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Research on an automatic retrieval method for special topic
news based on semantic frame

XIE Xingsheng', ZHOU Bangding' ., XIONG Yan’
(1. Department of Automation s University of Science & Technology of China s Hefei 230027, China;
2. Department of Computer Science and technology , University of Science and Technology of China, Hefei 230027, China)

Abstract: A novel negative news retrieving semantic frame ( NNFrame) and its identification were
presented. Different from traditional semantic FrameNets, which were defined based on word-sense
disambiguation, NNFrames were defined on each subcategory of negative news with a single semantic
context. By constructing the NNFrame knowledge base, domain ontology repository, and a collection of
annotated example sentences for each NNFrame, that a method is described for identifiing NNFrame by a
task-specific extended conditional log-likelihood model, which takes dependency-syntax structure
representations, and the part of speech tags as input. This approach is practical, efficient, and can achieve
state-of-the-art results on precision/recall metrics for identification and classification of negative news
whose subcategories are pre-defined in the NNFrame knowledge base.
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PRI T SCHE SR &« 4 — 2H 1 SO i 1S 18] 3
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FrameNet 1. 3 BEiI50 H" DL 3w SCHESE, B
TAHESE AT AL O SO 00, JF R A T — B R il bR
TiE# . PropBank 7E Penn Treebank #r it iE ¥}
VR I FE A -, 38— J2 58 XA bR R
PropBank H 451 H U ST g)yia]  (H 3R]V 7 55 3 K
F FrameNet 1. 3. HAJ, 3T XHEZLE) POS b5
T 82 0 T15 BB, SOAS $ii 2 AR iR SCAR
ﬁ}%{é[ﬂ .

ARSCAEAG G I T s CHEZR St b 4 T
— T A R 1E U HEZE (negative news frame,
NNFrame). #4411 18 B 28 i SCHE
B, SE AL HEAE SRR PR LSRN A A, R S HE
BRI BRE A R G R PR A A R MEARiC
FEAAT: 55 BN AT pR B8 0% B A ] B X B e P
RAREF A, S T NNFrame (1) H sl ).
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(/8 /52 /58 /R /40 1 fa] S in) i s im] 4H.
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Fig. 1 A simple example of dependency syntax tree
1.3 SATEHTEIE XAESE

5 IR X BIE SUE CHESR AN [R] AR SCEF X
BATE BT 7 DR ) 26, 0 SOHUREFE S 0 SCHEZSE.

EX 1.5 NNFrame. X2&—4<f;, frameName,
coreTokens? , role Tokens® , sampleSentences, parameters
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Fig. 2 A typical example of NNFrame definition
EE X NNFrame 8544 i 1A SCHIHESL FIH
J# (NNFrameBases) , 5 H it £ 19 TAE 2 ik A 203k
AR P REAS A PE RIS Y 240 .
1.4 NNFrame i2 5l
AT 5 UHHT 43 28 X I A HE SR TR R, £ T
BB A AT A Al A RE SR TR IR L R A 55 A 4
FIFH H BRI HESE , AR EAE S 146 . B A I 40
e as I B AR U] H FREZE.
1.4.1 NNFrame 7325%%
AR N B Ze PR A A #g # NNFrame 43

B
#rx €t TR A —A)F IR B AR )T
b1,y € F, FmHEAHE X NNFrame HEZE, Fs 2
EEHEIL T4 REL f: X F— RY MR 2 X
v I TTBRIME R d AERFAE ) 5. w2 5 R IE 7] 5
Ay N AR S48 SR T RRIEAS 4 0 R T 4R
BALFATEACRRELE v AR R

exp(w’ « f(x,y)) (2)
Z exp(w’ « f(xsy))

Y EF,

50 n DREARYNGE (<2707 >,
FANF B A% BBl K (conditional log-likelihood,
CLI) Ak B br sRECR I AR S H w0 1.

_ w’l‘f(x(i) ,y(n ) + .
rrgn; llogvg; exp(w' f(x?,y)) J+ 2 Fw

p(y | x.w) =

(3)
A IR AR S A I SRR AR B L
s 3 w2 = D> wi Lo SERGE W5, L
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(softmax-margin, SMM) 3 55 A5 %0, H A& IF /9 H #n
RN -

mm{% |l wl 2+ 2 {(—w' f(x?,y)+ log
) ! (4)
2 exp{w' f(2?,y)) 4 cost(y?,y)} }

YEF,
K, cost(y? L y) FonA v EHPHRS R Y [y €
FN\y” R i 25 53 P A A ok 8 XF JE A cost s
SMM J&: CLL Filf5e/INAUS: B Az R & i 1730,

AR SCEE XA HESR G S — S o3 2, DAA)
hJE THEL M REAS ) 2 TEFEAS e 158 4, A0 e v 1)
Al /m) - WA A SRR AR fe R 4.

1. 4.2 NNFrame 53 a8k 2L O %

T fi(aoy) (b= 1,.d) XN d 4E23 0] 323k
AIFIEBE I — M HRE. X B ARAE v X — M ik
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Tab.1 Some features which are used
by NNFrame’s frame recognition
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ontology(t,) € y. predTokes’?

=) i

%1 ZEARAEI m

left dep (6) ontology(#;) € y. roleTokes®?

ontology(#; ) € y. roleTokes® A i

POS(zy,)
5% y. roleTokes #H 7] ?

52 ZEAMRAF I 1

—left_dep (1o |1) ontology(s,) € y. roleTokes’

ontology(t,) € y. roleTokes® A 1]

POS(z,)
PES %R y. roleTokes #H 7] ?

81 A KA 1a

— right_dep (1) ontology(z,) € y. roleTokes’

subj(z)) like %y. roleTokes’% I

subj(z)
e VA2

1. 4.3 NNFrame JH 558 7%
&3k 1.1 NNFrame 13| 85k
Input: HFR3CAS
function IDENTIFY_NNFRAME MAIN(T)
begin
BRSO T 4R RS bR ) i DG ] S 5
FEARRARAEA] L b B T B R B T
ERIEELLE F.<0
for each sentences € S do
/ /Y NNFrame 2535
f = IDENTIFY_NNFRAME(s) ;
if C f.id %) then
Fs =Fs @ f
if s Bhpigifa) then
Fs(f.id). score+= 2.0 ;
elseif s BB BB AR KT then
Fs(f.id). score+= 1.5 ;
else

Fs(f.id). score += 1.0 ;

endif
WAR=s fLid 135 HEHE 7S
end if;

end for;

ifFs 3E%5 then
F bR SCAS T 3405 67 T 5
VMRS i . name 9 T HF250;

end if
end begin;
% 1.2 NNFrame L5183
Input: HA#E] T 53
/[ FHRAEE 53 L EAL APT;
//ARBURIF s IR ARAER] /R
function IDENTIFY_NNFRAMEC(s)
begin
predTokens= getPredTokens(s);
WA LAEHESRAR Fs<0
for eachpt € predTokens do
f= find_NNFrameBy_PredToken(ontology(p¢)) ;
Fs=FS® f
end for;
for eachf € Fs do

features| | =computeFeature( £, s);

JIRIAARK O [ R
f. p=LOGLINEARMODEL_P(
Fs. f. paras, features[ ]);
Fs(f). p= max{ f. p, Fs ). p};
end for;
returnf with max f. p in Fs;

end begin;
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A, 82 A IR B K o) A OC
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() S ) 52 22 B R O Gn*dnll?).
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Tab. 2 Comparison of experimental results for CLL and SMM
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Fig. 3 Impact on the accuracy of model training

by combination of cost factors
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