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A typical machine learning process

decision trees, neural networks, 

 support vector machines, etc.

trained
model

training
data

Name Rank Years Tenured
Mike Assistant Prof 3 no
Mary Assistant Prof 7 yes
Bill Professor 2 yes
Jim Associate Prof 7 yes
Dave Assistant Prof 6 no
Anne Associate Prof 3 no

label
training

? = yes
unseen data

(Jeff, Professor, 7, ?)
label 

 unknown

Using a learning algorithm
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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

Traditional Machine Learning Setting

The task: 
To learn a function                  from a given 
data set 
where             is an instance and            is 
the known label of 

X

 
-

 
the instance space

Y

 
-

 
the set of class labels
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Elephant ?           Lion ?           Grassland?                Elephant ?           Lion ?           Grassland?                
 Tropic ?               Africa ?           Tropic ?               Africa ?           …… ……
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Scientific novel
Jules Verne’s writing
Book on traveling
……
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X

 
-

 
the instance space

Y

 
-

 
the set of class labels

li -
 

the number of labels in Yi

MLL task: 
To learn a function                       from      
a given data set        

, where           is an instance
and            is a set of labels              

,                                   .
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Decomposing the task into multiple binary classification 
problems each for a class

MLSVM [Boutell et al., PR04]
. . .   . . .

Considering the ranking among labels
BoosTexter [Schapire & Singer, MLJ00]
BP-MLL [Zhang & Zhou, TKDE06]
RankSVM [Elisseeff & Weston, NIPS’01]
. . .  . . .

Exploring the class correlation
Probabilistic generative models [McCallum, AAAI’99w; Ueda & Saito, 
NIPS’02]
Maximum entropy methods [Ghamrawi & McCallum, CIKM’05; Zhu et al., 
SIGIR’05] 
. . .  . . .

Multi-Label Learning Algorithms
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[x1 , x2 , …, xd ]T

ElephantElephant

LionLion

GrasslandGrassland

TropicTropic

AfricaAfrica

one-to-many
mapping

The Problem
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The image can 
simultaneously belong 
to multiple

 
classes

An image usually contains multiple
 regions each can be represented by 

an instance

Elephant
Lion
Grassland
Tropic
Africa
……

Consider …
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The document can 
simultaneously belong 
to multiple

 
categories

A document usually contains multiple
 sections each can be represented by 

an instance

Scientific novel
Jules Verne’s writing
Book on traveling
……

Consider …
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Multi-Instance Multi-Label (MIML) Learning
多示例多标记学习

[Z.-H. Zhou & M.-L. Zhang, NIPS’06] 
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MIML captures more information of ambiguous data

Appropriate representation is important

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

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

Multi-instance learning Multi-instance multi-label learning

[Z.-H. Zhou & M.-L. Zhang, NIPS’06] 
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To learn an one-to-many mapping is an ill-posed problem

object

label

label

label

label

… …

… …

… …

instance

instance

instance

different 
aspects

Why there are multiple labels?

label

label

label

label

many-to-many mapping seems better; and moreover, MIML also 
offers a possibility for understanding the relationship between 
instances and labels
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MIML can also be helpful for learning single-label examples 
involving complicated high-level concepts
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MIML can also be helpful for learning single-label examples 
involving complicated high-level concepts

MIML 
task
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X

 
-

 
the instance space

Y

 
-

 
the set of class labels

ni -
 

the number of instances in Xi

li -
 

the number of labels in Yi

MIML task: 
To learn a function                             
from a given data set        

, where            is a set of 
instances                             , 

, and            is a set of
labels                            ,

.

Multi-Instance Multi-Label Learning

MIML:MIML:
多示例多标记学习多示例多标记学习
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SISL

MIL

MLL

MIML

unambiguous ambiguous

MIMLBoost
 

(an illustration of Solution 1)

MIBoosting

Representation 
Transformation

MLSVM

MIMLSVM (an illustration of Solution 2)

Category-wise 
decomposition

MIMLBoost
 

& MIMLSVM
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[Z.-H. Zhou & M.-L. Zhang, NIPS’06] 
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Illustration of the category-wise decomposition:

MIMLBoost

Xu Yuinstance1

instance2

. . .  . . .

feature1 feature2

. . .  . . .

label1
label2
label3

An MIML example (Xu , Yu )

Label set Y
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(con’t)

Xu Yu

yes

yes

yes

no

|Y| number of MISL examples
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[Z.-H. Zhou & M.-L. Zhang, NIPS’06] 
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Illustration of the representation transformation:

. . .  . . .

A set of MIML examples
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. . .  . . .

. . .  . . .

. . .  . . .

. . .  . . .

. . .  . . .
. . .  . . .. . .  . . .

. . .  . . .
After k-medoids

 
clustering

d1
d2

d3

d1 d2 d3

An SIML example

medoid1
medoid2

medoid3
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−
 

The MIML framework incorporates more information (+)

−
 

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

If (+)
 

> (-), then it is worth doing

Again, Why MIML?
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↓ ↑↓ ↓ ↓

Scene Classification: Result

[Z.-H. Zhou et al, CORR abs/0808.3231] 

The MIML algorithms are apparently superior to 
non-MIML algorithms
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↓ ↑↓ ↓ ↓

Text Categorization: Result

[Z.-H. Zhou et al, CORR abs/0808.3231] 

The MIML algorithms are apparently superior to 
non-MIML algorithms 
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Solving MIML problems by degeneration:
• MIMLBoost
• MIMLSVM

[Z.-H. Zhou & M.-L. Zhang, NIPS’06] 

[Z.-H. Zhou & M.-L. Zhang, NIPS’06] 

Solving MIML problems by regularization:
• D‐MIMLSVM [Z.-H. Zhou et al., CORR abs/0808.3231] 

Large margin MIML algorithm:
• M3MIML [M.-L. Zhang & Z.-H. Zhou, ICDM’08] 
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The usefulness of MIML when there is no access to 
raw objects:
• INSDIF

MIML to help the learning of complicated high-level 
concepts:
• SUBCOD [Z.-H. Zhou et al., CORR abs/0808.3231] 

MIML for image annotation [Z.-J. Zha
 

et al., CVPR’08] 

[M.-L. Zhang & Z.-H. Zhou, AAAI’07] 

MIML metric learning [R. Jin et al., CVPR’09] 



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

http://lamda.nju.edu.cnDrosophila Gene Expression Pattern

Drosophila, or fruit fly, is a 
model organism widely studied 
in developmental biology

Gene expression pattern by RNA in situ hybridization during 
Drosophila embryogenesis

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

Gene RhoGAP71E expressed
stage: 7-8
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The Berkeley Drosophila Genome Project (BDGP)  produced 
a large amount of spatial-temporal gene expression images

Gene: Actn

anatomical and 
developmental ontology 
terms manually labeled 
by human curators 
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brain primordium
visceral muscle primordium
ventral nerve cord primordium
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We do not know 
which term is 
associated with 
which region in 
the images !!

brain primordium
visceral muscle primordium
ventral nerve cord primordium

The terms are body-part related
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e.g., Protein functional prediction

many conformations, varying functions 

Lack knowledge of which conformation is 
responsible for a specific function

A good solution to the Drosophila gene expression pattern 
annotation task will also benefit other bio-problems
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BESTi Algorithm                          [Kumar et al., Genetics02]

-
 

use images from literatures
- use binary feature vector

2D Wavelet features, LDA classifier 
-

 
use BDGP images               [J. Zhou and H. Peng, Bioinformatics07]

Multi-kernel learning with hypergraph
-

 
use BDGP images                          [S. Ji

 
et al.,  Bioinformatics08]

-
 

use multi-pyramid match kernel and hypergraph
 

learning 
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BESTi Algorithm                          [Kumar et al., Genetics02]

-
 

use images from literatures
- use binary feature vector

2D Wavelet features, LDA classifier 
-

 
use BDGP images               [J. Zhou and H. Peng, Bioinformatics07]

Multi-kernel learning with hypergraph
-

 
use BDGP images                          [S. Ji

 
et al.,  Bioinformatics08]

-
 

use multi-pyramid match kernel and hypergraph
 

learning 



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

http://lamda.nju.edu.cnPrevious Solutions

BESTi Algorithm                          [Kumar et al., Genetics02]

-
 

use images from literatures
- use binary feature vector

2D Wavelet features, LDA classifier 
-

 
use BDGP images               [J. Zhou and H. Peng, Bioinformatics07]

Multi-kernel learning with hypergraph
-

 
use BDGP images                          [S. Ji

 
et al.,  Bioinformatics08]

-
 

use multi-pyramid match kernel and hypergraph
 

learning 
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object

[Y.-X. Li et al, IJCAI’09] 
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brain primordium

visceral muscle primordium

ventral nerve cord primordiumobject

labels
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brain primordium

visceral muscle primordium

ventral nerve cord primordiumobject

labelsinstances
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brain primordium

visceral muscle primordium

ventral nerve cord primordiumobject

labelsinstances
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We set C+
 

> C‐
 

to make the classifier 
biased toward positive class

For each label             , let                              if and 
‐1 otherwise          

[Y.-X. Li et al, IJCAI’09] 
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For each label             , let                              if and 
‐1 otherwise          

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

[Y.-X. Li et al, IJCAI’09] 
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visual features of gene expression of patches
spatial information of patches

visual 
features

spatial 
information 
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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)

sift & coordinatessift & coordinates

Feature
 

SIFT on dense regular patches
Center coordinates of patches
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Extended from traditional measures
Macro-F1  
Micro-F1
AUC (Area under ROC curve)

Multi-Label measures
Average precision
One-error
Coverage
Ranking loss
Hamming loss

the larger, the better

the larger, the better

the larger, the better

the larger, the better

the smaller, the better

the smaller, the better

the smaller, the better

the smaller, the better
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MIML-SVM   : Concatenate visual and spatial informationsv
+

MIML-SVM : Use only visual featuresv
+

MIML-SVM [Z.-H. Zhou and M.-L. Zhang, NIPS’06]

MKL-PMK [S. Ji et al., Bioinformatics08]

Existing methods

Degenerated variants of MIMLSVM+
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50% train 50% test, 30 runs with random partitions

MIMLSVM+ achieves the best performance on 
ALL cases and ALL evaluation measures

[Y.-X. Li et al, IJCAI’09] 
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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

MIMLSVM+ achieves the best performance 
on ALL evaluation measures

[Y.-X. Li et al, IJCAI’09] 
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The comparison under different number of labels (annotation terms)

[Y.-X. Li et al, IJCAI’09] 



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

http://lamda.nju.edu.cnMIML Papers

Y.-X. Li, S. Ji, J. Ye, S. Kumar, and Z.-H. Zhou. Drosophila gene expression 
pattern annotation through multi-instance multi-label learning. IJCAI'09

S. Wang, R. Jin, and Z.-H. Zhou. Learn a distance metric from multi-
instance multi-label data. CVPR'09

M.-L. Zhang and Z.-H. Zhou. M3MIML: A maximum margin method for 
multi-instance multi-label learning. ICDM’08

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

M.-L. Zhang, Z.-H. Zhou. Multi-label learning by instance differentiation. 
AAAI’07, pp.669-674

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

 
MIMLBoost

 
& MIMLSVM: 

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

•
 

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

•
 

M3MIML:
http://cs.nju.edu.cn/zhouzh/zhouzh.files/publication/annex/M3MIML.htm

Data:
•

 

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

•
 

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

Thanks!

http://cs.nju.edu.cn/zhouzh/zhouzh.files/publication/annex/MIMLBoost&MIMLSVM.htm
http://cs.nju.edu.cn/zhouzh/zhouzh.files/publication/annex/MIMLBoost&MIMLSVM.htm
http://cs.nju.edu.cn/zhouzh/zhouzh.files/publication/annex/InsDif.htm
http://cs.nju.edu.cn/zhouzh/zhouzh.files/publication/annex/M3MIML.htm
http://cs.nju.edu.cn/zhouzh/zhouzh.files/publication/annex/miml-image-data.htm
http://cs.nju.edu.cn/zhouzh/zhouzh.files/publication/annex/miml-text-data.htm
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