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Abstract
Semi-supervised  learning  has  been  an  effective
paradigm for leveraging unlobeled data 1o reduce the
reliance on labeled diora. We propose CoManch, a new
semi-supervised learming method thar unlfies dominanr
approaches and addresses their Umitattons.  CoMarch
Jointly learns two representaions of the training deana,
their class probabilites and low-dimensional embeddings.
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img [5. 1] may learn representations that are suboptimal
for the specific classification task. Another branch of meth-
ods explore graph-based semi-supervised leaming [21, 7],
but have yet shown competitive perfiormance especially on
larger datasets such as ImageNet [V].

We propose CoMatch, a new semi-supervised learning
mithod that addresses the existing limitations. A concep-
mal illuseration is shown in Figure 1. In CoMaich, each
image has two compact representations: a class probability
produced by the classification head and a low-dimensional
embedding produced by the projection head. The two rep-
resentations interact with each other and jointly evolve in a
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Method CIFAR-10 STL-10
20 labels 40 labels 80 labels 250 labels 1000 labels
MixMatch [] 278441063 5190+11.76 80.79+128 88.97+0.85 | 38.02+8.29
FixMatch [37] 82.32+9.77  86.1243.53  92.06+0.88 94.90+0.67 | 65.3840.42
FixMatch [32] w. DA[1] | 83.814£9.35 86984340 92.29+0.86 94.95+0.66 | 66.5340.39
CoMatch 87.6748.47  93.09+139 93974062 95.09+0.33 | 79.80--0.38
. Top-1 Top-5
Self-s sed aramters _
Pfe- L::ﬁfi:ue Method #Epochs ﬁrr):irr;ﬁt:tr)‘ Label fraction | Label fraction
€ ' 1%  10% | 1% 10%
Supervised baseline [38] | ~20 256M/256M | 254 564 | 484 804
Pseudo-label [19, 35] ~100 25.6M / 25.6M - . 516 824
VAT+EntMin. [26, 12, 3¢] | - 25.6M /25.6M - 68.8 - 88.5
N S4L-Rotation [1%] ~200 25.6M / 25.6M - 53.4 - 83.8
one UDA (RandAug) [36] - 25.6M /25.6M - 68.8 - 88.5
FixMatch (RandAug) [2] | ~300 25.6M / 25.6M - 715 - 89.1
FixMatch w. DA ~400 256M/256M | 534 708 | 744  89.0
CoMatch ~400 300M/25.6M 660 73.6 @ 864 916
PIRL [25] ~800 26.IM/256M | 30.7 604 | 572 838
PCL[21] ~200 25.8M / 25.6M - . 753 85.6
SimCLR [5] Fine-tune ~1000 | 30.0M/25.6M | 483 656 | 755 87.8
BYOL[!3] ~1000 | 37.1IM/25.6M | 532 688 | 784 89.0
SWAV [1] ~800 304M/256M | 53.9 702 | 785 899
Fine-tune ~800 30.0M/256M | 498 661 | 772 879
MoCov2 [7] FixMatch w. DA ~1200 | 30.0M/256M | 599 722 | 798 89.5
CoMatch ~1200 | 30.0M/25.6M @ 671 737 | 871 914
Fine-tune ~800 342M/29.8M | 579 684 | 825 892
1 * [
SImCLRVZEIO] | . cher distillation ~2400 | 8292M/298M | 739 775 | 915 934
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Figure 3: Plots of different methods as training progresses on ImageNet with 1% labels. (a) Accuracy of the confident pseudo-labels w.r.t
to the ground-truth labels of the unlabeled samples. (b) Ratio of the unlabeled samples with confident pseudo-labels that are included in
the unsupervised classification loss. (3) Top-1 accuracy on the test data.
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This CVPR paper is the Open Access version, provided by the Computer Vision Foundation.
Except for this watermark, it is identical to the accepted version;
the final published version of the proceedings is available on IEEE Xplore.

Class-Aware Contrastive Semi-Supervised Learning

Fan Yang®® Kai Wu'* Shuyi Zhang! Guannan Jiang®  Yong Liu’
Feng Zheng®®  Wei Zhang* Chengjie Wang!" Long Zeng?
2Tsinghua University *Southern University of Science and Technolog

"Tencent Youtu Lab 4CATL

Abstract

out-of-distribution data

1 0 o
Pseudo-label-based semi-supervised learning (SSL) has = E | :_‘_: ' ﬁ l

achieved great success on raw data utilization. However, labeled unlabeled
its training procedure suffers from confirmation bias
due 1o the noise contained in self-generared artificial
labels. Moreover, the model’s judgment becomes noisier in 1 1

real-world applications with extensive out-of-distribution -:kg | ‘ﬁ I =
data. To address this issue, we propose a general method
named Class-aware Contrastive Semi-Supervised Learn-
ing (CCSSL), which is a drop-in helper to improve the
pseudo-label quality and enhance the model’s robustness
in the real-world setting. Rather than treating real-world
data as a union set, our method separately handles reliable
in-distribution data with class-wise clustering for blending

(a) Real-World Data With In-Distribution and Out-of-Distribution Data

. . Lo (b) Pseudo-Label-Based SSL
into downstream tasks and noisy out-of-distribution data (ours)

(c) Class-Aware Contrastive SSL
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A

Method CIFAR100 CIFARIO STL10
400 2500 10000 40 250 4000
Mixmatch [ 7] 32.39£1.32  60.06£0.37 71.69+0.33 | 52.46+11.5 88.95+0.86 93.58+0.10 | 38.02+8.29
ReMixMatch [7] 55.7242.06 72.57+0.31 76.97+0.56 | 80.90+£9.64 94.56+0.05 95.28+0.13 -
SSWPL [2F] - 73484045 79.12+0.85 - - - -
LaplaceNet [27] - 68.36+0.02  73.40+0.23 - - 95.35+£0.07 -
CoMatch [1Y] 58.11£2.34  71.63+0.35 79.14+0.36 | 93.09+£1.39 95.09+0.33 95.44+0.20 | 79.80+0.38
FixMatch [1Y] 51.15+£1.75  71.71x0.11  77.40+0.12 | 86.19+3.37 94.93+0.65 95.74+0.05 | 65.38+0.42
CCSSL(FixMatch) | 61.19£1.65 75.7+0.63  80.68+0.16 | 90.83+2.78 94.86+0.55 95.54+0.20 | 80.01+1.39

Table 1. Top-1 Accuracy for in-distribution datasets including CIFAR100, CIFAR10, and STL10. On high noise-level datasets CIFAR100
and STL10, we achieve the best performance by simply adding CCSSL to Fixmatch. On the easier dataset CIFAR10 with less noise,

CCSSL only provides marginal performance gain. *-° means not self-implemented.
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A

Semi-iNat 2021

Method From Scratch From MI';JCU
Pretrain

Topl TopS | Topl TopS

Supervised 19.09 3585 | 3496 57.11
MixMatch [3] | 16.89 30.83 - -
+CCSSL | 19.65 35.09 - -

FixMatch [25] | 21.41 37.65 | 403 60.05

+CCSSL | 31.21 52.25 | 41.28 643

CoMatch [10] | 20.94 3896 | 38.94 61.85
+CCSSL | 24.12 4323 | 39.85 63.68
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A

SVHN CIFAR-10

Method 20 labels 40 labels 250 labels 1000 labels 20 labels 40 labels 250 labels 4000 labels
MixMatch* - 57.45+1453  96.02+023  96.50+0.28 - 52.46+1150 88.954+0.86 93.58+0.10
UDA* - 437542051 94314276 97.54+40.24 - 70.95+593  91.184+1.08 95.12+0.18
ReMixMatch* - 96.66+0.20 97.08+048 97.35+0.08 - 81.904+964 94.46+005 95.28+0.13
CoMatch* - - - - 81.85+5.56 91.51+2.15 - -
FixMatch 90.05+801 94834224 97284066 97.464+009 | 74.98+11.38 91.24+4372  94.67+028 95.5740.05
FixMatch+CR 94.96+477 96.33+1.84 97.55+008 97.61+006 | 88.26+1.38 94.31+090 94.96+030 95.84+0.13
SelfMatch* - 96.58+1.02  97.374+043 97.49+0.07 - 03.19+1.08 95.13+0.26 95.94+0.08
FixMatch+CR++ | 96.88+060 97.05+028 97.95+009 98.11+0.05 | 94.24+3.48 95.26+0.70  96.00+031  96.68-+0.18

CIFAR-100
Medthod 400 labels 2500 labels 10000 labels STL-10 ImageNet
UDA 48024266  70.504053 77.074+0.33 Method 1,000 labels 1% labels 10% labels
UDA+CR 4991+079 72.12+0.28 78.58+0.11 FixMatch 89.34+1.79 51.29 (72.48) 72.18 (89.98)
FixMatch 48.48+055 71.53+029 78.03+0.26 FixMatch+CR | 93.04+042 | 57.77 (78.12) 72.77 (90.15)
FixMatch+CR | 50.77+079 72.42+037 78.97+0.23
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