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AMA Classification

A Given: labelled training instancds= {(x, y)} with
feature vectorx and class labsl

A Objective learnclassifieffunctionf: X A'Y

A Eg. Use hospital records of former patients {o
train a classifierf] and predict whether a patient
with certain symptomsx) has a certain diseasg)(
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AMA Active Learning

A For learning we need training examples

A Active learning means actively purchasing
training examples, .

from pOOI Of labeled
unlabelled data &y

unlabeled pool
U u
X . k J
select queries |.]
oracle (e.g., human annotator)
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Problem

Which combinations of active learning
strategies and classification algorithms
are the most promising to apply?
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M Related Work

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

A Comparison:
Guyonet al. 2011 [7]; dos Santosde Carvalhd2014 [6]

A Label Reusability:
Tomanek& Morik 2011 [4]
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This Work

A Active learning is an attempt to balance
exploitation and exploration

A Study over two axes

A 1stis classifier and the other is the active
learning strategy
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Random Sampling:

A Randomly picks instanci-

for labeling JorEg g o N
| = ¢ “‘?‘a i alL " Fes ‘:
A Surprisingly hard to bea:| ~**: -
-4 -2 1] 2 4 -4 -2 0
(a) (b)

. [1]
Disadvantage:

A Pure exploration, does not use knowledge
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(& Ml AL Strategies

Uncertainty Sampling:
A Computes uncertainty from

posteriors, e.g. dnaxPosterior .| A ﬂ . :
A Picks instance with highest of Laghe.,]
uncertainty o DT o
e.g P(sick|patient1)=0.8, unc=0.4 *“———+— < ————
P(sick|patient2)=0.9% unc= 0.1 @ ©

Disadvantage
A Pure exploitation, does not explore
A Can get stuck in regions with high Bayesian error [1]
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Ml AL Strategies

Semirandom Sampling:

A Naive mix of both methods

A Tradeoff between exploitation and exploration
A 1 round uncertainty, 1 round random

Disadvantage:
A Can be worse than random or uncertainty sampling [2]
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Ml AL Strategies
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low high [3]
number of labels (n)
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Probabillistic Active Learning (PA »sinx-E, {E [performancegam(cu(x,ym}

A Expected performance gain
for given neighborhood

A favoring dense regions
score(x)pgainx)*density(x)

A Can be tuned for evaluation metrig,, |~

Disadvantage: \\\

A Slower than random and uncertainty
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Classifiers

Used incremental classifiers:
A Naive Bayes

A Parzerwindow

A Logistic Regression

A K-NN (k=3)

A HoeffdingTrees
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AMA Hypotheses

1. PAL performs better than the other strategies
2. Calculating PAL parameters independently

IS detrimental
3. Semirandom does not outperform random
AND uncertainty sampling at the same time
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AMA Assumptions

A All labels cost the same
A The labels that are bought are always correct

A The classifier learns incrementally on the
actively selected labels, without any other
change
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Protocol

A 5 data sets (3 real / 2 artificial)

A 10*10-fold-crossvalidation

A Empty pool and budget of 40 instances
A Poolbased with 1 instance at a time

A Compare performance pairwise at specific budge
with Wilcoxontest

A Accuracy as performance measure
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AME Is PAL better?

A Could only be tested fdParzerWindow
properly
A ForParzenrWindowit is generallytrue
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Ml Is PAL better?

[
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CP=10 Pal Conf Ran Semi
Pal 0% 62.08%* 64.18%* 62.14%*
CP=20 Pal Conf Ran Semi
Pal 0% 69.48%* 73.22%* 71.98%*
CP=30 Pal Conf Ran Semi
Pal 0% 73.5%*  71.05%* T1.87T%*
CP=40 Pal Conf Ran Semi
Pal 0% 69.09%* 68.19%* 66.32%*

C. Beyer, G. Krempl, V. Lemaire

18



AME Is PAL better?

A Generally true foHoeffdingTrees and Naive
Bayes

A Not true forK-NN (uncertainty always better)

A Nottrue for LogisticRegressiomvhichseems
to be indifferent to the Al:-strategy
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A MM Independentparameter?

A Couldn't be tested because native parameters
just for Parametersindow

A Weakened hypothesis is mostly true

A Performance declines if both parameter are
calculated independently using
KernetFrequencyEstimation (KFE)

21/10/2015 C. Beyer, G. Krempl, V. Lemaire 20



i MM Independentparameter®?

A Classifier with both parameters from KFE
vs.classiferwith nfrom KFE anp+ from
classifier

Comparison Point
CP=10
CP=20
CP=30
CP=40

21/10/2015

H-Tree
54.33%
39.3%-
32.17%-
30.4%-

Naive Bayes Logistic Regression

47.62% 49.82%

38.78%- 37.67%-
28.35%- 30.93%-
25‘76%‘ 37[]4:0(—
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K-Nearest-Neighbors
34.92%-

54.32%

48.67%

65.82%*
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Semirandont?

A It never significantly outperforms both

A Expected byliobaiteet al. [2

A Could maybe be used if no

orior knowledge

about data i1s available but we would

recommend PAL

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

22



A Summary

A PAL foParzerWindow, Hoeffding Tree and
NalveBayes

A Uncertainty Sampling for-KIN
A Other methods for Logistic Regression

A Naive semrandom does not outperform random
AND uncertainty samplingignificantly

A Calculating both parameters independently
seems to be detrimental compared to one
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FutureExperiments

A Get PAL parameters for other classifiers
naturally esp. trees and random forests

A Use more ¢

ata sets and classifiers e.g. SVM

A Look at problems with more than 2 classes

and skewec
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MM Data Sets

Data Set
Seeds
Vertebral
Haberman
Checkerboard1
Checkerboard?2
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Instances
210
310
306
308
392
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Attributes

-

DO DO W O

Pr(+)

33%
32%
73%
44%
49%
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A Training a classifier to predict a disease

learn a model machine learning
K model

labeled
training set

Patientswith
features(e.g.
bloodvalueg and
NOlabel

unlabeled pool
U

lect I
oracle (e.g., human annotator) selectquenes [1]
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A Training a classifier to predict a disease

learn a model machine learning
ﬁ model
labeled
unlabeled pool
U
___——

training set
select queries [ 1]

Expensive lakest
to determineif
patient has
disease

oracle (e.g., human annotator)
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A Training a classifier to predict a disease

eam a model machine learning
model \

labeled
V s Patientswith

training set
featuresAND
labels
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learn a model

labeled
training set

Labeleddatais
uniapele p00 .
U usedto train

classifier

lect I
oracle (e.g., human annotator) selectquenes [1]
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learn a model machine Iearnlng
model W

Iabeled
training set

(2]

-

unlabeled pool

4/

select queries
oracle (e.g., human annotator) q

Evaluatemodel on test sets

performance
\

#instances
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Ml Example

| Evaluatemodel on test sets

learn a model machine learning
model W

Iabeled
tralnlng set

unlabeled pool

U

)
&)
c
@®©
e |/
S
O
Y
S
)
o

n' t
oracle (e.g., human annotator) select queries [1]

#instances
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Example
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learn a model machine Iearnlng
model W

Iabeled
training set

(2]

-

unlabeled pool

4/

select queries
oracle (e.g., human annotator) q

Evaluatemodel on test sets

o

#instances

performance
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Hoeffding-Tree Classifier

Posterior from Classifier, 20 labels

Posterior from KFE, 20 labels

StrategyName | pal conf ran semi StrategyName | pal conf ran semi
pal 0% 64.26%F | 64.92%* | 62.7%* pal 0% 51.66% 53.82% 49.1%
conf 35.74%- | 0% 51.46% | 48.92% conf 48.34% | 0% 5L.68% | 45.17%
ran 35.08%- | 48.54% | 0% 49.86% ran 46.18% | 48.32% | 0% 44.48%
semi 37.3%- | 51.08% | 50.14% | 0% semi 50.9% 54.83% | 55.52% | 0%
Posterior from Classifier, 40 labels Posterior from KFE, 40 labels
StrategyName | pal conf ran semi StrategyName | pal conf ran semi
pal 0% 63.19%* | 69%* 66.55%* || pal 0% 53.06% | 56.71% | 50.16%
conf 36.81%- | 0% 52.88% | 51.24% conf 46.94% | 0% 52.12% | 48.48%
ran 31%- 47.12% | 0% 45.48% ran 43.29% | 47.88% | 0% 45.42%-
semi 33.45%- | 48.76% | 54.52% | 0% semi 19.84% | 51.52% | 54.58%* | 0%
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ParzerWindow
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|s PAL better?
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