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Motivation

« If you think of Web 2.0, e.g. tagging of images on Flickr or
videos on You Tube, it would be really convenient if this

process could be automated
I YouQ[Ii[:
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bulding  SONY center Description
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wallpaper technology |
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Suggested tags:  + The Avengers: Age Of Ultron (Work Of Fiction)

gEDmEt riSCh DEC[{E + Marvel Comics (Production Company) + Ultron (Film Character)

. . Parody Genre The Avengers (Award-Win
Architektur Atrium . IV Gene) | L2 - wing Wk
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Motivation

« But tagging is not only useful for images, it can be also applied
to text

« Examples:

« Automated text categorization system for high energy physics
papers, 2802 abstracts, 1093 keywords

« ECML/PKDD 2008 Discovery Challenge: Tag Recommendation in
Social Bookmark System, User can tag bookmarks and BibTeX
entries, 815,000 Tags, 400,000 bookmarks and BibTeX entries

« ECML/PKDD 2012 Discovery Challenge: Large scale hierarchical
classification with data from Wikipedia, 36,500~325,000 Categories,
380,000~2,400,000 Documents
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Motivation

« But tagging is not only useful for images, it can be also applied

g Problem:
« Large data sets

|« Large number of possible labels

« One object x can have multiple labels

|+ Want to find an automatic way to solve this

problem

: . : ) ants
This calls for extreme classification / multi-

label classification
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Overview

II. Formal Definition — Multi-Label Classification
ITI. Problems / Key Challenges
IV. Approaches / Solutions

a) Adaptive Selection of Base Classifiers in One-Against-All Learning
for Large Multi-Lableled Collections, Raez et al.

b) Multilabel Text Classification for Automated Tag Suggestion,
Katakis et al.
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« Setting: Let X = R? be an d-dimensional instance space /
feature space and £ = {1;,4,, ..., 4} be the label space where k
is the number of possible labels

« Goal: Given a Training Set, S = (x;,Y;),1 <i <n consisting of n
training instances, where x; € X and Y; € £, to learn a function
f : X — 2%, which can predict the labels for any unseen

rtence. TR P T TR

0.41 {41, 42}
2 0.1 0 {13}
3 0.75 1 A1, Ay, A}

Example for a Training Set
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« Binary Classification: Only 2 classes
« Multi-Class Classification: One instance can have only one class

Binary Classification Multi-Class Classification  Multi-Label Classification
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Multi-Label Classification Methods

According to Tsoumakas there are 2 groups of classification methods

« Algorithm Adaptation Methods

« Extend known learining algorithms to handle multi-label data directly

« Advantage: If we can do so, we can solve the problem in one large
optimization problem

« Disadvantage: It is difficult to extend an algorithm
 Problem Transformation Methods

« Transform multi-label problem into one or mutliple single-label classification
problems

« Advantage: Single-label problems are well known

« Disadvantage: Depending on the transformation we can lose information
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Binary Relevance (BR)

« Assumption: Prediction of each label as an independent binary
classification task

- Learn one binary classifier for each different label f; : X — {4;,-4;}

« Positive examples are the ones for which the label is positive

 Negative examples are the remaining ones

Transform data set into multiple ones:

A S = (xp,p(Y; A1), 1<i<n

/1] S] = (xi,¢(Yi,/1j)), 1<i<n

Ak :

S=(xi,Yi),1SiSn

v
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Binary Relevance (BR)

_!
0.41
01 ... O 0 fi: X — {4,744}

y) 2
/ 3 075 ... 1 1
-!_

041 .. 1 (k) _!

Example:

2 0.1 .. 0 {43}
0.41
3 0.75 ... 1 {A4,44,1,}
2 0.1 ... O 0 fo: X — {43,043}
3 0.75 ... 1 0
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Problem Transform Methods

According to Sorower and Zhang et al. there are 3 types

« Binary Relevance (BR) / First Order Strategy
« Solve the problem label by label,
« Transform the problem to k one vs all problems
« Ranking by Pairwise Comparison / Second Order Strategy
« Solve the problem pairwise, voting for prediction
« Transform the problem to k(k — 1)/2 one vs one problems
« Label Powerset / High Order Strategy
- Create one new label for each label set

« One large single label multi-class problem
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Problems / Key Challenges

High input / output dimension
« Number of label sets grow exponentially, e.g. 10 label classes leads
to 210 possible label sets

« Highly imbalanced data
« Also known as Class Imbalance Problem
« Very few data points per labels

« Inter-dependency of class labels

« E.qg. if something is labeled with Frodo and Gandalf the label Lord
of the Rings will be much likely than Titanic

« Real time constraints
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Class Imbalance Problem

« Usually multi-labeled data have an unequal distribution of
classes

« Imbalance between positive and negative samples (inner
imbalance degree)

« More frequent and less frequent classes (inter-class imbalance
degree)
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Class Imbalance Problem

Example: HEP Collection
* high energy physics papers, 2802
abstracts, 1093 keywords

« Inter-class imbalance:

2000 B T T T
mumber of documents ——
0 0CCUmENty ====s-
1800 |
]
.\.--:.u. lllllC =, |"'\:|'“\.'1.'\.'\..l|'\.|
—— 0 L
1505 (679 electron positron -
1739 [62% ) |experimental results E L )
1475 {52%]|magnetic detecto g _—
) 5
1190 {42%  guark 5
1
1113 {39%)|talk §
T15 (25%0(ED 0o
676 { 24% ) |lanti-p p .
501 (19%% ) neutring
163 {165 W ok
-;'-|f"| .: J|:-I.'.. ] _il_'l o —_— M i L 1 M E " 5 f 1 1 1 i
t 200 & a0 0 R e L T T S-S T T

] d

10 most frequent keywords all keywords 100 most frequent keywords
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Class Imbalance Problem

* high energy physics papers, 2802
abstracts, 1093 keywords

Example: HEP Collection f | —

« Inner imbalance:

Imbalance dagres function

1 ! [ N I'\r ] 0 [}
all keywords
g . ,
_g 0.6 s .
§04
K=}
=
0.2
0

4 o [5] o}
number of positive samples

1 — zni‘ n: number of samples

i = ‘ n | n;: number of samples

with label i 10 most frequent keywords
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Solution for the Class Imbalance
Problem

Raez et al. proposed :

« Filter out the rare classes using a parameter «

« If a classifier performs worse than a the classifier and the whole
class is discarded

« Overweighting of the positive samples
e w, = C_/C,
C_: number of neg. samples

C.: number of pos. samples
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Evaluation Measures

- - pr— tp
e Precision: Prec(C;) = tp + fp . Macroaveraging

- Ratio correct preditced c; to total . First evaluate ,locally® then

predicted c; average ,globally"

tp
. : Rec(C;)) = ———— _ _
Recall: 7 otp+fn - Microaveraging
« Ratio correct predicted c; to total “ : :
o P ‘i « Use ,global® confusion matrix
existing c;

Prec(C;) ~'Rec(C;
C F o RC) =2 rec(C;) -"Rec(C;)

Prec(C;) + Rec(C;) Category set Expertj_udgr-nents
« Harmonic mean C=1{cy,...,cc} YES | NO
IC| IC]
Classifier |YES || TP = Z TP, | FP = ZFP,;
‘ Category Expert judgments i=1 i=1
) IC| IC]
ci YES | NO
Chassfior | YBS | 1P, 7P Judgments | NO ||[FN =Y "FN; |TN = Y TN
Judgments NO FN; TN; i=1 i=1
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Macroaveraging vs Microaveraging
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Label [Tp_|Fp___|Fn__|Tn__|precision __|recall
C1 10 10 10 800 0.5 0.5

C2 90 10 10 750 0.9
Global 100 20 20 1550
0.5+0.9
Macroaveraging: Prec”(C) ==——=07

« Meassure of effectiveness on small classes

« All classes have same weight even smaller ones

Microaveraging: PrecH(C) = 101()0f20 =0.83

« Meassure of efffectiveness on large classes

Prec(C;

Rec(C;

0.9

tp
tp + fp

tp + fn
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Tag Recommendation in Social
Bookmark System, Katakis et al.

« Task: Tag Recommendation in Social Bookmark System,
815,000 Tags, 400,000 bookmarks and BibTeX entries

- Idea: Learn a personalized tag recommender, if item and user
exist in training set just return, else predict

« Method: Naive Bayes BR Classifier from the Mulan package

« Results:

Parameters F-measure
& M N All Book | Bib .
0.0[10] 10 |0.0716|0.0782{0.0633 6: Confidence

0.0/5] 5 |0.0848[0.0940 | 0.0736 M: Number of recommendations

0.0011 1 10.0700 | 0.0904 | 0.0453 N: Number of most popular tags
0.9110( 10 0.0713 | 0.0752 ] 0.066
0.9 3 : 0.0847 | 0.0940 | 0.0734

0.9/10f 3 |0.0852({0.0942|0.0740

Measure based on macroaveraging
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Automated text categorization system
Raez et al.

« Task : Automated text categorization system for high energy
physics papers, 2802 abstracts, 1093 keywords

« Idea: Filter out not frequent labels to improve classification

« Method: BR Learning: SVM with over-weighting and filtering
out non frequent classes + Scut to train the parameter of the
SVM

Experiment Precision|Recall F1|Accuracy|Error|% of classes covered
No weight T4.07] 33.96] 43.92 98.23| 1.77 33.96
No weight [/ Scul T4.26| 34.44) 4438 98.241 1.76 99.95
Overweight 20 51.47(45.84| 46.50 97.71| 2.29 h7.32
Auto weight 58.10| 44.39] 48.09 97.94| 2.06 A8.09
Owverw. 2,5.10.20 / Scut T1.74) 39.92| 48.47 98.25| 1.75 100.00
Auto weight / Scut H8.03] 45.30| 48.56 97.89] 2.11 099.82
Overweight 2 7074 40.45] 48.7T8 98.211 1.79 5436
Overweight 5 64.56] 43.57| 49.40 98.11] 1.89 57.19
Overweight 10 6G2.30| 45.22| 50.14 98.08| 1.92 57.30
Overw. 2,5,10,20 65,801 44.59150.53 98517 1.53 h7.h3

SVM with a = 0.0, no filtering

Measure based on macroaveraging on documents
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Automated text categorization system VECHSCHT:
Raez et al. PGSy
Results: a 0.0 0a] 02[ 03] 04 05[] 06] 0.7
Precision 65.80| 70.04[70.41|70.88[71.90[71.96]71.02[67.96
R s | h Recall 14.59| 44.49|43.95]42.95|40.54|36.65|31.80(23.02
° ecall Is lower than F 50.53|51.59(51.32(50.77|49.21/46.11[41.70|32.83
. . Accuracy 8. 17| 9825|958, 25|08, 25|98 24|08 2198, 15(98.03
predlct|on due to rare Error 1.83| 1.75| 1.75 1.75| 1.76| 1.79| 1.85| 1.97
%% classes trained|57.53| 56.49[50.81|43.20(32.73|23.23[16.00| 8.58
classes o _
Handcrafted multiweighted SVM with
filtering
. Discarding bad classifiers a 0.0 01] 02 03] 04] 05] 06] 0.7
Precision AE.03|62. 47164 . 84|67 45|69 47|71 1971.14|68,24
: i ' Recall 45.30[45.04|44.83|44.24|42,76[39.59(34.43|24.88
IMProves precision, while F 18.56/49.93|50.47[50.75|50.27|48.37|44.10(34.76
Accuracy O7.89198.06(98.14]|98.20|98.23(958.22|958.1T|98.05
recall does not get much Error 21| 194 186| 180] 17| 1.78| 13| 1.95
% classes trained|99.82|85.30(77.10[68.47|55.74|42.34|30.82(16.72
worse

Auto-weighted S-cut tresholded SVM with
filtering

Measure based on macroaveraging on documents
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Conclusion

« Binary Relevance learning approach is very simple, thus it does
not performs quite very well on real data

 Reasons:
« Class imbalance problem
« Does not include any information about label dependencies

« Filtering can help to some extend, but ideally we want to be
able to predict even rare labels

« Way how the measure is computed is very important for
interpreting the results

Nessesity of better methods
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Summary

 Introduced Multi-Label Classification

« Showed 2 common approaches:
« Algorithm Adaptation Methods : Fit algorithm to data

« Problem Transformation Methods : Fit data to algorithm
 Naive approach : Binary Relevance
« Class Imbalance Problem
- Basic evaluation measures, microaveraging vs macroaveraging

« Results of BR Learning and filtering not frequent labels
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