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Classification
ÅGiven: labelled training instances L = {(x , y)} with 

feature vector x and class label y 

ÅObjective: learn classifier function f : X ĄY

ÅE.g. Use hospital records of former patients (L) to 
train a classifier (f) and predict whether a patient 
with certain symptoms (x) has a certain disease (y)
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Active Learning

ÅFor learning we need training examples

ÅActive learning means actively purchasing 
training examples 
from pool of
unlabelled data
U={(x,?)}
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Problem

Which combinations of active learning 
strategies and classification algorithms 

are the most promising to apply?
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Related Work

ÅGeneral: 
Settles 2010 [1];  Fu et al. 2013 [5]

ÅComparison: 
Guyonet al. 2011 [7]; dos Santos & de Carvalho2014 [6]

ÅLabel Reusability: 
Tomanek& Morik 2011 [4]
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This Work

ÅActive learning is an attempt to balance 
exploitation and exploration

ÅStudy over two axes

Å1st is classifier and the other is the active 
learning strategy
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AL Strategies
Random Sampling:
ÅRandomly picks instance 

for labeling
ÅSurprisingly hard to beat

Disadvantage:
ÅPure exploration, does not use knowledge
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AL Strategies
Uncertainty Sampling:
Å Computes uncertainty from

posteriors, e.g. 1-maxPosterior
Å Picks instance with highest

uncertainty 
e.g: P(sick|patient1)=0.6 Ą unc= 0.4

P(sick|patient2)=0.9 Ą unc= 0.1
Disadvantage:
Å Pure exploitation, does not explore 
Å Can get stuck in regions with high Bayesian error
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AL Strategies

Semi-random Sampling:

ÅNaive mix of both methods

ÅTrade-off between exploitation and exploration

Å1 round uncertainty, 1 round random

Disadvantage:

ÅCan be worse than random or uncertainty sampling [2]
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AL Strategies

21/10/2015 C. Beyer, G. Krempl, V. Lemaire 11

[3]



AL Strategies
Probabilistic Active Learning (PAL):
ÅExpected performance gain

for given neighborhood
Åfavoring dense regions

score(x)=pgain(x)*density(x)
ÅCan be tuned for evaluation metric
Disadvantage:
ÅSlower than random and uncertainty
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Classifiers

Used incremental classifiers:

ÅNaïve Bayes

ÅParzen-Window

ÅLogistic Regression

ÅK-NN (k=3)

ÅHoeffding-Trees
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Hypotheses

1. PAL performs better than the other strategies

2. Calculating PAL parameters independently

is detrimental

3. Semi-random does not outperform random 

AND uncertainty sampling at the same time
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Assumptions

ÅAll labels cost the same

ÅThe labels that are bought are always correct

ÅThe classifier learns incrementally on the 
actively selected labels, without any other 
change
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Protocol
Å5 data sets (3 real / 2 artificial)
Å10*10-fold-cross-validation
ÅEmpty pool and budget of 40 instances
ÅPool-based with 1 instance at a time
ÅCompare performance pairwise at specific budget 

with Wilcoxon-test
ÅAccuracy as performance measure

21/10/2015 16C. Beyer, G. Krempl, V. Lemaire



Is PAL better?

ÅCould only be tested for Parzen-Window 
properly

ÅForParzen-Windowit isgenerallytrue
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Is PAL better?
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Is PAL better?

ÅGenerally true for Hoeffding-Trees and Naïve 
Bayes

ÅNot true for K-NN (uncertainty always better)

ÅNot true for LogisticRegression whichseems
to be indifferent to the AL-strategy
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Independent parameters?

ÅCouldn't be tested because native parameters 
just for Parameters-Window

ÅWeakened hypothesis is mostly true 

Ą Performance declines if both parameter are
calculated independently using 
Kernel-Frequency-Estimation (KFE)
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Independent parameters?

ÅClassifier with both parameters from KFE
vs. classiferwith n from KFE and p+ from
classifier 
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Semi-random?

ÅIt never significantly outperforms both

ÅExpected by Zliobaiteet al. [2]

ÅCould maybe be used if no prior knowledge 
about data is available but we would 
recommend PAL
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Summary
ÅPAL for Parzen-Window, Hoeffding-Tree and 

Naïve-Bayes
ÅUncertainty Sampling for K-NN
ÅOther methods for Logistic Regression 
ÅNaive semi-random does not outperform random 

AND uncertainty sampling significantly
ÅCalculating both parameters independently 

seems to be detrimental compared to one
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ÅGet PAL parameters for other classifiers 
naturally esp. trees and random forests

ÅUse more data sets and classifiers e.g. SVM

ÅLook at problems with more than 2 classes 
and skewed distributions
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Data Sets
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Example

ÅTraining a classifier to predict a disease
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features(e.g. 
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Example

ÅTraining a classifier to predict a disease
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Expensive lab test
to determineif
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Example

ÅTraining a classifier to predict a disease
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Example

ÅTraining a classifier to predict a disease
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Example
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Is PAL better?
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Parzen-Window


