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Algorithm 1. The Sketch of ASPL Framework

Input: Input dataset {x; }}",
Output: Model parameters w, b
1: Use pre-trained CNN to extract feature representations of
{x;}"_,. Initialize multiple annotated samples into the cur-
riculum ¥* and corresponding {y.}" , and v. Set an initial
pace parameter A = { \"}".

while not converged do

2:  Update w, b by one-vs-all SVM

3:  Update v by the SPL via Eqn. (7)

4:  Pseudo-label high-confidence samples {y, },.s by the
reranking via Eqn. (8)

5:  Update the unclear class set U

6:  Verify the annotated samples by AL.

7:  Update low-confidence samples {y,, ¥} tics DY the AL
if © unseen classes have labeled,
Handle u new classes via the steps in Section 4.1
Goto the step 2
end if
8:  Inevery T iterations:

e Update {x;},_, through fine-tuning CNN
e Update A according to Eqn. (10)
9: end while
10: return w, b;
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Theorem 1.

a) If vjeM, wiiTx; +b) < 0, Eqn. (8) has a solu-
tion:

0,

i j=1&"'=m

b) When Yj< Mexceptj=j, willx +bl) < 0,ie,
’UE‘I} > (), then Eqn. (8) has a solution:

6.1
() L g#7
'R — = ‘4;
¥ { 1, j=j

c)  Otherwise, Eqn. (8) has a solution:
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min Z
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