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A Appendix

A.1 Calculation Details of Eq. (4)
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where d/ = p(y’ = 1|&), C; denotes the subset of C which contains label j and C; denotes the subset
of C without label ;.

A.2 Calculation Details of Eq. (4)

1ng(L7 Xa A) = 1Og p(Da Z7 L7 Xa A) - log p(D7 Z|L7 Xa A) (2)
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Multiply both sides by ¢w(Z, D|L, X, A), and for D and Z integral:

| 0u(2.D|LX, 4)logp(L X, A)dZdD
Z.D

(3)
~ [ 4(2.D|L.X A) (lgp(D. 2L, X A) ~ Iog p(D,Z | L. X, A)) dZdD.
Z,D
On the left side, log p(L, X, A) is independent of D and Z:
logp(L, X, A) = / aw(Z,D | L, X, A)(logp(Z,D,L, X, A)
Z,D
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= gw(Z,D | L, X, A)log dZdD
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+KL[¢w(Z,D | L, X, A)|p(Z,D | L,X,A)].
On the right side, the first term is called ELBO:
pP(Z,D,L,X,A)
L = w(Z,D | L, X A)l dZdD. 5
ELBO /2qu ( | ) log Gw(Z,D|L.X, A) &)
Then we have:
log p(L,X,A) = Lo + KL [qw(Z,D | L, X, A)|p(Z,D | L, X, A)]. (6)

LE1Bo can be calculated as:
p(Z,D,L,; X A)
aw(Z,D | L, X A)
p(Z,D,L,X,A) }
gw(Z,D | L, X, A)
p(Z)p(D)p(L,X,A | Z,D) 7
Gw, (D | L, X, A)qw, (Z | D»X)}

= Eq., (2,DIL,X,A)[log p(L,X,A|Z,D)]

dZdD

»CELBO = / QW(Zv D | L7 Xa A) 1Og
Z,D

=Eq. (zpLXx.A) [log

= E,.(z,DIL,X,A) [log

p(Z)p(D)
E I .
Pz DILX,A) {‘)g dw, (D | L, X, A)qw, (Z | D, X)

The first term of L1, o can be calculated as:
By (zDILX.A)logp(L X.A[z D) = Eq, (2 DL x.4)[l0gp(X | Z, D))
+ Eq, (z DL x,A)[log P(L | D)] (8)
+Eq(z,p/Lx,A)[log p(A | D)].

The second term of L1 go can be calculated as:
EQw(Z7 D | L7 X7 A)[lOg p(A | D)]
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p(Z)
+ Eqwl (D|L,X,A)Eqwz(z|D,x) [log qu(ZD»X)]

= —KL[gw, (D | L, X, A)|[p(D)] — KL [¢w, (Z | D, X)|[p(Z)] -



Table 1: Characteristics of the experimental datasets.

Dataset [S]  dim(S) L(S) Domain
CALS500 502 68 174 Music

image 2000 294 5 Images
scene 2407 294 6 Images
yeast 2417 103 14  Biology
corelSk 5000 499 374  Images
rcvl-sl 6000 944 101 Text

corell6k-s1 13766 500 153 Images
delicious 16105 500 983 Text
iaprtc12 19627 1000 291  Images
espgame 20770 1000 268  Images
mirflickr 25000 1000 38 Images
tmc2007 28596 981 22 Text

Table 2: Predictive performance of each comparing approach (mean=std) in terms of Hamming loss
4. The best performance (the smaller the better) is shown in bold face.

Datasets SMILE AN AN-LS WAN ROLE GLOCAL MLML D2ML

CAL500 0.148-0.000 0.1484-0.000 0.1494-0.001 0.296+0.007 0.148+0.000 0.14840.000 0.14840.000 0.1484-0.000

image 0.2054-0.008 0.21640.012 0.21310.014 0.32140.050 0.21410.019 0.21140.004 0.22740.005 0.71240.018
scene 0.1244-0.035 0.14140.021 0.1374-0.023 0.193+0.029 0.17410.014 0.14940.017 0.17440.019 0.2884-0.007
yeast 0.20510.003 0.3064-0.000 0.3064-0.000 0.2154-0.003 0.21310.006 0.27740.073 0.30610.035 0.69410.015
corel5k 0.0104-0.000 0.0104-0.000 0.0104-0.000 0.0384-0.002 0.01010.000 0.0104-0.000 0.0102£0.000 0.020+0.000
revl-sl 0.0274-0.000 0.02840.000 0.02840.000 0.04740.004 0.028+0.000 0.029+£0.000 0.029+£0.000 0.9174£0.000

corel16k-s1 0.0194-0.004 0.0194-0.000 0.0194-0.000 0.1360.005 0.01940.000 0.01940.000 0.01940.000 0.07740.000
delicious 0.0194-0.001 0.0194-0.000 0.0194-0.000 0.07540.007 0.01940.000 0.01940.000 0.01940.000 0.3264-0.000
iaprtc12 0.0194-0.011 0.0194-0.000 0.01940.000 0.19540.007 0.01940.000 0.01940.000 0.01940.000 0.0194-0.000
espgame 0.0174-0.003 0.0174-0.000 0.01740.000 0.17440.009 0.0174:0.000 0.01740.000 0.01740.000 0.01740.000
mirflickr 0.1184-0.001 0.1274-0.000 0.12740.000 0.21140.003 0.1304-0.005 0.128+0.000 0.12840.000 0.12840.000
tmc2007 0.0634-0.000 0.0854-0.001 0.089+40.001 0.0924-0.004 0.0654-0.002 0.098+4-0.001 0.098+0.001 0.098+0.000

Then we have:
Lprpo = Eq,zpjLx.a)llogp(X | Z,D) +logP(L | D) +logp(A | D)] (10)
— KL [gw, (D | L, X, A)[|[p(D)] — KL [gw, (Z | D, X)[|p(Z)].

A.3 Proof of Lemma 1

In order to prove this lemma, we first show that the one direction sup ;¢ = Rsp(f) — ]/%Sp (f) is bounded
with probability at least 1 — ¢/2, and the other direction can be similarly shown. Suppose an example
(z,y) is replaced by another arbitrary example (x’,y'), then the change of sup s » Ry (f) — ]/%Sp( )
is no greater than M /(2n), the loss function L, are bounded by M. By applying McDiarmid’s
inequality, for any 6 > 0, with probability at least 1 — 6/2,

=~ ~ M |log2
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By sysmmetrization, we can obtain
E | sup Rop(f) - Rap(f)| < 2R, (Gsp)- (12)
€

By further taking into account the other side sup s » Rsp(f) — ]?Zsp( f), we have for any 6 > 0, with
probability at least 1 — 6,

R ~ M |log2
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fer "

13)



Table 3: Predictive performance of each comparing approach (mean=std) in terms of Ranking loss |.

The best performance (the smaller the better) is shown in bold face.

Datasets SMILE AN AN-LS WAN ROLE GLOCAL MLML D2ML
CAL500 0.2394-0.010 0.26610.045 0.3914-0.048 0.24440.005 0.38410.010 0.36610.009 0.478+0.001 0.506+0.013
image 0.17040.055 0.3304-0.092 0.3254-0.084 0.24010.045 0.23440.034 0.17940.004 0.1631-0.003 0.45940.014
scene 0.08610.045 0.17040.132 0.17140.119 0.108+0.014 0.1631+0.045 0.108+0.006 0.0561-0.007 0.38340.035
yeast 0.1611-0.003 0.1654-0.002 0.1684-0.002 0.163+0.001 0.168+0.001 0.33240.007 0.3614-0.000 0.4884-0.007
corel5k 0.1344-0.003 0.1134-0.001 0.1894-0.011 0.111+0.001 0.266+0.013 0.13940.002 0.3554-0.003 0.4844-0.001
revl-sl 0.0424-0.000 0.04640.001 0.0604-0.001 0.0424-0.000 0.07110.004 0.168+0.003 0.17940.007 0.43740.002
corel16k-s1 0.1334-0.001 0.1384:0.002 0.18140.002 0.13410.001 0.24140.006 0.690+0.001 0.30610.005 0.4544-0.002
delicious 0.1264-0.000 0.1334:0.002 0.27640.015 0.125+0.001 0.30610.007 0.44510.011 0.3254-0.004 0.45610.004
iaprtc12 0.11540.002 0.1284:0.003 0.23040.011 0.14040.005 0.16740.002 0.44240.003 0.26610.011 0.50240.015
espgame 0.1584-0.001 0.1634:0.006 0.2684-0.004 0.15840.001 0.24140.006 0.46410.001 0.31940.023 0.5004-0.003
mirflickr 0.11740.002 0.11840.001 0.14840.003 0.12340.002 0.1554-0.006 0.189+0.019 0.94440.003 0.496+0.007
tmc2007 0.04940.001 0.047+£0.001 0.06040.002 0.0451-0.001 0.0614-0.002 0.1444-0.003 0.1434-0.001 0.4531-0.001

Table 4: Predictive performance of each comparing approach (mean=std) in terms of Coverage |.

The best performance (the smaller the better) is shown in bold face.

Datasets SMILE AN AN-LS WAN ROLE GLOCAL MLML D2ML
CAL500 0.8654-0.008 0.8814-0.014 0.9374-0.017 0.878+0.015 0.9531+0.012 0.87510.013 0.668+0.001 0.6944-0.003
image 0.1711-0.045 0.2984-0.075 0.2944-0.069 0.2254+0.037 0.22140.028 0.17740.018 0.78340.005 0.96610.014
scene 0.0841-0.037 0.1554-0.112 0.1564-0.101 0.10240.012 0.14610.036 0.10310.002 0.4144-0.002 0.9314-0.004
yeast 0.4554-0.007 0.4564-0.008 0.46940.010 0.46010.004 0.47610.004 0.6894-0.001 0.9424-0.003 0.9514-0.002
corelSk 0.31240.007 0.27340.002 0.4474-0.022 0.27310.001 0.55740.025 0.32840.005 0.3961-0.008 0.46510.016
revl-sl 0.10740.001 0.1174:0.003 0.1534-0.004 0.10740.000 0.17740.007 0.31540.004 0.43940.002 0.73140.003
corel16k-s1 0.26940.003 0.28040.006 0.36440.005 0.27140.001 0.465+0.010 0.84740.007 0.74040.004 0.8484-0.006
delicious 0.6304-0.002 0.64740.012 0.894£0.013 0.626+0.003 0.91010.004 0.86110.009 0.74940.019 0.82940.002
iaprtc12 0.3364-0.003 0.3614:0.007 0.59340.019 0.37740.010 0.44640.005 0.6951+0.011 0.79310.007 0.9344-0.008
espgame 0.3824-0.004 0.39540.017 0.60340.009 0.3844-0.002 0.55640.012 0.72140.018 0.85010.004 0.9354-0.006
mirflickr 0.32740.003 0.32840.003 0.39740.005 0.3324-0.002 0.39610.013 0.43640.016 0.94410.012 0.9904-0.003
tmc2007 0.13040.002 0.12440.002 0.1494-0.004 0.1204-0.001 0.1504-0.004 0.2644-0.004 0.8344-0.003 0.9854-0.000

A.4 Proof of Lemma 2

As w and @’ are bounded in [0, ], we can obtain R,,(Gsp1) < ke (R, (£ 0 F) + Ry, (£ 0 F)) where
(o F denotes {{o F|f € F}and foF denotes {{o F|f € F}. Since H, = {h: x — f,(x)|f € F}
and the loss functions ¢ (f(x),y) and £ (f(x),y) are p*-Lipschitz and p~-Lipschitz with respect
to f(x) (0 < pT < cand 0 < p~ < o0) for all y € ), by the Rademacher vector contraction

inequality, we have R,,(£ o F) + R, (Lo F) < V2(pt +p7) > o1 Rn(Hy).

A.5 Proof of Theorem 1

Combining Lemma 1 and 2, we have

R(fsp) — R(f*) = R(fsp) —

S R(fsp) -
2

< 4V2kc(pt +p7) Z Rn(Hy) + M
=1

which concludes the proof.

A.6 Details of Experiments

log %
2n

(14)

Some basic statistics about these datasets are given in Table[I] including the number of examples
(1S]), the number of features (dim(S)), and the number of class labels (L(S)). Tables 2] to[d]show
the results of all approaches on One-error, Hamming loss, and Coverage, respectively. Tables [3]



Table 5: Predictive performance of SMILE and its variant (mean=std) in terms of Hamming Loss and

Coverage.
Hamming loss | Coverage |

Datasets SMILE SMILE-SI SMILE SMILE-SI
CALS500 0.148+0.000 0.148+0.000 0.865+0.008 0.89740.002
image 0.205+£0.008 0.229+0.000 0.171+£0.045 0.376+£0.007
scene 0.12440.035 0.169+0.008 0.084+0.037 0.15240.030
yeast 0.205+£0.003 0.306+0.000 0.455+0.007 0.457+0.003
corel5k 0.010+£0.000 0.010£0.000 0.312+0.007 0.282+0.001
rcvl-sl 0.027+£0.000 0.029+£0.000 0.107£0.001 0.138+0.001
corell6k-s1  0.019+0.004 0.019+0.000 0.269+0.003 0.283+0.000
delicious 0.019+£0.001 0.019£0.000  0.630+£0.002 0.663+£0.005
iaprtc12 0.019+0.011 0.019+£0.000 0.336+0.003 0.403+0.000
espgame 0.017+0.003 0.017+0.000 0.382+0.004 0.41240.005
mirflickr 0.118+0.001 0.128+0.000 0.327+£0.003 0.335+0.002
tmc2007 0.063+0.000 0.098+0.000 0.130+0.002 0.127+0.000

shows the results of SMILE and its variant SMILE-SI (mean+std) in terms of Hamming Loss and

Coverage.
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