mixup (two samplers) | 26.90 | 20.79 | 13.17 | 63.19 | 57.95 | 43.54
CE-DRW [ 7] 23.66 | 20.03 | 12.44 | 58.49 | 5471 | 41.88
CE-DRS [3] 2439 | 20.19 | 12.62 | 58.39 | 54.52 | 41.89
CB-Focal [5] 2543 | 20.73 | 1290 | 60.40 | 54.83 | 42.01
LDAM-DRW [3] 2297 | 1897 | 11.84 | 57.96 | 53.38 | 41.29
Our BBN 20.18 | 17.82 | 11.68 | 57.44 | 52.98 | 40.88
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' Classification hardness

Definition: We use the symbol H to denote the classification hardness
function, where H can be any “decomposable” error function.

Advantages:

* Itfills the gap between the imbalance ratio and the task difficulty.

* The classification hardness also fills the gap between data sampling
strategy and the classifiers’ capacity.
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Hardness Harmonize: We split all the majority samples into k bins according
to their hardness values(H). Each bin indicates a specific hardness level. We
then under-sample the majority instances into a balanced dataset by keeping
the total hardness contribution in each bin as the same.

¢—1 14
By ={(z,y) | — <H(z,y,F) < E} w.l.o.g. H € [0,1]

{ Majority samples iis
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Population
Population
Population
Contribution
Population
Contribution

10 10’ | 10 0 10 10 10
123435678910 12345678910 12345678910 12345678910 12345678910 12345678910 12345678910 12345678910
# Bin # Bin # Bin # Bin # Bin # Bin # Bin # Bin
(a) Original majority set A/ (b)y «a =0 (c) a=0.1 (d) a — ¢

Fig. 3. An example to visualize how self-paced factor « controls the self-paced under-sampling. The left part of each subfigure shows the number of
samples in each bin, the right part shows the hardness contribution from each bin. Subfigure (a) is the distribution over all majority instances. (b)(c)(d) are
the distribution over subsets under-sampled by our mechanism when o« = 0, o = 0.1, and o — oc, respectively. Note that the y-axis uses log scale since
the number of samples within different hardness bins can differ by orders of magnitude.

We use Be to denote the €-th bin: By = {(z,y) | E_Tl < H(z,y, F) < g} w.l.o.g. Hel0,1]
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Algorithm 1: Self-paced Ensemble

Input: Training set D, hardness function H, base
classifier f, number of base classifiers n,
number of bins k&,

Initialize: P < minority in D, N <= majority in D

Train classifier fy using random under-sample majority

subsets N and P, where |[Nj| = |P].

3 for i=] to n do

i1
4 Ensemble F;(z) =+ > fj(z)
5=0

[ I

5 Cut majority set into k& bins w.r.t. H(z,y, F;):
Bi,Bs. - . By

6 Average hardness contribution in /-th bin:

hf = ZSEB;_’ /H(xg,ys, Fl)/‘Bg‘, Vi = 1, R k

Update self-paced factor o = tan(iX)

8 Unnormalized sampling weight of ¢-th bin:
pe= 5,V =1,k

9 Under-sample from ¢-th bin with Zi)# - | P]
samples '

10 Train f; using newly under-sampled subset

11 end

12 return final ensemble F(z) = £ S " _ f,.()

n
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TABLE 11
GENERALIZED PERFORMANCE (AUCPRC) ON CHECKER BOARD DATASET.

Model Hyper RandUnder Clean SMOTE Easy;g Cascadeg SPE(
KNN k_neighbors=5 0.2814:0.003 0.382£0.000  0.271x£0.003  041140.003  0.409+£0.005 0.4984-0.004
DT max_depth=10 0.236+0.010  0.365+0.001 0.299+0.007  0.463+0.009  0.37640.052 0.566+0.011
MLP hidden_unit=128 0.562+£0.017 0.13840.035  0.615£0.009  0.610+0.004  0.58240.005 0.656+0.005
SVM C=1000 0.306£0.003 0.40540.000  0.32440.002  0.386£0.001 0.456£0.010 0.518+0.004
AdaBoost; g n_estimator=10 0.226£0.019  0.3624+0.000  0.297£0.004  0.487+0.017  0.391£0.013 0.570+£0.008
Baggingg n_estimator=10 0.273£0.002  0.40140.000  0.316£0.003  0.4361+0.004  0.38940.007 0.568+0.005
RandForest; g n_estimator=10 0.260+0.004  0.229£0.000  0.306=0.011 0.45440.005  0.402£0.012 0.5724-0.003
GBDT 9 boost_rounds=10 | 0.553=x0.015 0.602£0.000  0.591£0.008  0.64540.006  0.648+0.009 0.6804-0.003
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TABLE IV
GENERALIZED PERFORMANCE ON 5 REAL-WORLD DATASETS.

Dataset Model Metric RandUnder Clean SMOTE Easyg Cascade;p SPEi
AUCPRC | 0.052£0.002 0.677£0.000 0.352+0.000 0.162£0.012 0.676E=0.015 | 0.752+0.018
KNN Fl 0.11240.007  0.82140.000  0.5594+0.001  0.2504+0.020  0.79240.023 | 0.8434+0.016
GM 0.22840.009  0.82240.000  0.593+0.001  0.399+0.025  0.8104+0.001 | 0.85240.002
MCC 0.22240.014  0.82240.000  0.592+0.001  0.650+0.004  0.8154+0.006 | 0.8554-0.006
AUCPRC | 0.014F0.001 0.598F0.013 0.088F0.01T 0.339F£0.039  0.592£0.029 | 0.783F0.015
Credit Fraud DT Fl 0.03240.002  0.7674+0.004  0.177+0.006 047840021  0.73740.023 | 0.83840.021
GM 0.11940.003  0.778+0.006  0.303+0.017  0.548+0.048  0.74940.011 | 0.843+0.007
MCC 0.12440.001  0.78040.008  0.310+0.003  0.409+0.015  0.77840.049 | 0.8314+0.008
AUCPRC | 0.225£0.050  0.001E£0.000 0.527£0.017 0.605E£0.016  0.738+£0.009 | 0.747L£0.011
MLP F1 0.38840.047  0.003+0.000  0.725+0.013 076240023  0.8034+0.004 | 0.8114+0.010
GM 0.49440.040  0.04040.000  0.665+0.060  0.748+0.019  0.8064+0.007 | 0.82840.003
MCC 0.178+0.008  0.000+0.000  0.718+0.006  0.705+0.004  0.74440.046 | 0.8264-0.008
AUCPRC | 0.930+0.012 - —_— 0.99510.002 1.000£0.000 | 1.000£0.000
KDDCUP AdaBoost Fl 0.96240.001 - - - 0.99740.000  0.999-+£0.000 | 0.99940.000
(DOS vs. PRB) S GM 0.964+0.001 - - 0.99740.001  0.998-+0.000 | 0.999-40.000
MCC 0.95640.004 - - 0.99240.001  0.993+0.003 | 0.999-40.000
AUCPRC | 0.034£0.005 - - H_— 0.108F£0.011T 0.945+0.005 | 0.999+0.001
KDDCUP AdsBoost Fl 0.0504+0.005 - - - 0.25940.058  0.965-+0.005 | 0.99140.003
(DOS vs. R2L) aboostio GM 0.164+0.011 - - 0.32940.015  0.967+0.008 | 0.988+0.004
MCC 0.1754+0.016 - - - - 0.2144+0.004  0.9054+0.056 | 0.986-+0.004
AUCPRC | 0.988+0.011 --- --- 0.999+£0.000  1.000£0.000 | 1.000£0.000
Record Linkage GBDT10 Fl 0.995+0.000 - - 0.9964+0.000  0.998-+0.000 | 0.998+0.000
GM 0.994+0.002 - - 0.9964+0.000  0.998-+0.000 | 0.998-+0.000
MCC 0.78040.000 - - - - 0.88440.000  0.94040.000 | 0.998+0.000
AUCPRC | 0.278£0.030 N N 0.676£0.058  0.776L£0.004 | 0.944L0.001
Pavment Simulation GBDT Fl 0.446+0.030 - - - 0.70940.021  0.851+0.003 | 0.885+0.001
Y 10 GM 0.53040.020 - - 0.735+0.011  0.8514+0.001 | 0.885+0.001
MCC 0.29040.023 - - - - 0.72240.015  0.856+0.002 | 0.876=0.001




THANKS




