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What is Active Learning?
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What is Active Learning?

Request for the label of another data point

Request for the label of a data point

Learning 

Algorithm
Expert / Oracle

Data 

Source

Algorithm outputs a function

. . . 

The label of that point
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How many label requests 
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Label Complexity
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Example: thresholds

+-

An Example: 1-dimensional threshold functions.
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Example: thresholds

0 1
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How many random labeled points are sufficient to 
find the threshold, to within  ? (with prob 1-)
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How many random labeled points are sufficient to 
find the threshold, to within  ? (with prob 1-)

Example: thresholds

0 1

Analysis

 

If we get a – and + both within  of z, 

any point between them is within  of z.

z
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Example: thresholds

0 1

+-- +---- + + + +- +

How many active label requests are sufficient to         
find the threshold, to within  ? (with prob 1-)

How can we use active learning to reduce the number of labels?

Take m random unlabeled data points

Repeatedly request the label of the median between closest known + and -

Take the mid-point threshold between adjacent +/- points

Classifier is the same we get from m labeled data points

But requested only log(m) labels!

Label complexity: 
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Topics We Will Cover

• Disagreement-based active learning algorithms for binary 
classification

• Active learning with and without noisy labels

• Will focus on provable results (theory)
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Formal Definitions
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Formal Definitions
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Formal Definitions
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Formal Definitions
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Important Distinctions
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Background: 
Passive learning in the realizable case



Empirical Risk Minimization
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Empirical Risk Minimization

© Steve Hanneke 17



VC Dimension
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VC Dimension
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Thresholds can shatter one point



VC Dimension
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No threshold agrees with these labels, for any two points

So d=1 for threshold classifiers



VC Dimension

• For intervals, d=2

• For unions of k intervals, d=2k

• For linear separators in k dimensions, d=k+1

• For axis-aligned rectangles in k dimensions, 
d=2k
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Label Complexity of ERM
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Disagreement-Based            
Active Learning



A Simple Strategy
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CAL
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A simple idea from Cohn, Atlas & Ladner (1994).



CAL
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A simple idea from Cohn, Atlas & Ladner (1994).
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Disagreement Coefficient
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Disagreement Coefficient
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Disagreement Coefficient
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Example: thresholds, uniform D
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Disagreement Coefficient
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Example: linear separators, d dimensions, uniform D on sphere

f

Classifiers in B(f,r) 

look like this

DIS(B(f,r))



Disagreement Coefficient
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Example: intervals, uniform D



Label Complexity of CAL
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Label Complexity of CAL
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Label Complexity of CAL
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Passive Learning                       
with Noisy Labels



Where does “noise” come from?

• Stochasticity of nature

• Feature space under-specification

• Multiple labelers, differing interpretations

• Incompetent labelers

• Model mis-specification
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Tsybakov Noise
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Excess Risk Bounds for ERM
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Excess Risk Bounds for ERM
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Excess Risk Bounds for ERM
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Data-Dependent Bounds
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Data-Dependent Bounds for ERM
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Active Learning with Noisy Labels
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Agnostic Case Example: Thresholds

- + + +
0 1

+- +++-- + + + +- +

Better classifier
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Agnostic Case Example: Thresholds
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Agnostic Case Example: Thresholds
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CAL Revisited
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Batch-based CAL
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Data-dependent Bounds
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Data-dependent Bounds
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Batch-based CAL
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Robust CAL
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By induction, never 

removes the f with 

min er(f).



Data-dependent Bounds
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Robust CAL
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Robust CAL
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Robust CAL
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Robust CAL
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• RobustCAL never eliminates 

• But what is its label complexity?



Abstract Error Bounds
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Abstract Error Bounds
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Robust CAL
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Label Complexity of Robust CAL
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Label Complexity Analysis: Sketch
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Label Complexity Analysis: Sketch
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Label Complexity Analysis: Sketch
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Label Complexity Analysis: Sketch
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Label Complexity Analysis: Sketch
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Current Hot Directions

• Efficiency [DHM07,BDL09,BHLZ10]

• Improvements over the disagreement-based 
approach [Das05,BBZ07,BHV10,Han11]
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The End
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