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I Background PEII'NP_[:

» Multi-label learning is designed to tackle situations where each
iInstance can be associated with multiple class labels, as opposed
to traditional single-label learning where each instance is

assigned with a single label.
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« Semi-supervised learning (SSL) aims to leverage the information of enormous
unlabeled samples. Semi-supervised multi-label learning (SSMLL) is a

combination of multi-label learning and semi-supervised learning.
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I Motivation PEII'NP_[:
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Figure 1: The variance difference between feature distributions (VDFD) of positive and negative sam-
ples computed in semi-supervised and supervised manners across labels {6, 7, 14, 17} of VOC2012.
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I Motivation PHI‘N [:

Definition
L [tLp=a AN EL) iy =+
YT1-1, p=1-q, N(—p,X2?%) ify=—1,
where « is the prior probability of class “+17, pp = {p1,..., g} ', By = diag({a . d)}),

»_ = diag({c", ..., pi, 0,6l > 0 Vi € [d], and 1%, (6(P)2 : L 1( (”) —1: M?
with M > 0, M # 1.

the linear model fq4(x) = sign({w, x) + b)

R(f,+1) = E(x,y)~p=[L(f(x) = —1)|y = +1]
R( 7_1) — E(X,?))N’P* [Il(f(x) — +1)|y — _1]
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I Motivation PHI‘NP_[:

Theorem 2.1. Given an SSBC dataset with pseudo-labels S = {(x;,y;)} = {(xi, y]) } U{(xi,¥:) },
the optimal linear classifier fss; minimizing the average standard classification error is given by:

fssl — arg;nin]E(x,y)NS[]l(f(x) 7é y)]

When M > 1, it has the intra-class standard classification errors for the two classes :
R(fssi,+1) = <I>(A — M+/A2 +q(M, o, €_, e+)),

R(fost,—1) = ®(—M - A+ /A2 + (M, o, e, €)),
and when M < 1, they are given by:

R(fsst,+1) = <I>(A — J\J\/A2 +q(M,a,e_, e+)),
R(fsst, —1) = ®(—M - A— /A2 + q(M,a,e_,€4)),
where ®(-) is the cumulative distribution function (c.d.f.) of standard Gaussian distribution N (0, 1),

2 2log M+2C a(2—e_—2e¢ i=d
A = M1)2= q(M,a,e_,eq) = =3z 7, C = log((l—gx)(Q—Ze_iz_i_))’ po= D1 Mi

\/ ZZ - a i 2, and {e_, e} are the proportions of negative instances being treated as
positive ones and positive instances being treated as negative ones within pseudo-labels, respectively.
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Definition 2.2. (VCA) Given a classifier f : X — ) where Y = {1,2,3,---, K}, the variance

of class-wise accuracy of f is defined as VCA(f) = Zfil(p(i) — p), where p(i) = P[f(x) =

ily=i] =1-P[f(x) #ily=dand p= & >;_; p(i).

Theorem 2.3. Given an trained linear SSBC model f.q in Eq.(3), the variance of class-wise

accuracy VCA( fss1) is increasing when M — oo for M > 1 and M — 0 for M < 1. Suppose
a(2—e_—2ey4)

log( (1_06)(2*26__6”) =0, then when M = 1, R(fss1,+1) = R(fss1, —1) and VC A(fss) = 0.
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B, K
L(W) = BlK Z Z Birleam Dy Z Z BikleBaM (Pik> Yik)»

where
1 if (xz-,yz-) = Qk;
Bik =41 ifyy =1; Vk € [K], Vi € [N]] or [N,],
0 otherwise,
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| BBAM loss ParN,C

T log( 1_’_6—3*]Epik—m) ) lf y’LkJ — 17
BaM (Pz‘k» yikz) =

— log(l — 1+e—5*1(10ik-—m)) if Yik — O,

= Tz T| f&}‘; e ll2 is the ¢»-norm of vectors; z; and WY denote the latent

feature of sample 7 and the weight vector of the classification layer for category k, respectively; 0,

1s the angle between z; and W7 ; s and m are the parameters used to control the rescaled norm and
magnitude of cosine margin, respectively.

where p;,. = cos(8;) =
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| BBAM loss ParN,C

positive Gaussian distribution N(M(fp)a (az)(p))

negative Gaussian distribution N(Mg@), (o )( ))

(o 2)(p)+( 2)(ﬂ)

transfer them into ones N (,ugcp ) 52) and N (1 i ‘") 52) with balanced variance 2 =

2 b
by performing the following Gaussian linear transformations on those label angles:
wi(cp)(gi ) — agjp)e 2+ b(P)’ ( ) — agc )9 i b(n)
J n 6: n ’I’l n
g’

P (Oi) ~ N (P ,52) ifya =1 vy (0a) ~ N, 63)  if yar = 0.
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| BBAM loss ParN,C

4 l 1 . 1.
— log( @) ) iy =1;
1_|_€—.s=1=(cos('z,b'lC (sz))—m)

UsBAM (Piks Yik) =

—log(1 — 1 ) ify; =0.

\ 1+e—s*(cos(’t,b§cn)(9ik))—m)
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I Estimating label angle variances PHI‘NP_E

How to approximate  { (", (02) D) Y=H, {(u"), (02)™) }h=K
We calculate label prototypes {cy }¥=5 by averaging latent features of positive samples in D as:

Ziv:l;rNu 1(yix = 1)z;
NN,
S A (yar = 1)

Consequently, the label angles between label prototypes and latent features of samples are given by:

Ci = , Vk € [K]

Z'éTckz

1|2l ]2

), Vk € [K], Vi € [N} + Ny,

¢ir. = arccos(
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I Estimating label angle variances PHI‘NP_[: e i s N g

N;+N,
(p) _ Zz 11 1(yir = 1)Pi

b (p)\2
SNV g (e = 1) (har — piP)2
o, (Ul%)(p) == .

T - e Ty

u(n) B ZN:—I-Nu /sz]l(yzk — O)szlc (0.2)(71,) B ZNL"‘N'U, szz]l(yzk _ 0)(¢zk B (n))g

— 2 _ |
LRI Bl (ya = 0) SN g 1 (g = 0) — 1

?
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I Negative Sampling PEII‘NP_[:

the nearest neighbor negative sample sets
ﬁk = {(xi,yi)|d(zi,ck) S Rank({d(zi,ck)}(xi’yi)eﬁk), (xi,yi) = Qk} Vk € [K],

the negative sample set of category k

Qr = {(x,, y)|(x5,¥5) € Di,ysp, = 0} U {(x¥, y¥)|x¥ € Dy, yli = 0}.

the final negative sample sets

O = {(xs,y:)|(xi,yi) ~ Uniform(Q,)} Vk € [K],
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B, K

e e
L(W) = B K > > Bilosam Py vix) zk;fBBAM (Dl Uik )

where
1 if (x5,¥:) € Qg;
Bik =41 ifyr=1; Vk € [K], Vi € [N;] or [N,],
0 otherwise,
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Table 2: Experimental results on images datasets. The best results are highlighted in boldface.

voC
Method Micro-F11 Macro-F11 mAPt Hamming Loss] One Loss),
=% 7=10% n=15% 7 =20%(r=5% v=10% 7 =15% 7 =20%|7r=5% 7 =10% w=15% 7w =20%|m =5% mw=10% « = 15% w = 20%|w = 5% x = 10% 7 = 15% = =20%
SoftMatch | 0.6542 0.7187 0.7461 0.7484 | 0.5868 0.6630 0.6931 0.6876 | 0.6295 07235 0.7721 0.7867 [ 0.0594 0.0368 0.0319 0.0294 | 0.4398 0.1655 0.1308 0.1148
FlatMatch | 0.6493 0.7038 0.7420 0.7465 | 0.5344 0.6313 0.6666 0.6597 | 0.6468 0.7430 0.7923 0.8022 | 0.0386 0.0322 0.0313 0.0290 | 0.1983 0.1366 0.1238  0.1097
MIME 0.3650 0.6607 0.7013 0.7021 | 02439 0.5442 0.6425 0.5898 | 0.6653 0.7553 0.8090 0.8137 | 0.0546 0.0407 0.0336 0.0333 | 0.2099 0.1218 0.0835 0.0949
DRML 0.6450 0.6525 0.7274 0.7525 | 0.5660 0.5339 0.6864 0.7495 | 0.6058 0.6852 0.7131 0.7272 | 0.0564 0.0518 0.0377 0.0381 | 0.3542 0.2888 0.1720 0.1512
CAP 0.6162 0.6573 0.6798 0.7073 | 0.5822 0.6308 0.6536 0.6636 | 0.7616 0.8216 0.8348 0.8460 | 0.0801 0.0675 0.0622 0.0591 | 0.1303 0.0918 0.0827 0.0755
S?miZ-peam| 0.7897 0.8401  0.8443  0.8458 [0.7306 0.8015 0.8124 0.8141 | 0.7866 0.8345 0.8454 0.8458 [0.0310 0.0259 0.0243  0.0233 | 0.1087 0.0867 0.0817 0.0795
COCO
Method Micro-F11 Macro-F11 mAPt Hamming Loss) One Loss)
7=5% 7=10% 7 =15% 7 =20% |7 =5% 7 =10% m = 15% 7 =20% |7 =5% 7 =10% 7 =15% = =20%|7 = 5% w = 10% m = 15% 7 = 20%|m = 5% 7 = 10% = = 15% == 20%
SoftMatch | 0.5763 0.6273 0.6487 0.6676 | 04283 0.5265 0.5493 0.5830 | 0.5624 0.6194 0.6395 0.6622 | 0.0235 0.0218 0.0211 0.0205 | 0.1293 0.0948 0.0844 0.0879
FlatMatch | 0.5960 0.6389 0.6590 0.6720 | 0.4794 0.5341 05710 0.5870 | 0.5827 0.6335 0.6542 0.6654 | 0.0227 0.0213 0.0208 0.0203 | 0.1215 0.1002 0.0933 0.0878
MIME 0.2982 04378 04906 0.5323 | 0.2557 0.3731 0.4096 0.4545 | 0.5372 0.5991 0.6379 0.6633 | 0.0302 0.0265 0.0250 0.0236 | 0.1495 0.1110 0.0883  0.0799
DRML 0.6071 0.6226 0.6492 0.6486 | 0.5345 0.5604 05779 0.5867 | 0.5118 05461 0.6026 0.6177 |0.0242 0.0240 0.0230 0.0223 | 0.1438 0.1288 0.1243  0.1039
CAP 0.5629 05657 0.5724 0.5696 | 0.5230 0.5306 05402 0.5416 | 0.6243 0.6736 0.6911 0.7041 | 0.0523 0.0512 0.0499 0.0558 | 0.1004 0.0841 0.0788 0.0726
S2mLZgeam | 0.6830 0.7074  0.7150 0.7246 | 0.6144 0.6480 0.6594 0.6726 | 0.6354 0.6741 0.6886 0.7023 [ 0.0230 0.0212 0.0206 0.0201 | 0.1000 0.0878 0.0824 0.0799
AWA
Method Micro-F11 Macro-F11 mAPT Hamming Loss) One Loss]
7=5% m=10% 7 =15% 7 =20% |7 =5% 7 =10% ® = 15% 7 =20% |7 =5% 7 =10% 7w =15% 7w =20%|m = 5% w=10% w = 15% 7 = 20%|m = 5% = = 10% = = 15% == 20%
SoftMatch | 0.6992 0.6973 0.7024 0.7024 | 0.5476 0.5284 0.5524 0.5457 | 0.6368 0.6524 0.6494 0.6518 | 0.2160 0.2155 02132 0.2126 | 0.1580 0.08876 0.1494 0.1549
FlatMatch | 0.6918 0.6977 0.6989 0.7013 | 0.5221 0.5487 0.5507 0.5636 | 0.6393 0.6459 0.6565 0.6577 |0.2190 0.2167 0.2165 0.2164 | 0.1029 0.0936 0.1116 0.1162
MIME 0.1470 0.3889 0.4893 04090 | 0.0705 0.1830 0.2659 0.2327 | 0.3992 03803 04762 0.5265 | 0.3570 0.3290 03064 03012 | 0.1850 0.2091 0.1664 0.2004
DRML 0.6827 0.6856 0.6942 0.6893 | 0.5399 0.5541 0.5727 0.5618 | 0.6160 0.6246 0.6377 0.6338 | 0.2285 0.2270 0.2226 0.2258 | 0.1360 0.1801 0.2609 0.1839
CAP 0.6868 0.7065 0.7091 0.7099 | 05742 0.5864 0.5905 0.5914 | 0.6390 0.6415 0.6440 0.6451 [0.3120 0.2727 0.2589 0.2617 | 0.1146 0.0933 0.1045 0.1199
S2mrLiam | 07213 07255 0.7215 07279 | 0.5853 05914 0.5905 05944 | 0.6419 0.6463 0.6416 0.6476 | 0.2091 0.2060 0.2109 0.2042 | 0.1206 0.1103 0.1149 0.1188
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Table 3: Experimental results on text datasets. The best results are highlighted in boldface.

Ohsumed

Method Micro-F11 Macro-F11 mAPT Hamming Loss| One Loss]|

=% am=10% 7=15% 7 =20%|mn=5% 7 =10% 7 =15% 7 =20%|(7 =5% 7 =10% 7 =15% 7 =20%|nr =5% w=10% 7 =15% 7w =20% |7 = 5% 7= 10% & = 15% 7 = 20%

SoftMatch | 0.4769 0.4478 04462 0.4449 | 0.3056 0.2366 0.2348 0.2229 [0.4664 0.5106 0.5218 0.5392 | 0.0756 0.0798 0.0801 0.0803 |0.4213 0.5036 0.5274 0.5140
FlatMatch | 0.5161 04836 04254 04472 |0.3073 0.2262 0.1904 0.1775 | 0.4187 04751 0.4993 0.5139 | 0.0699 0.0747 0.0831 0.0799 | 0.3943 0.4416 0.5824 0.5008
DRML 0.3975 04015 04185 04055 (0.1903 0.1972 0.1996 0.2070 | 0.1833 0.1931 0.2083 0.2140 |0.0939 0.0868 0.0873 0.0851 | 0.6020 0.5677 0.5760 0.5496
CAP 0.5562 0.5776  0.5819 0.5455 | 0.4743 0.5144 0.5285 0.5214 | 0.4722 0.5370 0.5740 0.5995 | 0.0678 0.0840 0.0752 0.0967 | 0.3237 0.2746 0.2541 0.2493
S?MLZ-BBAM| 0.6671 0.7100 0.7196 0.7550 | 0.6058 0.6515 0.6719 0.7120 | 0.5537 0.6345 0.6604 0.6884 | 0.0467 0.0409 0.0243 0.0346 |0.2417 02186 0.2068 0.1710

AAPD

Method Micro-F11 Macro-F11 mAPT Hamming Loss/| One Loss].

T=0% 7=10% 7=15% m#=20%|7 =5% 7=10% w=15% 7 =20%|7 =5% w=10% 7= 15% 7 =20% |7 =5% 7= 10% 7w =15% 7 =20%|7n = 5% 7 = 10% = = 15% 7 = 20%

SoftMatch | 0.3345 0.3325 0.3325 0.3279 | 0.0612 0.0514 0.0520 0.0481 | 0.3753 0.3949 0.4084 0.3990 | 0.0596 0.0598 0.0598 0.0602 | 0.6630 0.6630 0.6630 0.6627
FlatMatch | 03221 03147 03155 03155 | 0.0519 0.0439 0.0437 0.0437 | 0.3571 0.3706 03570 0.3621 | 0.0607 0.0614 0.0613 0.0613 | 0.6629 0.6631 0.6635 0.6634
DRML 0.4160 04101 04027 04130 | 0.1024 0.1005 0.0998 0.1052 | 0.1465 0.1538 0.1579 0.1591 [0.0545 0.0578 0.0521 0.0542 | 0.5450 0.5910 0.5280 0.5430
CAP 0.5722 0.5726 0.5504 0.5026 [ 0.3917 04310 0.4257 04051 [0.4095 04696 04899 04932 [0.0432 0.0498 0.0571 0.0742 | 0.3010 0.2461 0.2523 0.2384
S’MLZ-BBAM | 0.7057 0.7279 0.7312  0.7316 [ 0.5091 0.5825 0.5706 0.5823 | 0.5153 0.5903 0.5804 0.5930 |0.0262 0.0241 0.0238 0.0238 | 0.1821 0.1500 0.1550 0.1590
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Figure 2: Comparison of VDFD on VOC2012.
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Experiment

Table 4: Results of the ablative study on VOC2012 and COCO.

VOC
Metric 7= 5% m = 10% = 15% = 20%
S*ML*-BBAM  w/o BBAM | S°ML*-BBAM w/o BBAM | S°ML*-BBAM  w/o BBAM | S°ML°-BBAM  w/o BBAM
Micro-Fl1 0.7897 0.7845 0.8401 0.8206 0.8443 0.8301 0.8458 0.8318
Macro-F1 0.7306 0.7247 0.8015 0.7789 0.8124 0.7988 0.8141 0.7967
mAP 0.7866 0.7881 0.8345 0.8204 0.8454 0.8274 0.8458 0.8282
COCO
Metric 7 = 5% T = 10% = 15% 7 = 20%
S°ML°-BBAM  w/o BBAM | S°ML*-BBAM w/0o BBAM | S*ML”-BBAM  w/o BBAM | S°ML®-BBAM  w/o BBAM
Micro-F1 0.6830 0.6691 0.7074 0.6952 0.7150 0.7052 0.7246 0.7143
Macro-F1 0.6144 0.5885 0.6480 0.6264 0.6594 0.6424 0.6726 0.6530
mAP 0.6354 0.5894 0.6741 0.6316 0.6886 0.6520 0.7023 0.6628
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Figure 3: The sensitivity analysis of the
rescaled norm and magnitude {s,m} of
cosine margin on VOC2012 with 7 = 5%.
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