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In traditional supervised learning:
- A real-world object is represented by an instance (feature vector)

- The instance is associated with a label which indicates the
concerned characteristics (such as categorization) of the object

instance |[------

X - the instance space
Y - the set of class labels

The task:
To learn a function f: & — ¥ from a given
data set {(x1,y1), (@2,y2), (Xpms U ) }

where x; € X’ isan instance and y; < )V is
the known label of x;
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Elephant ? Lion ? Grassland?
Tropic ? Africa? ... ...
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O Previous research

Multi-label learning

Multi-instance learning

O MIML: A new framework

Why MIML?
Solving MIML - by degeneration; by reqgularization
No access to raw data - how to do?

Usefulness in single-label problems
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instance

MLL task:

To learn a function fare : X — 2¥ from

a given data set {(z1.Y1), (x2,Y2),- -,

(..,Y,,)} , where z; = X' is an instance

and Y; C ) is a set of labels {yf’), yg),
o o) e Y (k=120 1)

X - the instance space
Y - the set of class labels

. - the number of labels in Y,

http://cs.nju.edu.cn/zhouzh/
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O Decomposing the task into multiple binary classification
problems each for a class

v' MLSVM [Boutell et al., PRO4]
v

O Considering the ranking among labels
v' BoosTexter [Schapire & Singer, MLJ00]
v' BP-MLL [Zhang & Zhou, TKDEO6]

v RankSVM [Elisseeff & Weston, NIPS'01]
v

O Exploring the class correlation

v Probabilistic generative models [McCallum, AAAT'99w; Ueda & Saito,
NIPS'02]

v' Maximum entropy methods [Ghamrawi & McCallum, CIKM'05; Zhu et al.,
SIGIR'05]

http://cs.nju.edu.cn/zhouzh/
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Given:
S: A set of multi-label examples {(x;,Y,), ..., (X, Y )} = (X x Y)m
f: AxY — R, a ranking predictor (h is the corresponding multi-label predictor)

Definitions:
Hamming Loss: ham|OSSS(f)=mii‘h(Xi)AYi‘ J

One-error: one-err,(f)=— Z‘ |H(x)eY, ‘WhereH(x) argmax f (x,I) ¢

leV

Coverage: coverages(f):EZry%xrankf(xi,y)—l J
i—1 Y€

\J

Ranking Loss: ranklosss(f):%zm: 1 “{(lo,l DeY, xY | f(x,1) < f(x,1; )}

\{ eY|f(x,,I)>f(x,,I)}‘ "
{Jef ..k} f(x,])> f(x.D}

o 1S 1
Average Precision: avgprecs(f)=-=2 Y lZ

leY

http://cs.nju.edu.cn/zhouzh/
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Use multi-label data A
more than once when ,
training the binary K
SVMs e
TN X
. + o+
Using each example as Lo, N X g
a positive example of R T x % <
each of the classes to T wx S
YT + o+ N
which it belongs Lo +\\:’:,X < x X

Figure reprinted from [Boutell et al., PRO4] http://cs.nju.edu.cn/zhouzh/
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1 ' ,
To minimize the ranking loss g7 !(h) € Y x Y st.ri(@) <ri(@)] while
having a large margin [Elisseeff & Weston, NIPS'01]

f(z) = sign ({wy,z) + by, ..., (wg,x) + bo)
The label k is a “correct label” for x iff sign({wg,z)+bg) > 0

Considering the ranking loss, for (k,1) € Y x Y, (wg, ) + b; should be
bigger than (w;, x) + b;. Thus, the margin of (z,Y) can be expressed as

. {wg —wg,x) + b — by
min
keY,leY ”wk - ’wz”

Thus, the optimization objective is:

. . B 1
. ‘I?IE}X 0 M y)es M gey 1€Y Twp—wi|°
Jad — L

subject to:  {wg —wy, z;) +bp — b > 1, (k,]) € Y; xY;

http://cs.nju.edu.cn/zhouzh/
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v' Text categorization

[McCallum, AAAT'99w; Schapire & Singer, MLJ0O; Crammer &
Singer, SIGIR'02; Ueda & Saito, NIPS'02; Cai & Hofmann,
CIKM'04; Kazawa et al., NIPS'04; Rousu et al., ICML'O5; Liu et al.,
AAAT'06; Zhang & Zhou, AAAT'07]

v' Bioinformatics

[Clare & King, PKDDO1; Elisseeff & Weston, NIPS'01; Brinker et
al., ECAT'06; Barutcuoglu et al., BioinformaticsO6; Zhang & Zhou,
AAAT'07]

v' Image categorization
[Boutell et al., PRO4; Zhang & Zhou, AAAT'07]

http://cs.nju.edu.cn/zhouzh/
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Multi-label learning only addresses the output ambiguity

How about the input ambiguity?

http://cs.nju.edu.cn/zhouzh/
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MIL task:
— To learn a function furrr : 2% — {—1, 41}
mstance . . o
from a given data set {(X1,11),(X2,12),
...... << object ) \ .
RN T, —)imw m ) XiC‘)C’
instance "":,':_;. """ . |: i }(:)Wh(?)r'e _(?’)_ 'S a_,seT Of
instances {z\"”, x,’, .-+ @/}, 2\ € X
— (7 =1,2,---,n;),and y; € {—1,4+1} is the
mstance . .
label of X;. X, is a positive bag

(thus y; = +1) if there exists
g € {1, -~ ,ni}, iy is positive. Yet the

X - the instance space value of the index g is unknown.

Y - the set of class labels
n, - the number of instances in X

http://cs.nju.edu.cn/zhouzh/
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Why MIL is Appealing ? e

Many tasks can be modeled as an MIL task

o --—[a;, 8, ..., ]
g LUTH Y

*’:,[ul, Uy, ..., u_JT

image > bag

reglons :> iInstances
in the in the ba
Image 9

http://cs.nju.edu.cn/zhouzh/
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Multi-Instance Learning Algorithms et ki er
v' Diverse Densi’ry [Maron & Lozano-Perez, NIPS'97], EM-DD [Zhou &

Goldman, NIPS'01]
kNN algorithm: Citation-kNN [Wang & Zucker, ICML'00]

Decision tree algorithms: RELIC [Ruffo, Thesis00], ID3-MI
[Chevaleyre & Zucker, CanadianAT'01]

Rule learning algorithm: RIPPER-MTI [Chevaleyre & Zucker,
CanadianATI'01]

SVM algorithms: MI-SVM [Andrews et al., NIPS'02], mi-SVM
[Andrews et al., NIPS'02], DD-SVM [Chen & Wang, TMLR04]

Ensemble algorithms: MI-Ensemble [Zhou & Zhang, ECML'03], MI-
Boosting [Xu & Frank, PAKDD'04]

Logistic regression algorithm: MI-LR [Ray & Craven, ICML'O5]

http://cs.nju.edu.cn/zhouzh/
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negative bag s itive negative bag
g @1 et L ] #l '
-, = a
1 = had iy
I T o
HI::'C'I‘V; "Il‘ point t:(::j”'n: = point A g A A
. kY : O T, & A A a2 =
- H mm O & ] =
H S section
H L om = o B
H > o
i 4 » = =] ]
H A Lt [ o
: (=]
- —#-:,4; .y » = xoﬁgx *®
. . (| o =
positive ""'\-,__};\‘\. positive O g8
bag #3 baag #3 =
g <
(a)
The difterent shapes that a molecule can

(b}

take on are represented as a path. The inter-

section point of positive paths 1s where they  Diverse Density area.
took on the same shape.

Figure 1: A motivating example for Diverse Density

density by gradient search

point for search

Samples taken along the paths. Section B
is a high density area, but point A is a high

To search for the point with the maximal diverse

every instance in positive bags is used as a start

Figures reprinted from [Maron & Lozano-Pérez, NIPS'97]
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To search for the maximal margin
hyperplane

the margin of a "positive bag” is
the margin of its "most positive”
instance

Followed by [Cheung & Kwok, ICML'06]

1
MI-SVM min — ||ﬁ Z+CY &
w.bh,& 2 7

s.t. vI: Y, 111*:}1( W, X;)+b)=1—-&, & = 0.
=
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MIL Appl ications Learning And Mining from DatA

AN

X X X

Drug prediction [Dietterich et al., ATT97]

Image categorization [Maron & Ratan, ICML'98; Chen &
Wang, JMLRO4; Chen et al., PAMIO6]

Computer security [Ruffo, Thesis00]
Web mining [Zhou et al., APINO5]

Face detection [Viola et al., NIPS'05]

http://cs.nju.edu.cn/zhouzh/
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O Previous research

Multi-label learning

Multi-instance learning

O MIML: A new framework

Why MIML?
Solving MIML - by degeneration; by reqgularization
No access to raw data - how to do?

Usefulness in single-label problems

http://cs.nju.edu.cn/zhouzh/



LAVDA

A Qu es.r i O n Learning And Mining from DatA

http://lamda.nju.edu.cn

Are MLL and MIL sufficient for learning ambiguous data?

L mnstance
object,:’:,»" e N ‘n::\a\object
instance  |------ f{..'\"" instance ——--’-‘-‘,'7,. ------
\‘ instance
Multi-label learning Multi-instance learning

considers only the output ambiguity considers only the input ambiguity

Input and output ambiguities usually occur simultaneously !

http://cs.nju.edu.cn/zhouzh/



LAVIDA

For. Example Learning And Mining from DatA

http://lamda.nju.edu.cn

An image usually contains multiple
regions each can be represented by The image can

an instance simultaneously belong
to multiple classes

Elephant
Lion
Grassland
Tropic
Africa

http://cs.nju.edu.cn/zhouzh/
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A document usually contains multiple
sections each can be represented by The document can

an instance simultaneously belong
to multiple categories

Scientific novel
Jules Verne’s writing

Book on traveling

http://cs.nju.edu.cn/zhouzh/
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Why not consider the input and output ambiquities together?

instance | . K
~ N ra

P Fa \\\
instance |- ~

Multi-Instance Multi-Label (MIML) Learning

http://cs.nju.edu.cn/zhouzh/
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Appropriate representation is important

Having an appropriate representation is as important as
having a strong learning algorithm

Real-world objects are usually inherited with input
ambiguity as well as output ambiquity

Traditional supervised learning, multi-instance learning and
multi-label learning are degenerated versions of MIML

http://cs.nju.edu.cn/zhouzh/
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,
4
s’

,

object object < .-=
P
: : "
instance === ® - TET o

Traditional supervised learning Multi-label learning
instance |\ instance
...... . » \Object e e ~._ :\:9bjec‘[,::,’ -
instance  |=----~ Q® - instance |-- -’-,-,-,/'-,.’..-;‘-‘- --
instance |-~ instance |- \
Multi-instance learning Multi-instance multi-label learning

http://cs.nju.edu.cn/zhouzh/
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To learn an one-to-many mapping is an ill-posed problem

Why there are multiple labels?
many-to-many mapping seems better; and moreover, MIML also

offers a possibility for
instances and labels

understanding the relationship between

F=========-== .2 = —
! v_o—--" T =a_
~ 1 instance . T
e ____ 1 \\\\ /;(\NN
§ o
_ “~.__0object . ’
dlffer'em‘< , J TS
aspects INSTANCe |oooiprooooo @l AL e
........... . (.:.: “;(‘\\ m
LT T 7 S~ o ~
ﬂ ”’,’ 'n....;...\ \\ JG\‘..‘OQH
N L IR
v Instance ~<--______-- ~

o
---------
N
‘e
0

.

‘e
*
.
e
.
L
.
Taay
.....
...............................
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Considering multi-instance learning, why there are multiple

iInstances?

instance

Instance

\\\\ /,/ \\ ______ ,/
- 7
- ~._Object .-
~ - N 7
~~ N . Unconcerned,

\\\s‘ /_________ )
W ighored labels

http://cs.nju.edu.cn/zhouzh/
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MIML can also be helpful for learning single-label examples
involving complicated high-level concepts

(a) Africa is a complicated high-level concept

http://cs.nju.edu.cn/zhouzh/
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MIML can also be helpful for learning single-label examples
involving complicated high-level concepts

< lree >
Tt i %
Celephant ~~_ __ "+
e 44 s L
< Africa >
,a—\-._‘\ - - -.-\"‘x—,.-'""-
......... _.-_i Ira” -:}___ - 3 #
I

(b) The concept Africa may become easier to learn through exploiting some sub-concepts

http://cs.nju.edu.cn/zhouzh/
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instance

instance

MIML task:

To learn a function farnvn P N
from a given data set {(X1,Y1), (X, Y5),
(XY}, where X; C X is a set of
instances {z\", x\", ... &)}, z) € X
(j =12,---.n;),and Y; C Y is a set of
labels {y\", y{", - -,y}j)}, gl eV (k=
L2, 1) .

X - the instance space

Y - the set of class labels

n, - the number of instances in X
l. - the number of labels in Y,

http://cs.nju.edu.cn/zhouzh/
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O Previous research

Multi-label learning

Multi-instance learning

O MIML: A new framework

Why MIML?
Solving MIML - by degeneration; by regularization
No access to raw data - how to do?

Usefulness in single-label problems
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MIMLBoost (an illustration of Solution 1)

Category-wise

MIBoostin
J decomposition

Representation
Transformation

MIMLSVM (an illustration of Solution 2)

unambiguous ambiguous

»

http://cs.nju.edu.cn/zhouzh/
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Table 1: The MIMLBOOST algorithm

| ]

Transtorm each MIML example (X u,}’uj (u=1,2,---,m) mto | V| number of multi-
instance bags {[( Xu,y1), V( X, yl‘]] - [ X, y|}|] ‘tIfi}aku y)y|)]}. Thus, the original
data set is transformed into a multi-instance data set CDllHll].lllE m % | V| number of

multi-instance bags. denoted by {[( (X ), w(X z'}]_ (i=1,2,---,m x|V

Initialize weight of each bag to W' 9= mxl"&l (i=1,2,---,m x |Y|).

Repeat fort = 1,2, -+, T iterations:

3a  Set 1'1-"3!:?":' =W /n, (i = 1,2, omx | V). assign the bag’s label W(X (), 4(#)
to each of its mnstances [I" 2 ”':' ) (3 =1,2,---,n;). and build an mnstance-level
predictor hz[(;r.;” ] e {_—l +1}.

3b  For the ith bag, compute the error rate €' & [0, 1] by counting the number of
E:“' () i)y (i) (i)
|'E-:| — _'Jll [hr_[l:ﬂ:} M ' l]-_,—\I-"I:k ' Y ' :I]]

ni

misclassified instances within the bag, 1.e. e
3¢ Ife'” < 05 foralli e {1,2,---,m x |V|}. go to ‘Srep4
3d  Compute c; = arg min, E xl}l Wi exp[(2e' — 1)eq].
3¢ Ife; <0, goto Step 4.

3 Set W = W% exp[(2e™) — 1)ee] (i = 1 2, ,m % |Y|)
that 0 < W <1 findz <Yy =

and re-normalize such

Return YV* = {y| arg . sign (EE >, cehe[(x], t.r]]) = +1} (=) is X*’s jth instance).

http://cs.nju.edu.cn/zhouzh/
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Tllustration of the category-wise decomposition:

An MIML example (X, Y,)

X, Y

u

instance,
_ oooooog A ————label,
Instance, oooooo A label,
______ oooooo 1
Dooooo A labels
Label set )
feature;  feature, A
A
A
A

http://cs.nju.edu.cn/zhouzh/
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X, Y

oooooan
oooooan
oooooao
Ooooooao

oooooodA
oooooodA
ooooooA
DoooooA

no

> D> >

& |V] number of MISL examples

ooooooA
ooooooA
ooooooOA
DoooooA

ooooooA
OooooooA
OooooooOA
ODoooooA

ooooooA
ooooooA
OoooooOoA
DoooooA

http://cs.nju.edu.cn/zhouzh/
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Table 2: The MIMLSVM algorithm

1 For MIML examples (X, Yy) (u=1,2,---,m), ' = {XuJu=1,2,--- ,m}.

b3

Randomly select £ elements from I” to initialize the medoids M; (t = 1,2,---, k),
repeat until all M; do not change:

2a Te={M}(t=1,2,--- k).
2b  Repeat for each Xy € (I' — {M;|t = 1,2, -+, k}):

indexr = arg minge (4, gk} o (Xu, Me), Dinder = Tindez U {Xu }.
2¢ M;=argmin » dy(A B)(t=1.2,--- k).

AeTe gt

3 Transform (X, Y, ) into a multi-label example (z,., Y ) (v = 1,2, -+, m), where
zu = (Zut,zuz, + Zur) = (de (Xu. My ), dg (Xo, M2), - -+ dy (X, M)

4  Foreachy € Y, derive adataset Dy = {(zu. P (zu.y)) |u=1,2,---,m}, and then
tram an SVM hy = SV M Train(Dy).

5 RetumY™ = {arg DES hy(z")} U{ylhy(2") = 0,y € YV}, where 2" = (dg (X7, My),
ys
dp (X", M), -, dg (X", Mg)).

http://cs.nju.edu.cn/zhouzh/
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Illustration of the representation tfransformation:

A set of MIML examples

ooooon
ooooon
ooooon
Oooooono

ooooon
ooooon
oooooan
Dl EEEME

OO0o0O0O0Oo
Oooooono
(I
Ooooooao
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ooooood
OoO0ooono
ooooono
DDODEoE@E

medoid,

OO0O0O0mo medoid,

Oooooono
Oooooono
DN EDEEME

(g
DN EDEEE
OO00O0O0OOo
oooooao

medoid,

> D> >

http://cs.nju.edu.cn/zhouzh/
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MIMLBoost (an illustration of Solution 1)

Category-wise

MIBoostin
; decomposition

e

MIMLSVM (an illustration of Solution 2)

Representation
Transformation

unambiguous ambiguous

—  The MIML framework incorporates more information (+)

— These solutions degenerate MIML to solve, while the
degeneration loses information (-)

If (+) > (-), then it is worth doing

http://cs.nju.edu.cn/zhouzh/
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Tahble 3
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Results {mean+tstd.) on scene classification (‘| indicates ‘the smaller the better’; *]°

indicates ‘the larger the better’)

Evalunation Criteria

Compared

Algorithms hloss ¥ one-error ¥ COVETLGE \ rloss ¥ AveEPTec T
MimvLBoosT 10924004 .349+£.016  .9864.041 .179+.008 ,778+.009
MIMLSVM A90+£.009 3504020 1.083£.050 201001 .T664.013
ApTBoost.MH 2104006 Ad6.019 1.223+.049 N/A 181012
RANKSVM 2194.020 A0i+.062 1177160 225041 394040
MrL-knNnN A014+.006  3T0£.017  1.085+£.047  203£.010  .TH94.010

d: the smaller, the better

T: the larger, the better

http://cs.nju.edu.cn/zhouzh/
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Table 4
Results (meanststd.) on text categorization (‘| indicates ‘the smaller the better’; *]°
indicates ‘the larger the better’)

. Evaluation Criteria
Compared

Algorithms hloss ¥ one-error¥y  covera ge \ rloss ¥ AveEPrec T
MimvLBoosT 0544004 002013 4014£.035  037£.004  9371.007
MIMLSVM 034+£.003 .071+.009 .315+.029 .024+£.003 .955+£.006
ApTBoost.MH  .0554.004 A20+.016 A9 046 N/A 254010
RANKSVM DU3 4007 2051055 63094161 D= 027 BT 03T
MrL-knNnN 674005 A91+£.017  .6834.052  085£.008  8T14.010

V: the smaller, the better  *: the larger, the better

http://cs.nju.edu.cn/zhouzh/
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\ 1 m T
{K} 1{}} _TZZ errr 1”4_
i=1 t=1
A £l

=21 ( Xi), max f Wj)

i=1i= J=1

I-..j

The loss between the bag X;'s
labels and its corresponding
predictions £(X;), f = (fi.fa

The loss between f(X;) and the
predictions of X's consh‘ruen’r
instances {f(z;;)}

http://cs.nju.edu.cn/zhouzh/
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Assume fi(z) = (w, (=)} and all the w,’s come from a
particular Gaussian distribution, with wy =3 w,/T

We want to minimize =7, [[wi||* and [[wo||* simultaneously,
and thus we have

Iﬂg};}lil—z||1b1||2+#||%n||3+ YV L Y,

Theorem 1 The minimezer of the optimization problem Eq. T admits an expansion

__T}f__mj o Z (If"l:r._a'Dlill {I _5!._3‘_-:] + Z ':ul:f_.i.-j glf__f I?_‘]',':I)

i=1 i=1

where all a0, 05 € R

http://cs.nju.edu.cn/zhouzh/
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Assume the bags and instances are ordered as

[—15:1: -—51_m~ i I PR 5 S ST 517 :"Im,ri..,,,l'

Thus each object (bags or instances) can be indexed by

T(X;) =i

? \ i—1 |

Tlxij)=m+ X m+j
\ =1

We can obtain the (m+n)x (m+n) kernel matrix K with the
i-th column denoted by k;. We have

_}L} r:—.&_i.i;l — Ati'_lz.r":;::lfft + "F"-'lf ._rfl::_‘rij;l — k'll— *f__ff + E:'f.

_'I:il"a_._.l

http://cs.nju.edu.cn/zhouzh/
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- 1 & IR P AT ’}"
c:H,}';‘l_.%b ﬁ; e Tr-l_?lﬂﬁﬂl mT mT 1
a.t yzf(kfkjfz:lcr, +b) =1 - &
£>0
ki.—lzmzj:lﬂf — 0y = k’.—ﬁ :If_'i_‘r.
L._..—I:Xi:lﬂf — Inax k_w: o < B
where &€ = [£11, 810, -+, & -+ L Emr|’ are slack variables for the errors on the train-
ing bags for each label, & = [dy1,d19, -+ Oy L Omr] . A = [y, 09, -+ ,axp]. 0

and 1 are vectors of (I's and 1's respectively.

This can be solved by CCCP (concave-convex procedure)

http://cs.nju.edu.cn/zhouzh/
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Considering the class-imbalance, i.e., for any class label the number
of positive instances is much fewer than the number of negative
instances in MIML problems

We roughly estimate the imbalance rate for label y according to

T, |
b ( =
EZ| T” a_Z:?a}f:|}|

-

el yeY;

According to the rescaling method, we can re-write the hinge
loss function into

(B = e x ibr(g) ) (1= wiefi(X0)

-_—

http://cs.nju.edu.cn/zhouzh/
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— r u — — z+1 . .f
Let 7 = [r11, T2, - . Tit.* ** » TmT], Where 7 = (E{T—ygf % by [_yaif;')

We have

111111 —Z::r KLT;-F—].AK

T2 mT o'l

mT

f - - f
|I1‘-..—f j'-i'_-ff — Iﬁ'-z'f i rtl.‘-_l.—lz__';,{'i:lf_-ft.

i

! ; c
'I*"_T[_ﬁ;’t-j‘-"fr - Zﬂijrk_.-.:miﬂﬂt < dit.
i=1

This is still a standard QP problem; but, large-scale ...

http://cs.nju.edu.cn/zhouzh/



LAVDA

An Efficient Cutting-Plane Algorithm Loaring And Mining fom DatA

http://lamda.nju.edu.cn

Efficient Algorithm for Eq. 15

Input: K, A p, v, = { X, YR

L Wt Se=0,ve=(af &n, - &m0, Otm,bt) =0

2 Repeat

3 Fort=1,.---.T

4 Pick p indexes of constraints that are not in S; randomly, denoted by [;
5 Compute Loss; for every constraint in [;

6 Y% find out the cutting plane

T g = argmax;; Loss;

= If L(m.q-.qq = £

9 S5t =5t U{q};
10 vy +— optimized over 5;;
11 End If

12 End For

13 Until no S; changes

http://cs.nju.edu.cn/zhouzh/
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Table 6
Comparing results (mean+std.) of D-MivLSvm and Mivosvs (¢ |7 indicates “the smaller
the better’; '’ indicates ‘the larger the better’)
Compared Evaluation Criteria
[Drata OHIpatet
Algorithms hloss ¥ one-error ¥ COVETAGE \ rloss ¥ aveprec T
D-MmvarLSva 2224003 .397+.013  1.154+.029 .221+.006 .7424.007
Scene
MimLSvM 2164005 4234014 1.211+£.033 2344007 724008
D-MmarSva  .0414.003  .091+£.011 .3544.030 .030+.005 .9434.007
Text

MIMLSVM 454003 A02E£.008 A02£.027 A35E£.004 9334005

V: the smaller, the better  *: the larger, the better
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o ]
|[-MIMLE‘|.-'HI 0.5 200
0.30 MIMLEVM
ﬂ.ﬂ.ﬁ-{'----_,_
7 = E 1........}-___1___{-"_.___ %1.53
[ = o1 — &
. u]
'5 0 ¢ ool®"
0.35¢
CMIMLEVM C-MIMLS VM
. . . . . 030l CE=MIMLSVM . . o050l . . -D-MIMLS VM
10%_ 20% 3P  40%  50% Noe. 20% 30w 0% 50% e 2% 3% a0m  50%
Pearcantage of multi-labsl bags Parcantage of multi-labsl bags Parcantage of multi-labal bags
(a) hamming loss (b} one-error (c) coverage

0.30F

o.a35/--MIMLEVM
—D-MIMLS VM

| D"I']_ -------- ] ______ L]
___+___ ]
- MIMLEVM G.EEA |

Rank. loss
=
i
1-Awve, prec.

=
B

G 1!' 1 1 1 _D_HIHLE.IIFM 1 1 1 1 1
i 20%  30% 4% 50% 10°% 20% 30% 400 50%
Parcantage of multi-labal bags Parcantage of multi-labsal bags
(d) ranking loss () 1— average precision

Fig. 4. Results on scene classification with different percentage of multi-label data. The

lower the curve, the better the performance.
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0.25 1.50

-MIMLSVM MLV
—D-MIMLSV -D-MIMLSVM
- 0,20t
0 b
2 0,06 £
g ECHE- }
P O
0.10 :
o.cer - MIMLS VM RE
—D—MII'.ILE\.I'J il , , , , ,
O 20% 0% 40%  50% 0% 20% 0% 0% 50% Oow 20% 0% 0% 50%
Parcantagse of multi-labal bags Parcantage of multi-labal bags Parcantage of multi-labal bags
(a) hamming loss (b) one-error (c) coverage
—MIMLSVM R =TT
0.10|-=D-MIMLS VM ~D-MIMLSVM
=1

w L

8 } - { ! & s i

£ . @ 0,10} ‘} i

@ 005 e } _+— T g i'_f—i*—‘__{'___?

— B L
O 20% 0%  a0%  50% %o 20% 0%  a0%  50%
Parcantage of multi-labal bags Parcantage of multi-labal bags
(d) ranking loss (e) 1— average precision

Fig. 5. Results on text categorization with different percentage of multi-label data. The

lower the curve, the better the performance.
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If I cannot get touch with the raw data, instead, I can
only access the processed data, can T make use of MIML?

Yes |

Now assume that we are given with the data set
a1 Y1), (£2.Y3), -, (@m, Y.) ) for which we could not
access the real object, and the feature extraction
task has been done by others

The InsDif approach

The key: How to transform a "single-instance” to "multi-instance"?

http://cs.nju.edu.cn/zhouzh/
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Generate a prototype for each class label:

v = (E ] 3;_{;) /U, where
gt B '

U= {xil{x,Yi} €5, 1eV}, ey

For example:
([0.1, 0.2, 0.3]", {I, L.}) » [0.1,0.2,0.3] O
([0.2, 0.4, 0.6]", {I,}) - [02,04,06]" 0.3, 08, L8]"
([0.3, 0.6, 0.9]", {I,, L} » [0.3,0.6,0.9] o
([0.4,0.2, 0.6]", {l, I, 1.}) — [0.4,0.2,0.6]" _ 3

v, = [0.27,0.33, 0.6]"
Each prototype can be

v, =1[0.23,0.27, 0.5]" approximately regarded as a
V3 = [0.35, 0.4, 0.75]" profile of the concerned class

http://cs.nju.edu.cn/zhouzh/
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Transforming a single instance x; into a bag of instances:

For example:

(

{
{
{

(
([0.3, 0.6, 0.9
(

0.1, 0.2, 0.3
0.2, 0.4, 0.6

0.4, 0.2, 0.6

Bi = {}Ci — VEH - }}

HRCHCY)

L ALY
Ll 153

T’ {Il’ |2’ IS})

{

V, =

0.23, 0.27, 0.5]

0.27,0.33, 0.6

0.35, 0.4, 0.75

T

T

T

-0.17, -0.13, -0.3]", [-0.13, -0.07, -0.2]", [-0.25, -0.2, -0.45]"}, {l,, I,})
-0.07, 0.07, 0]", [-0.03, 0.13, 0.1]7, [-0.15, 0, -0.15]"}, {I,})
0.03,0.27, 0.3]", [0.07, 0.33, 0.4]", [-0.05, 0.2, 0.15]"}, {I,, 1.})

0.13, -0.13, 0]", [0.17, -0.07, 0.1]T, [0.05, -0.2, -0.15]"}, {l,, I, I})

http://cs.nju.edu.cn/zhouzh/
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The transformation expresses some structural/distributional
information of the instances and the classes

After transformation, the task becomes:

To learn from a data set s = {(B;,Y1),(B2.Ya)..... (Bn,YN) |

which is addressed by a two-level classification structure
a hew MIML algorithm

http://cs.nju.edu.cn/zhouzh/
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outputs

1st level:

Performing k-medoids clustering
on bag B's using Hausdorff
distance, obtaining the medoids
C; (=1,..., M):

('; = arg min H(A B
- _4'51'_::]; BEGj

—_— e == ===y

M is a parameter of InsDif

Figure 1: Two-level classification structure used by INSDIF

Then, for B we can obtain [¢1(B), ¢2(B), ..., oar (B)]*
where ¢;(B) = H(B, C})

Hausdorff distance between A = {a;,....,a,,} and B = {by,...,b,,}:

H(A, B) = max{max min ||a — b||, maxmin |b — a||}
acA beR belB acA

http://cs.nju.edu.cn/zhouzh/



LAVDA

Two-Level Classification Structure (con't) Leaming And iing fom Dt

http://lamda.nju.edu.cn

2nd level:

Optimizing W = [wjilar<q by
minimizing
1N —@ . .
E - E Zi‘:l ZI:] {yEI:Bi] N dE}E
where
w(B;) = E;il w0 (B;) is the
actual output of B, on the I-th
class

d; is the desired output of B,
on the I-th class

dj=+1if 1 €Y, and -1 otherwise

________

input bag B

Figure 1: Two-level classification structure used by INSDIF

http://cs.nju.edu.cn/zhouzh/
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2nd level (con't): :

Differentiating the objective
function

IV @ [y g2
E - E Zi:l ZE:] {yil:Bi] N dE}

.- -I.I'j 4 [ : x e " .
yi(B;) = E;,c:1 wjdi(B;) 0 et nl

with respect tow; and setting
the derivative to zero gives:

(2'®)W =2'T

input bag B

Figure 1: Two-level classification structure used by INSDIF

where & = [r,-"}ij]_.ﬂ.,.r <0 1S with elements {le = "f;'h,i (B;)
T = [tu]lnxq is with elements t; = d;

W can be solved by singular value decomposition

http://cs.nju.edu.cn/zhouzh/
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The INsDIF algorithm / instance differentiation

Z
1 For single-instance multi-label examples (zy, ¥y) (= 1,2, --- ,m], compute the

prototype vectors v (I € V) using Eq. 16.

2 Derive the new training set S* by transforming each x; into a bag of instances B;
nsing Eq. 17. two level classification structure

4 Divide :-'rf1 . }'J'g_ . .'r’,,l into M pPAartitlions using k-medoids algorithm "I|I|1'|'-"'~'||I_'_'h

Hansdortf distance
}  Determine the medoids € (j = 1,2, M) using Eq. 18

Compute the weights W by solving Eq. 20 using singular value decomposition

6 Return Y* = {I|y)(B*) = 20 wjd;(B*) > 0, 1 € Y}, where B* = {z* — [l € V}.

prediction

http://cs.nju.edu.cn/zhouzh/
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Table s

Results (mean-std.) on yeast gene data set (*|" indicates ‘the smaller the better’; *|’
indicates ‘the larger the better’)

Compared Evaluation Criteria

Algorithms hloss ¥ one-error ¥ COVETAGE \ rloss ¥ AvEPree T
[NsDiF 894,010 .2144.030 6.288+0.240  .1634+.017 .7T74+.019
ApTtBoosTt. MH 207010  .244+.035  6.390£0.203 N/A T44+.025

RANKSVM 2074013 2434039 T.000£0.503 (1954021 .T494.026

ML-ENN 1944010 .230£.030  6.2751+0.240 (167016 .7654.021

CNMF N/A 3544184 T030£1.080  2684+£.062  .6684.003

V: the smaller, the better  1: the larger, the better

http://cs.nju.edu.cn/zhouzh/
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Table 10
Results (mean+std.) on eleven web page categorization data sets (*|" indicates ‘the
smaller the better’; *|" indicates ‘the larger the better’)

Evaluation Criteria

Clompared

Algorithms hloss ¥ ONE-ETTOT 7 COVETAGE \ rloss ¥ AvEPree T
[NsDiF 0394.013  .3814+.118 4.545+1.285 .1024.037 .686+.091
ApTtBoosT . MH  .043+.013 . 461+£.137  4.083+1.191 N/A 632+.105
RANKSVM 0434014 4404143 TH08£2.396  .193+.065 6054117
ML-ENN 0434014 4AT1+.157 4.007£1.236 1024045  .625£.116
CNMF N/A S009+.142  6.717£1.588  (1T1+£.058  5614.114

V: the smaller, the better  *: the larger, the better

http://cs.nju.edu.cn/zhouzh/
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MIML can be helpful for
learning single-label examples
involving complicated high-
level concepts

{a) Africa is a complicated high-level concept

semmaE .
< lree >
anan et i
F h*-‘
q{g_!ephm{{_f s

o . .
¢ Africa >
.-";-\_ A

1 - - i
--------- # II'G.H' f}r_.-"‘ !'!'

(b) The concept Africa may become easier to learn through exploiting some sub-concepts

http://cs.nju.edu.cn/zhouzh/
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We collect all instances from all bags to compose data set
D= {'JIT“,' "yl g L2107 i g, sl :'I-'m,nm} ' C(nd r‘e-index
It as {z1.zs. -+ xy}

A Gaussian mixture model with M mixture components is to

be learned from D by the EM algorithm, and the mixture
components are regarded as sub-concepts

http://cs.nju.edu.cn/zhouzh/
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E-ste
p N L :-'I_Ii'-_.l"l'u' [Iil'li.tlﬂ-. Ek_}l fo ‘:} -,-.Il._r
Vile — T, [_-!1—J...._.-."'..i ;:'
> N (x|, )
i=1
M-step
N N W
Y. ik S il — ppe) (g — pe)?t S ik
new i=1 — i—1 _ i
i N L = T = =
> ik E ik N
i=1 i=1

The log-likelihood is evaluated according to

N M
Inp (D, X, ) Z (Z TR NS fa|ﬁmu,3”m])

i=l1 k=1

http://cs.nju.edu.cn/zhouzh/
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After the convergence of the EM process, we can estimate
the associated sub-concept for every instance x; as

se(w;) =argmax~vy (F=1.2,--- , M)
k

Then, we can derive the multi-label for every instance by
considering the sub-concept belongingness

In making prediction on new data, we use MIML learner to
predict its "multi-label” at first, and then use a traditional
classifier to map the "multi-label” to original "single-label”

http://cs.nju.edu.cn/zhouzh/
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% Africa % . A traditional learner

111100..00000
000000..00110
000000..10000
100000 ..1000 0
000000..00011

101101..00000
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The SUrCoD algorithm

1 For multi-instance single-label examples ( Xy, yy) (v = 1,2,--- ,m), collect all the

a0

instances @ £ X, together and identify the Ganssian mixture components throngh

the EM process detailed in Eqs. 21 to 25,

2 Determine the sub-concept for every instance @ = X, according to Eq. 26, and

then derive the label vector e, for X,,.

3 Make corrections to ¢, by optimizing Eq. 27, which results in &, for X, and then

train a MIML learner A, (X ) on {{X,, é,)} (u=1,2--- . m).

4 Train a classifier hy(é) on {(&,,y,)} (v =1,2,--- .m), which maps the derived

£

multi-labels to the original single-labels.

5 Return y* = hy (b (X)),

http://cs.nju.edu.cn/zhouzh/
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Predictive accuracy on five multi-instance benchmark data sets

Compared Data sets

Algorithms Muskl  Musk2  Elephant  Tiger Fozx

SurCoD 85.0% 92.1% 83.6% 8089  61.6%
Db 88.0%  84.0% N/A N/A N/A

EM-DD S4.8%  84.9%  TR.3% 721%  56.1%
MI-SVM STA%  83.6%  RB2.0% 7T8.9%  58.2%
MI-SvMm TT.9%  84.3%  814%  84.0% 59.4%
CH-Fp 88.8% Sh.7T%  82.4% 82.2%  60.4%

http://cs.nju.edu.cn/zhouzh/
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Take-Home Message

v' Real-world learning tasks are complex; previous
simple frameworks may lose useful information

v' MIML is a good framework for learning with
ambiguous data

http://cs.nju.edu.cn/zhouzh/



LAVDA

Multi-Instance Multi-Label Learning Loarning And Mining from Dat

http://lamda.nju.edu.cn

v Z.-H. Zhou, M.-L. Zhang, S.-J. Huang, Y.-F. Li. MIML: A Framework for
Learning with Ambiguous Objects. CORR abs/0808.3231, 2008.

v Z.-H. Zhou. Mining ambiguous data with multi-instance multi-label learning.
ADMA'O7 invited talk

v M.-L. Zhang, Z.-H. Zhou. Multi-label learning by instance differentiation.
AAAT'Q7, pp.669-674

v'  Z.-H. Zhou, M.-L. Zhang. Multi-instance multi-label learning with
application to scene classification. NIPS'06, pp.1609-1616.

Codes:

MIMLBoost & MIMLSVM: http://cs.nju.edu.cn/zhouzh/zhouzh.files/publication/
annex/MIMLBoost&MIMLSVM.htm

InsDif: http://cs.nju.edu.cn/zhouzh/zhouzh.files/publication/annex/InsDif.htm

Data: http://cs.nju.edu.cn/zhouzh/zhouzh.files/publication/annex/miml-image-data.htm

http://cs.nju.edu.cn/zhouzh/
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Thanks!
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