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Abstract

This paper proposes a system which extracts necessary information from call-for-paper (CFP) documents using a
hidden Markov model (HMM). Even though a CFP does not follow a strict form, there 1s, in general, a
relatively-fixed sequence of information within most CFPs. Therefore, a hiden Markov model 1s adopted to analyze
CFPs which has an advantage of processing consecutive data. However, when CFPs are intuitively modeled with a
hidden Markov model, a problem arises that the boundaries of the information are not recognized accurately. In order
to solve this problem, this paper proposes a two-phrase hidden Markov model. In the first step, the P-HMM (Phrase
hidden Markov model) which models a document with phrases recognizes CFP documents locally. Then, the D-HMM
(Document hidden Markov model) grasps the overall structure and information flow of the document. The experiments

over 400 CFP documents grathered on Web result in 0.49 of F-score. This performance implies 0.15 of F-measure
improvement over the HMM which 1s intuitively modeled.
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connections to related fields of inquiry.
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The Twenty-first International Conference on Machine Learning

The Twenty-first International Conference on Machine Learning (ICML-2004) will be held in
Banff Alberta Canada, 4-8 July 2004. The conference will bring together researchers to

exchange ideas and report recent progress in the field of machine learning. ICML-2004 will
be co-located with COLT-2004 (July 1-4) and UAI-2004 (July 8-11) at the Banff Park

ICML-2004 invites submissions on substantial, original, and previously unpublished research
on all aspects of machine learning research, including applications, techniques, theories, and
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Fig. 1. An Example of Call-for-Papers. The areas boxed are in general the concern of CFP readers.
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Table 1. Information to be extracted from CFP.
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Workshop NW
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Conference NC
Workshop AW
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Conference AC
Workshop Location WL
Workshop HW

Homepages
Conference HC
Submission DS
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Camera—ready copy DC
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Table 2. An example information extracted from a CFP
for each information category.

W= W7ol o

Workshop on AGENT-ORIENTED

Narmes INFORMATION SYSTEMS
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Workshop Location Brescia, ITALY
Homepages http.//www.dexa.org
Dates 3-7 September 2001
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researchers. This workshop focuses on the use of
constraint databases

for such problems.
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Constraint-based agents.

Planning and scheduling with temporal constraints.
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Table 3. The performance of intuitive HMM.
= oko] | ASE (%) | HEE (%) | F-measure
NW | 019 0.35 0.25
Names 06 022 0.40 0.28
AW 0.10 0.23 0.15
Acronyms 0.12 058 0.20
WL WL 0.07 0.56 0.13
- HW 0.44 0.84 0.58
Homepages =~ 055 0.06 011
DS 0.60 0.69 0.64
Dates DN 0.69 0.65 0.67
DC 057 0.36 0.44
3 0.35 0.47 0.34
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Table 4. Experimental results for P-HMM.

EEEE
H - -
AgE ANEE F-measure
Names 0.28 0.55 0.35
Acronyms 0.48 0.67 0.56
WL 0.67 0.33 0.42
Date 0.63 0.48 0.52
NULL 0.98 0.95 0.97
3 0.61 0.60 0.60
it b HFTAHoE 2vA &4 vimx »dS FE3 4
oty A A F-measure® 0492 =% B FI1E
AAHoq wdyst HhHS o] £31R S W] 0.34R 1}

& 4%E nan

E 5 297 o4 nhaz " 49 A,
Table 5. Experimental results of 2-phase HMM.

HF oFo] A& AHE F-measure
NW 0.65 0.24 0.35
Names
NC 0.77 0.34 0.47
AW 0.73 0.25 0.38
Acronyms
AC 0.66 0.23 0.34
WL WL 0.62 0.40 0.48
HW 0.67 0.41 0.51
Homepages
HC 0.55 0.06 0.11
DS 0.76 0.63 0.69
Dates DN 0.87 0.77 0.81
DC 0.84 0.66 0.74
D2 e 0.71 0.40 0.49
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Table 6. Performance comparison against [TC-IRST.

AEE M= F-measure

M | gel|  2- 2- 2-
IT
HMMs e HMMs ITC HMMs ¢

NW| 065 |083| 024 |050| 035 | 063
NC | 077 [081] 034 (034| 047 | 048
Acrony | AW | 073 (071 025 [028) 0338 | 040
ms |AC| 066 [061] 023 |020| 034 | 031
WL |WL{ 062 |079| 040 [038| 048 | 031
Home |HW | 067 [068| 041 [044| 051 | 0.53
pages | HC | 055 |054| 006 [009] 011 | 016
DS | 076 |083| 063 [063| 069 | 0.72
Dates | DN | 087 (092 077 (078 081 | 0.4
DC| 084 |092| 066 (068] 0.74 | 0.78
Tt 071 |0.76| 040 |043| 049 | 04
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Fig. 7. F-measure comparison between Z2-phase HMM
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