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Abstract

This paper presents a system that could automatically extract new POIs from Web. First, we
use special queries (e.g. Taipei+New Open) to find Web pages that might contain addresses
for new stores. For web pages that contain addresses, we then apply store name recognition
model to extract possible POls. Finally, we train a model to find the most possible POI for
the address found in the page. In this paper, we focus on POl name recognition and POI
relation prediction. For POI recognition, we use store names from yellow pages as seed to
prepare the training data via distant learning. Through entity selection and data processing,
we obtain a model with 0.816 Fl-measure as opposed to 0.432 Fl-measure for a
dictionary-based baseline. As for POI relation prediction, we compare three different
strategies for negative example preparation. The best model could get 0.754 accuracy. We
combine two POI recognition models with three classification models to test the overall

performance. The best combination could extract 49 POls every day with a single IP.
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ID Name Description

1 Before 1 unigram word before entity or not
2 Before_2 bigram word before entity or not
3 Before_3 trigram word before entity or not
4 Prefix_1 prefix unigram word or not

5 Prefix_2 prefix bigram word or not

6 Prefix_3 prefix trigram word or not

7 Sufffix_1 suffix unigram word or not

8 Sufffix_2 suffix bigram word or not

9 Sufffix_3 suffix trigram word or not

10 After 1 unigram word after entity or not
11 After_2 bigram word after entity or not
12 After_3 trigram word after entity or not
13 English/Number | English or number?

14 Symbol Symbol or not?
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ID  Name Query Description
a p atp
1 C(a) ® CO # of search results for query a in normalized scale
2 C(p) [oN XNe! # of search results for query p in normalized scale
3 C(a, p) [ONeN ] # of search results for query a+p in normalized scale
4 R(a+tpla) [ NON ] the ratl:o of C(a+p) to C(a)
5 R(a+plp) cee the ratio of C(a+p) to C(p)
6 P(a+p|T,) [ NeXe) the percentage of top 10 snippets from T, that support the POI relation (a,p)
7 P(a +p\Tp) o Ne] the percentage of top 10 snippets from T, that support the POI relation (a,p)
8 P(a+p|T,.,) [oNeXN the percentage of top 10 snippets from T,,, that support the POI relation (a.p)
9 NDCG(p\Ta) [ YeRe! the rank of p Fn top 10 sn.ippets from T,
10 NDCG(a|Tp) [oN Ne) the ran'k of .a |r.1 to'p 10 smppets from T,
11 cos(T,, Tp) e the cosine snmla}'lly for snippet T, and T,
12 D(atp) [oNoN Today — D(a+p) in log scale
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(A aE LUKz 1,000 {3 SLBREL 5 R @ =5 BESE Y > FLIEHT 4,000 EA2=45R - SeLEEIER
AT AR IISE RHE TS =R » MR N BB I Ui S 2 - fRacl —
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Caomparison of k-length entity recognition via LSP1 model
1.0 4000

o
)

3000

2000

4 | I I 1000
0.2 i I E I [ | I R e - _ 0

1345 6 7 8 9 10 11 12 13 14 15
Length of entity

Performance
o
o

o
'S

m# of entity ==Precision Recall F1

@l /N~ LSP1 58N 7 A [a]-R i B G A AE [

5.1.2 FBLERESSIBERETT

Ry BLBCRE DR RE - M0 RIS EA F RERVE R T 4T > LUTHITE RHYE
B L NUEH SP RS — =G Ran 2 Ry LSPL - AIE[7SFR o AL RIRE =AY
AT B GRS RE (B BERGANRE - INIE IR PTE ST AR IR T A B RGHREANRE « SO
RILI SR ERRE R & -

BRI R AAE L NIE R SP RS —SE = aER(LSPL) » 57 Bla/ISRiEAY -
IR EHARAE R - SRR HERRCAE R - Hh L 45 491,330 (E&E#S - 773,927
] SP 75 65,372 {EEEAG - 108,874 &) - fEE R LUEH - GHFEIU(E_LSPERE =
VOB HS DS RS IR R I — B R (LSPL) - B[ 74 [F 3R A L — A R4 - %
BB A FLEHRE > NI & G T U A A CEAE -

Ensemble vs LSP1 model on short entities with Comparison of Ensemble model vs. LSP1 model
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Learning curve for length 4
Learning curve for length 3 0.7
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Learning curve for increasing training sentences
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M o FHY— (AR AL R AT nTAE & A fE 29 SRS (R VUZE 2 17) - FFIPR B SRRa e K
Y 0.5 Ay EEELEREL (FRVUEE 3 1) EITHRS - BRI R SR A 88 2 (i Ry i bk Fic
FYBRLERRY > AR AN TARSCAS Rt FCRHER (FRIUZE 4 17) « Hp A ALL SERHER T
FYBLERRG AT 816 fid > LSP10 AU 340 & BHERES - [NIHLAT =40 s AV SRagHfE
EREN 2.4 5% - HEHILEENREHERE H ] DURER (1B AR RACE -

feFVU AT DU U FI A LSPLO 4 e s — e e i o SRS AU R SRE B > HEAER 22 51 0.648
SRTCHIRFE By 1,034 782 > TRAGER(E 1P B RBETREILY 49 (58 Y BLERES - 1] ALL AL
A 55 — TR 7 BT RIAY AR A 0.291 » R R] K P bt LH Ay BRUERCEE R TE AR
LUK SR -

A s P & —RHEEE =T RRI ) SRR AH & 2 RS - m]RE R A Ryalll SR
A IERERC AR R S B > B TRAIGR IEFERC AN RE T 0 38 el ARV B E

64



RIRIE L - F A REis o Be 2 2 S IR BR e o SR AL BE SR I 20 1Y PO > B Ry Ath e {12
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F2IU ~ 24545 B Hhs 2 (Efficiency for correct POl = Accuracy * Efficiency)

# of # of Accuracy Cost Efficiency Efficiency for
POI candidate (min) correct POI
(POl/day)

(POl/day)
ALL + Random 816 277 0.291 2,307 53.70 15.63
ALL + Special 816 13 0.182 2,311 1.25 0.23
ALL + Mix 816 3 1 2,306 1.25 1.25
LSP10 + Random 340 88 0.648 1,034 75.20 48.73
LSP10 + Special 340 2 1 1,033 1.39 1.39
LSP10 + Mix 340 2 1 1,034 1.39 1.39
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BICRG > AT DARE ST T B BRCRE A B2 - DUBHUE 4rivaISR &) - IEE RS R el LUEH -
KEHBEREE IR AN GRAY AR REZICE] 0.788 > i 0.665 AMEFEST 15.6% ° [ A1 A F kY
RERFEM AR AR IR A AR LY - IE5h - RERA B a BLBRRERY A R AETA
37.3%HFISRAFR] - HAGREMIREAFTAE & TV TR AL T © AR EEEIRLUAE
e HARAIEPIEETR TR EE - FEE BRI BRI - M ERAVSEE S - B FL
Et e — (a5 IREY 0.788 f271 2 T-EfE =45 5RAY 0.816 » NILEFIH(E - HH S
ABERG S - e LLETT S ZHYERL > BRAEHR/IR A Ay

st BB R R TR AR 70 - PP =R A EE R R B 774 + BEt% oy o BLER LSS
ik ~ M HE A S AE R sEER e T BLER L DL R R SRR & HoREAEAR 51 5l B 0.746
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