Unsupervised Visual Representation Learning by
Online Constrained K-Means



Instance Discrimination

N_attract -~

el

instance discrimination?| ¢t

o Bt2 O H|O|HE H| w5}

e low-level t1=THE ALES =0
high-level 812 (E3)2 X2 FESILE ot50| ot £
UL

o Z2 9|0|Z 7tX[= H|O|E{(1QF0|1, 1 0|2)2tE ME2=
negative pairZ = 7F&[7| =0 false negative =7 &
HAMOZ ST},

o 2 2o HiX| AtO|ZE Q4 BICt

L—

—_]  —

o
IIN
t o
N
olr
Ot
~

L
=)
H| =%t instance=7|2| 2HY 7| 7| 20| semantic structure=

Clustering Discrimination
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e clustering = classification large scale datad| = t&0] 7t
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SwWAV VS ODC
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update centroids memory by recomputing the involved centroids.
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SwWAV VS ODC
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CoKe: online Constrained K-means
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Figure 1. Illustration of CoKe. When a mini-batch arrives, each
instance will be assigned to a cluster with our online assignment
method. Then, in epoch ¢, representations from the encoder net-
work are optimized by discrimination using pseudo labels and
cluster centers obtained from epoch t — 1. The pseudo labels from
epoch # — 1 were stored to be retrieved in epoch t using the unique

id for each image. _
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CoKe: online Constrained K-means

Algorithm 2 Pseudo-code of CoKe with Two Views.

Two Views

for z in loader:

z_ 1, z_2 = auglz), aug(z)
®x 1, % 2 = £{z_1), £lz_2)
s 1, 5 2 = =x_1C, =_2C +#

¥y o= ul '

z_1d) §
o1 ='5cftmeﬁi5_1flambdaj
o_2 = softmaxi{s_2/lambda)

v_1 =.éi;ha;y %I(l;aiﬁhaj;?_i
v_2 = alphaxy + (l-alpha)+p_1
0.5+« (-y_l+log(p_1l) -y _2+«loglp_2))
ckward() # update encode:

¥ _mean = D.5«({x 1+x 2) = an v
ufz_id) = update (x_mean, C, rho)
C = update(C, x_mean, uf{z_id))
rho = update(rho, gamma, u{z_id))
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Figure 2. llustration of architecture with the additional prediction head. The yellow bounding box denotes the results from the last epoch.



Ratio: 7 | Acc% | #Cons | #Min | #Max e r'=1:balanced clustering 63.1% < r =0.4: 8= = 1.4% 37t
1 63.1 | 427 | 403 | 445
0.8 638 | 342 | 338 | 1,301
’ " JIXF =3 Ol i A
Y 613 256 | 254 | 1404 #m.ax.. 71& 2 cluster?| instanceZ
0.4 645 | 171 168 | 2.371 #min: 7} 22 cluster?| instance?ll=
0 413 |0 0 449k #Cons: constrained cluster size

Table 1. Comparison of different ratios v in CoKe. The perfor-
mance 1s evaluated by linear classification with learned represen-

of &= &2
tations on ImageNet as in MoCo [ 7].

f 3HH ZfOt LY.

e balanced clusteringzt H| !
#max= SHf™EE I 10 #min= &

K Acc% | #Cons | #Min | #Max

1,000 | 63.4 | 512 512 | 4.639 k =3000, Acc 64.5%

3,000 | 645 | 171 | 168 | 2,371

5,000 | 64.3 | 102 98 1,982 Multi-clustering: k=30002 = A|= clusterings & IHELCH kS| 7H+S

SoiM XS i O HatE I} =0HA
Table 3. Comparison of number of clusters A in k-means.

K(x1,000) | 3 243 | 3+4

34343

3+445

Acc% 64.5 | 65.0 | 65.2

65.2

65.3

Table 4. Multi-clustering with different A" combinations.
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Table 2. Comparison of labels and centers from different epochs.
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MoCo-v2 | SWAV | CoKe | Coke*
18.3 20.8 11.1 8.4
Methods #View | #Epoch | #Dim | Acc%
SimCLR 2 1,000 128 69.3
MoCo-v2 2 800 128 71.1
DeepCluster-v2 | 2 400 128 70.2
SwAV 2 400 128 70.1
CoKe 1 800 128 71.4

e ResNet - 502 backbonel = ALEE.
o 7|& HAES2 augmentationa TS two viewsE
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Methods #V | Bs #D M MB | Acc%
SimSiam [Y] 2 256 2048 | 71.3
SwAV [Y] 2 4.096 128 T1.8
MoCo-v2+ [Y] 2 256 128 v v 72.2
Barlow Twins [+(] 2 2,048 8,192 73.2
MoCo-v3 [ 1] 2 4,096 | 256 v 73.8
BYOL [16] 2 4,096 | 256 v 74.3
NNCLRE [ 7] 2 1.024 | 256 v v 12.9
NNCLE [ 7] 2 4,096 | 256 v v 154
DeepCluster-v2 [1] | & 4,096 | 128 715.2
SwAV [4] by 4.096 128 75.3
DINO [2] by 4,096 | 256 v 75.3
NNCLR [ | 7] by 4,096 | 256 v v 15.6
CoKe 1 1,024 128 712.5
CoKe 2 1,024 128 74.9
CoKe by 1,024 128 76.4

ME: Memory encoder, MB: Memory bank
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