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Multiclass Text Classification Using Ziv-Merhav
Crossparsing

AKIKO A1zawafl

In this paper, we first present an overview of recent studies on compres-
sion and encoding-based similarity measures for textual documents. Next, we
propose a new method that combines Ziv-Merhav crossparsing and a naive
Bayes classifier. Then, we investigate the performance using different types of
text classification problems. The experimental results show that the proposed
method considerably overperforms the conventional practice of Ziv-Merhav
crossparsing and also naive Bayes classifiers. It is also shown that while mul-
ticlass versions of two well-known machine learning methods, a support vector
machine and logistic regression, perform better than the proposed method with
standard test sets such as Reuters-21578 or TechTC-300, the proposed method
performs better with some types of author identification problems. Lastly, we
provide a perspective of the proposed method as a similarity measure based on
variable length n-grams.
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Fig.1 Input sequence decomposition using Ziv-Merhav crossparsing.
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Fig.2 Overview of the proposed method.

goboodO0ooOOo0oboodOoOoOoooO NOOOOOODOUOOOOUODOOODOOoOoDOo
gbooobooooboooboobooooobooboboboobooboobooobo 100
0o0ood0oOo000OoO0oOO00DOOoU0DOoOO00OO0OU0DD 2mO0oO0oOOoOoOoOg ZM
gooobooooooooboobooboobOooObOobOboobobDboOobDUooDbUoo
goooboboobobooooooboobobDooozZzMOUbDOobDOODbDOOOO
gboooboobooooobooooooboobooboobDoboooobooobUubo
goooboooooooboooooooboobDoboooDoboUoDOobooobobooo
gooboooNOOOOOobOODbODODODODODOODUOOOODODODOOON
000000 competition based n-gram selection 0 0 00O

go0oNOODODOOODOOOOOODOODODOODODOOOONODODODOD
oooboooooooobooOooo0obOoo NOODOoDOoODOoOoDbOobOobDOoDboOOo
goooooooOooboobooooooooOobDOobooboOoo NOODODODOOOOO
o0ooO0oooO0o0 (N—1)0OoOoooooooUoooUooUooooooOoooooo
ooo0oooUoooooUooOoooo 3oUooo{«wor o« o«“0oooro«“oro
“d00”y00000 NOOODOOOO0 o O000O00O00UODOOOOO {0070
‘00’0 {«cbr’o“Co0oro“pri00o00oO0OoOoOOooODOoUOOOUOOUOOn
goooooooOoo NODOOOUOODODOOOOOoOOoOoO 2000000000 ZM
gooooooNOOODODDOODOOOOOOOOOOoOoOoOoOoOoOoooooboooooo

ooo0o0ooUoUoOo()oUoUoUo NOOUOUODOO()NOUOUOOO
ooooboboobobD 20000b0b0O0oO0bOobDOO0ObDOoO00oO0obDOobObOOoDOn
gboooooooobobo

(© 2011 Information Processing Society of Japan



2057 0UOO0O0O0OO00OOODOOOOO Ziv-Merhav Crossparsing 100000

[ ['\%iﬁ ‘@ﬁ% |[v274] \m%\ }
skip/ skip / \ selected

! freq (1SR A LB , 1) =0 |

! freq (BB RF LT, 2)=2 X :freq(‘%?ﬁ*ﬁ%?l?&:é’sﬁ’%,c2):0
I .

|
! freq (18RS AT LICHIFS , ) =2 O

freq (BRV AT LIT,)=4

freq (1BRIGZRV X T LICHITS ,ck)=0

|
|

|

|

|

f

|

|

. |

freq (IRERV AT LT, ck)=1 |
|
)

03 OooNOOoOooog
Fig.3 Competition based n-gram selection.
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Table 1 Datasets used in the experiments.

Reuters- TechTC- IPSJAuth- IPSJAuth-

21578 300 225 926
Information source news articles web documents  paper abstract paper abstract
Corpus size 11 Mbytes 193 Mbytes 9.5 Mbytes 24 Mbytes
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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*1 http://www.daviddlewis.com/resources/testcollections/reuters21578/
*2 http://techtc.cs.technion.ac.il/techtc300/techtc300.html
*3 http://ci.nii.ac.jp/
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02 00000000000
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 0.6816 0.5372 0.7183
Top rank precision 0.5820 0.6927 0.6090 0.4764 0.6407
Average coverage 10.5476 8.3488 15.6636 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
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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 0.8329 0.8461 0.9326 0.9412
ZM-Bayes 0.9295 0.9591 0.9408 0.9492
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0000000000000 00O0000 200000000 200000000000
0000000o0O0000o00o0o0o0O000o0Uo0o00ooooooUooUooOO
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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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Table 4 Effect of higher order N-grams.

ZM
SVM

ZM
Logistic

Reuters-21578

Mean average precision
Top rank precision
Average coverage

0.8972 (+0.0048)
0.8427 (+0.0082)
1.6948 (40.0043)

0.9222 (—0.0024)
0.8960 (—0.0037)
1.1167 (—0.0209)

IPSJauth-225

Mean average precision
Top rank precision
Average coverage

0.6893 (+0.0128)
0.6175 (+0.0130)
13.8627 (+1.4106)

0.7307 (+0.0090)
0.6653 (+0.0001)
7.3840 (+0.3847)

05 0000000000000 00000000O0D0D000D00000O0
Table 5 Effect of bigram and trigram features.

ZM multiclass-SVM L2-Logistic
Bayes uni- bi- tri- uni- bi- tri-

gram gram gram gram gram gram
Reuters-21578
Mean average precision | 0.9043 0.8924 0.8944 0.8932 | 0.9246  0.9285  0.9084
Top rank precision 0.8678 0.8345 0.8409 0.8400 | 0.8997  0.9097 0.8863
Average coverage 1.3265 1.6905 1.8478 1.8800 1.0958 1.5141 1.9761
Time for training (sec) 6 116 115 638 4,785 10,701 15,652
Time for test (sec) 34 2 7 7 23 145 340
IPSJauth-225
Mean average precision | 0.7891 0.6765 0.6914 0.6832 | 0.7217 0.7515  0.7082
Top rank precision 0.7038 0.6045 0.6171 0.6122 | 0.6552 0.6917  0.6376
Average coverage 7.2504 | 15.2733  11.5868  11.0067 | 7.8697  6.7793  7.9606
Time for training (sec) 8 54 309 378 4,530 23,784 20,988
Time for test (sec) 33 2 12 9 38 196 102
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Fig. 6 Relationship between corpus proximity and classification performance.
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