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The problem of subcellular loca8on 
analysis 

Protein (Order 104 ) 

Condi8on 
(Order 102) 

Cell Type 
(Order 102) 

Plus: Time scale from subsecond to 
years  2 



Automated Science 
(Ac8ve Learning) 

Experimental 
Data 

Automated 
Interpreta8on 

Modeling 

Other Data 

What new data is  
needed the most? 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as well as design intelligent acquisi8on systems based on those models 

Develop a mathema8cal framework and algorithms 
to build accurate models of fluorescence microscope data sets 

Efficient Acquisi8on and Learning of 
Fluorescence Microscope Data Models 

2.  Choose acquisi8on requests 
that allow us to construct an 
accurate model in the shortest 
amount of 8me 

1.  Use  all the input from the 
microscope to model the 
data set 

2. 
Intelligent Acquisi8on 

1. 
Model Building  Model 

Model  
sa8sfactory? 

Yes 

No 

Charles Jackson & Jelena Kovacevic 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Ac8ve Learning 

Slides from Irina Rish and Barbara 
Engelhardt 



Problem Setup 

•  Unlabeled data available but labels are expensive 

•  I would like to choose which data to label 
–  to maximize the “value” of that data to my problem 

–  to minimize the “cost” of labeling 



Toy Example: threshold func8on 

x  x  x  x  x  x  x x x x 

hw(x) = 1 if x > w (0 otherwise) 

Classifier is threshold func8on: 

Naïve method: choose points to label at random on line 

Becer method: binary search for transi8on between 0 and 1 

Goal: find transi8on between 0 and 1 labels in minimum steps 

Unlabeled data: labels are all 0 then all 1 (lee to right) 



Example: Sequencing genomes 

•  What genome should be 
sequenced next? 

•  Criteria for selec8on? 
•  Op8mal species to detect 

func8onal elements across 
genomes 

•  Breadth of species 
encompassing biological 
phenomena of interest 

•  (Not the same as the most 
diverged set of species) 

•  Marsupials should be 
sequenced next 

[McAuliffe et al., 2004] 



Example: collabora8ve filtering 

•  Baseline ques8onnaires: 
–  Random: m movies randomly 
–  Most Popular Movies: m most frequently 

rated movies 
•  Most popular movies is not becer than random 

design! 
•  Popular movies rated highly by all users; do not 

discriminate tastes 

[Yu et al. 2006] 

•  Users rate only a few movies usually; ra8ngs “expensive” 

•  Which movies do you show users to best extrapolate movie 
preferences? 

•  Also known as ques0onnaire design 



Entropy Func8on 

•  A measure of informa8on in 
random event X with possible 
outcomes {x1,…,xn} 

•  Comments on entropy func8on: 
–  Entropy of an event is zero when the 

outcome is known 
–  Entropy is maximal when all outcomes 

are equally likely 
•  The average minimum yes/no 

ques8ons to answer some ques8on 
(connec8on to binary search) 

H(x) = ‐ Σi p(xi) log2 p(xi) 

[Shannon, 1948] 



Loss Func8ons 
•  A func8on L that maps an event to a real number, 

represen8ng cost or regret associated with event 
•  E.g., in regression problems, L(y, θTf(x)) maps to reals 
•  Examples: 

–  Quadra8c (least squares) loss 
–  Linear (absolute value) loss 
–  0‐1 (binary) loss 
–  Exponen8al 



Risk Func8on 
•  Risk is also known as expected loss 
•  The (frequen8st) risk func8on is explicitly expected loss 

•  Bayes risk is defined as posterior expected loss: 

•  Trade‐off: Bayes risk performs well when p(θ |x) accurate 
•  “Gain” here is chooses x to minimize expected loss 

R(Θ, X) = Σx L(θ, x) p(x|θ) 

R(Θ, X) = Σθ L(θ, x) p(θ|x) 

Loss 

X 

P(θ|x) 



What is Ac8ve Learning? 

•  Unlabeled data are readily available; labels are 
expensive 

•  Want to use adap8ve decisions to choose which 
labels to acquire for a given dataset 

•  Goal is accurate classifier with minimal cost 



Ac8ve learning warning 

•  Choice of data is only as good as the model itself 

•  Assume a linear model, then two data points are sufficient 
•  What happens when data are not linear? 



Ac8ve Learning 

•  Ac0ve learner is able to query world and receive a response 
before outputng a classifier 

•  Learner selects queries (but cannot impact response) 
•  Two general methods: 

–  Select “most uncertain” data given model and parameters 

–  Select “most informa8ve” data to op8mize expected gain 

•  Given model M with parameters θ and loss func8on L 

•  Query q with response x updates the model posterior θ’ 

L(θ’, X) = ExL(θ’) 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Ac8ve Learning Approaches 

•  Membership queries 
•  Uncertainty Sampling  

•  Query by commicee 



17 



18 



19 

Problem 

Many results in this framework, even for complicated hypothesis 
classes. 

[Baum and Lang, 1991] tried fitting a neural net to handwritten 
characters. 
Synthetic instances created were incomprehensible to humans! 

[Lewis and Gale, 1992] tried training text classifiers. 
“an artificial text created by a learning algorithm is unlikely to be a 
legitimate natural language expression, and probably would be 
uninterpretable by a human teacher.” 
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Uncertainty Sampling 
•  Query the event that the current classifier is most uncertain 

about 

•  Used trivially in SVMs, graphical models, etc. 

x x x x x x x x x x 

If uncertainty is measured in Euclidean distance: 

[Lewis & Gale, 1994] 



21 

1994 
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Score Func8on 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t Sex Age Test 
A 

Test 
B 

Test 
C 

St 

1 M 20-
30 

0 1 1 ? 

2 F 20-
30 

0 1 0 ? 

3 F 30-
40 

1 0 0 ? 

4 F 60+ 1 1 0 ? 

5 M 10-
20 

0 1 0 ? 

6 M 20-
30 

1 1 1 ? 

P(St) 

0.02 

0.01 

0.05 

0.12 

0.01 

0.96 

H(St) 

0.043 

0.024 

0.086 

0.159 

0.024 

0.073 

Uncertainty Sampling Example 

FALSE 
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t Sex Age Test 
A 

Test 
B 

Test 
C 

St 

1 M 20-
30 

0 1 1 ? 

2 F 20-
30 

0 1 0 ? 

3 F 30-
40 

1 0 0 ? 

4 F 60+ 1 1 0 ? 

5 M 10-
20 

0 1 0 ? 

6 M 20-
30 

1 1 1 ? 

P(St) 

0.01 

0.02 

0.04 

0.00 

0.06 

0.97 

H(St) 

0.024 

0.043 

0.073 

0.00 

0.112 

0.059 

Uncertainty Sampling Example 

FALSE 

TRUE 
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Uncertainty Sampling 

GOOD: couldn’t be easier 
GOOD: oeen performs precy well 

BAD:  H(St) measures informa8on gain about the 
samples, not the model 

             Sensi8ve to noisy samples 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“the expected informa8on gain    
of an unlabeled sample is  NOT     
a sufficient criterion for 
construc8ng good queries” 

If our objec8ve is to reduce    
the predic8on error, then 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1992 
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O1 

S1 

O2 

S2 

O3 

S3 

O4 

S4 

O5 

S5 

O6 

S6 

O7 

S7 

Model #1 Model #2 

FALSE! 

FALSE! 
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O1 

S1 

O2 

S2 

O3 

S3 

O4 

S4 

O5 

S5 

O6 

S6 

O7 

S7 

Model #1 Model #2 

TRUE! TRUE! 
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O1 

S1 

O2 

S2 

O3 

S3 

O4 

S4 

O5 

S5 

O6 

S6 

O7 

S7 

Model #1 Model #2 

TRUE! 
FALSE! 

Ooh, now we’re going to learn 
something for sure!   

One of them is definitely wrong. 
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The Original QBC 
Algorithm 

As each example arrives… 

1.  Choose a commicee, C, (usually of size 2) randomly 
from Version Space 

2.  Have each member of C classify it 

3.  If the commicee disagrees, select it. 


