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Abstract

Recently, some contrastive learning methods have been
proposed to simultaneously learn representations and clus-
tering assignments, achieving significant improvements.
However, these methods do not take the category infor-
mation and clustering objective into consideration, thus
the learned representations are not optimal for clustering
and the performance might be limited. Towards this issue,
we first propose a novel graph contrastive learning frame-
work, and then apply it to the clustering task, resulting in
the Graph Constrastive Clustering (GCC) method. Dif-
ferent from basic contrastive clustering that only assumes
an image and its augmentation should share similar repre-
sentation and clustering assignments, we lift the instance-
level consistency to the cluster-level consistency with the
assumption that samples in one cluster and their augmen-
tations should all be similar. Specifically, on the one hand,
we propose the graph Laplacian based contrastive loss to
learn more discriminative and clustering-friendly features.
On the other hand, we propose a novel graph-based con-
trastive learning strategy to learn more compact cluster-
ing assignments. Both of them incorporate the latent cat-
egory information to reduce the intra-cluster variance as
well as increase the inter-cluster variance. Experiments on
six commonly used datasets demonstrate the superiority of
our proposed approach over the state-of-the-art methods.

1. Introduction

Based on a large number of annotated training sam-
ples, deep learning achieves significant success in the past
decade [13]. However, it is very expensive and time-
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(a) Basic Contrastive Clustering (b) Graph Contrastive Clustering

Figure 1. Motivation of the proposed GCC. (a) Existing contrastive
learning based clustering methods mainly focus on instance-
level consistency, which maximizes the correlation between self-
augmented samples and treats all other samples as negative sam-
ples. (b) GCC incorporates the category information to perform
the contrastive learning at both the instance and the cluster levels,
which can better minimize the intra-cluster variance and maximize
the inter-cluster variance.

consuming to manually label a large training dataset. It is
also impractical to collect a labeled dataset for each domain
or task. In this case, clustering attracts more attention re-
cently, which aims to divide the samples into separate clus-
ters without knowing the label information.

Clustering [3,36[16,[17] is a very challenging task since



samples in the same class have various appearances and sto- learn more clustering-friendly features. For clustering
pervision signals are lacked to train the model. Classic clus-learning, a novel graph-based contrastive learning strategy
tering methods[[43,10) 2, 35,137], such as spectral cluster-is proposed to learn more compact clustering assignments.
ing [26] and subspace clustering [24, 9], suffer from two ob- Both of them can help to decrease the intra-class variance
vious limitations, including indiscriminative feature repre- and increase inter-class variance. Experimental results on
sentation and sub-optimal solution for clustering caused bysix challenging datasets validate the effectiveness of the
the separation of feature extraction and clustering. Some reproposed method. We also perform extensive ablation anal-
cent deep learning based methods can well handle the abovgsis to demonstrate the superiority of graph contrastive.
issues. For example, auto-encoder related methods [34, 19] Our main contributions are summarized as follows:
minimize the reconstruction error and assign various reg-
ularization terms in the latent feature space, such as the
KL-divergence [[39]. Deep adaptive clustering (DAC) [3]
maximizes the similarity between self-augmented samples
to adaptively train the neural network. Deep comprehensive
correlation mining (DCCM)[[36] thoroughly investigates
various kinds of correlation among samples and features.
These approaches achieve good clustering performance, but
their upper bound accuracy is limited since the learned fea-
tures are not discriminative enough. 2. We apply the proposed graph contrastive framework

Recently, contrastive learningl[4] has received much at- {0 the clustering task, and come up with the graph
tention in unsupervised feature learning, which emphasizes ~ contrastive clustering method (GCC), which consists
the importance of data augmentation and maximizes the of two graph contrastive modules. For representation
agreement between two augmented samples. Because of its ~ 9raph contrastive module, a graph Laplacian based
success, a few approachBs|[16,[44,[23, 36] are proposed to contrastive loss is proposed to learn more discrimina-

1. By incorporating the latent category information, we
propose a novel graph contrastive framework, which
assumes that samples in one cluster and their augmen-
tations should share similar representations and clus-
tering assignments. This framework lifts the tradition
instance-level consistency to cluster-level consistency,
thus can better reduce the intra-class variance as well
as increase the inter-class variance.

jointly optimize the contrastive learning and clustering. For tive and clustering-friendly features. For assignment
instance, partiton con dence maximisation (PICA) [16] graph contrastive module, a novel graph-based con-
learns the most semantically plausible clustering solution trastive learning strategy is proposed to learn more
by maximizing partition con dence, which corresponds compact clustering assignments.

to the cluster-wise contrastive learning. Instead of only g
using the cluster contrast in PICA, deep robust cluster-
ing (DRC) [44] adopts the conventional contrastive learning

in feature and cluster space simultaneously. These methods
signi cantly improve the clustering performance, but they

still face another obvious issue: both of them still follow

the basic framework of contrastive learning and only as- 2. Related work
sume that a sample and its augmentations should be similar )

in the feature space, which does not incorporate the latent2.1. Deep Clustering
category information into clustering.

We conduct extensive experiments on image cluster-
ing and our proposed method achieves signi cant im-
provement on various datasets. We also conduct an ex-
tensive ablation study to validate the effectiveness of
each proposed module.

According the difference in self-supervised signal, deep
In view of the above limitations, we propose the graph clustering methods can be mainly divided into two cate-
contrastive framework and apply it to the clustering task, re- gories, including the reconstruction based methiods [39, 28,
sulting in the Graph Contrastive Clustering (GCC) method. [8,/11,40] and the self-augmentation based metHdds [3, 36,
As shown in Figurg]l, we assume that samples in onell7,12]16] 33, 44].
cluster and their augmentations should share similar fea- The former adopts the auto-encoderi[34] framework and
ture representations and clustering assignments, which liftsmposes different regularization terms on the latent feature
the commonly-used instance-level consistency in PICA andlearning. For example, DEC [39] and IDEC [11] minimize
DRC to the cluster-level consistency. By incorporating the KL-divergence for features in the latent subspace. Peng
the latent category/cluster information, GCC can help to et al. [28] incorporate the sparsity prior. Yang et al.|[40]
learn more discriminative features and better clustering as-combine it with K-means. DEPICT][8] proposes the relative
signments, which is more suitable for the clustering task. entropy minimization based on convolutional auto-encoder.
Speci cally, we rst construct a similarity graph based on The latter focuses on exploiting the consistent information
the current features, then we apply it to both representationbetween original images and their transformed images to
learning and clustering learning. For representation learn-train the network. DACI[3] adopts a binary pairwise classi-
ing, the graph Laplacian based contrastive loss is proposedcation framework for image clustering to make the feature



learning in a “supervised” manner. DCCM [36] compre- resentation feature with regularizatiém k, = 1 andp;
hensively utilizes various kinds of correlations among rep- 5 theK -dimension assignment probability which satis es
resentations. 1IC [17] maximizes the mutual information J-K=1 p; = 1. Then the cluster assignment for theh

of positive pairs to make them keep a similar assignmentsample { = 1;::;;N) can be predicted by the following
probability. PICA [16] learns the most semantically plausi- maximum likelihood:

ble clustering solution by maximizing partition con dence. . _

DRC [44] tries to learn invariant features and clusters by i =arg mJaX(pij pl j K

introducing contrastive learning to optimize the consistency

between image and its augmentation. SCAN [33] utilizes 3.2. Graph Contrastive (GC)

a three-stage method to improve the clustering. These ap- LetG = (V;E) be an undirected graph with vertex set

proaches achieve good results, but they ignore the connecy, _ fvi;  :vng. The edge seE can be represented by
tions between cluster assignment learning and representag, adjac'enc;/ mat.riA such that:

tion learning. As a contrast, our method considers their

connections, and simultaneously learns both feature repre- ( 1 if(vi-v)2E:
. . —_ ] I (VI L] VJ ) 1
sentation and cluster assignment. Ay = ; (1)
0; otherwise
2.2. Contrastive Learning bet d be the degree ofvi, if we dene D =
Recently, constrastive learning achieves signicant d; 0
progress, and it can learn discriminative feature represen—ﬂ s : % then the normalized symmetric Graph
tation without any manual annotations. For example, Wu S
t al. [38] introd memory bank to store th mbd-0 U
etal [ : ] oduce a memory bank 1o store the embe Laplacian ofG can be de ned as:
ding of instance representation. Zhuang et al. [45] extend
the above memory bank by learning an embedding function L=1 D :AD - @)
to maximize a metric of local aggregation, causing simi-
lar data instances to move together in the embedding spacedlt is easy to check thdt; = pAi_:is j-

MoCo [14] views co.ntra'lst.ive Iearnjng as dictionary Ioop—.up GivenN representation featjir:s: FXq: 111 Xy @ With

and builds a dynamic dictionary with a gueue anda moving- unit ", norm, the intuition of GC is that; should be close to
e_lveraged encoder. .MOCO v2 [6] m_ake_s simple modi ca- Xj if Aj > Owhilex; should be far away from; if Aj =
tions to MoCo by using an MLP prol_ectu_)n head and more 0. Assume that the graph can be partitioned into several
data augmentations. sSimCLR [4] simpli es recently pro- communities, the intuition of GC tells us that the similarities

posed contrastive self-supervised learning algorithms with- of feature representations in the same community should be

out requiring specialized architectures or a memory bank'larger than that between communities. Approximately, we
simCLR v2 [5] nds that bigger self-supervised models are can de ne '

more label ef cient, performing signi cantly better when X

ne-tuned on only.afew Iabelgd examples,_even though they Sintra = Lij S(Xi:%j) ()
have more capacity to potentially over t. Tian etal. [31, 32] Ly <0

extend the constrastive learning to the multi-view case and ) o

representation distillation. Although these methods can@s the total intra-community similarity and

learn good feature representations, how to apply them to B X _
the clustering task to improve the performance still remains Sinter = S(xisx)) (4)
challenging. Ly =0
. . as the total inter-community similarity, whe8{x;; x; ) is
3. Graph Contrastive Clustering the similarity betweer; andx;. Then we can mathemati-
3.1. Problem Formulation cally de ne the loss of GC as:
1. !

Given a set ofN unlabelled images = fls;:::5Ing L= ix\' og P <O Lij S(Xi;xj) 5)

from K different categories, deep clustering aims to sepa- cC N Lo S(XiiXj)
ij —

rate these images int6 different clusters by convolutional
neural network (CNN) models such that the images with the Minimizing Lsc can simultaneously increase total intra-
same semantic labels can be grouped into the same clustecommunity similarity and decrease total inter-community
Here we aim to learn a deep CNN network based mappingsimilarity, which can improve the separableness and lead to
function with parameters, such that each imagde can the result that learned feature representations are consistent
be mapped tdz; pi), wherez; is thed-dimensional rep-  with the graph structure.



Figure 2. Framework of the proposed Graph Contrastive Clustering. GCC has two heads with shared CNN parameters. The rst head is a
representation graph contrastive (RGC) module, which helps to learn clustering-friendly features. The second head is an assignment graph
contrastive (AGC) module, which leads to a more compact cluster assignment.

3.3. Framework of GCC fori;j =1; ;N. After that, the Graph Laplacian(

We introduce a novel end-to-end deep clustering frame- can be obtained by Eg. (2).

work by applying GC to both representation learning and o )
assignment learning. As shown in Figure 2, there are two 3-3-2  Similarity Function

heads with shared CNN parameters in our GCC model. 14 compute the similarity between two samples, we adopt
The upper head is a representation graph contrastive (RGCine Gaussian kernel function which is commonly used in

module, which learns clustering-friendly features based gpectral clustering. The similarity in GC loss Eq. (5) can be
on representation graph contrastive learning. The bottomye ned as:

head is an assignment graph contrastive (AGC) module, S(xi;xj) = ek xi xj k3= :
which achieves the nal cluster assignment with cluster-
level graph contrastive learning. With these two modules, Where is a parameter that represents variance or temper-
GCC can simultaneously learn more discriminative featuresature. Sincekx;  x; K3 = kxikg + kxj k3 2xi x; =
and clusters to improve clustering. We will present the de- 2 2Xi Xj, we use the following similarity function as a
tails of GCC below. substitution:

S(xi;xj) = €1 X7 @)
3.3.1 Graph Construction

3.3.3 Representation Graph Contrastive

Since the deep learning model usually uctuates during o

training, the representation features of an epoch may haveAssumel’ = f13;::;1y g is a random transformation of
large biases. We take advantage of moving average tooriginal images, and their corresponding featureszare

reduce this kind of bias before graph construction. To (z;; ;2Zy). According to graph contrastive mentioned
be specic, assume that ® is the model andz® = before,zi0 andzj0 should be similar if they are linked while

(zgt); ;ZS)) =( Way:; ; ®ay)) are the repre-  be far away if they are disconnected. et Z’in Eq. (5),
sentation features ofth epoch, the moving average of rep- We can get the loss of RGC learning as:
resentation features can be de ned as:

0
(t 1 (t) P 1) 2% 7%=
n_ @ Dz T+zit L . LVes 7
ZI()— (It 5 (lt) ol _1, ,N, L(t) _ i)(\l |o % L.-i(L)<0 ] X 8
k(1 )Zi t Z; k2 RGC N 90—+, ez,o sz: L (8)
i=1 L; =0 €
where is a parameter to trade-off current and past effects '
0 _ .0
andz;™” =z . Then we can construct the KNN graph by 3.3.4 Assignment Graph Contrastive
. t t t t)y. . . . . .
O Zj( Y2N X"y or Y 2N k(Zj( D, ©) For traditional contrastive learning based clustering, images

L 0; otherwise and their augmentations should share similar cluster assign-



ment distribution,e.g. the index of images and their aug-
mentations assigned to clusteshould be consistent. It is

reasonable but does not take advantage of clustering infor-

mation. As the model gets better and better during train-
ing, images and their neighbors also should share similar
cluster assignment distribution with high probability. Due
to this motivation, we propose the assignment graph con-
trastive learning.

Assume that = fl i; n I,z g are the random augmenta-
tions of original images antd = f ri; G I*,Z g satis es that
rf is a transformation of a random neighbor pfaiccording
to graphA(® | the assignment probability matrix for and
1 can be de ned as

2 ,3 2po 3
P1 RN(I1)
p = 4:(:):5 andp’ = 8 L g :
Pn N Prno)

where RNI;) denotes a random neighbor of image
We can reformulate them by the following column vector

forms:
0

Chs
0
6

Whereq0 andeg0 can tell us which pictures ih” andT” will
be assigned to clustér respectively. Then we can de ne
the AGC learning loss as:

0— .0 .
q— 1q<NK!
0 0

& = N K

0 1
q &=
e’ i
L = = log@p———A: 9
AGC K g K - )

j=1

3.3.5 Cluster Regularization Loss

In deep clustering, it is easy to fall into a local optimal so-
lution that assign most samples into a minority of clusters.
To avoid trivial solution, we also add a clustering regular-
ization loss similar to PICA [16] and SCAN [33]:

Lcr =log(K)  H(Z); (10)
P N

whereH is the entropy functionZ; = PK—%
j=1 Hi

q= G 'Ok Isthe assign [:;robability df.
Then the overall objective function of GCC can be for-
mulated as:

, and

L=Lrec + Lacc * Lcr: (11)
where and are weight parameters.
3.4. Model Training

The objective function in Eq. (11) is differentiable and

Algorithm 1: Training algorithm for GCC

epochsNgp, and number of clustets .
Output: A deep clustering model with parameters

Initializing graphA and parameters,

for each epocluo
Step 1: Sampling a random mini-batch of

images and their neighbors accordingtp

Step 2: Generating augmentations for the
sampled images and their neighbors;

Step 3: Computing RGC loss by Eq. (8);

Step 4: Computing AGC loss by Eq. (9);

Step 5: Computing cluster regularization loss
according to Eq. (10);

Step 6: Update with SGD by minimizing the
overall loss according to Eqg. (11);

Step 7: UpdateA according to Eq. (6).

end

4. Experiments
4.1. Experimental Settings
4.1.1 Datasets

We conducted extensive experiments on six widely-adopted
benchmark datasets. For a fair comparison, we adopted the
same experimental setting as [3, 16]. The characteristics of
these datasets are introduced in the following.
CIFAR-10/100: [20] The image size i82 32 3. 10
classes and 20 super-classes are considered for the CIFAR-
10/CIFAR-100 dataset in experiments. All 60,000 images
are jointly utilized to clustering.

STL-10: [7] The STL-10 is an image recognition dataset
containing 500/800 training/test images for each of 10
classes with image si# 96 3and additional 100,000
samples from several unknown classes for training stage.
ImageNet-10 and ImageNet-Dogg3] Two subsets of Im-
ageNet [21]: the former contains 10 randomly selected sub-
jects and the latter contains 15 dog breeds. Their size is set
t0o96 96 3.

Tiny-ImageNet: [22] It is a very challenging tiny Ima-
geNet dataset for clustering with 200 classes. There are
100,000/10,000 training/test images with dimenstgn

64 3in each category.

4.1.2 Evaluation Metrics

Similar to [16], we adopted three standard metrics for

end-to-end, enabling the conventional stochastic gradientevaluating the performance of clustering, including Accu-

descent algorithm for model training. The training proce-
dure is summarized in Algorithm 1.

racy (ACC), Normalized Mutual Information (NMI), and
Adjusted Rand Index (ARI).



Table 1. Clustering performance of different methods on six challenging datasets.

Datasets CIFAR-10 CIFAR-100 STL-10 ImageNet-10 Imagenet-dog-15 Tiny-ImageNet
Methods NMI  ACC ARl | NMI ACC ARI | NMI ACC ARI | NMI ACC ARl | NMI ACC ARI | NMI ACC ARI
K-meang 0.087 0.229 0.0490.084 0.130 0.0280.125 0.192 0.0610.119 0.241 0.057 0.055 0.105 0.020 0.065 0.025 0.005
SC |0.103 0.247 0.08%0.090 0.136 0.0220.098 0.159 0.048 0.151 0.274 0.07¢ 0.038 0.111 0.0130.063 0.022 0.004
AC 0.105 0.228 0.06%0.098 0.138 0.0340.239 0.332 0.1400.138 0.242 0.067 0.037 0.139 0.021 0.069 0.027 0.005%
NMF | 0.081 0.190 0.034 0.079 0.118 0.02¢ 0.096 0.180 0.046 0.132 0.230 0.06% 0.044 0.118 0.016 0.072 0.029 0.005%
AE 0.239 0.314 0.1690.100 0.165 0.0480.250 0.303 0.1610.210 0.317 0.1520.104 0.185 0.0730.131 0.041 0.007
DAE | 0.251 0.297 0.1630.111 0.151 0.046 0.224 0.302 0.1520.206 0.304 0.1380.104 0.190 0.078 0.127 0.039 0.007
GAN | 0.265 0.315 0.176 0.120 0.151 0.0450.210 0.298 0.1390.225 0.346 0.1570.121 0.174 0.078 0.135 0.041 0.007
DeCNN| 0.240 0.282 0.1740.092 0.133 0.03$ 0.227 0.299 0.162 0.186 0.313 0.1420.098 0.175 0.0730.111 0.035 0.006¢
VAE | 0.245 0.291 0.1670.108 0.152 0.040 0.200 0.282 0.146 0.193 0.334 0.168 0.107 0.179 0.0790.113 0.036 0.00¢
JULE | 0.192 0.272 0.138 0.103 0.137 0.0330.182 0.277 0.164 0.175 0.300 0.138 0.054 0.138 0.028 0.102 0.033 0.00¢
DEC | 0.257 0.301 0.1610.136 0.185 0.0500.276 0.359 0.18¢0.282 0.381 0.2030.122 0.195 0.0790.115 0.037 0.007
DAC | 0.396 0.522 0.3060.185 0.238 0.0880.366 0.470 0.2570.394 0.527 0.3020.219 0.275 0.1110.190 0.066 0.017
DCCM | 0.496 0.623 0.408 0.285 0.327 0.1730.376 0.482 0.2620.608 0.710 0.55%0.321 0.383 0.1820.224 0.108 0.03§
Ic - 0.617 - - 0.257 - - 0.610 - - - - - - - - - -
PICA | 0.591 0.696 0.5120.310 0.337 0.1710.611 0.713 0.5310.802 0.870 0.7610.352 0.352 0.201 0.277 0.098 0.04(
DRC | 0.621 0.727 0.547|0.356 0.367 0.208| 0.644 0.747 0.569| 0.830 0.884 0.798| 0.384 0.389 0.233| 0.321 0.139 0.056
GCC |0:764 0:856 0:728 |0:472 0:472 0:305|0:684 0:788 0:631 |0:842 0:901 0:822 |0:490 0:526 0:362 |0:347 0.138 0:075

4.1.3 Compared Methods

We compared the proposed method with both tra-
ditional and deep learning based methods,
ing K-means, spectral clustering (SC) [30], agglom-
erative clustering (AC) [10], the nonnegative ma-
trix factorization (NMF) based clustering [2], auto-

encoder (AE) [1], denoising auto-encoder (DAE) [34],
GAN [29], deconvolutional networks (DECNN) [42], vari-

ational auto-encoding (VAE) [19], deep embedding cluster-
ing (DEC) [39], jointly unsupervised learning (JULE) [41],

deep adaptive image clustering (DAC) [3], invariant in-
formation clustering [17], deep comprehensive correla-
tion Mining (DCCM) [36], partition con dence maximisa-

tion (PICA) [16], and deep robust clustering (DRC) [44].

4.1.4 Implementation Details

We utilized PyTorch [27] to implement all experiments. In

our framework, we used ResNet-18 [15] as the main net-
work architecture and train networks on one Tesla P100

GPU. We rst train the model by simCLR [4] loss with
50 epochs. The SGD optimizer is adopt with= 0:4, a
weight decayle 4 and momentum coef cien®:9. The
learning rate decays by cosine scheduler with decay rat
0:1. The batch size is set to 256 and the same data augme
tation is adopted as [A¢olor jitter, random grayscale, ran-
domly resized crop. The temperatures in RGC and AGC
aresetto = 0:1and = 1:0, respectively. For hyper-
parameters, we set = 0:5, =0:5and = 1:0 for all
datasets. For the construction of KNN graph, wekset 5

and utilized the ef cient similarity search library 'Fais§'
Even for 1 million samples witl256 dimensional features
on a CPU with64 cores an®:5GHz, it takes abous0 sec-

Ihttps://github.com/facebookresearch/faiss

includ-

onds to construct a KNN graph. Therefore, its time cost is

neglectable and the KNN graph construction does not limit

its application to large scale datasets. For the ablation study,
we adopted the same setting as SCAN [33] to perform self-
labeling processing.

4.2. Experimental Results and Analysis

In Table 1, we presented the clustering results of GCC
and other related methods on these six challenging datasets.
The results of other methods are directly copied from
DRC [44]. Based on the results, we can rst see that deep
learning based methods achieve much better results than tra
ditional clustering methods due to the large parameter ca-
pacity. For instance, the accuracy of most deep learning
based clustering methods on CIFAR-10 is much higher than
0.3, while the accuracy of these classic methods, including
SC, AC, and NMF, is lower than 0.25. Secondly, these con-
trastive learning based methods, such as PICA, DRC and
GCC, are more suitable for the clustering task since they can
learn more discriminative feature representation. Most im-
portantly, it is obvious that our GCC signi cantly surpasses
other methods by a large margin on most benchmarks un-
der three different evaluation metrics. Even compared with
the recent state-of-the-art methods PICA and DRC, the im-
eprovement of GCC is also remarkable. Take the clustering
nélccuracy for example, our results are 12.9%, 10.5%, 4.1%

higher than that of the second best method DRC on CIFAR-
10, CIFAR-100 and STL-10, respectively. The above re-
sults can well demonstrate the effectiveness and robustness
of our proposed method.

4.3. Ablation Study

According to the objective function in Eq. (11), there
are three different losses in total. In this section, we will
demonstrate that RGC loss in Eq. (8), AGC loss in Eq. (9),



Table 2. Effect of two graph contrastive losses, whéreneans Table 4. Effect of self-labeling. * means that adopting self-label

using graph information. Metric: ACC. post-processing. Metric: ACC.
RGC AGC CIFAR-10 CIFAR-100 ImageNet-10 Method CIFAR-10 CIFAR-100 STL-10
0.752 0.438 0.878 SCAN 0.818 0.422 0.755
X 0.809 0.463 0.884 GCC 0:856 0:472 0:788
X 0.825 0.462 0.893 SCAN 0.883 0.507 0.809
X X 0:856 0:472 0:901 GCC 0:901 0:523 0:833
Table 3. Effect of cluster regularization loss. Metric: ACC. Table 5. Comparison of features learned by GCC and simCLR.
Method CIFAR-10 CIFAR-100 ImageNet-10 Metric: ACC.
GCCw/oCR  0.680 0.348 0.828 Method CIFAR-10 CIFAR-100
GCC 0:856 0:472 0:901 simCLR + SC 0.660 0.292
GCC +SC 0.746 0.367
simCLR + K-means 0.628 0.380
and cluster regularization loss in Eqg. (10) are all very im- GCC + K-means 0:754 0:420

portant to improve the performance. We will also eval-
uate the inuence of a post-processing strategy used in
SCAN [33] and the superiority of graph contrastive for
clustering-oriented representation learning over the basic
contrastive learning method.

4.3.1 Effect of Graph Contrastive Loss

We rst investigated how RGC and AGC losses affect

the clustering performance on CIFAR-10, CIFAR-100 and o

ImageNet-10. Results are shown in Table 2. Method in the (@ Training Accuracy of Top-5NN () Top-K NN Accuracy

rst line only adopts the basic contrastive loss. Compared Figure 3. TopK nearest neighbor accuracy of GCC and simCLR:

with it, both RGC and AGC improve the clustering results (&) The evolution of top-5 NN accuracy for CIFAR-10 and CIFAR-

on all three datasets, especially on CIFAR-10. All best re- 100 during the training process of GCC. (b) The comparison of

sults are achieved by GCC, which implies that both RGC ©OPK NN accuracy of CIFAR-10 and CIFAR-100 when varying
o ' K from 1 to 50.

and ARC terms are indispensable.

4.3.2 Effect of Cluster Regularization Loss 4.3.4  Superiority of Graph Contrastive

Deep clustering methods can easily fall into a local optimal To demonstrate the superiority of Graph Contrastive on
solution when most samples are assigned to the same clugearned features, we performed two more quantitative anal-
ter. We examined how the cluster regularization loss ad-ysis. First, we directly adopted K-means and Spectral Clus-
dresses this problem. As shown in Table 3, we can see thatering (SC) [30] to cluster the learned features of basic con-
it signi cantly helps to improve the clustering performance. trastive learning (simCLR [4]) and GCC on testing datasets
Itis interesting to see the cluster regularization loss has little (10,000 samples). For a fair comparison, here we only used
impact on ImageNet-10 since it is a relatively easy datasetRGC loss for GCC, and the implementation details are same
where images from different classes are well separated. ~ to SIimCLR [4]. As we can see from Table 5, the clus-
tering performance of GCC is much better than simCLR,
which veri es that the features learned by GCC are more
conducive to clustering.

SCAN [33] proposes a three-stage method for image clus- Furthermore, we calculated the accuracy of koprear-
tering and achieved high performance. The clustering re-est neighbor (NN) obtained by GCC and simCLR, and the
sults bene ta lot by ne-tuning through self-labeling. Fora results are shown in Figure 3. We can see that thebthijpt

fair comparison, we also performed self-labeling after GCC accuracy of GCC becomes better and better during training
and the results are shown in Table 4. We can see that GCdrom Figure 3(a), which veri es the motivation of our graph
outperforms SCAN [33] both before and after self-labeling contrastive learning. The comparison of GCC and simCLR
on all three datasets reported in the paper of SCAN, whichare shown in Figure 3(b), where the results of GCC are con-
indicates that GCC learns more clustering-friendly repre- sistently better than simCLR when varyikgfrom 1 to 50.
sentations and better clustering assignments. Several recent methods [13, 18] propose to extend basic

4.3.3 Effect of Self-labeling Fine-tuning



Figure 4. Case study on ImageNet-10. Successful cases (left), false negative cases (middle), and false positive failure cases (right).

Table 6. Comparison of graph contrastive and ordinary contrastive
learning with multiple positives. Metric: ACC.
Method CIFAR-10 CIFAR-100 ImageNet-10
Multi-positive 0.807 0.426 0.872
GCC 0:856 0:472 0:901

contrastive learning by simply adding more positive sam-

ples. We replaced RGC with this contrastive loss to perform

clustering analysis and the result is shown in Table 6. Itis (a) Basic Contrastive Learning (b) Graph Contrastive Clustering
clear that GCC performs much better, which again demon- Figure 5. t-SNE visualization for basic contrastive learning and
strates the advantages of our GC framework. our graph contrastive learning on the CIFAR-10 dataset.

4.4. Qualitative Study 5. Conclusion

4.4.1 Visualization of Representations To address the shortage of existing contrastive learning

To further illustrate that the features obtained by GCC are based clustering methods, we propose a novel graph
more suitable for clustering than simCLR, we visualized contrastive learning framework, which is then applied
them on CIFAR-10 by t-SNE [25]. To be speci c, we plot- t0 the clustering task and we come up with the GCC
ted the predictions of 6,000 randomly selected samples withmethod. Different from basic contrastive clustering that
the ground-truth classes color encoded by using t-SNE. Asonly maximizes the correlation between an image and its
shown in Figure 5, samples in the same class are more comaugmentation, we lift the instance-level feature consistency
pact and samples of different classes are signi cantly bet-to the cluster-level consistency with the assumption that
ter Separated for GCC. For examp|e, the 5amp|es of class gamples in one cluster and their augmentations should have

(in green-yellow) are divided into two parts in sSimCLR but Similar representations. We perform extensive experiments
gathered together in GCC. on six widely-adopted benchmarks to demonstrate that

GCC learns more clustering-friendly representations than
basic contrastive learning and outperforms a wide range of
state-of-the-art methods.

At last, we investigated both success and failure cases to
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