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LAVIDA

Learning And Mining from DatA

Traditional learning setting http://lamda.nju.edu.cn

e A real-world object is represented by an instance
(feature vector)

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

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

object The task:
------ ® - _ .
To learn a function f:x — » from a given

data set {'::3?1111-:"1::'1 {37:11'512}1 T {ﬂ?rmym :'}
where z; .Y is aninstance and y; £V
is the known label of x;

http://cs.nju.edu.cn/zhouzh/
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Learning And Mining from DatA

A q U eSt| O n http://lamda.nju.edu.cn

What is the most difficult task currently ?

Semantics-related tasks

http://cs.nju.edu.cn/zhouzh/
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Learning And Mining from DatA

" S e m a n tl C g a p o http://lamda.nju.edu.cn

The gap between low-level features and
high-level semantics

This is the “source of difficulty” of many
difficult tasks

Why there is the “"semantic gap”?

— data objects with complex semantics

http://cs.nju.edu.cn/zhouzh/
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Learning And Mining from DatA

Data objects with complex semantics https//lamda.nju.edu.cn

Elephant ? Lion ? Grassland?
Tropic ? Africa ? ... ...

http://cs.nju.edu.cn/zhouzh/
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Learning And Mining from DatA

Data objects with complex semantics https//lamda.nju.edu.cn

Scientific novel
Jules Verne’s writing

Book on traveling

http://cs.nju.edu.cn/zhouzh/
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. . Learning And Mining from DatA
M U Itl - I d bel Iea FNiN g http://lamda.nju.edu.cn
MLL task:
To learn a function furrr : X — 2Y from
| objec;-f,;:x’ a given data set {[ﬂ:hﬂﬁh (T2, Y2), -,
Instance  |==---- (Zm,Ym)} , Where x; € X' is an mstance
T and Y; C Y |s a set of labels {'gl (),

\ yl(l)} ’ UA eY(k=12---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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Multi-label learning algorithms bt famdnscdnen
O Decomposing the task into multiple binary classification
problems each for a class
v' MLSVM [Boutell et al., PR 2004]
v
O Considering the ranking among labels
v BoosTexter [Schapire & Singer, MLJ 2000]
v' BP-MLL [Zhang & Zhou, TKDE 2006]
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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Learning And Mining from DatA

Th e p rO b I e m http://lamda.nju.edu.cn

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



LAVIDA

CO”Slder Learning And Mining from DatA

http://lamda.nju.edu.cn

An image usually contains
multiple regions each can be The image can
represented by an instance simultaneously belong

to multiple classes

Elephant
Lion
Grassland
Tropic
Africa

http://cs.nju.edu.cn/zhouzh/
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. Learning And Mining from DatA
CO”Slder - h::p:;lamda.n:u.edu.cn
A document usually contains
multiple sections each can be The document can
represented by 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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Learning And Mining from DatA
http://lamda.nju.edu.cn

instance

instance

Multi-Instance Multi-Label (MIML) Learning

[Zhou & Zhang, NIPS'06]

http://cs.nju.edu.cn/zhouzh/
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Why MIML? it flamda e edoen

Adequate representation is important

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

MIML captures more information of ambiguous data

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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LAVIDA

Learning And Mining from DatA
http://lamda.nju.edu.cn

instance

instance

Traditional supervised learning

instance |

instance
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instance

Multi-instance learning

MIML

[Zhou & Zhang, NIPS'06]

http://cs.nju.edu.cn/zhouzh/
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Learning And Mining from DatA

Wh Y MIML? ( cont ’) http://lamda.nju.edu.cn

To learn an one-to-many mapping is an ill-posed problem

many-to-many mapping is better; moreover, MIML offers the
possibility for understanding the relationship between input

feature patterns and output semantics

T T T T T T T T T T ] 7 = — ,
Fo--" T T T T T~~~ _ L’
~ 1 Instance r- -~
™
~ - \
: - ~-._object " .-~
dlffer'en'r< : e -
aspecfs I nStan ce -------- —————— : ‘ E* - /~/\ IR
.......... ] -’--’.’ \\ §;(‘~\ \
e R 2
- ey, F g
PR AN
N Pl _eT s,
. instance ~<--_.____--- “e,
o b, te, e ees

[Zhou et al., AIJ 2012] http://cs.nju.edu.cn/zhouzh/
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Why MIML? (cont’) <

MIML can also be helpful for learning single-label
examples involving complicated high-level concepts

(a) Africa is a complicated high-level concept

[Zhou et al., AIJ 2012] http://cs.nju.edu.cn/zhouzh/
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Why MIML? (cont’) <

MIML can also be helpful for learning single-label
examples involving complicated high-level concepts

1.
S S
Zelephant >~_1_ "~ _
\\ /’ i XS / o ia .
| < Africa >
\_/\' . ¥ - il .

<

S I,/
’

“1

b -
> 7
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/\ lion

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

[Zhou et al., AIJ 2012] http://cs.nju.edu.cn/zhouzh/



Multi-Instance Multi-Label learning

LAVIDA

Learning And Mining from DatA
http://lamda.nju.edu.cn

instance

instance

MIML.:
Z bl Ziric=E 3

MIML task:

To learn a function farrarr : 2% — 27

from a given data set {(X1, Y1), (X2,Y2),
(X, Y}, where X; C X is a set of

instances {mg'i), (1) : a:n,)} ,(7")

(j = 1,2,---,n;), and Y; C Vis a set of

labels  {y"”,y" -yt Lyl e vk =

1,2+, 1) |

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

- the number of instances in X;
l; - the number of labels in Y,

http://cs.nju.edu.cn/zhouzh/
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Learning And Mining from DatA

Solving MIML by degeneration http://lamda.nju.edu.cn

MIMLBoost (an illustration of Solution 1)

Category-wise

MIBoostin
y Decomposition

MLSVM Representation
Transformation

MIMLSVM (an illustration of Solution 2)

unambiguous ambiguous

»

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



MIMLBoost

LAVIDA

Learning And Mining from DatA
http://lamda.nju.edu.cn

Illustration of the category-wise decomposition:

An MIML example (X, Yy)

X

instance,

oooood

instance, OooOooo

ooooon
OooOooon

feature; feature,

Y.,

A -+—label;

A label,

A +—label;

Label set Y

A
A
A
A

[Zhou & Zhang, NIPS'06]

http://cs.nju.edu.cn/zhouzh/
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Learning And Mining from DatA

MIMLBoost (con't) http://lamda.nju.edu.cn

Oooooao
oooooao
oooooao
OOoo0OoOOoOo

oooooodA
oooooodA
oooooogA
DoooooA

no

ooooooA
ooooooA
OoooooA
ODoooooOA

ooooooA
ooooooA
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ooooooA
ooooooA
ooooooA
ooooooA

[Zhou & Zhang, NIPS'06] http://cs.nju.edu.cn/zhouzh/
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M I M LSV M Learning And Mining from DatA

http://lamda.nju.edu.cn

Illustration of the representation transformation:

A set of MIML examples

Ooo0oooad
oooood
ooooon
Oo0o0O0oOoOo

ooooond
ooooon
Ooo0oooao
DN EEEME

OoOoooOoono
Ooo0ooono
OOoOO0OoOO0OO
Oo0oooao

[Zhou & Zhang, NIPS'06] http://cs.nju.edu.cn/zhouzh/
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MIMLSVM (con't) o

oooood
Oo0o0O0OOono
Ooo0oooan
(5 o

medoid,

oooooao
oooooan
oooooan
EEEEEME

OO0O0O0O0OO
DN EEEME
OoOoooono
oooooao

medoid;

[Zhou & Zhang, NIPS'06] http://cs.nju.edu.cn/zhouzh/
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Again, Why MIML? it flamda e edoen

MIMLBoost (an illustration of Solution 1)

Category-wise

MIBoostin
y decomposition

@

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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Scene classification: Result Laaring And Ming from Outh

http://lamda.nju.edu.cn

Tahle 3

Results {meantstd.) on scene classification (| indicates ‘the smaller the better’; |’
indicates ‘the larger the better’)

. Evalnation Criteria
Compared

Algorithms hloss¥ one-error ¥ covera ;e \ rloss ¥ AVEPTEC 1
MimvLBoosT A192+.004 .3494+.016  .986+.041 .179+.008 .T78+L.009
MIMLSVM 904,009 350+£.020  1.0834+£.050 201001 7664013
ApTBoosT.MH  .2104£.006 436+£.019  1.2234.049 N/A T184+.012
RANKSVM 2194020 4004+£.062 11774160 2254041 739+.040
ML-ENN A01+.006  AT04+£.017 0 1.0854+.047  2034£.010  TROL.010
The MIML algorithms are apparently superior to

non-MIML algorithms

[Zhou et al, CORR abs/0808.3231] http://cs.nju.edu.cn/zhouzh/
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Learning And Mining from DatA

Text categorization: Result http://lamda.nju.cdu.cn

Table 4
Results (mean-+tstd.) on text categorization (|  indicates ‘the smaller the better’; |’
indicates ‘the larger the better’)

. Evalnation Criteria
Compared

Algorithms hloss ¥ one-error ¥ COVET(LGE \ rloss ¥ QUEPr e T
MimLBoosT 0544004 002+.013 4014+.035  .037+.004  .9371.007
MIMLSVM .0344+.003 .071+.009 .315+£.029 .0244+.003 .955+4.006
ApTBoosT.MH  .055+£.004 A204£.016 4094046 N/A 9254010
RANKSVM 0934007 206055 6394+.161  0TS£.027 867037
ML-kNN D67 +.005 A91£.017  .6834+.052 0854008 8T1+.010

The MIML algorithms are apparently superior to

non-MIML algorithms

[Zhou et al, CORR abs/0808.3231] http://cs.nju.edu.cn/zhouzh/
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Learning And Mining from DatA

Some theoretical results bettn:) lamda fft.edu o

Theorem 3 Suppose the [ labels are independent to each other and the condi-
tions for the multi-instance learning algorithm in Theorem 2 are met, let dg_ =

max{dg,,--- ,dp,}. the following bound holds for all § > 0

A4 1+8 7, —1 1-6. L
error(fam) < ( n(n ) )2

-1 )
+o( jﬁ (dgm lﬂg‘;(;n/daw} log(l /5))%)_

Roughly speaking, if the labels are independent, the difficulty
of MIML is no larger than traditional multi-instance learning,
and we can bound the error according to the above

http://cs.nju.edu.cn/zhouzh/
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Learning And Mining from DatA

Some theoretical results (con't) htto:) flamda ditLedu.cn

Theorem 4 Suppose the [ labels satisfy above correlation assumption and the
conditions for the multi-instance learning algorithm in Theorem 2 are met, let

dg,.. =max{dg,,---,dg}, the following bound holds for all > 0

I
2

4.nl—|—5' (_n _ 1) 1—9)

1 g
£ (S 1Cle, — [Culer )

error(fu) < (

(2?’1 o 1}2 " r=1 “g#r
1 (dg,, log*(m/dg,,, E
+O(\/ﬁ( Bm;u Ggg(;n/ Bma:x) _|_ l':lg(]_/g)) )

If the labels are correlated, the situation is much difficult; however,
it can still be learnable. If the labels can be divided into different
groups, where labels in the same group are positively correlated
while labels in different groups are negatively correlated, the error
can be bounded as above

http://cs.nju.edu.cn/zhouzh/
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D-MIMLSVM https//lamda.nju.edu.cn

Solving MIML directly in regularization framework

The loss function

V({Xi};'iln {Y;}Zlv f)

m T m T
1 A
= = D (U= waf (X)) + 2 D0 UK. max fi(xi)))
i=1 t=1 i=1 t=1 C
tl\* | a l
X; v, (X)) f({xi;})
{xi;}
Ooooooog A A A
cssess 4l | :
ODOoOOoOO A A A

a bag containing the
j-th instance

[Zhou et al., AIJ 2012] http://cs.nju.edu.cn/zhouzh/
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D-MIMLSVM (con’t) bt lamda i ednce
The labels associated with the same example should

have some relatedness

Assume the w; s come from a particular Gaussian
distribution, with the mean wy :

1 T
filx) = (wy, ¢(x)) Wy :%wa
t=1

We want to minimize Y |Jw||* and |Jwsl|/* simultaneously,
and thus we have: !

tlft

min — Z | fell, + ml

feH

3+ -V {2 AYL )

[Zhou et al., AIJ 2012] http://cs.nju.edu.cn/zhouzh/
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D-MIMLSVM (con't) b flamdachfs cdaen
Assume the bags and instances are ordered as:
(.J{l.' X, 11, s Llngy " s @m1, " -mm_.,-n-m)
Thus each object (bags or instances) can be indexed by:

I(X;) =i

i—1
L(xi;) =m+ 2 n+J
\ =1

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

fe(Xi) = ;vz YO T by Je(@xij) = k:{{,ri oy + by

[Zhou et al., AIJ 2012] http://cs.nju.edu.cn/zhouzh/
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eamnin Mining from DatA
D-MIMLSVM (Con’t) ll-lt:p:i/;::ldlda.n?u.edu.cn
min ii Ko+ rAKAL+ g1+ 125
Agob 2T = T mT mT
S.T. y-it(_kj'[{}(i}at + b)) > 1 — &
£>0.
k%(;nij]at — é-it E k_%{Xi}af
z:f _ N o zlf ‘.
Rzoe) @ = aX Kz, @ < die
where & = [£11, &9, -+ &y oo+ L &l are slack variables for the errors on the train-
ing bags for each label, § = [011,019,++ .03, -+, 0pr)’, and 0 and 1 are all-zero
and all-one vector, respectively. A = [ay. @, -+, cp] and b= [by. by, --- . bp]’.

This can be solved by CCCP (concave-convex procedure),
and the efficiency can be further improved by adopting a
cutting-plane algorithm

[Zhou et al., AIJ 2012] http://cs.nju.edu.cn/zhouzh/



D-MIMLSVM (con't)

LAVIDA

Learning And Mining from DatA
http://lamda.nju.edu.cn

0.30 050, L8, 01D,
-@-MIMLSVM —@-MIMLSVM —@-MIMLSVM -8 -MIMLSVM
——DMIMLEVM i —o—DMIMLSVM| —=—DMIMLSVM e ’i —e—DMIMLSVM '}
| : ==
" . L
% 06 = 045 ., m w L
k- B @14 2
: ! £ 4
= - 2o ™
= o :
T 0.2 2 | - = |
(1]
0.18 — 015 — L% — I8! —
JLi) 2% K 0% 50%: 10%: b 0% 0% 10 0% % % 50%: 10%: % 30% 0%
Percentage of multi-labed bags Percentage of multi-label hags Percentage of multi-labed bags Percentage of multi-label bags
034, 0.1 [ 112
- @-MIMLEVM - &-MIMLEVM —@-MIMLEVM
—a—DMIMLEVM —a—DMIMLEVM —a—DMIMLEVM
[ EH - .50 o —}
ok = 0E i_ = %.-‘
& x aer” - e
= nanf I Y g ol y = g FT
1 pdoge o T
=< 028 - | ne0p
-I- ] E__}__Q___.—é—-__é =
=g
0.26| .35
[k} - - 0.3 - - .30 - -
1 2% 0% W 50 1 2% 0% W 50 1 2% 0% W 5%

Percentage of mubti-label bags Percentage of mubi-label bags

(e) 1— average precision

(f) 1— average recall

Percentage of mubti-label bags

(g) 1— average F'1

Fig. 7. Results on scene classification with different percentage of multi-label data. The

lower the curve, the better the performance.

D-MIMLSVM is apparently superior to MIMLSVM

[Zhou et al, CORR abs/0808.3231]

http://cs.nju.edu.cn/zhouzh/
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Learning And Mining from DatA
http://lamda.nju.edu.cn

An maximum margin MIML method

The key: How to define the margin of MIML examples

Margin on the whole data:

1
A = min A; = min
1<i<m 1<t<T ||Wt||

[Zhang & Zhou, ICDM’08]

http://cs.nju.edu.cn/zhouzh/
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M3MIML (con't) ool gt

T
max [[wi|P < 37wl max((we,x) +b) >

1<t<T x€X; n;

Thus, the maximum margin problem can be approximated
by:

Wr{}m@§Z|lwt||2 +OT (Y Gt D Z%)

yit=1 yir £l 7=1

subject to: Vi € {1,--- ,m},t € {1,--- . T}, such that
{ijluwt:xij)"i_bt) > 1 . fit lf yit _ 1

ng

<Wta > by > 1 — Qz'tj(l <7< nz) ify; # 1
it > Oagitj > 0(1 << ni)

[Zhang & Zhou, ICDM'08] http://cs.nju.edu.cn/zhouzh/
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MIML distance metric learning hettn:  fiamda St educa

oooooo
oooooo
oooooo
oooooo

u]
o
o
o
o
o

> >

dd <
o
o
o
o
o
o

Each class is assumed to
Dooooo s o have K centers (sub-classes),
oooooo .
oooooo and the corresponding
instances comprise a bag

oooooo

> >

A set of MIML examples

class centers

[Jin et al., CVPR'09] http://cs.nju.edu.cn/zhouzh/
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Learning And Mining from DatA

MIML distance metric learning (con’t) http:) flamda o educn

v To minimize the distances between each bag and its
classes

v To maximize the distances between classes

> >

\

minimize

/

minimize
A /
I o o o
OOOOOO

OoOooooao
OoOooooao

oOooooao
Ooooooao
oOooooao
OoOoOoooao

maximize

[Jin et al., CVPR'09] http://cs.nju.edu.cn/zhouzh/
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Learning And Mining from DatA

MIML distance metric learning (con’t) http:) flamda o educn

Distance between two bags X, and X; :

D(X;, X;) = min xf — 1‘3@
) 1<k<n,; , 1<I<n;

Distance between a bag X, and a class ¢; :

d(Xi,c;) = D(X;, Z5) 19355{15@'% zj@

Distance between two classes:
D(Z: Z:) = min |zF — 2|2
(Z:.2) = | min_|=f — iy
A is the metric to be learned:

To minimize the distance between each bag and its classes,
and maximize the distances between classes

[Jin et al., CVPR'09] http://cs.nju.edu.cn/zhouzh/
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Learning And Mining from DatA

MIML distance metric learning (con’t) http:) flamda o educn

Objective function:|  min i 2 v DX Z)
] tr(A)=r.A>0.Z . i D(Zi, Z;)(1 —0(i, j))

A=Y"_ww!  wlw; = §(i,7)

which can be re-written as:

L 2?:1 Z;ﬂ 231 l 1 éz)‘xf Zé@x
min — — G
aetiling S s S, P

1‘2
3 groups of variables "~ ! X =l 7iA
S. t. Q(”)ER JQ(”)l—lzj—l )

pld) ¢ REXE pliiy —=1.4,j=1,..., K

p(:J) : Distance indicator between two bags X, and ¢;

() (4J): Distance indicator between two bags ¢; and ¢;

A solution: Iteratively, solving one by fixing two

[Jin et al., CVPR'09] http://cs.nju.edu.cn/zhouzh/
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Learning And Mining from DatA

M O re - http://lamda.nju.edu.cn

MIML based on Hidden Conditional Random Fields (HCRFs)
e MLMIL [Zha et al., CVPR'08]

MIML based on Dirichlet-Bernoulli Alignment
e DBA [Yang et al., NIPS'09]

MIML based on assuming each instance with one label:
e SISIL-MIML  [Nguyen, ICDM'10]

When there is no access to raw objects:
e INSDIF [Zhang & Zhou, AAAI'07]

To help the learning of complicated high-level concepts:
e SUBCOD [Zhou et al., AIJ 2012]

http://cs.nju.edu.cn/zhouzh/
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Drosophila gene expression pattern S o e

http://lamda.nju.edu.cn

Drosophila, or fruit fly, is a
model organism widely studied Gene _RhOGA‘PnE expressed
in developmental biology SEGEE 728
|\ | ,,,;‘:d\ .
P\ | ‘

Gene expression pattern by RNA in situ hybridization during
Drosophila embryogenesis

d-@Pp-SF - g -t - WP

stage (1-3) stage (4-6) stage (7-8) stage (9-10) stage (11-12) stage (13-16)

http://cs.nju.edu.cn/zhouzh/
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The BDGP project bt e

The Berkeley Drosophila Genome Project (BDGP) produced
a large amount of spatial-temporal gene expression images

A T—— . brain primordium
stagel1-12 g P > . ventral nerve cord primordium

visceral muscle primordium \

==

anatomical and
developmental ontology
terms manually labeled

by human curators

-
e

embrvonic/larval visceral muscle

embrvonic/larval muscle system /
ventral nerve cord

embrvonic brain

stagel3-16

-
N

o embryonic/larval somatic muscle

i v

Gene: Actn

http://cs.nju.edu.cn/zhouzh/
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Learning And Mining from DatA

Difficulty for automatic annotation httoe//iamdasftsedwen

rentral nerve cord primordium

\ visceral muscle primordium
brain primordium
*’ S 3 visceral muscle primordium
o " ventral nerve cord primordium
omatic muscle
é’ ceral muscle

stagel3-16 embrvonic/larval muscle system

ventral nerve cord

http://cs.nju.edu.cn/zhouzh/
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Learning And Mining from DatA

Difficulty for automatic annotation httoe//iamdasftsedwen

brain primordium
visceral muscle primordium
ventrall nerve cord primordium

We do not know
which term is
associated with
which region in
the images !!

~ —
‘} -

| ventral nerve cord primordium I

http://cs.nju.edu.cn/zhouzh/
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Learning And Mining from DatA

Generality of the problem http//lamda.nju.cdu.cn

A good solution to the Drosophila gene expression pattern
annotation task will also benefit other bio-problems

e.g., Protein functional prediction
v'  many conformations, varying functions

v lack knowledge of which conformation is
responsible for a specific function

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



Previous solutions

v BESTi Algorithm

- use images from literawyres

- use binary feature vector
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[Kumar et al., Genetics02]

v 2D Wavelet featL

- use BDGP images

v Multi-kernel leary

- use BDGP images
- use multi-pyramic
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Previous solutions i
v BESTi Algorithm [Kumar et al., Genetics02]

- use images from literatures
- use binary feature vector

v 2D Wavelet features, LDA classifier

- use BDG%‘ ‘ _

2

v Multi-kernel lea

- use BDGP image]
- use multi-pyram

http://cs.nju.edu.cn/zhouzh/
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Previous solutions httms Hammda 5 e

v BESTI T T . \et al., Genetics02]

- use i ' : S

- use II ﬁ K K, |~ K,

= e o
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v 2D Wi b e Sax

- use | ' % Bioinformatics07]
v Multi-kernel learning with hypergraph

- use BDGP images [Ji etal., Bioinformatics08]
- use multi-pyramid match kernel and hypergraph learning

http://cs.nju.edu.cn/zhouzh/
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Formulated as an MIML problem http:) famda S eduen
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| ventral nerve cord primordium I

object

[Li et al., IJCAI'09]
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Formulated as an MIML problem http:) flamda o educn
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Formulated as an MIML problem
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Formulated as an MIML problem (con’t)
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ventral nerve cord primordium

labels

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




LAVIDA

Learning And Mining from DatA

O U tl i n e http://lamda.nju.edu.cn

O MIML: A New Learning Framework
—  Why MIML?
— Advances of MIML

O A Real Application
— The problem
— Solution and results

http://cs.nju.edu.cn/zhouzh/
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The MIMLSVM+ algorithm o

For each labelv €Y, let o(X;,y)=+1if Y€Y, and
-1 otherwise

e l 12 “_f—|— . f— ¢
113%1% 3 [[wl” +C D o (Xoy)=1 & HC Z@{Xi.yj:_l &
L)W o(X)Ab) 21—,
i (3 — 1?2?...?.?1_)

subject to:
¢
N1

We set C+ > C- to make the classifier
biased toward positive class

[Li et al., IJCAI'09] http://cs.nju.edu.cn/zhouzh/
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The MIMLSVM+ algorithm e
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For each labelv €Y, let o(X;,y)=+1if Y€Y, and
-1 otherwise

S l 12 “t4 . " — ¢
min gl + O Epix 64 O Epx=a &
O(Xi)|+b) =1 =&

!

subject to: (X, y)(w

This involves a kernel function mapping a bag of
instances into kernel space. We simply use the set

kernel: Kspr(X,X') =300, 371, K(vi, ;)

[Li et al., IJCAI'09] http://cs.nju.edu.cn/zhouzh/



Features used to describe instances
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v' visual features of gene expression of patches

v spatial information of patches

X =055 = X0 X

11

visual
features

spatial
information

= €

—yillero—aro |2 =2 llwer — e |12
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Experimental configuration hitps/lamda.nju.edmcn

Dataset

2,816 bags, 2,052,722 instances (15,434 x 133), 119 labels
(2,816 image groups, 15,434 images, 133 instances per image, 119 terms)

Feature SIFT on dense regular patches
Center coordinates of patches

sift & coordinates

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

Extended from traditional measures

v" Macro-F1 the larger, the better

v' Micro-F1 the larger, the better

v" AUC (Area under ROC curve) the larger, the better

Multi-Label measures

v'  Average precision the larger, the better
One-error the smaller, the better
Coverage the smaller, the better
Ranking loss  the smaller, the better

XN X X

Hamming loss the smaller, the better

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

v' MKL-PMK [Ji et al., Bioinformatics08]

v MIML—S\M

Al
Degenerated variani T 1. s
v MIML-SVM &: Con| it LEril [ 1
¥ s e Sox
v' MIML-SVM , : Use '-

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



Experimental results

50% train 50% test, 30 runs with random partitions

LAVIDA

Learning And Mining from DatA
http://lamda.nju.edu.cn

#terms | # groups Algorithms macro-F1 T micro-F1 7 AUC T Ave. Precision T one-error | coverage | Rankloss |  Hammloss |

r MIMLSVM T 0.643+0.011 0.689+0.007 0.883+£0.004  0.779L0.005  0.2720.008  2.994+0.056  0.150£0.006  0.15010.004

MIMLSVMg,, | 0.627£0.010 0.676x0.006 0.86910.004 0.773£0.005 02770011  3.073£0.048  0.1571£0.004 0.1560.003

101 2228 FMIMLSVM], | 061940011 0.667+£0.007 0.863£0.004 07640005 02910009 3.139£0.044  0.164£0.004 0.160+0.003

MEKL-PMK 0.58410.009 0.621+0.009 0.825+0006 072240007 03430011 3483£0.072  0.198+0.006 0.19610.006

# terms #grmps Algorithms macro-F1 T micro-FI | AUCT Ave. Precision T one-grror | coverage | Rankloss |  Hammloss |

MIMLSVM ™ 0.468+0.015 0.587+0.007 0.8621+0.003  0.673£0.008  0.357+0.011  6.189+0.117  0.152+0.005 0.1140.002

| MIMLSVMZ, | 045410012 057410.008 0.84510.003 066020009 0364x0013  6481£0.119  0.163+0.005 0.11810.003

00| 2p | MIMLSVM{ | 044520012 0566+£0.006 0.840+0004  0.651£0008 037740011  660940.114  0.169+0.004 0.119£0.002

MKL-PMK 0.410+0.007 0.506+0.006 0.771£0.006 0.580+£0.007 0445+0.009 8.0824+0.122 0.230+0.005 0.14440.003

# terrgs #gm{ps Algorithms macro-F1 T micro-F1 | AUCT Ave. Precision T one-error | coverage | Rankloss |  Hammloss |

.| MIMLSVM™* 0.368£0.012 0.541£0.007 0.850£0.003  0.623£0.007  0.377£0.010  9.406£0.173  0.15320.003  0.087+0.002

MIMLSVMZ,, | 035420001 052710006 082910004 060510007  0388£0010  9.964£0.195  0.16610.004 0.09010.002

0P| 2046 [ MIMLSVM] | 034040012 051720007 0.822£0.004 0.596£0.007 03990010 10.183£0.189 01710004 0.091+0.002

MKL-PMK 0.310+£0.008 0.455+£0.008 0.741£0.007 051120008  0488+0.011 13.010£0.2413 0.243+0.006 0.142+0.003
MIMLSVM+ achieves the best performance on

ALL cases and ALL evaluation measures

[Li et al., IJCAI'09]

http://cs.nju.edu.cn/zhouzh/
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Experimental results (con’t) hitps/lamda.nju.edmcn

Since MIMLSVM could not work on the previous large data sets,
we extract a smaller data set via random sampling

167 bags, 57,323 instances (431 x 133), 10 labels
(167 image groups, 431 images, 133 inst per image, 10 terms)

20 runs with random splits of training/test sets

AUCT  Ave. Precision T one-grror | coverage | Rankloss |  Hammloss |

MIMLSVM™ | 0460£0.041 0.606£0.026 080740191 073340019 031140034 350840262  0.186+£0.015 0.171+0.019

10 167 IA[MLSVM;V 042420049 0569£0.033 077420017 071020027 03540047  3.667£0.199  0.204£0.016 0.191£0.015
IA[MLSVM 0.17620.047 036720054 0.629£0.041 0392120028 046820060 479210300  0.318£0.029 0.2411£0.097

\—) MIMLSVM+ achieves the best performance
on ALL evaluation measures

¥ terms | # groups Algorithms macro-F1 T micro-FI |

[Li et al., IJCAI'09] http://cs.nju.edu.cn/zhouzh/



Experimental results (con’t)
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The comparison under different number of labels (annotation terms)
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Among 1,438 test image groups, 427 cases are found
whose top-predicted terms are not exactly the BDGP
annotation terms

this may owe to mistakes of our approach, or human
annotators

So, we pick a small number of such cases to invite
human domain expert to carefully re-examine the
annotations

[Li et al., ACM/IEEE TCBB 2012] http://cs.nju.edu.cn/zhouzh/
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Further examination (con’t) bttps] fammdaiedusen
Genes Images BDGP terms Predicted terms
: “ 4 embryonic midgut embryonic midgut
— embryonic Malpighian tubule embryonic Malpighian mubule
- R L
. embryonic hindgut embryonic hindgut
embryonic anal pad embryonic anal pad
embryonic/larval my system embryo[ . -
= : ‘ > Missed by our
dorsal prothoracie pharyngeal muscle
approach
- ) M =
- I
ssed by <—Glbrvonic ming
n human experts ——
» el . embryonic anal pad
cad . embryonic Malpighian tubule embryonic Malpighian tbule
embrvonic hindgut embryonic hindgut

A very practical value of our technique is to help
human experts to “double-check” during the
expensive manual annotation process

[Li et al., ACM/IEEE TCBB 2012] http://cs.nju.edu.cn/zhouzh/
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MIMLBoost & MIMLSVM

v Z.-H. Zhou, M.-L. Zhang. Multi-instance multi-label learning with
application to scene classification. In: Advances in Neural Information
Processing Systems 19 (NIPS'06), Cambridge, MA: MIT Press, 2007,
pp.1609-1616.

INSDIF

v M.-L. Zhang, Z.-H. Zhou. Multi-label learning by instance differentiation.
In: Proceedings of the 22nd AAAI Conference on Artificial Intelligence
(AAAI'07), Vancouver, Canada, 2007, pp.669-674.

M3MIML

v M.-L. Zhang, Z.-H. Zhou. M3MIML: A maximum margin method for
multi-instance multi-label learning. In: Proceedings of the 8th IEEE
International Conference on Data Mining (ICDM'08), Pisa, Italy, 2008,
pp.688-697.

Code: http://lamda.nju.edu.cn/code M3MIML.ashx

http://cs.nju.edu.cn/zhouzh/
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MIML Distance Metric Learning

v' S, Wang, R. Jin, Z.-H. Zhou. Learn a distance metric from multi-instance
multi-label data. In: Proceedings of the ITEEE Computer Society
Conference on Computer Vision and Pattern Recognition (CVPR'09), Miami,
FL, 2009, pp.896-902.

MIML Ensemble for Video Annotation

v X.-S. Xu, X. Xue, Z.-H. Zhou. Ensemble multi-instance multi-label learning
approach for video annotation task. In: Proceedings of the 19th ACM
International Conference on Multimedia (MM'11), Scottsdale, AZ, 2011.

MIML for Drosophila

v Y.-X. Li, S. Ji, J. Ye, S. Kumar, Z.-H. Zhou. Drosophila gene expression
pattern annotation through multi-instance multi-label learning. IEEE/ACM
Trans. Computational Biology and Bioinformatics, 2012, 9(1): 98-112.
(early version at IJCAI'09)

Code: http://lamda.nju.edu.cn/code MIMLdros.ashx

http://cs.nju.edu.cn/zhouzh/
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Full Description of MIML:

v Z.-H. Zhou, M.-L. Zhang, S.-]J. Huang, and Y.-F. Li. Multi-
instance multi-label learning. Artificial Intelligence, 2012,
176(1): 2291-2320.

Code: http://lamda.nju.edu.cn/code MIML.ashx
Data-1: http://lamda.nju.edu.cn/data MIMLimage.ashx
Data-2: http://lamda.nju.edu.cn/data MIMLtext.ashx

Thanks |
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