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Fig. 3. Illustration of the SPICE framework. (a) Train the feature model with the contrastive learning based unsupervised representation learning. (b) Train
the clustering head via the prototype pseudo-labeling algorithm in an EM framework. (¢) Jointly train the feature model and the clustering head through the
reliable pseudo-labeling algorithm.
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Algorithm 1: Training Clustering Head.

Input: Dataset X = {z; }_,, 0%, K, M,m, T, p
Output: Cluster label y; of z; € X
1 Set feature model parameters to 0;—, t = 0, and initialize B¢ ;
2 while t < T do

3 forb=1,2,..., %] do

4 E-step:

5 Select M samples from X as Xy;

6 Compute embedding features F' = F(X3; 0%) ;

7 Predict probabilities P = C(F (a(X3);0%);0¢) ;
8 Construct labeled image set X'° with Egs. (2), (3), and (4) ;
9 M-step:

10 Compute probabilities P = C(F(3(X3);0%);60c)
11 Optimize O¢ by minimizing Eq. (5) ;

12 end

13 t<—t+1

14 end

15 Select the best clustering head with the minimum loss as 02 :
16 foreach ; € X do

7| pi= C(F(s; e;)ﬁb : &
18 y; = argmax, (p;);

19 end
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we adapt a simple semi-supervised learning method [ ].
During training, the subset of reliably labeled samples keep
fixed. On the other hand, all training samples should be
consistently clustered, i.e., different transformations of the
same image are constrained to have the consistent prediction.
To this end, as shown in Fig. 3(c), the confidently predicted
label of weak transformations is used as the pseudo-label
for strong transformations of the same image. Formally, the
consistency pseudo label y of the sample ; is calculated as
in Eq. (8):

- {arg‘ max(p;) ifmax(p;) =7, @)

-1 otherwise

where p; = C(F(a(x;):0r):0¢)), and 7 is the confidence
threshold. —

Then, the whole network parameters @ and 0 are opti-
mized with the following loss function:

/mnt: LZL:“ y,- ( )Bf)GC)) (9)

) p.mlal samples with reliable pseudo-labels
l“'

3 S 1Y > 0)Leyl, CF(B(;); 0); 00)),

Jj=1

all samples with consistency pseudo-labels

where the first term is computed with reliably labeled samples
(i, y;) drawn from X", and the second term is computed with
pseudo-labeled samples (x;, y') drawn from the whole dataset
X, which is dynamically labeled by thresholding the confident
predictions as in Eq. (8). L and U denote the numbers of
labeled and unlabeled images in a mini-batch.





