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Introduction & Motivation Experiments
CIFAR-10
W - d I AC I A I CI - f h h - Algorithm N, = 500, M; = 4000 N, = 1500, M; = 3000
e Introduce (Inverse Auxiliary Classifier), which Is =10 =100 =150 =100
- - - . Y = 150 Y. = 150 ¥, = 100 Y = | Yu = 105 Y = 150 % = 100 Yu = 165
a nOVEI and eﬂ:ECtlve plug-ln mOdU|e fOr EXIStlng ClSSL Supervised | 43.66/36.00 | 46.47/41.46 4647/41.46 46.47/41.46 46.47/41.46 | 60.37/57.09 | 63.39/61.14 63.39/61.14
. ; ; ; i FixMatch | 64.10/59.14 | 71.47/70.04 74.17/73.43 77.66/73.30  60.05/54.78 | 73.20/72.30 | 77.66/76.21 71.57/69.78
algorlth mSs 10 emphaSIZe the Importance Of mln()rlty ClaSSGS W/IAC | 67.81/64.92 | 73.26/72.42 74.72/74.02 78.54/7827 65.26/61.68 | 74.44/73.80 | 78.10/77.75 75.27/74.51
] ] CReST | 72.28/70.79 | 73.66/72.48 78.72/78.45 92.86/92.20 71.80/68.35 | 74.00/73.21 | 79.22/78.48  86.80/86.61
dur|ng the feature Iearn”']g proceSS_ w/IAC | 73.03/71.62 | 75.71/72.97 79.02/78.12 92.89/92.26 79.47/76.96 | 75.22/73.38 | 79.77/79.65 87.61/87.44
_ _ _ _ _ Adsh | 67.47/64.26 | 73.03/72.23 76.34/75.95 82.22/82.57 66.91/66.39 | 74.00/73.09 | 78.15/77.70  70.09/69.33
The pr()posed |DA (lnverse D|Str|but|on A||gnment) |OSS IS w/IAC | 70.39/68.71 | 74.75/74.00 77.23/76.88 85.51/85.76 71.17/71.15 | 74.35/73.60 | 79.40/79.14 74.09/74.11
o _ o o ™ ] _ DARP | 68.99/67.05 | 74.10/73.22 75.34/74.81 71.69/68.51 61.44/56.19 | 74.34/72.41 | 78.27/77.90 69.31/67.34
Utlllzed to en“Ch the ||m|ted Superv| S|On, faC|||tat|ng | AC N w/IAC | 69.01/66.50 | 74.59/73.85 75.85/75.32 84.09/83.96 64.87/61.05 | 74.01/73.18 | 78.92/78.62 75.31/74.81
i ] ' ] DASO | 64.84/62.03 | 67.71/66.34 69.87/69.09 71.57/70.75 69.77/69.44 | 72.68/72.12 | 76.90/76.63 78.03/78.14
eﬂ:ectlvely |earn|ng from the mlnorlty_cl aSS data_ W/IAC | 67.13/65.67 | 68.02/66.65 71.19/70.64 74.55/74.37 78.80/78.96 | 72.70/71.99 | 77.09/76.86 81.65/81.78
ABC | 76.41/75.78 | 80.63/80.49 81.88/81.79 87.07/87.09 79.43/79.22 | 80.73/80.67 | 84.25/84.23 83.76/83.54
o ‘o w/IAC | 78.54/78.24 | 80.69/80.53 81.93/81.82 88.32/87.49 81.94/81.57 | 82.05/82.03 | 84.49/84.48 84.65/84.59
g ‘ bi?fb?jﬁm‘ o8 08 CoSSL | 76.95/76.98 | 80.68/80.79 82.55/82.52 85.98/8595 72.27/72.04 | 83.13/83.30 | 84.98/85.03 74.12/73.22
e - . w/IAC | 78.79/78.94 | 80.81/80.99 82.85/82.91 86.89/86.88 76.23/76.07 | 83.11/83.20 | 85.37/85.41 76.64/75.77
E_?j r:UuD'E' ED'E
o g0° g% Table 1: Comparison results (ACC/F1) on CIFAR-10.
= 0.34 0.3
z ™ 02] —— Futtain 02| — g SVHN CIFAR-100 STL-10
i EEE-E-1 R W ol ” ﬁ—'—.ﬂf’iﬁ*'ﬁé - Algorithm N, = 500, M; = 4000 N, = 150, M, = 300 N, = 150, M = 100k
Class Index Class Index ' N lndex | ] % = 100 % =10 % =15 % =10 % =20
¥, = 100 Y = 100 ¥, = 10 Y = 15 Y, =15 Yu = 15 Y. : N /A Y. :N/A
(a) (b) (c) Supervised | 82.29/79.73 82.29/79.73 | 48.23/46.61 48.23/46.61 | 45.92/43.80 45.92/43.80 | 46.42/44.62 | 40.04/35.76
‘ Labmmm‘ 1o 101 2= FixMatch | 91.93/90.73 89.72/88.20 | 57.96/56.47 56.91/56.06 | 54.50/52.34 53.78/52.38 | 65.61/63.97 | 54.56/48.89
g — e —‘\\/\ = " w/IAC | 91.95/90.67 92.66/92.34 | 58.58/57.22 59.33/58.66 | 55.74/53.80 56.40/55.44 | 67.01/64.94 | 55.85/50.95
5 00 o \/F 07 CReST | 93.12/91.56 92.13/91.72 | 57.09/55.55 59.17/58.33 | 54.54/52.08 56.38/55.38 | 67.01/61.94 | 59.23/54.46
i Egﬁj Rx ggz B w/IAC | 93.27/90.78 92.47/90.98 | 58.57/57.23 61.06/60.26 | 54.90/52.14 58.57/57.55 | 67.73/62.15 | 60.26/54.57
5" @ 4 x/ 4 . Adsh [ 92.32/91.29 87.60/87.08 | 58.20/57.21 55.22/54.74 | 54.14/52.57 51.80/50.92 | 69.68/70.03 | 65.50/64.68
émﬂ_ o | l\ > w/IAC | 92.34/91.36 91.48/91.10 | 58.33/57.33 57.25/56.95 | 54.53/52.83 54.39/53.83 | 70.48/70.35 | 66.33/64.94
o] L e 01| o inc DARP | 91.81.90.60 91.95/90.99 | 57.88/56.69 57.82/56.91 | 54.49/52.61 54.69/53.43 | 63.94/61.85 | 55.26/51.81
T 37557 5 o T w/IAC | 91.84/90.74 93.27/92.94 | 58.55/57.43 59.13/58.45 | 55.16/53.13 56.94/55.93 | 66.83/65.63 | 57.63/54.28
(lass Index (lass Indlex DASO | 88.59/87.19 89.54/88.72 | 58.67/56.51 59.31/58.22 | 55.11/52.37 56.18/54.72 | 69.38/68.54 | 58.08/53.66
(d) (e) (f) w/IAC | 89.01/87.76 93.00/92.67 | 58.77/57.50 59.70/59.06 | 55.56/53.48 56.89/55.87 | 70.55/69.62 | 62.54/60.43
Figure 1: Learning with consistent and inconsistent class distributions between labeled and ABC 93.75/93.12 = 92.74/92.39 59'83/58'_64 59'8_8/59'0_2 S6.87/55.47  57.25/56.36 70'83/69'92 65'6%3'87
, o w/IAC | 93.76/93.01 92.76/92.27 | 60.15/59.14 60.51/59.81 | 56.73/55.35 57.73/56.72 | 71.99/71.16 | 67.64/66.81
unlabeled examples. (a) Consistent class distributions between labeled and unlabeled ex- CoSSL | 92.68/91.69 90.27/88.03 | 58.58/57.58 58.11/57.45 | 56.21/55.31 55.56/54.53 | 70.75/70.15 | 64.85/64.09
amples. (b)-(c) Recall of the generated pseudo-labels and predicted labels under consistent w/IAC | 92.97/92.29 92.46/91.57 | 59.45/58.53 59.67/59.10 | 56.43/55.62 56.33/55.51 | 71.14/70.54 | 65.18/64.34
class distributions, respectively. (d) Inconsistent class distributions between labeled and un-
labeled examples. (e)-(f) Recall of the generated pseudo-labels and predicted labels under Table 2: Comparison results (ACC/F1) on SVHN, CIFAR-100 and STL-10.
inconsistent class distributions, respectively.
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Figure 3: Training curves for the test accuracy on CIFAR-10, where N; = 500, M; = 4000,

% =100 and ¥, = .
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Figure 2: The overall framework of the CISSL method that incorporates our proposed IAC.

CIFAR-10

1 B Algorithm Ni = 500, M; = 4000

Ly =% ) M(x0)H(p(vb),q») J=10
- Yu = Yu = 75 0
b=l S N CoSSL 82.55 227 1
_ v YK \p CoSSLAIAC 82.79 76.23 2
M(Xb) — Ber(max(Nq ; (N« ) )) Without L, 31.80 71.63 .
Vb Vb Without Lipa 82.65 74.63 5
1 uB M =2.0 82.41 77.53 :
L= 2 L(max(gy) = DH(pi(y [ A(w)). 45) SR I :

b= p=25 82.78 75.83

ZZB b Without & 82.74 75.96

I — H(p = §=1.0 82.76 70.34

IDA (P(y). B ) Without 8, p =2.5 |  82.10 73.21 "
Liac =Lg+ AL, +MLipa Table 3: The ablation study for our (c) DASO (d) DASO + IAC

method on CoSSL on CIFAR-10




