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I Background

Semi-supervised Learning (SSL)
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Class Imbalance & Inconsistent Distribution
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As re-sampling based techniques may introduce
significant computational cost !/

re-weighting
(easy) @ The unlabeled data share similar distribution as the labeled set.

(difficult) (@) The distribution of unlabeled data is unknown.
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I Method (easy) (@D The unlabeled data share similar distribution as the labeled set. pﬂ[‘NE[:

The consistency loss:

c
Lo(x:60) =) pla;0)i - log(h(pt(x); 0)k).

The weighted consistency loss:

Low(z;w,0) := ) twifp(x; )k -log(h(pt(x); 0))
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I Method (easy) (@D The unlabeled data share similar distribution as the labeled set. pﬂ[‘NE[:

The smoothing functions:
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—Classbalanced loss based on effective number of samples. (CVYPR2019)
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(difficult) (@) The distribution of unlabeled data is unknown.
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SAW: Smoothed adaptive weighting against unknown distribution data
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I Method (difficult) (2) The distribution of unlabeled data is unknown. PHI"NE[:

SAW: Smoothed adaptive weighting against unknown distribution data

Algorithm 1 The SAW Framework

Data:  Labeled data {(x;,v;)}/~,, unlabeled data
{z;}}_1, weight in supervised loss w®), number of
classes C, learning rate 1, max epoch 1T’
Initialize uniform weights in consistency loss w(®) and
model parameter ¢
while £ < T do
for1, ...K do Ao L@y w®,0) + X L (@ w®,6) 1
Sample batches label data {z, y} L ~ e e e e e e e e e e e e e e = = = = )
Sample batches unlabeled data {x} _ <
Update @ < 0 — - VLA, w™) ~
endfor
Qompute pseudo labels p(z; #) and estimate distribu; J A = max(ny, 1)I
tion (ny,ns,...,nc) _ - | e )
Adjust the distribution (fy, fig, . .., Ag)= ~ l
Update weight w™ based on smoothed weighting func- |
tion
end while
Return: 0
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Table 4. Comparison of classification performance on CIFAR10-LT under 7y = 45 = 74, (hold-out test set is of reversed distribution). The
evaluation criterion is bACC/GM. The best results are in bold.

I Experiment (easy) (@D The unlabeled data share similar distribution as the labeled set.

Algorithm v =50 .= 100 = 150
ReMixMatch (Berthelot et al., 2020) 71.040.55/83.5+0.29 54.740.51/74.44+047 41.5+1.69/66.44+1.22
ReMixMatch + DARP (Kim et al., 2020) 66.940.75/ 80.54+046  49.74+155/70.54+090  35.84+1.81/60.94+2.42

ReMixMatch + CReST (Wei et al., 2021)

ReMixMatch + SAW

64.340.25/75.7£0.34
86.310.61 / 86.1+0.64

51.240.92/72.140.85
77.01+0.59 / 76.0+0.42

39.2+1.46/ 65.81+1.88
71.5+0.30 / 68.940.26

FixMatch (Sohn et al., 2020)
FixMatch + DARP (Kim et al., 2020)
FixMatch + CReST (Wei et al., 2021)

FixMatch + SAW

70.540.26 / 82.24+0.31
72.240.62 / 82.840.17
69.440.35 / 80.1+0.41
78.710.77 / 84.24-0.36

51.0&1.65/71.541.24
57.64+0.36/74.840.48
52.440.32/70.34+0.28
64.34+1.96/76.44-0.88

38.5+1.15/63.44+0.31
46.5+1.26/68.14-0.10
42.941.45/67.441.07
57.54+2.83/70.5+1.50

Table 9. Comparison of bACC on CIFAR10-LT under y = vy =
~Y«. The hold-out test set is of the same distribution of the training

set (imbalanced).

CIFARI10-LT
Algorithm vy=580 =100 ~ =150
FixMatch (Sohn et al., 2020) 89.2+050 85.4+0s50 83.1+033
FixMatch + DARP (Kim et al., 2020) 93.1+195 90.14+098 88.5+0s9
FixMatch + CReST (Wei et al., 2021) 86.7+198 84.3+120 82.4+146
FixMatch + SAW 94. 71123 9241035  90.51047
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Table 2. Comparison of classification performance on CIFARIO-LT under 7 = 100, 7. # 7 (hold-out test set is balanced). The
evaluation criterion is bACC/GM. The best results are in bold.

Algorithm

Ay = 1

Yo = D0

Yu = 150

ReMixMatch (Berthelot et al., 2020)
ReMixMatch™ (Berthelot et al., 2020)
ReMixMatch™® + DARP (Kim et al., 2020)
ReMixMatch™ + CReST (Wei et al., 2021)

ReMixMatch™ + SAW

48.340.14/ 19.54-0.85
85.04+1.35/84.3+£1.55
89.7+0.15/ 89.44-0.17
45941.27/20.141.99
88.340.15 / 88.94-0.10

75.14043/71.940.77
77.040.12 / 74.740.04
77.4+022/75.040.25
70.240.45 / 65.8+0.71
80.31+0.36 / 79.610.40

72.540.10/ 68.240.32
72.840.10 / 68.81+0.21
73.240.11 / 69.240.31
65.440.34/62.940.15
74.0+0.94 / 72.41+0.94

FixMatch (Sohn et al., 2020)
FixMatch + DARP (Kim et al_, 2020)
FixMatch + CReST (Wei et al., 2021)

FixMatch + SAW

68.941.95/42.8+8.11
85.44-0.55 / 85.0+0.65
60.24-1.34 / 35.94-2.50
83.94-0.44 / 83.34+0.47

73.940.25/70.540.52
77.340.17 / 75.5+021
65.840.78 / 67.140.84
81.542.25/80.9+2.30

69.6+0.60/62.6+1.11
7294024/ 69.540.18
60.141.44/51.4+1.68
76.8+0.31/75.44-0.37

Table 7. Comparison of classification performance on CIFAR10-LT under ; = 100, 7., # 71 (hold-out test set is of reversed distributions).
The evaluation criterion is bACC/GM. The best results are in bold.

CIFAR-10 (y, = 100)

Algorithm e | Yu = 50 Yo = 150

ReMixMatch (Berthelot et al., 2020) 70.04139/ 48.34053  61.44021/ 7734041  48.6+162/ 71.3+067
ReMixMatch* + DARP (Kim et al., 2020) 6734163/ 49.54200 54.5+130/ 72.64058 44.6+169/ 67.7+1.16
ReMixMatch* + SAW 84.0+100s/ 83.74042 72. 74056/ 79.6+1.11  59.8+103/73.6+1.19

FixMatch (Sohn et al., 2020) 70.0+139 / 48.3+053  61.0+161/ 76.4+052  48.0+226 / 70.4+0.8
FixMatch + DARP (Kim et al., 2020) 68.14037/48.54146 5954141/ 7524108  55.14131/73.84043
FixMatch + SAW 84.0+039/83.4+022  76.4+671/81.54197 63.3+037/ 7544123
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Tissue Slide Ground Truth SL FixMatch FixMatch + SAW

Figure 5. Segmentation masks visualization: GM, WM, and background are indicated by cyan, yellow, and black, respectively. SL refers
to train supervised learning (U-Net (Oskal et al., 2019)) on all 20 pathology images with their annotations. The SSL results are only using
0.1% area of 2 pathology images selected from the training set.
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Missing-Completely-At-Random-MCAR]

Due to the imbalanced human preferences for the “class” !

Missing Not At Random (MNAR)

Ef =Elfl= Y y - Puyl)= ) y-Plylz,M=0)
(z,y)€DL (z,y)ED %

£ > y-Plylx) =E[y,

(z,y)ED

Labeled data (A =0)

Unlabeled data (M =1)
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Class-Aware Doubly Robust (CADR) Estimator

@ for labeled data

\
\
R ——
Ocapr = arg min Lcapr = arg min ,CCAPI—I— Lcan+ E%upp'
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@ Class-Aware Propensity (CAP)

Traditional SSL methods:

Structural Causal Model for MNAR:
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) = argmaxlog P(Y|X, M = 0;6) = arg max Z log P(y|z;0)
0

-

\_

Structural Causal Model for MNAR.
X Y M
@ - -

Uy Uy Uy

N

(may)eDL

)  P(X|Y,M =0)= P(X]Y)
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@ Class-Aware Propensity (CAP)

0= arggnax log P(X|Y;0) = argé’nax Z(:{:,y)EDL log P(x|y; 0) (5)
P(y|z; 0)P(x;0)
g Ll ] 6
B TR Z(m,y)EDL og Py:0) (6)
_ P(ylz; 0)

B argé’naxz(%y)EDL = P(y;0) o @

log P(y|;6) —log P(y10)-
— % ¢ 1 P 9 ) : = = 8
drgéndxz(:r,y)eDn og P(ylz; ) log P(yl|z;0) : (8)

1

= log P(y|x;0) - : ,
MEMAX ) e, 0B POIE6) - Zs | 9)

|

|

e = I T S \ |
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(@ Class-Aware Imputation (CAl)

80 - 1.0 4 =
B FixMatch 3
B Ours '
gé- 60 1 g -
™ ‘; S 0.9 > ]
CAP vs FixMatch: : 3 09
5 40 £ 054
E S o1
20 A &
0 0.0 4 L'
1 2 3 4 5 6 7 8 9 10 1 2 3 4 5 6 7 9 10
Class Index Class Index

Class-aware threshold: 7(z) =17, - ( P(Cx)A )
max  P(y)
yE{l,--- 70}

C, =arg max, P(y|z;0)

?
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(3 A supplementary loss
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4 (4) . )
m*’ — the missing state
(4) log P(y|z;0)
P> — log P(y[x;0)—log P(y;0)

Rewrite the training objective of CAP and CAlI:

q(i) — is the imputed label

Lo 1 (1 —m) L, (D, y®) \
CAP =N Z (@

i=1,-+ ,N

Low=7 D (mVLu@?,¢")Ieon(q"™) > 7(2)) + (1 = m)Ls (=, y)),

Gl e N
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CIFAR-10 CIFAR-100 STL-10 mini-ImageNet

Method v=20 350 100 50 100 200 50 100 50 100
IT Model 21.59 27.54 30.39 2495 29.93 3391 31.89 34.69 11.77 15.30
MixMatch 26.63 31.28 28.02 37.82 41.32 4292 28.98 28.31 13.12 18.30
ReMixMatch 41.84 38.44 38.20 42.45 39.71 39.22 41.33 39.55 22.64 23.50
FixMatch 56.26 65.61 72.28 50.51 48.82 50.62 47.22 57.01 23.56 26.57
+ CREST 531.10 55.40 63.60 40.30 46.30 49.60 - - - —

+ DARP 63.14 70.44 74774 38.87 40.49 44.15 39.66 39.72 — —

+ CADR (Ours) 79.63 93.79 93.97 59.53 60.88 63.30 70.29 76.70 29.07 32.78

Table 1: A Comparison of mean accuracies (%). We alter the imbalance ratio v of labeled data and
leave the unlabeled data balanced (v, = 1). We keep N,,4> = 7y so that the least number of labeled
data among all the classes is always 1.



BIURAI ST SRFAE
PAttern Recognition and NEuwral Computing

I Experiment PEII‘NP_[:

Ablation study

CIFAR-10 CIFAR-100 STL-10 mini-ImageNet
Method v=20 50 100 50 100 200 50 100 50 100
FixMatch 56.26 65.61 72.28 50.51 48.82 50.62 47.22 57.01 23.56 26.57
w/ CAP 79.38 89.50 93.95 55.72 58.53 63.07 69.97 77.69 28.54 32.23
w/ CAl 79.02 88.15 93.86 58.55 59.80 58.26 70.64 71.21 27.15 3094
w/o CADR 79.43 89.53 94.10 57.93 59.50 62.78 70.17 7544 25.54 31.66
w/ CADR 79.63 93.79 93.97 59.53 60.88 63.30 70.29 76.70 29.07 32.78

Table 2: The individual performance of our proposed Class-Aware Propensity (CAP) and Class-
Aware Imputation (CAI) alone and together in trivial combination (w/o CADR) and CADR combi-
nation (w/ CADR). We marked the best and second-best accuracies.
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More Settings and Baselines.

100

Accuracy (%)
ey o 92}
o o j=

I
(]

o

0.05

Fixhatch  Ours
- Mean Accu
- GM Accu

ParN.C

Method Accuracy (%)
FixMatch 65.61

+ CREST 55.40 (-10.21)
+ DARP 70.44 (+4.83)
+ re-weighting 66.03 (+0.42)
+ re-sampling 65.49 (-0.12)

+ LA loss (7=1) 60.22 (-5.39)

0.02 Yu 10 20

+ DASH 65.62 (+0.01)

+ CAP (Ours) 89.50 (+23.89)
+ CAI (Ours) 88.15 (+22.54)
+ CADR (Ours) 93.79 (+28.18)

Table 3: Comparison with multiple base-
line methods. Experiments are conducted
on CIFAR-10 (v = Npaz = 50).
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I Experiment (easy) (@D The unlabeled data share similar distribution as the labeled set.

Table 1. Comparison of classification performance on CIFAR10-LT under ry = 9 = 7. (hold-out test set is balanced). The evaluation
criterion is bACC/GM. The best results are in bold.

Algorithm SSL  RB v = 50 ~v = 100 A = 150

Wide ResNet-28-2 (Oliver et al., 2018) - - 65.24+0.05/61.1+0.09  58.8+0.13/51.04+0.11 55.6+0.43 / 44.04-0.98
Re-sampling (Japkowicz, 2000) - v 64.34+0.48/60.6+0.67  55.84+047/45.14+030  52.240.05/38.2+1.49
LDAM-DRW (Cao et al., 2019) - v 68.94-0.07/67.04+0.08  62.84-0.17/58.940.60  57.940.20/ 50.440.30
cRT (Kang et al., 2020) - v 67.840.13/66.34+0.15  63.24+045/59.94040  59.340.10/ 54.640.72
ReMixMatch (Berthelot et al., 2020) v - 81.54+0.26/80.240.32  73.840.38/69.54+0.84  69.94+0.47/62.540.35
ReMixMatch + ¢RT (Kang et al., 2019) v v 86.840.50/ 86.54+0.49  81.440.41/80.74+045  78.940.84/77.840.94
ReMixMatch + DARP (Kim et al., 2020) v - 82.14+0.14/ 80.84+0.09  75.840.09/72.61+0.24  71.040.27 / 64.540.68
ReMixMatch + DARP + cRT (Kim et al., 2020) v v 87.340.61/87.040.11 83.54+0.07/83.14£0.09  79.740.54 / 78.940.49
ReMixMatch + CReST (Wei et al., 2021) v v 85.240.19 / 84.94-0.25 76.240.31/75.140.28 71.440.23 / 67.540.40
ReMixMatch + SAW v - 86.34+0.61/86.1+0.64  77.04+0.59/76.04+042  71.5+0.30/68.94+0.26
ReMixMatch + SAW + cRT (Kang et al., 2019) v v 87.6+0.21/87.44+0.26 85.4+032/83.9+0.21 79.94-0.15/79.94-0.12
FixMatch (Sohn et al., 2020) v - 79.240.33/77.840.36  71.54+0.72/ 66.8+1.51 68.440.15/59.94-0.43
FixMatch + DARP (Kim et al., 2020) v - 81.840.24/80.94+028  75.540.05/73.040.09  70.4+0.25/64.940.17
FixMatch + CReST (Wei et al., 2021) v v 83.04039/81.540.17  75.74038/72.74+0.85  70.840.25/64.540.31
FixMatch + CReST + & LA (Wei et al., 2021) v v 85.6+0.36/81.94+045  81.240.70/74.54+0.99  71.9+2.24/64.44+1.75
FixMatch + SAW v - 84.04-0.10/83.64+0.12  77.540.63/76.34+080  71.6+0.35/69.740.46
FixMatch + SAW + & LA (Menon et al., 2020) v v 86.240.15/83.940.35  80.7+0.15/77.5+021  73.740.06/71.240.17
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I Experiment (easy) (@D The unlabeled data share similar distribution as the labeled set.
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(difficult) (2) The distribution of unlabeled data is unknown.

Table 3. Comparison of classification performance on CIFAR100-LT under ¥ = % = 7u, and STL-10 where the distribution of unlabeled
data is unknown. Hold-out test set is balanced. The evaluation criterion is bACC/GM. The best results are in bold.

CIFARIOO-LT (v = v = Yau) STL-10

Algorithm v =10 v =20 v = 10 N =20

ReMixMatch (Berthelot et al., 2020) 59.240.03/52.140.13  53.540.03/42.340.13 67.84045/61.14+092  60.141.18/44.941.52
ReMixMatch™ + DARP (Kim et al., 2020) 59.840.20/ 52.940.41 54.440.07/44.24007  79.440.07/78.240.10 70.94-0.44 / 67.0+1.62
ReMixMatch™ + CReST (Wei et al., 2021)  59.640.32/52.54024  53.940.15/43.940.19  65.340.23/59.340.41 55.84+2.05/40.2+2.39
ReMixMatch™ + SAW 61.84+0.06/56.9+040  55.340.26 / 46.3+0.65  82.0+055/81.0+0.64  79.240.44/77.940.52
FixMatch (Sohn et al., 2020) 60.140.05/ 54.44-0.11 54.040.04 / 4444017  72.940.09/ 69.640.01 63.440.21/ 52.640.09
FixMatch + DARP (Kim et al., 2020) 61.14+023/56.44+028  54.940.05/46.440.41 77.84033/76.54040  69.9+1.77/65.443.07

FixMatch + CReST (Wei et al., 2021)

FixMatch + SAW

60.84+0.32 / 54.940.45
62.1+0.25/58.0+0.20

54.540.21 /44.840.19
55.740.10 / 49.4+0.40

70.5+£0.75/ 67.84+0.32
78.3+0.25/77.0+0.19

60.54+2.13 / 50.34-2.56
71.9+40.81/ 69.0+0.81
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Table 9. Comparison of bACC on CIFARI0O-LT under v = 3 =
Y«. The hold-out test set is of the same distribution of the training

(easy) @ The unlabeled data share similar .
set (imbalanced).

distribution as the labeled set.

CIFARI10-LT
Algorithm y=50 =100 #= 150
FixMatch (Sohn et al., 2020) 89.2+050 85.4+0s50 83.1+to033

FixMatch + DARP (Kim et al., 2020) 93.1+195 90.1+09s 88.5+0s89
FixMatch + CReST (Wei et al., 2021) 86.7+198 84.3+120 82.4+146
FixMatch + SAW 9471123 92441035  90.5+047

Table 8. Comparison of bACC on CIFARI10-LT under v; = 1

(difficult) (@) The distribution of unlabeled (labaled set is balanced) but v, # ~;. The hold-out test set is of
data is unknown. the flipped distribution of the training unlabeled set.
CIFARI10-LT
Y 50 100 150
FixMatch (Sohn et al., 2020) 77.8+036 66.8+151 59.9+043

FixMatch + DARP (Kim et al., 2020) 68.4+136 55.6+322 52.1+207
FixMatch + SAW 82.4+1040 75.2+146 T70.1+094




