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In multi-label learning, each object is
also represented by an instance and
associated with a set of labels instead of a
single label. The task of multi-label learning
IS to learn a function that can predict the
correct set of labels for unseen instances.
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In , the class labels of the samples are known,

and the goal of learning is to find the relationship between the features of
the samples and their classes.

d

However, in many real-world scenarios,
, Which results in a scarcity of labeled samples. In contrast, un-
labeled data can be easily collected, often in quantities that are
than that of labeled data.

A

Therefore, semi-supervised learning seeks to train a classifier using

addressing the challenge of insufficient labeled data.
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In our preliminary experiments, we found self-training paradigms suffer from
the by using the labeled and pseudo-labeled samples in
the context of SSMLL, since it is
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The (VDFD) of positive and negative
samples computed in semi-supervised and supervised manners in VOC2012.
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How Variance Bias Affects the Performance?
We set the ratio of positive and negative sample variances to M.
Given a SSBC dataset with pseudo-labels § = {(x;, ¥))} = {(x;,¥;)} U {(x;,¥;)}, the
optimal linear classifier f;g; minimizing the average standard classification error is given

oy [ fuu=argmin, B, s[1(f(x) #1)]
When M > 1, it has the intra-class standard classification errors for the two classes :

(R(fuuts +1) = ©(A = MV 4 g, ayecep))s

| R(fest, 1) = (=M - A+ /A2 +g(M,a,e_, E+)))

and when M < 1, they are given by:

(R(f.s,gg, +1) = ®(A+ M /A2 + g(M,a,e_,€,)),

| R(fost,=1) = @(=M - A= JA> + q(M, e €,))

J
We employ variance of class-wise accuracy (VCA) to quantitatively measure the

model fairness. the variance of class-wise accuracy VCA(fss;) is increasing when M —
coforM > 1and M — 0for M < 1. Suppose log((la(z_e"zm ) =0, thenwhen M =1,

-a)(2—2e_—€y4)
R(fssl’ +1) = R(fssb _1) and VCA(fssl) = 0.

N
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Main Contributions

(1) We develop a novel SSMLL method, namely , by

between from the perspective of the
(2) We design a by extending the traditional binary angular margin
loss with under the
(3) We suggest an efficient prototype-based to maintain

high-quality negative samples for each label.

(4) We construct to evaluate
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We propose a novel Balanced Binary Angular Margin (BBAM) loss {BBAM(:, ),
aiming to balance the variance bias of positive and negative samples for each label
from the feature angle distribution perspective with the Gaussian assumption.

( B! K \
3. 0%,
B“[‘ ;; welanan (e V) L if (x5, y:) € O
Bik =11 ify; =1; Vk € [K], Vi € [Ny] or [N,]
0 otherwise.
B K Bikleeam( ??I;L U

\ i=1 k=1 )

Qk denotes high-quality negative sample sets constructed by negative
sampling.

Pseudo-labels of unlabeled data {y}‘}‘ Yeare produced by employing
the Class-Aware Pesudo-labeling (CAP) trlck
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BBAM loss is extended from the Binary Angular Margin (BAM) loss, which measures
the label-specific prediction risk by using the angle between the latent feature and

boundary. _lOg(m} if i = 1 CBAM(Dik, Yir) =
€eam(pik, yix) = —log( e ) iy =1,
1 . 1+€—a~c(cos(1_.:k (Bip))—m)
—log(1 — to=i=m) iy =0
T c )
z; W¢ —log(1 — 1 ) ify =0

i = cos(f) = - F g SN Oy . Yir =1
S B L e ew=m

To address the previously mentioned variance bias, for each category k, we
suppose that label angles of its positive samples and ones of its negative samples are
drawn from a label-specific “positive” Gaussian distribution N\ (u,(f), (0,3)(1’)) and a

label-specific “negative” one N/ (u,((p), (cr,?)(p)), respectively.

According to the properties of Gaussian distribution, we can easily transfer their
variance to consistency.

G (0) = a0 + 5. 0 (0i) = al"0is + by,

) _ Ok ) )y (2) . ;
o =G W =0-a)m?, 52 _ (oD +@p)™
TL E 2
al” =5 p™ = 1 —a)ul™, vk e [K].

(n)?
T}
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We approximate {(x”. (e})®)}=F and {1y, (02)™)}=F with labeled and pseudo-

labeled samples per- epoch.

The label angles between label prototypes and latent features of samples are given
by:

T

bir = arccos(——* ) Wk € [K], Vi € [N} + N]
|z l[2]|ck |2

ci Is label prototype and z; is latent feature.

Accordingly, the estimations of above can be formulated as:

4 | N
" NN (e = Dgan L YN BT (yik = 0) ik
k - 1 ‘I - 3
S My = 1) S By = 0)

) — Z?HILN‘J I(yar = 1)(dix — "> (o2)™ = Z?TTN“ BirL(yir = 0)(Pir — fi(n))z

\ 1=1
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To further alleviate the imbalance issue of positive and negative samples for each
category, we also introduce negative sampling techniques.

For each category, we measure similarity scores of negative samples based on
label prototypes, and construct a combination based on selecting the nearest negative
samples.

O = {(xi,yi)|d(zi, cx) € Rank ({d(zi, €k)} (. yyen,) S = {(xLy)|(xL,¥h) € Dy, 9y = 0}
(xi.y:) € Q) Yk € [K], U{(xi,yi)lxi" € Dy, yg = 0}

The final negative sample sets are generated by :

Qe = {(xi,yi)|(xi,yi) ~ Unifonn(ﬁk)} Vk € [K].

with size: {|Q«| = 7N }i=EX  where Nk:iu(yik:1)+iu<g;fk:1)

n controls the proportion of positive and negative samples of each category.
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Table 2: Experimental results on images datasets. The best results are highlighted in boldface.

Method MieroF11 Macro-Fi mAPT Hamming Loss| One Loss)
% 7= 105 7= 16% & = AR |w = 5% == 10% w = Lo% % = N0h |5 = %% w = 0K & = 16%% = 2ff [ = 5% @ = 106K w = 15%% = = 2%
SoftMatch |06542 07187 07461 07484 [0.5868 0.6630 06931 06876 |06295 07235 0772 07567 (00594 00368 00319 0029 [0.4398 01655 01308 01148

% 7= 100 7 = 13% 7= 2%

=

FladMatch 06493 07038 07420 07465 (05344 06313 06666 06597 06468 07430 0923 08022 00386 0022 00313 00290 [0.1983 0.1366 0IB8 01097
MIME  [03650 04607 0013 07021 (0430 0542 055 05898 [066S3 073 05090 08137 [00S46 00407 00336 0033 (0200 0.1218 00K 00949
DRML 06450 06525 0774 07525 (05660 05339 0584 07495 |0608 06852 07131 07272 0054 00SIS Q03T 0038 (0350 03 0170 01512
caP [0s162 06575 06798 0075 [0.552 0638 0656 06636 07616 08216 08345 08460 00501 00675 Q0621 00591 [0.1303 0.918 00827 0785 .
ShmZnani] 07897 08401 08443 08458 (07306 0015 08124 08141 |07866 08345 08450 08455 00310 00259 00243 00233 [0.1087 0.0867 00817 00795 Overall Our method achleved
)

coco

I T e e e e e ey sy good performance on all five

SofiMatch [05763 06273 06487 0.667 |0.4283 05265 05493 05830 |05624 06194 06395 06622 00235 0028 Q0211 00205 [0.1293 00948 00844 0087

FlaMatch | 05960 06389 06590 0.6720 04794 05341 05710 05870 |0.5827 06335 06542 06654 (00227 00213 00208 00208 |0.1215 01002 00933 00878 -
MIME [02082 04378 04906 0.5323 [0.2557 03731 046 04545 (05372 05991 0.637% 06633 (00302 00265 00250 00236 [0.1495 0.1110 00883 00799 metrlcs.
DRML 06071 06226 06492 0.6486 |0.5345 05604 05779 05867 |0S118 05461 06026 06177 |00242 00240 00230 00223 |0.1438 0.1288 01243 (01039
AP [05629 05657 05724 0569 |0.5230 0.5306 05402 05416 (06243 0.6736 0.6911 07041 (00523 00512 00499 00SSE [0.1003 0.0841 00788 00726 d I k f
Our model ranks first on

_—— Z I — average on five datasets and

7 = 5% 7= 106 = = 13% m= 2% |r=5% 7= 0% 7=13% 7 =A% 7= 10 7 =15% 5 = 2% |7 =% 7= Wi 7= 15% 7=20fk |v = 5% 7= 100 7=15% = = 2%
SoftMatch [06092 06973 07024 0.7024 (05476 05284 05524 05457 |06368 06524 06404 06518 (02160 02155 02032 02126 [0.1580 O.BE76 0.1494  (0.1549

FlaMatch [06015 06977 06089 07013 [0.5221 05457 05507 0563 |06393 06459 0.6565 06577 [02190 02167 02165 02164 [0.109 00936 01116 011 has a Slgnlflcant advantage Over

MIME  [0.1470 03889 04803 0.4090 [0.0705 01830 02659 02327 (03992 03803 04762 0.5265 [03570 03290 03064 03012 [0.1850 02091 01664 02004

DRML  [06827 06856 0.6042 0.6803 (05399 05541 05727 05618 [06160 0.6246 0.6377 06338 (02285 02770 0226 02258 [0.1360 0.1801 02609 (0,183

Cap 06868 07065 07091 0.709 |0.5742 0.5864 05905 0.5914 [0.6390 06415 0.6440 06451 (03120 02727 02589 02617 [0.1146 0.0933 01045  0.1199 th I I I th d
Sholeeam [07213 07355 07215 0279 |0.5853 05914 0S5 0.59H [06419 06463 0.6416 06476 [02091 02060 02109 02042 [0.1206 0.1103 01149 01188 O er e O S.
Table 3: Experimental results on text datasets. The best results are highlighted in boldface.
= and show that

Method Micro-F1 Macro-F11 mAP} Hamming Loss| One Lass|

r=5% =100 = a=20%[x=5% »=10% Fon=A%|z=5F r=10% s=15R s =2 |z =5% 7=10% s =% = =2% |z % o= =100 % == 2% th f A h b A d
s [ e fairness has been improve
FlatMatch |05161 04836 04254 04472 |0.3073 02262 01904 01775 |04187 04751 04993 05139 (00699 00747 0.0831 0079 |0.3943 04416 05824 0.5008
pRML  [03075 a4ms aiss odoss [o10m am 01996 0200 (0183 01051 0mms 02140 [o0ose ooses 0o wosst [oenn 05T 05700 05496 ft I th d

e e el e o e after apply our method.

06671 07100 07196 0.7550 [0.6038 0.6515 06719 07120 |0.5537 0635 0.6604 0.6584 [00467 00409 00243 00346 (02417 0218 02068 01710

AAPD

Method Micro-FI1 Macro-F1T mAP} Hamuming Loss|
5% 7= 10 == 15% 7= 0%[7=5% 7= 10% 7= 15% 7 = Wk |7=5% 7= 0% 7= 15% = = W[z =% 7= 106 == 15% 7=
SoftMatch 03345 03325 03325 0.279 [00612 0.0514 00520 00481 |03753 03049 04084 03990 [00596 0098 00598 00602 (06630 06630 06630 06627

=A%

a

FlatMatch |03221 03147 03155 03155 [00519 0.0439 00437 00437 (03571 03706 03570 03621 |00607 00614 00613 D613 [0.6620 0.6631 0.6635 0.663

DRML  [0A160 04101 04027 0.4130 [0.1024 0.1005 0098 01052 |0.1465 01538 0159 0 00545 00578 00521 00542 |0.5450 05010 05280 05430

05722 05726 05504 0.5026 (03917 04310 04257 04051 |04095 04696 04899 04932 [00432 00498 00571 00742 (03010 02461 02523 02384

07057 07179 07312 0.7316 [0.5091 0.5835 05706 05523 |0.5153 05903 05804 0.5930 (00262 00241 00238 00238 [0.1521 0.1500 01550 01590
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/ Table 4: Results of the ablative study on VOC2012 and COCO.

VoC
Metric T =n% w=10% w=15% x=20%
Smii-eeam  wo BBAM | S"mi%-peam wio BBAM | S"miP-peam wio BBAM | SmiZ-eeam  wio BBAM
Micro-F1 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 08204 0.8454 0.8274 08458 0.8282
COCo
Metric ™ =5% = 10% = 15% *=20%
Smii-eeam  wo BBAM | S"mi%-peam wio BBAM | S"mi -peam wio BBAM | Smi7-eBam  wio BBAM
Micro-F1 0.6830 0.6691 0.7074 0.6952 0.7150 0.7052 0.7246 0.7143
Macro-F1 0.6144 05885 0.6480 0.6264 0.659%4 0.6424 0.6726 0.6530
mAP 0.6354 0.5804 0.6741 0.6316 0.6886 0.6520 0.7023 0.6628
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Figure 2: Comparison of VDFD on VOC2012.
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The ablation study result indicate that our method can significantly reduce variance
differences. And constraining the angle variance between positive and negative samples
can effectively improve the accuracy.
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Thank you for listening!



