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Abstract: In recent years, learning with weak supervision has become one of the hot research topics in
machine learning. As one of the important weakly-supervised machine learning frameworks, partial label
learning has been successfully applied to a number of real-world applications. In partial label learning,
each object is described by a single instance (feature vector) in the input space. On the other hand, it is
associated with a set of candidate labels among which only one is valid. The state-of-the-art on partial la-
bel learning researches is reviewed. Firstly, the problem definition on partial label learning as well as its
differences and similarities with other related learning frameworks are given. Thenseveral representative
partial label learning algorithms along with one of our recent progress on this topic are introduced. Final-
ly, possible future investigations on partial label learning are briefly discussed.
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1. Initialize parameter vector 6 ;
.t=0;
. WHILE <<T DO
.FOR i=1 to m DO
. Compute p(y|z,) according to Eq. (3);
. ENDFOR
. Update §“*" according to Eq. (5);
=111
. ENDWHILE
10. Let =07 ;
11. Return y* = f(x ") according to Eq. (1),
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1. Initialize weight vectors @, Such that | w® || <1/V2;

2. FOR t=1 to T DO

3. Let o=0";
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(. .SHEA
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7. Set w“H):min(l, i/ﬁ ) cw;
(O]

8. ENDFOR

9.Let 0=0"""";

10. Return y* = f(x ") according to Eq. (6),
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1. FOR i=1 to m DO
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ENDFOR
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=~ w Do

5.Return y* = f(a" ) according to Eq. (13),
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1. Derive the set of positive training examples D" from D~ according to Eq. (17);

2. Derive the set of negative training examples D~ from D according to Eq. (18);

3. Induce binary classifier h<~B,(D" UD );
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. Return y* = f(a" ) according to Eq. (14),
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y" =PL-ECOC(D,L,B,z")

1. Randomly generate a ¢ X L binary coding matrix M& { —1,+1}"";

2.FOR [=1 to L DO

3. Dichotomize the label space y into y, and y, according to Eqs. (19) and (20);
4.Set D, = ;

5.FOR i=1 to m DO

6.1F S,y THEN D,=DU {(x,,+1)};

7.1F S;©y, THEN D,=DU{(x,,—1)};

8. ENDFOR

9. Induce binary classifier h,<—B(D,) ;

10. ENDFOR

11. Create h(x" ) by querying the binary classifiers h(x" ) =[h, (z" ), h, (2" ) s+, h, (") ]";
12. Return y* = f(x ") according to Eq. (21),
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