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Abstract

Due to ever-increasing amounts of publicly available multimedia associated with
speech information, spoken document retrieval (SDR) has been an active area of
research that captures significant interest from both academic and industrial
communities. Beyond the continuing effort in the development of robust indexing
and effective retrieval methods to quantify the relevance degree between a pair of
query and spoken document, how to accurately and efficiently model the query
content plays a vital role for improving SDR performance. In view of this, we
present in this paper a novel neural relevance-aware model (NRM) to infer an
enhanced query representation, extricating the conventional time-consuming
pseudo-relevance feedback (PRF) process. In addition, we incorporate the notion of
query intent classification into our proposed NRM modeling framework to obtain
more sophisticated query representations. Preliminary experiments conducted on
the TDT-2 collection confirm the utility of our methods in relation to a few
state-of-the-art ones.

Keyword : Spoken Document Retrieval, Query Intent, Neural Network,
Pseudo-Relevance Feedback

1. £&5% (INTRODUCTION)

PEREZ MR 0y 3 R B S RS A Y KR B I & - 20 A8 B B (R th 22 i R AP
HE 4 TER—Eb oy - fEE R A RS ER . PR RS E T KNS
SEpY T —TEE B EESR - A 0 Ay -4 (Chelba, Hazen & Saraclar, 2008) (Lee &
Chen, 2005) (Huang, Ma, Li & Wu, 2011) (Chen, Chen, Chen & Chen, 2012) s s 304 f%
R Ry —(E T3 A IEIATE T - (B SRS b B A S EREhi )y
2 WA 2 ZEEIfE A (Vector Space Model) (Salton, Wong & Yang, 1975) - Okapi BM25
model (Jones, Walker & Robertson, 2000) » &z 3 &R (Topic Model) (Blei, Ng & Jordan,
2003)%F » S5— U7 > &A= UEE = AU (Statistical Language Model) fE Al £ S F i &
(Information Retrieval)fIzE & 1% » (ERRE LS FHUS T 8y 2em(Ponte & Croft,
1998) (Song & Croft, 1999) (Croft & Lafferty, 2003) » Rtk 5| TR/ DHF5eERIEOE - fEiE2
BHRES T - B ES Tt BRI (EHES - MRS By 7 0A Ry E sl
SR M (Query Likelihood Model Measure, QLM) (Manning, Raghavan & Schutze, 2008) - 55
—(EH1 5 S 75 = KL 80 & (Kullback-Leibler Divergence Measure, KLM) (Zhai &
Lafferty, 2001) » R &2 shy B S04 B 2 B BE sl ARV EE = 15444 (Unigram Language Model) -
A S B A AR ADURE 5 BRI s 9 {1 £ 32 7 i T 5 B (Divergence Distance)

BT PR R R B S R AR R R AT B T A K B IE R R ERS L -
F AR 7 1A R R A [E 4R 2R R B 9k 5 0% » DAL AR B2 A 3 B R A A EARR 5
(Guo, Fan, Ai & Croft, 2016) (Mitra, Diaz & Craswell, 2017) - EEFENE @ KBS 54
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M A B S A s SRR B4 s T & R (Surface Statistics) - H HISJRTAC R RE 45 77
CHAE R SR ARREAY SO o BRI DA EAVARDE - AWE R A1 705 - o Al R e 4 EE
F 157 (Deep Structured Semantic Model, DSSM) (Huang et al., 2013)#1 /5345 & a = 2 Y
(Locality Preserving Essence Vector, LPEV) (Chen, Liu, Chen & Wang, 2017) - DSSM #{1
LPEV WifE J77A & 2NN EIES BV EREE T & B 7y B DR R R &R
o G A &R E B AR SR Y B B A SR TR A (AT AYEE ~ SEE IR AR S
BHVE)  Br 7 LA ERIfE AR A A - B WA Ry RISV R AT » o3 Al iZsa ik A (word
embedding-based methods)F1ES % A (paragraph embedding methods)fy 7534 » BIEM A H
i sl fE 72U (Skip-gram model) (Mikolov, Sutskever, Chen, Corrado & Dean, 2013)F/1 28 455643
(Continuous bag-of-words) (Mikolov, Chen, Corrado & Dean, 2013) - &1 558 7=
N {7 fE A (the distributed memory model) (Le & Mikolov, 2014) ~ 43 {ffi = 58 £3 f& U
(distributed bag-of-words model) (Le & Mikolov, 2014) (Chen, Lee, Wang, Chen & Chen,
2014)F1AE a) & 15 %Y (essence vector model) (Chen, Liu, Chen & Wang, 2016)% -

Ry THRIMRZER e BT ) EAEE N E R T &8 (Shenetal,
2006) » &5 T ¥ [ 1A BLERAY o A PR 0L B Ry R4S 5 - 28T » [ EER S P S0
W EEE R R EE T AR EEEENE - B gBEFAEREEINE
B EEDIRE NI HENERFER - Rt ER B EES - BN - St EERER
NeWME - BRI BEWHERBEENBTHNER > B—EE28 58RI RIES
T Ry &5 (Query Expansion) - #b &3y 22 7] Loy Ry WA (ERA A - S5 —FE R 5 [ FHAMAD
HYEJE (A1 Wikipedia B¢ WordNet) 73 #3675 » #E— PR iar & - HPaysEEr & aE
HEFEFRR - FRE - HEEE BT AR - ST —(EEH - BHEHE
BRERHY S MDA S - DOKEE ZE R A ey &5 5% - B IRREE =NAY 2B A R (o] 6
(Pseudo-Relevance Feedback) (Zhai & Lafferty, 2001) (Lavrenko & Croft, 2001) (Chen, Liu,
Chen, Wang & Chen, 2016)f#5 AH L o 85— 77575 @ 4y 5 286 S R B Rl - 41
SRR RGN o 5 REIEAM AR - AR EAUS TR SCEM T EEE
JRiaE R IES G RIRT o R B B ERHE K B8RRI - ZEAHRA B85 7R S8 MEE
HHEEAREEE o DLUN Ky 2618 R0 44 9 2 4H Al 0] g (Manning et al., 2008) - #HE# M%7 (Relevance
Model, RM) (Lavrenko & Croft, 2001) ~ 55 E&fE#&I(Simple Mixture Model, SMM) (Zhai
& Lafferty, 2001) - ZEZE&E#5 A (Significant Word Model, SWM) (Dehghani, Azarbonyad,
Kamps, Hiemstra & Marx, 2016) (Chen, Chen, Wang & Chen, 2017) - &% 2/ B [E] g& .4
TEMREVEE FEE AR - B M A - S = AR AR - R E
FEEDIERA -

PV EN R E 2 Mk HaR BB SR - AR BRI - RS R S B4R
H— (BB A3 o SR A g A s AR » H opoR F 31 USSR S A i 28 1 R BERRE Y NRM > I
PRET T NRM FI &3 2 [ PRR A AT RE M -
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2. MRESCEERE (RELATED WORK)

RPN E S - EHATHERVEE A % o RIELE R 2 5 Qryaa Y B AR AR A RE S 1
BIP (w| QYA ARSI (Maximum Likelihood Estimator) fE{REESEEHRT & » fy TR S
BRIRIR - A2 EREERUARNITE - R EEGEE AN EZ I AE =22
BEEIES - H ARG R bRy B #ona o LB RA [MIas s - &3 Q Bl R s
SRAYAET N RSCEAERE RIS — R EEE RIS DE = {Dy,++, Dy, Dippy ) 2EE
S BT A SRR S AL - JMERSIHIITE LU T =M > RM ~ SMM ~ SWM -

2.1 FHEEAMEMEEI(Relevance Model)

RM st —E &0 B A —EHRERIRy - HAEHE S 2 QFH BN S 4 By R AH RIS IR

HEE « RNEAVE WM A FAEE R QMEREIIR, - RILIEREM » Mg RAT N

ROl S ED R & EAH R SCEE - W6 BRI A A R [l e DB EAUAERASE AR - RS

QHITERAMEE A T FF A T A G & -

Yprepp P(Dr)P(W|Dy) HWIEQ p(w'|Dy)
ZD;GDFP(D#) My P(W"'[DF)

HrpP (D) RSB - BRI EI SRR et - LR ERAY 550
e A fi(Uniform Distribution) 2K &3 « 55— {55 = AP (wD,) AZEAI FH B AR
flistE = A SRRV RSN 3% SO B AR A R - ST R (5 L3R AE S DAY
PR BRI DAL AR -

PrvW|Q) = 1)

2.2 55 RS ERI(Simple Mixture Model)

@& A S AR B RS E SMM © SMM ST 0] 85504 D p s H B R AR 2
BRI > 22K B R R A MR AE S A » F—E 0 2 BB % B QT
SR EEIN ERERETH Psvm (W] Q) s 55 BB /2 B2 U ERAE S S i B ReE S A P (W)
WL —2 > (F ol ZE el S FDE » R b SMM BIIAKESS » WK Psum (W] Q)
DA Bt RIS 58 FH Y FE 5% et Bk (loss function) -

L =[Ipepp [Twevla - Psumw|Q@) + (1 — @) - P (w)]<D), 2

a RyTASCEFRIFIIZE > FFYRIE Psmm (WIQ)FI Peg (W) RI & HILLEERH {% - SERAVEETTT
RS H A QIR FIE = AR - HEMIES—(E AR &AL - SMM HI{R
st —EA VRS > (ERAE RS IFD IR AMERERHQAS MR - Bl
FAER EEESI D AYIMI S AR » BEIAER - B 55 [ E R R E B ElgR S (R
PERRE (B AR IRSR RS SR B E G oy feE 5158 Pec (W)
SETITE © 5o MEE AR E A S Y B B AR B AR s A E R AR B R ik a e
1y £ R Psvm (W Q) FFIFEE ©
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2.3 FEEEEMEAI(Significant Word Model)

ERAVIEVEREEE Luhn’s theory (Luhn, 1958)F1 SMM » SWM #5357 SRS HE A& HEE S
AR 705 o 5 SWM #H » BECEEEN RS BB - EREREES ST
EENVE FE 0 HARgE i g B DB EIEE S DE - BRI SWM a8 01
HEESHEAHE MY = (EAFEADESTR - F—EHA Ay RESHEAPyge(w) 5 5 _{EEH
FyRAREAIEE S B Ps (W] Q) - DUREE = (2235 )iy B 5l I8 A Psw (| Q) » FIIFH bl =
BB AL B B S DY AT

Pw|D) = a - Pge(w) + B - Ps(W|Q) + (1 —a = B) - Psw(w|Q), ®)

a fll B By aliHEE 28 HAORIEPge(W) ~ Ps(W|Q) » LUK Psw(w|Q) =& ¥ i =
P(WID)HTERK * Pee(W) Rt R aanAL - (AT 2R = 8 U EE T siyHER
KE 5 Ps(W|Q) B ZFm AR AR RA AL » it 7 SR AE BB S Dp - (E & R AT
DR E SRR IR © Psw (W Q) AIE B A 2 s A @ KR E s IRl Psw (W Q)
M A (AT - (5 A A [ B S PED p o A5 Pow (w | Q) Y e A ABL AR - SIf (55 FH A
K HAE & % (Expectation-Maximum  Algorithm) (Dempster, Laird & Rubin, 1977)zF#
e

3 EHEBE M EEME BT E (QUERY INTENT AND MODELING
FRAMEWORK)

B e AR A [l e A B AR R AEE S el R b SRR TR S e (V&S e
{BANEAE AE BT IRAVR R S8 b o S RHYIRIAZ AEAH B 0] 85 7 BRI > R
#2% HETHEF ] (Manning et al., 2008) o (RIS EFERF A RTRE > BAMIA] FHE R SR AL 4 s
AT H SRR RATE RS (NRM) Y ZRRE - FEERAVAUR T RFINMEREHA U B
(B AR E TR > [FIRFE REAR A AEAH 8 ] B A AR IR R -

31 By EHESHMANAEBEY (MODELING RELEVANCE FOR
QUERY)
TERFZIEN B RN T EAE R T A ENERMERME - RM H T 2500977 7A LA PE R 4
[0 5 SMM AT SWM B 53 B Fil 255435 = 1% (Background Language Model) 14 K 284
HIFF 7k A 158 (Specific Word Model) SR SE 15 (Al 85 S AR AY AR BT - RS MAIASE > 2R
PR SR R T AT Lo e iR -
HEFHRYER » A —(EEHNESGQ = {Qr, Q. Q) B—(EfEEEHENER g
73 A FE R AR B A HHBA SR = {Ry, -+, Ry, -+, Rp} o B T DR E AV REA —HYH
B BPTE e gE— (E 5 S 4RSS AP, € RVIZKZFEIR » Hi Py, By HEIAE %
JEA S QARAVERZKEL - VR ZEERHEME RS - BIukiPy EAL B EMEMNESE
Fy— o BRI AR ORF R A EHE 2 REREZER > MR -

f (P Qt) = Vg, (4)
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Relevance-Aware Query
User Query Language Model

Query Encoder f(-) Word Embedding g(-)

[B7 ). FIEAZ(HHAE4ERSHT NRM RV

[Figure 1. NRM framework with feed-forward neural network]

SRS - f()Ba BB AT E H4C 48RS (feed-forward fully-connected neural
network) o DL 4% EiE it R SCRIVEFoR AR B > ESEAVEUAE et — &
s Bl G e A (word embedding) R T = - FEEHTIEEE BRI A SRR S A - B T 0E)
EE TOMEfOZ EFEHEE—(EfRSEg () > g —E2ERATATAR A HAELERE - fE
B SRR AR IREW € RV e H ke B saI R N o |V | Rygml S1ENA/IN « FeaSORE B RIS
ZI(NRM) AR Ry LU YT

ParnW1Q0) = g (F(Pg,)) = s %)

B Ywrev eXp(th : 17wl)

®)

Hrbo, BAEEEWHYEWT > ESEWAVEERRARIR « f&i% > &y TITE SR E & HIAHER
Mo ffi - BFIEat T —(ERIR B AR - SRR AR ISR L= 5] — R A B DR
AR H - PHEAFAT

L= HI:l [Twey P(W[R)logPyrm (W[ Q) (6)

HeP(WIR) BB &30 Q B ERIAHBA ML i - SRETE(EEEIAYAE > NRM AYRIEE
TEA] 73 R WA{EER 73 » 53 Bl BT (I 4 P TR AR &3 f (ORI R AR RR MR aa i A BT
BE A REREREW > 3l DL RAL Bl 2R Ay R AR B R S 8
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3.2 EHEEHER (QUERY INTENT)
Fy T TR iR = Ay A sk i ) (Queery Intent) » A {5 FHAEL A 150 4 FE B 8BS TR Py MU R 73 BE Y
88 - (HEARYETRDE Ry K-means « & 5t » ZRAFTREPo, IEARAL - 52 [ S AV B (E fn4E fy— -
PEE DB SHRE 0T IR 2 B R I BE RIS - 2B AT I - Bl AR EAEE
[l (Query Intent) » 3 & {FA4RF i HY A 5 72 0] 51| SR B HHHAS A RS Pyrm (W Q) o AEHIEAPES B (AR
B o R R A s Y 5al LR AT LA BBy U L RE O DU ST & - DU By NRM
FEM > Hrpi B DAV ERE - max DS RYET R LAZ B Q AR LY KL BUEER
B o AT DL MR FROR

Pyru(W[Q¢) = max;e, PNRMi(PQt) (7

FIFGE I A R TN R AR RA MR AT - ARG s GRS BRI A

FERIHIE A o SR ERY T

PQt/ = abPy, + (1 = a)Pyru(W|Qy) (8)

3.3 EfE4HET (IMPLEMENTATION DETAILS)

FEREE Bl RN B R R A i - AR E BRI Ry > SR ERAVE AR
77 AR B I E I ENTF KA > REE T & A S B R S TP
MRBEME - FERISRPR B > By T 2 EUH B BUERBESC AR AU AR ML (8 2 RYEEEER (D) - I
FEFHBETERY 73 A</ 6 NRM > PP Tasest i (B A — A BT - 25— (e R B e AR

—

WEFTRAGHIRELE  fareereemmmememannnnns :

B2 BHEFEE - ECHRREIEE  HEETBEHEE
[Figure 2. Model architecture. The modeling and retrieval is blue block, while
yellow part is query intent.]
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5 (S CANE S BB S 4G E — A - (EA RS RS 2 - AESC
FARRAME AT AR E BB SRR AT K% - BRI SCFAVE SRR - EERRES
AT DA B E R S AR B S AR - ERRERE TSI EEE N - ARG R —EE R
THZ « Hth - B MR SE IR E MBS - RS —EBENERS A FE - 1S
AN REEAH RS LA S E - R — (S E &R ES - B AIE R S HERIM
XS - BENERE T BEAITAFESE—KES - SEHERMEATE TR - U
AT & (F CE)HEBIRY SR - S RRAY RIS A [FI e AR R D] 5 HY )7 20 - 488 DL /i (il (F 5
HIEEEET% - (Rl SRAVPEEL » FoMEA Ry & s SRRSO #E3E F R B AE R (1 6B R
HUSE Bk (eSS EE AR i P(W|R) - BTH| R &Y EE S A
FA(0 » RM ~ SMM ~ SWM)J#45 « [ FI{E NRM 30 ERsiisan T - FRmeny
SUBT R Ry 4 M ek (linear function) » B & &y Softmax pi#(softmax function) » H ik
#11F Adam (Kingma & Ba, 2015)/8 AT (M - RIS - T—En AR
BRI Ry e S AV SR OB — RGeS S () 0 R SLE HE S R A E
KRRV AR E > WIRARCERHRTE S S EAIR % - KB —EEmaEg () » KR
SRS RS RORAVE R A M & (RIFAETER NRM EEEE S AL » 18R
X f#%(Cross Entropy) - HUf§—{[E#r Y & 556 = A% - M A HERARY KLM 515 NRM
A EE = A B EE S AYAY KL B pERE(divergence distance) - 4845 H AiZ EIAYEFEZ
FeATA FH NRM R F fit e 45 2275 24 A B [ B A 22 05 =X WA 43 BB s Y o 7 =X
& EAEEE - R ARG = (A E AT RN EE St - E B —EAS
AEFHRH O BRI B HEE SR AL IR AR R B AE B (R AR I e - IR R
QUATAPIS S BRI N i

& EILAE NRM HYERRE . | - S+ [E] FREAVEISR 7 =08 2 Vs tElioy) » EiF
A7 By WA EPS B & el eRFs B > S K-means SEEUAB &y 52~ 4~ 8B >
Rl & s Rk 2~ 4~ 8 {8l EREE - B —BFEMEIISRE R 77 RIS [EHY NRM e
55 BB RGPS B » RIBLER SRPE B oy ry 2~ 4~ 8 B > MIEAYEELL KL BUSEEsE
TR E AR - M AZ B ISRFHY NRM BRI DR Y & s For = - M T ZHL
AR RS -

4. Bt EHEHER (EXPERIMENTS)

4.1 BEE%E (EXPERIMENTAL SETUP)

Fef{E 8 TDT2 (Topic Detection and Tracking collection){E & & Ex#dE (Linguistic Data
Consortium, 2000) - 2K H S&[2] 7 B AV #T i & 15 (Voice of America news broadcasts) i B 5 #r
fEl(Mandarin news stories)ff FH A & (EsE & L - FTA BT ESCEE s HiRE 18 -
DABEAE B s PAd R RE R Y AR BR B A © 5B S0 (AT F-395H 85554 (Word Error Rate, WER) %y
35% (Meng et al., 2004) < Iz H 2K B #r 8¢+ (Xinhua News Agency) iy B8 # i & (FiR &
HYE S o SORSHERLARER - BTG AR 3w Loy R R (ESE R - (E T RN SRR &
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A T AR R & - £ 1 & TDT2 — S ELRNIARETH 8% - SHERREEEN =
FofisE FHIEN Z Y IS RERE (non-interpolated mean average precision, MAP) (Manning
et al., 2008) (Baeza-Yates & Ribeiro-Neto, 2011){E BEEE] KL -

7 1. TDT-2 A945a1 &0
[Table 1. Statistics of the TDT2 collection]

2,265 ¥,
46.03 /NFAVEEZ RS

16 HrEEet i
(Topics 20001~20096)

# wEE ST

# M HER

B e i Sty

FRE 23 4,841 153 287.1

RO E0RJics 8 27 13 14.0
RAEHNEE 183 2,623 329 532.9

# ISR A HIAH R S 2 95 13 29.3

4.2 BE%EE (EXPERIMENTAL RESULTS)

Bt TS NRM AEEAEBEPERI AR KRR MR FRY BRI - G RE
HRE 3 BilE 4 o LRy A R B ZEE A A G SRR EEAI(DSSM) (Huang et al.,
2013)f11f= ) P B AT (R AR (LPEV) (Chen et al., 2017) - DSSM fii G5 1 & (AR
M S SRS A 2 B E A B SR AR Y LA R e At - 55— 5T » LPEV A E &
E—(E AR A RO ZE ] - [EIHG O B IR AR R 4G -

FlE 3 th 2IAVEIRAE - AR MEEEBIRHEER - 55t - DSSM AamEfE A T
IR EhEE E RS o BB LPEV o JFINZAER DSSM E A AR 8 & aR AR
RETE » H A SRAES IEfEsE 73 HEARRE AT AHRBE Y S - LPEV RIZE BAESE X
FRIEAVRIIRAV IR ZER] - HAYMERYAE > WEERS LPEV fEMREER E - thi DSSM
ZIRNE « HR O N BRI ERT - SWM AGHIRILEE RM ~ SMM 87 Sy {852 -
IR SRR T A BE FIAE NRM YA S > & SWM FITNRM #9574 » FATRERR
Fs NRM(SWM) © &SR IEAIEAFIAT T - — 8 SWM IYFIRE B IRE - FFI883RAE
NRM HYZREEZ T - Aot m E = EBE AT SR SHEA A
NRM HIRR R4S FURE L B A RE s ) - AERHYE - NRM J7AE ZRER B A ER
EEHTTE > WRM ~ SMM ~ SWM < SEREAVAF&E SR B F IS ER DT BERAVET R AL - AHRE
Y RM ~ SMM ~ SWM FIJ ] — R &G HIAE ] 6 - & EMHCEARI R AR - NRM fEEECR
BRI RSN - WA RM ~ SMM ~ SWM R FHRA M3 - FAMBdRiE R EZ g
HIHE#E NRM 5] DUERE B SV R0 MM 28 SeRr e & b BT HUS B A Y AR
[EIRF I RAERT Y TR - Bt - TP e] ARAEREZE > f£ NRM B2 ASwEhli—
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B3 - TEFTEHIRER T & AUGRS I LPEV » DURAE A4 MO T8 DSSM - Lk
YRR M NRM {23 E5 S R e -

0.8

0.7

0.6

0.5 H DSSM

0.4 N LPEV

0.3 = NRM (RM)
B NRM (SMM)

0.2
B NRM (SWM)

0.1

0

B 3. FERFFF/HRBEE AT NRM L f 4R
[Figure 3. Retrieval results of the NRM offline trained on click-through
information.]

0.8

m DSSM
m LPEV

= NRM (RM)
= NRM (SMM)
= NRM (SWM)

S ah L

B 4. BESRIFFI BTG [ETEE5 T NRM B2 2 fge F AR

[Figure 4. Retrieval results of the NRM trained with pseudo relevance feedback.]
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PR R APV S (B 5 - AR SRR AR R A - EERVERRT -
I EEEIRATAT 10 [ E (EAHRE ST > LB SRR EATIERE » T r] DAREEE SR
BB EIR SR - Hoe > B3R 2 A[F > LPEV fEEERHYERRT - R DSSM - A Ky
LPEV iy HFREL DSSM A [5] - ALk st SR A AH B SRR B [ FRIRE TR -
FEREF SCAFHIER 73 - SWM HYFRIRMRES AT ARG 28 SMM AT RM - {E1£ T 5 SURHYER S HE
T - Btk > BEEGOCE o LhERIE 3 HlfE 4 0 ERERSERREE - T UBZE TR
B DAL AR - DLUNRM HYSERACE » ] LL3EEE NRM R (REAE R S
S BB IERE - ff% > BIEEAETEEEHVERIE T - NRM A n SRS T - &I
LPEV - DSSM {B5 - F—EEH] NRM HI{EFH 2 g
2. BRLLENRM Z L o 20 F R &

[Table 2. Based on NRM framework and further use query intent information.]
En -l HEAH A 0] B
X s X s
Long Short Long | Short | Long | Short | Long | Short

NRM SWM 0.730 | 0563 | 0.686 | 0.547 | 0.648 | 0.467 | 0.589 | 0.449

NRM SWM)-2 | 0.690 | 0.571 | 0.670 | 0.544 | 0.636 | 0.475 | 0.593 | 0.470

NRM(SWM)-4 | 0.694 | 0.562- | 0.669 | 0.545 | 0.628 | 0.462 | 0.583 | 0.434

NRM(SWM)-8 | 0.712 | 0.564- | 0.672 | 0.547 | 0.632 | 0.463 | 0.593 | 0.437

YRRV EREL Y o MR & Z EEA A FEERIAVE (- NIEEIIAER S NRM
EREZ B R EEEAR AR IR > A ERVEAEI SRy NRM S8
HHSEREZEE] NRM REEREEA[E EREMVR R DRI R AVRCR - EFEAESR - &,
IR AT RAES — (8 KB (855 N SRR RTEIRAT SWM J57% - B - B
BRI AR R - WA FEEENSTY NRM » RIS & OF) & 3 & B [F T S
AYEE - UEMEFIANE NRM TG Y& FoR o IR RS & B T 2R Y
AN ([E 3 Bl 4)4RPEAH G - DAL R R Ess - HERGER EIAER 2 - (EERESR D
E o Al EER - EoRHRAEIISREGER - K AIREEEE MRS - b
BRI T RIS LR HIEE REY - PG - oy WBERRCR B DU R /(B - 1Y
BEAVRE ST AR S IR L oy /B Z ] - BT o0 /B B B e (Y (BRI G
K% - EEATERGER - A LR SWM B2 HEMAVESIHA - §RBEARNESR
ANEIIFZE > FTLVERFTIARGIRE R i it - EHE BRIV R 2GR - m LA F]
NSRBI Ry 2o - DRI AE R RE 228 51 SWM (HYEAHRR BIBEVERME - K2 > D&k
ZHTE R - SRR AV RE B GRGE - @8 7 WEHVRCR I B 7 R ARE - (B8
BRI BEELCEE A RIIEAY > KRB R FEUR S -
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[Figure 5. Loss in training set and developing set with differnent clusters]
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5. 453 (CONCLUSIONS)
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