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Multiple Instance Learning

• original motivation of MIL (drug activity prediction)

a certain kind of drug 

molecule, which can adopt 

a number of shapes

a shape that binds well to 

the target protein (active)

a shape that doesn‟t

In wet-lab experiments, the molecule would be observed active.

Wet-lab experiments cost a lot time and $ !!

With MIL, we predict (with mild confidence) activity of molecules in a dry-lab.

MIL saves $ for biologist and makes $ for computer scientists 



Multiple Instance Learning

 bags of instances

 instances labeled as positive or negative

 positive bag                at least one positive instance

Positive PositiveNegative



Multiple Instance Learning

Positive PositiveNegative

 The learner cannot see the labels of the instances

 The learner is required to predict labels for previous unseen bags.
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different applications of MIL

• drug activity prediction

a certain kind of drug 

molecule, which can adopt 

a number of shapes

a shape that binds well to 

the target protein (active)

a shape that doesn‟t

A positive instance is a definite evidence for a positive bag.

We need just one positive instance for labeling a bag as positive.



different applications of MIL

• document classification

document as a bag of words / 

phrases / sentences / paragraphs

For labeling the document as 

“economics”, we have two positive 

instances here.

Positive instance are strong evidences 

for a positive bag.

We may need several positive 

instance for labeling a positive bag.



different applications of MIL

• image classification

local image features
image as a bag of 

local observations

Image features are low-level representations, 

They serve as weak evidences for labeling a bag.

We need many positive instances for labeling a positive bag.

image courtesy of 

Li Fei-Fei et al



Introduction

• Multiple Instance Learning in different application domains
– drug activity prediction:    bags: molecules,   instances: shapes

– image classification:        bags: images,        instances: local features

– document classification:  bags: documents,  instances: terms, sentences

„+‟ instance are strong

evidences for „+‟ bags

drug activity prediction

Few „+‟ instances can 

determine a „+‟ bag.

document classification image classification

„+‟ instance are weak

evidences for „+‟ bags

Many „+‟ instances can 

determine a „+‟ bag.
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generalized MIL

„+‟ instance are strong

evidences for „+‟ bags

drug activity prediction

Few „+‟ instances can 

determine a „+‟ bag.

document classification image classification

„+‟ instance are weak

evidences for „+‟ bags

Many „+‟ instances can 

determine a „+‟ bag.

traditional multiple instance learning

generalized multiple instance learning



generalized MIL

• MIL

– The learner is presented with bags of instances, with 

labels (+/-) on bags, and required to predict labels on 

new bags.

– A bag is „+‟ iff at least one of its instance is „+‟.

• Generalized MIL

– …

– A bag is „+‟ iff more than s% of its instance is „+‟.

– s% is different and unknown for different applications.



generalized MIL

• Generalized MIL

– …

– A bag is „+‟ iff more than s% of its instance is „+‟.

– s% is different and unknown for different applications.

„+‟ instance are strong

evidences for „+‟ bags

drug activity prediction

Few „+‟ instances can 

determine a „+‟ bag.

document classification image classification

„+‟ instance are weak

evidences for „+‟ bags

Many „+‟ instances can 

determine a „+‟ bag.

approximates this 

degree of freedom



generalized MIL

• major challenges arisen from such a setting:

– The underlying parameter s% varies across different 

datasets (application domains).

– s% is unknown to the learner.

– How can the learner, who is presented only with 

labeled bags, discover the underlying difference in 

s% across different datasets (application domains). 

– How can the learner automatically adapt itself to 

these different s% ?
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the ppmm kernels

fit a mixture model 

to all instances

represent each instance 

as the posteriors

represent each bag as 

“aggregate posteriors”



the ppmm kernels

• Consider the mapping

p = 0.2 p = 0.5 p = 2 p = 5

enhance minor patterns

0 < p < 1 p = 1 p > 1

attenuate minor patterns



the ppmm kernels

„+‟ instance are strong

evidences for „+‟ bags

Few „+‟ instances can 

determine a „+‟ bag.

„+‟ instance are weak

evidences for „+‟ bags

Many „+‟ instances can 

determine a „+‟ bag.

p = 0.2 p = 0.5 p = 2 p = 5

drug activity prediction document classification image classification

Minor patterns should be 

enhanced when comparing bags.

Minor patterns should be 

attenuated when comparing bags.



the ppmm kernels

• To validate our approach, we generate 3 synthetic datasets as follows:

GMM instances bags
labeled 

bags

sampling allocating labeling

random 

initialization

Instances from certain mixture components are labeled as „+‟.

Bags with more than s% „+‟ instances are labeled as „+‟.

Setting s%  =   “at least one”,      20%,      50%   yields MIL dataset 1, 2, 3.

The learner only sees bag labels and instances (without label).

We keep 50%-50% +/- bags for all datasets, which makes them appear undistinguishable.



the ppmm kernels

s% = “at least one”

s% = 20%

s% = 50%

The kernel alignment with 

ideal kernel assumes 

maximum at different p for 

different datasets. 

The learner revealed the 

underlying difference 

among these 3 datasets, 

which “appear” to be 

undistinguishable.



the ppmm kernels

• comparison with state-of-the-art MIL techniques



Thanks!


