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Imbalanced Semi-supervised Learning (SSL)

assum pti on.: The distribution of labeled and/or unlabeled data are class-balanced.

aSS u m ptl o n : The labeled and unlabeled data are in the same class-imbalance

distribution.

The test set is class-balanced
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Figure 1: Predictions on a class-balanced test set using ReMixMatch (b) and the proposed algorithm
(c) trained on a class-imbalanced training set (a).

Experiments on CIFAR-10-LT. Training set is class-imbalanced with imbalance ratio y = 100.
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Figure 2: Overall procedure for balanced training of the ABC with a 0/1 mask

B
B %; M (z3) H (9. (ylet (23)) , ps) -
M{:sb}=5(‘¥f‘) ,
N,



I Method

0/1 Masking E

ABC

Weakly  Eset sl )
Augmented E -
Unlabeled data A =g

Strongly : e
Augmented i
Unlabeled data

Deep CHNN  Representation

Confidence
Threshold
:............. e ...@...I;I
: e Leon
. : R
‘¥
o — *+*+ Backbone
O SSL
0 EEEEEEE -ll. ﬁ.lgorithm
| —
Backbone
Classifier

CELEE T

BIGRASHET SR 7E

PAttern Recognition and NEuwral Computing

ParN.C

Forward Propagation of

o Strongly Augmented data

Forward Propagation of
Weakly Augmented data

Gradients from
Backbone Algorithm

Gradients from
ABC

Figure 5: Overall procedure of consistency regularization for the ABC
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Algorithm 1 Pseudo code of the proposed algorithm
Input: MBy = {(zp,y): be(1,....,B)} CA MBy ={(up) : b€ (1,...,B)} CclU
Output: Classification model f : RY — {1,...L}
Parameters : @ (Parameters of Wide ResNet-28-2 and ABC)

1: while Training do

2 forb=1to Bdo

3: a (ry) = Augment(xy)

4: o (up) = WeakAugment(uy )

5: Ay (up) =StrongAugmenty, (xp), k= 1,2

6: Predicted class distribution for o (x3,) = p, (y|ev (z3))

T Generate 0/1 mask M (z,).

8: Soft pseudo label g, = p; (y|a (up))

9: if max (g,) > 0.95 then
10: Predicted class distribution for Ay, (up) = ps (y|Ax (wp)) k= 1,2
11: Generate (/1 mask M (uy).
12: end if
13: Loss from the backbone Ly, += backbone(cv (xy,) , o (up) , Ag (up))
14: end for
15: Calculate the classification loss L., and consistency regularization loss L.,,,.
16: Total Loss -Ltm‘.a! = Lr!s =+ Lcon F L’bat‘k

17: A x ngtgtﬂg, 0 — 06+ A0
18: end while
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Table 1: Overall accuracy/minority-class-accuracy under the main setting

CIFAR-10-LT

SVHN-LT

CIFAR-100-LT

Algorithm

v =100, 8 = 20%

~ =100, 8 = 20%

v =20, # = 40%

Vanilla

VAT [24])
BALMS [27]

55.3+1.30/ 33.9+1.58

55. 34088/ 28.241.58
T0.7+o0.50/ 69.8+1.03

T7.0%0.67/ 63.341.25
R1l.320.a7/ 68.24+0.58
R7.6+0.53/ 85.0%0.67

4014115/ 25.240.05
4044034/ 24.850.38
50.2+054/ 42.941.03

FixMatch [29]
w/ CReST+PDA
w/ DARP
w/ DARP+cRT [18]
w/ ABC

T72.3%0.33/ 53.8+0.63
T6.640.46/ 61.4%0.88
73.7200s/ 57.042.12
T8.1+o.50/ 66.6%1.55
81l.1i082/ T2.0%1.77

88.0+030/ 79.4+0.54
89.1+0.60/ 81.T+1.18
8R.6+0.10/ B0.5+0.54
89.9+0.44/ 83.540.61
92.0:0.3:/ 87.9+0.73

51.0x0.20/ 32.8+0.41
51.6+0.20/ 36.4+0.48
5141037/ 33.910.77
54.T+0.a6/ 41 .250.42
5631010/ 43441042

ReMixMatch [33]

w/ CReST+PDA

w/ DARP (8]
w/ DARP+cRT [18]
w/ ABC

73.7+0.30/ 55.9+%0.587
75.7+0.34/ 59.6+0.76
T4.410.41/ 56.9+0.67
TR.520.61/ 66.4+1.68
82.4:0.45/75. 74118

89.8+0.42/ 82.8+068
90.9£0.20/ 85.2+0.30
090.210.22/ 83.5+0.40
92.140.48/ 87.610.75
9391016/ 925404

H54.0x0.20/ 37.140.37
54.6+0.45/ 38.110.60
54.5+033/ 37.7T+0.58
55.1+0.45/ 43.610.58

57.6+0.26/ 46.7 £0.50
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Table 2: Overall accuracy/minority-class accuracy for CIFAR-10 under various settings

CIFAR-10-LT
Algorithm ~ =100, 8= 10% v =100, 8 = 30% ~ =50, B = 20% ~ =150, 8 = 20%
FixMatch [29)] T0.0t050/ 4894104 T4.94053/ 58.24128 8121007/ 70.T20.36 6G8.5zo060/ 45.841.15
w/ CReST+PDA [34] 73.9+0.40/589+1.14  T7.61073/ 64.021.30  83.3+0.10/ 7TH.T+0.30  T0.0+o0s2/ 4944152
w/ DARP+cRT [[I8] 74.6109s8/59.24212 79.0+025/67.T+005 83.6+042/ 7711109 73.2+0s5/ 57.141.13
w/ ABC T1.21160/ 6571255 815000/ 7291006 852105 /8021060 7702046/ 6441002

ReMixMatch [3]
w/ CReST+PDA [34]
w/ DARP+cRT [[I8]
wi ABC

Tl.5+051/52.2+1.08
T3.8+0.az2/ 56.6+0.43
T5.9+1.20/ 6214310
79.8+10.36/ 7081002

T5.810.10/ 59.4+0.7
T8.62073f 64.8+1.40

81.040.16/ 70.T+0.72
843103/ 80.6 L0097

81.5+0a7/ T0.T+0.32
83.9+0.06/ TH.4d40.50
4. 51080/ T7.841.67
875205/ 84.621.10

69.9+0.23/ 48.4+0.60
Tl.3xo0r7/ 50.8+1.50
T3.9+050/ 57.4+1.45
80.6L0.66/ 7211151

Table 4: Overall accuracy/minority-class accuracy for the large-scale LSUN dataset

LSUN, ~=100, B=20%
Algorithm wi - w/ cRT [[7] w/DARP[I8] w/DARP+cRT [I8] wi ABC
FixMatch [29] 73.1/553 77.0/715  T71.0/51.8 75.8/69.5 78.9/75.5
ReMixMatch [3] 69.4/49.1 75.4/69.5  65.6/44.1 72.1/67.5 76.9 / 69.5
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Figure 6: Long-tailed imbalance and step imbalance

Table 3: Overall accuracy/minority-class accuracy on CIFAR-10 under a step imbalance setting

CIFAR-10-Step, ~ =100, 3 =20%
Algorithm wi - w/ CReST+PDA [34] w/DARP+cRT (18] wi ABC

FixMatch 54.0t084/ 11.821.1  Tl.lzors/ 48,2122 69.81151/45.14270 T75.9+0.40/ 5701107
ReMixMatch [B] 60.8+0.10/ 25. 14198 64.6x0097/ 33.5x208  T2.3x1.77/ 50.6+353  T6.4+1.70/ 65.7+1.30
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(a)ABC (without SSL backbone) (b)FixMatch+ABC (c) ReMixMatch+ABC

Figure 3: t-SNE of the proposed algorithm and the ABC (without SSL backbone)

Table 5: Ablation study for ReMixMatch+ABC on CIFAR-10-LT, v = 100, 3 = 20%

Ablation study Overall Minority
ReMixMaich+ABC (proposed algorithm) 82.4 75.7
Without gradually decreasing the parameter of B (-) for consistency regularization  81.8 74.6
Without consistency regularization for the ABC 79.4 66.9
Without using the (/1 mask for the consistency regularization loss L.on T9.0 69.2
Without using the /1 mask for the classification loss L, 4.4 a7 .8
Without using the confidence threshold 7 for consistency regularization 74.3 .4
Using hard pseudo labels for consistency regularization 70.2 7o.1
Without training backbone (ABC without SSL backbone) 65.7 56.2
Training the ABC with a re-weighting technigue 81.2 T4.1

Decoupled training of the backbone and ABC 79.5 72.3
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Imbalanced Semi-supervised Learning (SSL)

assum pti ODN . The distribution of labeled and/or unlabeled data are class-balanced.

1 ° The labeled and unlabeled data are in the different class-imbalance
assumptlon * distribution.

The test set is class-balanced
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Imbalanced Semi-supervised Learning
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Experiments on CIFAR-10-LT. Labeled set is class-imbalanced with imbalance ratio y = 100, while the
whole training data remains balanced.
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Complexity Analysis
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As the training loss is
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Algorithm 1 learning to adapt classifier during training

Input: labeled / unlabeled training data D; / D,,, labeled / unlabeled batch size n / m, max iterations
T

Output: classification network parameters {6, ¢}
1: Initialize {6°, ¢} < {6, ¢} and W° « w.
2: forht =0to 7 do
= {x;,Yyi}~, < SampleMiniBatch(D,, n).
I)u = {x; }I", « SampleMiniBatch(D,, m).
= {x, yz} 1 — SampleMlmBatch(Dg n).
Estlmate pseudo label y; for x; € 5
Compute lower-level loss L by Eq. (];:)])
Update network parameters {#'*!, ¢ by Eq. (@)
9:  Compute upper-level loss £ by Eq
10:  Update bias attractor parameters w’ ™! by Eq.
11: end for

0 Wv kW

no NEur

lTxiLl':'ﬁU‘ﬁfEH* itER7HE

ral Computing
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We adopt balanced accuracy (bACC) and geometric mean scores (GM) as the evaluation metrics.

I Experiment

CIFAR-10 (v; = 72,) CIFAR-10 (v; # 7..)

Methods

~ =100 v = 150 Y = 1 (uniform) Yo = 100 (reversed)
Vanilla 58.8+0.13/51.010.11  55.610.43/44.01008  58.840.13/51.040.11  58.81p.13/51.040.11
w/ Re-sampling 55.8:|:0_47 / 45.1:|:0_30 52.2*0_{}5 / 38.2:|:1_,_1g 55.8i0_,-17 / 45.]_:|:0_3g 55.81{}_47 / 45.1:&9_30
w/LDAM-DRW  62.840.17/ 5894060 97.94020/950.44030 62.84017/58.94+060  62.840.17/ 5894060
w/ cRT 63.2:|:[}_,;15 / 59-9:|:0.-'-10 59-3i0.10 / 54.61[}_72 63'2i0.-'-15 / 59.91(}_,40 f)'3.2:|:[}_,;15 / 59'9i0.-10
MixMatch 64.8410.28/49.04205 62.51031/42.51168 41.54076/12.041.3¢  47.9+0.09/20.540.85
w/ DARP ﬁT-gil’).l-rl / 61.231:0.15 65.8ig_52 / 56.5:|:2.gg 86.710.80 / 86.221:0.82 72-9i0.24 / 71.010.32
w/ SaR 66.84092/59.94132 6444201 /573+1905  68.44320/62.04217  65.541.01/64.24005
w/ DASO 69.8i1_m / 69-3i1.07 66.5i1_gg i 65-4:|:2.25 75-5i0.~18 i 74.6:|:[}_ﬁ7 65.7:|:1_[}1 fﬁ?.oil_gg
w/ ABC 75.7+0.76 / T4.Tr0a7  68.54040/56.41150 7214053/ 41.24440  62.910.36/59.9+0.60
w/ L2AC (ours) 76.641073/ 75.T+108 T2.141062/70.34093 87.21000/86.T1p008 74.04p82/72.9411.01
FixMatch 71.540.72 / 66.841 51 68.4410.15 / 59.940.43 68.9411.05/42.845.11 65.510.05 / 26.040.44
w/ DARP 75.541005/ 7304000 7044025/6491017 85.44055/85.00065  T4.91051 /7234113
w/ CReST+ 7754015/ 7614015  72.140.74/68.941.29 N/A N/A
w/ SaR T7.6+1042/ 759407  T1.54023/66.91025 8591068/ 85.34053  78.31034/76.141021
w/ DASO 78341055/ 7654057  T4.64074/ 7171050 8794041/ 87.74043  79.540.01/ 78.940.96
w/ ABC 8024042/ 7894120 T4.7410a/ 7224145 81.34034/80.24036  70.3+0.50/ 67.9+0.70
w/ L2AC (OIH'S) 82.1:&0.57 / 81.5:4:0.54 77.6iu_53 / 75.8:&0.7] 89.5:&0.13 / 89'2:|:l}.19 82.2:&1_23 / 81.7:&1.35

It can be observed that L2AC significantly improves MixMatch and FixMatch at least 9% absolute
gain on bACC and at least 14% on GM for all settings.
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CIFAR-100 (v, = 7,) STL-10 (v, =N/A)

Methods

v = 10 =) =10 = 20
FixMatch 55.140.00/46.71053 49.540.38/34.24101  69.61060/62.611.11  65.540.05/26.010.44
w/ DARP 56.340.25/48.24973 90.240.18/36.04060 72.940247/69.54018 7494051/ 7234113
w/ ABC 58.2+0.08/51.84025 53d4010/42.24108 7824035/ 77.3+030 72.7+0.08/ 70.640.22
w/ DASO 58.310390/51.41080 53.04027/3954145 78.24063/ 7744053  7H.410s1/ 7444100
w/L2AC (ours) 57.840.19/52.14031 952.640.13/43.04045 79.94052/79.140490 7T7.04065/75.8+068

It is worth noting that the unlabeled set of STL-10 is noisy as it contains samples that do not belong to

any of the classes in the labeled set.

L2AC significantly outperforms ABC and DASO on both bACC and GM, which demonstrates that it has

greater potential to be applied in the practical SSL scenarios.
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Methods bACC/GM | Methods bACC/GM
Vanilla 38.340.05 / 29.940.08 | DARP %“K]e_m et al. | !2[)202} 45.940.32 / 37.940.04

cRT (IK&I] et al. 20201[1_ 39.340.921 f33.7:|:[}.3T ABC e et al.. ) 47.040.26 f39.2:|:[]_34
FixMatch thn et al. WZOP 44.940.11 / 35.T+0.66 L2AC (ours 48.8 .19 /40.61¢.17

This further verifies the efficacy of our proposed method toward the real-world imbalanced SSL applications.
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CIFAR-10 (v, = v, = 100) B=1 B=5 B =10 B=20 B =30
FixMatch 549/16.5 65.1/355 69.0/53.9 720/622 765/74.3
w/ L2AC (ours) 62.8/55.8 759/74.1 79.3/78.4 80.8/799  83.6/83.2
STL-10 (v; = 10, 7. = N/A) B=5 B =10 B =20 B=40 B =60
FixMatch 46.5/19.9 488/27.0 58.2/398 67.2/60.7 69.2/67.6
w/ L2AC (ours) 62.8/57.1 665/629 72.6/70.6 77.0/757 78.8/77.9

In such an extremely biased scenario, our L2AC significantly improves FixMatch by around 16% over bACC

and 37% over GM.
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Figure 5: t-SNE visualization of training data for
(a) FixMatch and (b) L2AC. L2AC helps to dis-
criminate tail classes from majority ones.
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Table 5: Ablation study.

CIFAR-10 (v; = 100)
Y =100  1/100 (reversed)

Methods

FixMatch 71.5/68.8 65.5/260
FixMatch w/ bias attractor  73.9/70.7 66.6 /44 8
L2AC w/o bi-level training 78.4/76.6 79.3/78.0
L2AC (ours) 82.1 1515 82.2/81.7
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Table 6: Imbalanced test set results. ACC: accuracy for all samples.
Wattions Test-1 Test-2 Test-3
bACC GM ACC DbACC GM ACC DbLACC GM ACC
FixMatch (Sohn et al.l2020 74 66.3 86.1 72.7 66.9 56.6 723 65.7 75.6
1 a 74.8 72,5 86.3 35 73.2 639 75.6 733 T4
77.8 76.5 86.3 1.2 74.8 689 T1.D 76.3 80.3
1) 80.2 79.2  88.1 80.2 79.0 71.7 80.1 79.0 82.8
w/ L2AC (ours) 82.6 82.0 87.2 824 81.8 78.6 82.7 82.1 83.9

All these models are trained on CIFAR-10 with imbalanced ratio y = yl = yu = 100.
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