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A Study on Compression Distance for Information Retrieval

AKIKO A1zawa T!

Compression distance” is an universal distance measure based on data
compression. In this paper, we first provide an overview of recent studies on
compression-based distance and propose a new method based on Ziv-Merhav
crossparsing. The effectivness of the proposed method is shown through exper-
imental studies using large-scale multiclass text categorization problems. The
advantages and disadvantages are also discussed in comparison with conven-
tional text categorization methods.
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Fig.1 Input sequence decomposition using Ziv-Merhav crossparsing.
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Fig.2 Overview of the proposed method.
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Fig.3 Competition based n-gram selection.
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Table 1 Datasets used in the experiments.

Reuters-21578 TechTC-300 IPSJAuth-225 IPSJAuth-926
Information source news articles web documents  paper abstract paper abstract
Corpus size 11Mbytes 193Mbytes 9.5Mbytes 24Mbytes
Number of documents 9,603 training 19,569 total 9,384 total 24,945 total
3,299 test (10 split) (5 split) (5 split)
Number of classes 117 199 225 926
Class size distribution | skewed uniform skewed skewed
Classification type multi-label single-label multi-label multi-label
Avr. class per a doc. 1.20 1.00 1.31 1.58
Language English English Japanese Japanese
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*2 http://www.chokkan.org/software/classias/
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Table 2 Comparison of text categorization performance.
Naive Multiclass L2 ZM ZM
Bayes SVM Logistic classic Bayes
Reuters-21578
Mean average precision 0.8938 0.8924 0.9246 0.8392 0.9043
Top rank precision 0.8633 0.8345 0.8997 0.7966 0.8678
Average coverage 2.0617 1.6905 1.0958 3.2347 1.3265
TechTC-300
Mean average precision 0.6643 0.7639 *0.7243 0.5372 0.7183
Top rank precision 0.5820 0.6927 *0.6798 0.4764 0.6407

Average coverage 10.5476 8.3488  *19.4064  28.3088 9.0651
IPSJAuth-225

Mean average precision 0.7446 0.6765 0.7217 0.6447 0.7891
Top rank precision 0.6916 0.6045 0.6552 0.5762 0.7308
Average coverage 8.2867 15.2733 7.7687  11.9964 7.2504
IPSJAuth-926

Mean average precision 0.5931 0.4734 0.5559 0.5611 0.6603
Top rank precision 0.5543 0.4542 0.4965 0.5103 0.6080

Average coverage 42.3555 183.5992 50.9409 63.1827  59.4216
*Classias 0000000000000 O10split 00000

go0ooO000o000000b0O00000000000000O0

O0IPSJAuth-2250000000000000000O0O0O0OO0OOO0OOOOOO0
000000000 10000 Auth-simO0000000000000O0OTechTC-300000
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goboooboooobboobooboobooboobogbbobbooboboo 3
00000 200000TechTC-30000 SVM OO O OIPSJAuth-926 00 ZM-Bayes O
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0000000000000 0000000 30000 200000000000000
00000o0O000oo0o0o0oo0o0ooooooooooooo

000 Techtc-300 0 Ref-300 000000 SVMOC450kNNOOOOOOOOOOO
oooooo0oobooooobooOos3ob0bOboOooooboOoooo30o0o000ooDo0n
0 maximum achievable accuracy0 0 09160 00000000000000000COOO
00000000000 000O0O000 200000000 2000000000000
O00o0o000o00o0o0o00oo0o0o0oOo0oOoooooooooOoooooooo
O00oooooooo
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Table 3 Comparison of pairwise judgment accuracy.

TechTC-300 IPSJAuth-926
Ref-300 Random-300 Auth-sim Random-300
multiclass-SVM 0.9341 0.9566 0.8600 0.8645
L2-logistic — — 0.9326 0.9412
ZM-Bayes 0.9295 0.9591 0.9408 0.9492
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Fig.4 Example of N-grams extracted using ZM method.
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Fig.5 Comparison of N-gram lengths extracted using ZM method.
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