ubc

2004.5 2004.6




Semantic Computing
in Information Retrieval

Dissertation Submitted to

Institute of Automation, Chinese Academy of Sciences
in partial fulfillment of the requirements
for the degree of

Master of Engineering

By
Qianli Jin
(Pattern Recognition and Intelligence System)

Dissertation Supervisor: Professor Bo Xu & Jun Zhao



60372016 60272041




TREC

NLPR

2003

Novelty

TREC

NLPR

Robust Track

TREC

Novelty Track



Abstract

Information Retrieval, including information orgnizing, representation, inquiry, access, €tc,
supplies a series of technologies for obtaining information rapidly and accurately. Information
retrieval systems, usualy focusing on text retrieval, find relevant documents based on
users queries. There are two key technologies involved, “Indexing” and “Similarity
Computing”. The traditional retrieval methods based on the keyword matching often result in
low precisions. With the development of information society and World Wide Web, the
traditional retrieval methods can no longer satisfy users requirement. Nowadays, intelligent
retrieval has already become a hot-spot of research and will be a key technology in the next
generation of World Wide Web.

In most cases, the contents of the text are represented by nature language. The key challenge
of intelligent retrieval is the nature language understanding, which means to find out the
meaning behide the text. We believe that semantic models based on words are suitable for
representing the shallow meaning of the text. Therefore, we use word-based semantic models
to supervise the process of information retrieval, in order to get improved retrieva
performance.

Firstly, the thesis gives a brief introduction of the background of information retrieval and
semantic models. Then, three kinds of semantic models (Latent Semantic Indexing series,
Semantic Tree and Semantic Tensor) are proposed and evaluated in the field of information
retrieval. After that, we present the NLPR IR System, including the architecture, module
definitions and implementation. TREC evalutions are used to evaluate the system. In
summary, the contributions of the thesis are as follows.

(1) It explains how to use word-based semantic models to supervise the process of
information retrieval;

(2)  Based on the former LSl and PLSI, weekly-supervised probabilistic latent semantic
indexing (SPLSI) is presented and evaluated, which can get more reasonable
semantic space and can be used in the process of indexing;

(3) Semantic Tree Modd (STM) is developed to create a dynamic, flexible, controllable
and real-time semantic space. As a new technology of indexing, STM outperforms
most of the existing methods;

(4  Semantic Tensor is put forward as a new theory, which is expressed by two key
notions. Three Window-based Models of this theory are developed to compute the
similarities between documents and queries. The experiments show that they
outperform the traditional word-based vector space models;

(5) Webuild NLPR IR System, including architecture designing, module definitions and
implementation;

(6) We participate in 2003 TREC Evauation (Robust Track and Novelty Track) in order
to test NLPR IR system and get excellent resultsin Novelty Track.

Key Words  Information Retrieval, ~ Text Retrieval, =~ Semantic Model,
Semantic Computing, TREC Evaluation
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Probabilistic Latent Semantic Indexing - PLSI
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2.21 Google-Shell

SPLSI
Google-Shell

2.7

LSI1-SVD PLSI
SPLSI SPLSI

N

SPLSI
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SPLSI Google-Shell

SPLSI

SPLSI
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3.1

3.2

3.1
T
- P
= S WVR ©
= m

China | 1.0 0.1 043
Beijing (0.51 1.0 0.80 - - -
Feking (043 0.80 1.0

Word Word Similarity Matrix

LST/PLST /spLsI

3.1

SPLSI

51 IJ;.'l'.i ]'.-‘;.'.

: 1.0 "::rij‘.irg .'-_ﬂ."lﬂ
0.80 --"'4'"i:kh‘ir_|“
I 1.0

Web Form
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“ Beijing”

“ Peking”
3.3
1
2
3
(off-line)”
on-line ”
1
PSm (q, p) qg p
q q 3.2
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3.2
q
pl  pT
q q
PSm (q, p,) = .. 2 PSm (q, p,,) = ...
PSm(q, p)

1

2 WordNet[11]/HowNet[5]

3

4 [61[23]

m m
3.2 q m-best
m-best m-best m
10 100
2
Q:(q1'q2 ----- i seees qK) K di
i Q TSTM (Q,v,m) Term
Similarity Tree Model % m
m-best m
3.3

31



&= Qe Gy )

LY
[ — L T H/'ff N

J fomig. L) |
J EEmE .1
e {"u M =
IIII |I|I'I| | i
IIII| I|II I|II 'II I|I 'E'q_"‘:'wl'_l._'__p, B
E !

T N A T
.EII_I :"ll;l_nFm Fim Puay Pias
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ISTM (0 v, m)
B B O=(a. ¢ q0c) MR
(CREERvESH. BrnEii2 m-best #)
3.3

m-best
m-best
(@) o} p ath of
(b) (o p (path) weight
m-best
©) of p (path)
(d) of p
ql pl,i i
Sm(d;, Py ;)

= weight —of — shortest - path (q,, py; ;)
= PSm (q;, py;) x PSmM (py;, Py )
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1 v=1 “ " Local
Co-occurrence Model -- LCM
LCM
computer hardware computer
software hardware software
LCM hardware
software
2 \Y} m
Y, m
LSI
3.4
(TSTM )
Q = (Q1vQ2 ----- qi ----- QK) q i
i Q TSTM (Q,v, m) v
m m-best 3.3
w w
K
Sm(Q,w) =Y Sm(q,,w) > cv
i=1
Overlay (TSTM (Q,v,m),w) > percent x K
Sm(Q,w) Q w Sm(q; , W) q
w cv
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Overlay (TSTM (Q,v, m), w) w TSTM (Q, v, m)

Q K K
Overlay (TSTM (Q,v, m), w) w

(Overlay) w percent

W (oo TP o TN o 8
w Q
Q( )
Q. Q
Q Q

“ radio, wave”

2 3-best 3.4
7} Ji#: best 8
.___.-' - e,
. - T
[t | - . .
2=lradiowavel  radio wgve i
- || ."".H. - | .,
e —— iV ’ 10 | | 48
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JIBGUERCY  bemadend -l,ﬂl'll'-’ mGritor Jreghendgr ol j

TSTM0.2.3)
B B O = Godownel [ TR (B S 3-best®)

3.4

1 ray radio

ray
radio - band — ray
radio — telescope — ray
3.3 radio-band-ray

Sm(radio, ray)
= PSm(raido,band ) x PSm(band, ray)
=0.31x 0.21 = 0.0651



wave ray wave-band-ray

Sm(wave, ray)
= PSm(wave, band ) x PSm(band , ray)
=0.19x 0.21 = 0.0399
ray

Sm(Q(radio,wave), ray) = 0.105
Overlay (TSTM (Q,2,3),ray) =100%
2 television
Sm(Q(radio,wave),television ) = 0.15

Overlay (TSTM (Q,2,3), television ) = 50% .

3 cv=0.08 percent=100%
television television
Q ray Q
television ray
4

“ radio, wave, band, detect, ray, frequency”

(TSTM™ )
3.5
TREC ( http://trec.nist.gov ) TREC

REtrieval Conference
€9

TREC 2002, 50 , 56412
@)

TREC 6-8, 150 , 528155
3.5.1

TSTM

35

ray

Text


http://trec.nist.gov/

tf-idf

(@) BaseLine b WordNet [11] (©) LCM
[23] d SPLSI [18] 2.4
TREC 528155
@
3.4 cv=0.1 overlay percent=30%
m=20 TSTM v=5 3.5
Figure 4: Results of Finding Relevant Sentences
0.8
0.7 r
0.6 r —+—DBazeline
Q0.5 t ——Wordliet
§0.4 r —=—L5]
0.3 r ——LCN
0.2 r ——TETN
0.1 r
0 — I — I | I [N T~ b e b= 0 S N o I [xp]
Precision
3.5
LCM LSI
Figure 5: Standard F Yeasmure of Each Query
0.6
0.5 'g " *1 + Bazeline
n =
HU.-EI - iy % L] .\ a fordilet
Boal ¢ &% aom i x LN
At o 1:11? ﬁ *ﬁ‘. i LL5I
0.2 | om0 £+ iyt
IL s‘} 1#! .ﬁ m TOTH
0.1 !,‘l 1:
U 10 20 an an i1l] Bl
Guery
3.6
3.6
LCM
TSTM LSI
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€)

3.4 cv=0.1 overlay percent=75%
m=15 TSTM v=5 3.7
TREC Description
BaseLine 0.1582 0.1905
TREC | WordNet 0.1534 0.2554
6 LCM 0.1651 0.3117
LSI 0.1510 0.3312
TSTM 0.1773 0.3557
BaseLine 0.1726 0.1675
TREC | WordNet 0.1667 0.2413
7 LCM 0.1828 0.3616
LSI 0.1674 0.3914
TSTM 0.1865 0.3907
BaseLine 0.1853 0.2916
TREC | WordNet 0.1815 0.3579
8 LCM 0.2302 0.4717
LSI 0.2017 0.4514
TSTM 0.2430 0.4984
3.7
TSTM
3.5.2 TST™M
(a) TST™ v m
TSTM Y m 3.8
F v om
Figure 6: Standard F Measure of
Find Relevant Sentences
related to TSTH Level +
0. 25
1]
H —=— =10
0.2 :ﬁ%ﬁsﬁ —a1F20
- —s— Al
fy
0,15 . . . .

TSTE Level «
3.8 F v oom
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(b) TSTM™

TSTM percent
percent=0 3.9
percent

Figure T: Precision related to Owerlay Percent

0.3

——Find Relevant
0,25 SEntences
——Find Relevant
Documents TREC 6
—— Find Relevant
Documents TREC T

=]
| tu]
T

Percision
L]
o
- —_
— [ |
T T

0,05 F ——Find Relevant
0 . . . . . Documents TREC &
M 20% 40% 60N BO% 100%
Overlay Percent
3.9 TSTM
Title Description Narrative
Description
TSTM
3.6
3.4
TSTM
3.5 TSTM LCM
LSI
\' m
TSTM
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4.1

tf[7]

Length normalization[12] BM25[27]

4.1

word bag

“ World Cup 1998 ”

(World,Cup,1998)

39

tf-idf[8]



Z2-Dimension Tensor

warld

cup

1998

world cup 1998
i 2 15 world
cup
1 1.5 1998
1 world
cup
1995 --------------
4.1
N
N
“ World” * Cup”
“ World”
“ World” * Cup”
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worlad cup 1998

13 Cupn




“ Cup” “ 1998”

4.2
A,B
“ Can radio waves from radio towers or car phones affect brain
cancer occurrence?”

A:  * John claimed his brain cancer was caused by the wave from his
cellular phone. That claim, put forth in a lawsuit, has no basis
in accepted scientific fact.”

B: * 1 was listening to the radio, when the tower collapsed. I ran
several blocks before my brain kicked in, and saw that another
wave of people started running towards a police car.”

1
A B
tf, tf-idf B
A B
B
B
“ phone” “ brain

cancer”

Query words appearing closely in the document provide more
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contributions to the similarity value than the ones appearing separately.
The closer the query words In a document, the larger the similarity value
between the query and the document.

tf-idf inverse document
frequency

radio wave” brain cancer”

idf

Some query words, Irke named entities and baseNP are called “ Core
Words” , while the other words are called “ Surrounding Words” . “ Core
Words” are much more Inmportant than “ Surrounding Words” , and should
have special status in the retrieval processing (i.-e. having larger
werghts).

4.3 -

4.3.1 u Simple Window-based Model

4.2 d
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##): “Can radio waves from radio towers or
car phones affect brain cahcer occurrence?”
fEE EEET o =T il
_," 'r; :.:_1’.!'1
1 0 — 15
2 0 - mERO
3 0 - —
4 1 2.27 =15
& 1 213 EEEO
& 0 - :
7 0 B
iF xR
¥, L .']-'_Ir.lr_i )
g g - r“?. EINi-5
_ o e
B 1 114 radio i
7 0 = when ri{=+ ®I5
8 0 - the _1 wEEO
) 1 2.04 tower. J :
10 0 - collapse '
—————
N d Q D
(SMQ,D))
N-d
SmYQ,D) = > Swin((i,i+d)
i=1
i+d i+d
SWin(i,i +d) =[>"t, *idf ]*[> t;]
j=i j=i
SWin(i,i +d) d
i (i+d) t,
j 1 0 idf,
L. i+d
SWin(i,i +d) [>t, *idf ]
j=i
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i+d

tf-idf D.t,]

tf-idf 3

4.2 idf, 4.3

Word | brain | cancer | radio | tower
idf | 2.27 |2.13 1.14 |2.04
Word | phone | wave Car
idf |1.75 |1.74 1.25

4.3 idf
tf-idf A B
Sm(query,documenthd) = 6.15
Sm(query,documentB) = 8.44
B
5
Smil(query,documentA) = 46.08
Smil(query,documentB) = 43.56
A A
A
tf-idf 4.4
4.3.2 : Dynamic Window-based Model



TightWin

#rl: “Can radio waves from radio towers or
car phones affect brain cancer occumrence?”

i Fy3il e M g7

r=John Mo
i claim Mo
SEEHL his No
I brain ves — TightWin = 2
-.-Cancer Yes I
is
cause
to
r-=-the Mo
i radio Yes —
SEEEL]  when Mo TightWin = 4
i the Mo
. tower Yes ——
collapse
4.4 TightWin
4.4
TightWin TightWin
N d
Sm2(Q, D)

Sm2(Q,D) = NfDV\An (i,i+d)

45



i+d

[2.t)]

DWin(i,i +d) = SWin(i,i + d)* (Tghm)p
i+d i+d [it ]
_[Zt *idf1* [Zt] (TlghtV\ﬁn)
DWin(i,i +d) d
i (i+d) t,
i t, 1 0 idf,
Tightiin p
>t
(———)°
TightWin
3 p_
(5) =1 5
3 p_ P
(g) =0.6 1
5 p=1.0

Sm2(query, documentA) = 46.08

Sm2(query, documentB) = 37.20
A B
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4.3.3 : Core Window-based Model

“ Can radio waves from radio towers or
car phones affect brain cancer occurrence?”

‘ radio waves” “ brain cancer”
“ car phone” * affect”
€Y “
Core Words
@) “  Surrounding
Word
©)) “ Active
Window " “ Non-Active Window
N d Q D
Sm3(Q, D)
N-d
Sm3(Q,D) = ) CWin(i,i +d)
i=1
i+d
C\Mr‘(i,i+d)=DV\Ar(i,i+d)*[Zt}‘]
j=i
i+d
i+d i+d [JZ:tl] i+d
=[>t *idf 7[>t ]F ()P "
[Z ] [iZiJ] g [;,]
CWin(i,i +d) d
i (i+d) t,
i t, 1 0 idf, i
tj j
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t, 1 0 TightWin pm

i+d
PRNE
j=i
3
3m
0
#Fif): “Can radio waves from radio towers or
car phones affect brain cancer occurrence?”
Eea'id: “radio, wave, brain, cancer”
8 ITHE? !;*:-Difj? WA E )
| t Ir!i'.l'; f
1 0 — 0 John —
2 0 - 0 claim | R D
3 0 — 0 his =
4 1 227 1 brain
5 1 213 1 cancen
[ 0 0 s o-- TERED
r ] 1] causses
e BOE?  CHEBAEREF
J t,o
[ 1 1.14 1 miEED
7 0 0
g 0 i]
9 1 204 0
10 0 — ] _
11 0 — 0 L i W O
12 ] — ]
4.5
4.5 “ radio wave”

“ brain cancer”

p=m=1.0
Sm3(query,documentA) = 72.53

Sm3(query, documentB) = 18.48
A B
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1
a
b
c EricBrill tagging (http://www.cs. jhu.edu/~brill/)
2
a
b
Cc
tf-idf
4.4

TREC (http://trec.nist.gov)
(&D) 528155 XML
(2) 200 (TREC topic 301-450 and 601-650)

TREC topic description

4.4.1

200
[71[8] BM25[27](k1=1.2, b=0.75, k3=1000)

5 p=m=1.0
4.6
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http://www.cs.jhu.edu/~brill/

Precision
= 02 =2 2 2 2 2
[ o L s ¥ = - o 3 |

F Measure

o O 0O

=

Overall Eesult

—— tf-idf
" —=— BNZ5
Simple Window
1 Dymamic Window
| \\:_Core Windowr
1 1 1 1 5
0 0.2 0.4 0. & 0.8 1
Recall
Figure 4: Overall Accuracy
4.6 -
tf-idf
Figure 5: F Measure for Each Topic
1 —
Lf—idf
BT - + BM25
B : : « | = Core Window
- LI
| L _’: :' : -
o R . . . -_".. o
2r 1 - - st L =
‘.._:“{.-_l*_. T
|:| ™ [ |
00 G20 G40 TREC Topie
4.7 F

(TREC topic 601-650)
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4.4.2

4.4.3

Simple Window-based Model

E o024 .
= e — .
E E' 23 F_'_'____ﬂ' ‘-h___‘—*___-. TRELC T["l“‘:
I - . L | —— T —F
W Dynamic Window—based Method 351-400
g - 401450
. P —— BO1-650
= {l- 22 :_.——.—'."__-_H_ —
0. 20 - ! , |
t f : 10
Window Width
Figure 6: Average F Measure with Window Widih
4.8 F
50 F
;
bi-gram indexing
tri-gram indexing [32]
p p=0
4.9 D

Dynamic Window-based Method

=

Il

ik
|

e
_o—'—'--'_'_'-

5 T

0.5 1 .5 2
the walue of p

=
-
[

Average F Measure
o
i
X
P

4.9 P
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Figure 7: Parameter Analysis of Model Two
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4.4.4

4.5

4.10

200

0.5

1.0

1.5

2.0

0.5

0.247

0.251

0.263

0.248

1.0

0.252

0.270

0.254

0.241

1.5

0.265

0.260

0.254

0.242

2.0

0.240

0.241

0.237

0.236

4.10

p

m

p+m=2.0
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5.1 NLPR

NLPR
TREC
5.1.1 NLPR
NLPR 5.1
2 AR 3 A
LR b ;"r:,;lj: t l;:: ;E_-_it Bl
ﬁ% ﬁﬁﬁﬁl ﬁﬁ Iﬁﬁﬁﬁ|
ﬁ&hﬁfﬂ?ﬂﬁ | Wt / AT
st |$mﬁrmfﬁs$wﬁﬂ| | ﬁ%
& #1735 Ljff??ﬁi_lJ
K RHE

iR A

Ay
| HRICEFE E D

[ BER® = I S 2 S
|

5.1 NLPR

Off-line
On-line
1

stemming
TREC

XML XML
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XML
NLPR
12
12
5.1.2 NLPR
NLPR 12 C
C++
1
[
° StateMachine.h StateMachine.cpp
Source.h Source.cpp
[
C++
1 StateMachine:
2 Source:
Source
StateMachine Source
StateMachine

A) “ ”

B) “ 1,000 1,234.56 -7

C) / “ ”

O *
2 3 4 5.2
A) state 2,3,4 ->state 1: 1,000
1,234.56

B) state 2,3,4<->state0:
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C) state 0 -> state O:

N RS e
 State 0

=

—_—

# 41| B %S 2l i8]

i tH 1A
'*ﬁi— Ly ‘ﬁ* rl'_‘

&

state 1 Dot T

(State23.4)
-

L WHRAELTE mr

5.2

State 0->State 0

Source

Source
StateMachine

Source

5.3
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i

e

TIZ Bl —orE ik

T. I - HE 51U
==

R
1= NG HEF B9 151 %
nCount
n'WordLen
CDffzet nl.ength
I nlb o] 0D
nFrequency nFrequency
sWord sPOS
nCount
POEItem
5.3
1998 1 -6
96.87% 92.42%
95.89% 91.26%
5.4
Erik Brill ( http://www.cs. jhu.edu/~brill/ )
Stemming

Stemming.h Stemming.c
B. Frakes, C. Cox, C.Fox Stem [33]

s, ed, ing
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Stemming
1

4418 5.5
aardwolves aardwolf
abaci abacus
abetted abet
abetting abet
abhorred abhor
abhorring abhor
abode abide
aboideaux aboideau
aboiteaux aboiteau
abought aby
2 5.6 °
sses Ss
ies i
Ss Ss
S —
3 5.7
eed ee
ed --
ing --
at ate
bl ble
iz ize
bb b
dd d
ff f
99 g
mm m
nn n
pp p
rr r
tt t
Ww w
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sion

tion

ou

ism

ate

iti

ous

ive

ize

XML
LibXML ( http://www.xmlsoft.org )

XML

trec_robust.h trec_robust.c

Mysqgl

trec_robust.h trec_robust.c
trec_novelty.h trec_novelty.c

trec_robust.h trec_robust.c
trec_novelty.h trec_novelty.c

) tF-idf[7][8]
0) tf-idf [12]
(3) BM25[27]

(4)
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®
o trec_robust.h trec_robust.c
trec_novelty.h trec_novelty.c
®
10 100
Relevant Feedback [16]
70%
1
9 stoplist

®
° stopper.c stop.h stop.c strlist.h strlist.cpp
®

1

aren"t can"t couldn"t 54
2
no of the only often for 472
10
®
o trec_robust.h trec_robust.c
®
tf-idf
idf
1 idf
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13 ” 13 1" 13 2” 13 ”
11 Mysql
° Mysqgl
° mysql_c.h mysql_c.c mysql.h
[
Mysql
Mysql C
AP1( http://dev.mysql.com/doc/mysgl/en/C.html )
C
1
2
3
4 SQL
12
[
o define.h PlatDef.h NLP_DB.h NLP_DB.c
[
1 Window  Linux
2
12 API
5.1.3 NLPR
26 LibXML MySQL
() 12

define.h PlatDef.h libxml_h

NLP_DB.h mysql_c.h Source.h

StateMachine.h  Stemming.h  stop.h

strlist.h  trec_novelty.h  trec_robust.h
(b) C/C++ 11

NLP_DB.c mysgl_c.c Source.cpp

StateMachine.cpp stemming.c stop.c

stopper.c  strlist.c trec_novelty.c
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http://dev.mysql.com/doc/mysql/en/C.html

trec_robust.c main.c
©) 3
input.txt output.txt stop.wrd
Mysqgl Mysqgl
AP1
1 5.9
void Segmentation_POS_file(char* in, char* out)
StateMachine.cpp
char* in:
char* out:
1] /nX”
2 5.10
void Segmentation POS dir(char* in, char* out)
StateMachine.cpp
char* in:
char* out:
“ /nx’
3 5.11
int stop(const char* word)
stopper.c
char* word:
: 1
0
-1
4 5.12

int irregular(char** in, char** out,
int n,char *s)
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stemming.c

char** in:
char** out:
int n:
char* s:
char* s:
: 1
0
5.13
int stem(char* word)
stemming.c
char* word:
char* word:
: 1
0
5.14
int db_init(MYSQL &conn, char* DB_HOST,
char * DB_NAME,char * DB_USER,char* DB_PASS)
Mysqgl
mysgl_c.c
MYSQL &conn: Mysql
char* DB_HOST: Mysql
char* DB _NAME:
char* DB_USER: Mysql
char* DB_PASS: Mysql
MYSQL &conn: Mysql
: 0
-1
-1
5.15

int db_close(MYSQL é&conn)

Mysql

mysql _c.c

MYSQL &conn: Mysqgl
: 0
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-1
8 5.16
int db_exec(MYSQL &conn, MYSQL_RES é&res,
char *fmt, ...)
SQL
mysgl _c.c
MYSQL &conn: Mysql
MYSQL_RES é&res: Mysql
char* fmt, : SQL
MYSQL_RES é&res: SQL select
NULL
0
-1
-1
9 5.17
double getWeightIDF_mysqgl(char* word)
idf
mysgl_c.c
char* word:
-1
1.0
10 5.18
int build_idf _mysql(MYSQL &conn,char* table,
char* word, int docnum)
idf
mysgl_c.c
MYSQL &conn: Mysqgl
char* table: Mysql
char* word:
int docnum:
: 0
-1
-1
11 5.19

int ExpansionQuery_ STM(MYSQL &conn, int* swc,
char** words,double* weight intn, int e_no)
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trec_novelty.c

MYSQL &conn Mysql
int* swc

char** words:

double* weight

int n:

int e no

int* swc
char** words:
double* weight
: 0
-1

words  weight

12

5.20

int do_relevant_feedback( char*** res,
int* res_n, int topic n,
double** score,
char*** topicwords, int* twc,
double** topicweight, int tn,
double frate)

trec_novelty.c

char*** res:

int topic_n

int* res n

double** score
char*** topicwords
int tn:

int* twc

double** topicweight
double frate

char*** topicwords
int* twc
double** topicweight
: 0
-1

topicwords  topicweight

-1
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13 5.21
double similarityTFIDF(MYSQL &conn,
char** words,double* weight,int swc,
char** topicwords,
double* topicweight, int twc)
tf-idf
trec_novelty.c
MYSQL &conn: Mysql
char** words
double* weight tf
int swc
char** topicwords
double* topicweight:
int twc
-1
-1
14 5.22

double similarityWindow(MYSQL &conn,
char** words,double* weight,int swc,
char** topicwords,
double* topicweight, int twc
int width, int MODEL, double m, double p)

trec_robust.c

MYSQL &conn: Mysqgl
char** words

double* weight tf
int swc

char** topicwords

double* topicweight:

int twc

int width:

int MODEL:
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15 5.23
int buildIDF(MYSQL &conn,
char *dir,char *filelist)
(idf)
trec_robust.c
MYSQL &conn: Mysql
char* dir
char *filelist
: 0
-1
-1
16 5.24
int ParseXMLDoc( char *filelist,
char *dir,char* dest)
XML
trec_robust.c
char *filelist XML
char *dir XML
char* dest
char* dest
R
0
-1
XML
17 5.25
int relevant(char* in, char* out)
int novelty(char* in, char* out)
TREC 2003 Novelty
trec_novelty.c
char *in
char *dir
: 0
-1
TREC
http://trec.nist.gov
18 5.26

int relevant_eva(char* in, char* out)
int novelty eva(char* in, char* out)

TREC 2003 Novelty
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trec_novelty.c

char *in

char *dir

-1

TREC
http://trec.nist.gov

19

5.27

int robutst(char* in, char* out)

TREC 2003 Robust

trec_robust.c

char *in
char *dir

-1

TREC
http://trec.nist.qgov

20

5.28

int robutst_eva(char* in, char* out)

TREC 2003 Robust

trec_robust.c

char *in

char *dir

-1

TREC
http://trec.nist.qov

5.2

TREC
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1 Precision

pP-----
2 Recall
R =
3 F
P R
l:_(,6’2+1)><P><R
B:xP+R
P R Y
F p=1 F=2PR/(P+R)
4 TOP N
N
10 30
TOP N
TOP N
5 X%
Robustness
100
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X% 10%

NLPR
2003 TREC
5.3 NLPR TREC
5.3.1 TREC
TREC Text REtrieval Conference NIST
(National Institute of Standards and Technology)
http://trec.nist.gov
TREC
TREC
5
TREC
CMU, MSRA, Google, IBM,
TREC
2003
1 Web
2  Robust
F 5.2 4 5
3 Novelty
4

5 Hard
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NLPR
2003 TREC Robust
Novelty NLPR

5.3.2 TREC-2003

Robust TREC 50
TREC Topic 301-450 50 TREC Topic 601-650
55 XML

NLPR
5.1

€Y

) 1000
2-3

5.1 NLPR
Robust

(A [15]
(B)
[13]
© [12]
®)

TREC
TREC http://trec.nist.gov

ID Tag 10

NLPRO3vh25 25 0.1516 %

NLPRO3vb10 10 0.1055 7%
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NLPRO3w16 16 0.1153 10%

NLPRO3vh50 50 0.1770 7%

NLPRO3w49 49 0.2434 10%
5.29 Robust

0% 10% 20% 90% 100%

1000
5.3.3 TREC-2003
Novelty 50
TREC 50 1250 25
5.1 NLPR
Relevant
Q)]
20%
® tf-idf
N-gram
© pivoted document length
normalization [12]
D)

Novelty (new)
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New Information Degree — NID

NID
NID
idf
NID 1 = - —mmm e e e o
idf
bi-gram
NID 2 = 1 = = o
NID 10%-20%,
TREC 2003 Novelty 4  Task Task
Task
Task
Task
Task  TREC
Dyn: Sta:
Win: RF:
Leng: TF-idf: tf-idf
NID_1 / NID_2: QE:
Task 1 Table
ID TAG Algorithms Relevant Results | Novelty Results
Average F Measure | Average F Measure
NLPRO3n1wl Dyn-Win-RF 0.510 0.425
NLPRO3n1fl | Tf-idf-leng-RF 0.477 0.399
NLPRO3n1f2 | Tf-idf-leng-RF 0.407 0.349
NLPRO3n1w2 Dyn-Win-RF 0.391 0.325
NLPRO3n1w3 Dyn-Win-RF 0.330 0.279

5.30 Task 1
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Task 1, Helevant and Movel F Scores
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5.31 Task 1
Task 2 Table
ID TAG Algorithms Average F Measure
NLPRO3n2d1 NID_1, Dyn 0.807
NLPRO3n2s1 NID_1, Sta 0.819
NLPRO3n2d2 NID_2, Dyn 0.808
NLPRO3n2s2 NID 2, Sta 0.817
NLPRO3n2d3 NID_1+2, Dyn 0.803
5.32 Task 2

Task Z, Novel F Scores
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Task 3 Table

ID TAG Algorithms Relevant Novelty
Average F Average F
NLPRO3n3dl1 | RF, Win, leng, NID 2, 0.687 0.518
Dyn
NLPRO3n3sl | RF,Win, leng, NID 1, 0.677 0.532
Sta
NLPRO3n3d3 | RF,Win, leng, NID 1, 0.674 0.509
Dyn
NLPRO3n3d2 | QE,RF,tf-1df, leng, 0.618 0.472
NID_2,Dyn
NLPRO3n3s2 | QE,RF, tf-1df, leng, 0.624 0.489
NID_1,Sta
5.34 Task 3
Task 3, Ralevant and Novel F Scores
e ? fea
& rll:'uw:lu.u.:ﬂ
: : "7:“':'"-"'f"--"“--i:|'.\||\:|-:_-|:'.n-_'.n_'u-.;.r_'I:I 5
= (04— . & * b g *
s L r1rTr 1t rr1rrervrerrenrria 11 ]
SR SE B EO Rz eSS EE RS A S ERRE=22TS
'__E_EE"EiE!; EI—': 5
5.35 Task 3
Task 4 Table
ID TAG Algorithms Average F Measure
NLPRO3n4d1 NID_1,Dyn 0.775
NLPRO3n4s1 NID 1, Sta 0.789
NLPRO3n4s2 NID 1+2, Sta 0.794
NLPRO3n4s3 NID 2, Sta 0.796
NLPRO3n4d2 NID_2. Dyn 0.773
5.36 Task 4
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Task 4, Movel F Scoms
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5.37 Task 4

F

Task 1

Task 2,3,4

Novelty

TREC 2002

Task 1

TREC 2003

50%

Task 2 3 4

Task

5.3.4 TREC-2003

Novelty

Robust

NLPR

TREC

2003

tf-idf

Stemming

TREC 2003
http://trec.nist.gov/pubs/trecl2/papers/chinese-acad-sci.novelty.robust.pdf

NLPR
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6.1

TREC
2003  TREC

5 NLPR
6 TREC

6.2

Robust

NLPR

NLPR
Novelty

SPLSI

Novelty

7

Stemming



Google

NLPR
SPLSI
WordNet[11] HowNet[5]
Co-training
Ontology
4
Ontology
Ontology Ontology

Semantic Web
HTML Semantic Web XML
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