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Word Embedding and Topic Model based Biomedical Summarization

Abstract

With the rapid development of technology, the resources and number of literature online
has been growing exponentially. All the resources can bring vast amount of information,
however they also bring the problem of data redundancy and spam at the same time, and it
would take much more time of users to find the materials that they want. Text summarization
can extract the most important information existing in the corpus quickly and employ a fixed
length fraction to represent the source files, with saving time and increasing work efficiency
for users. In the biomedical domain, such as MEDLINE Database, one concept can be
retrieved thousands of related documents. Thus the exploration of text summarization has
great value for biomedical researchers.

Since word2vec was proposed in 2013, the model has been widely used with the
advantage of high-efficiency and flexibility. Moreover because the technology of deep
learning has an outstanding performance recently, the study of word embedding has attracted
much attention from researchers. How to combine word embedding into the technique of text
summarization to have a better performance of summary will be the focus of this paper.
Firstly, this paper handled the corpus into a candidate sentence set, every sentence could be
treated a node of the graph with an average weight. Then we computed the semantic
similarities between every two sentences using word embedding as the weight of their edges.
Calculated weights of nodes in the graph iteratively based on PageRank. And then the weight
of a node could represent the importance of its corresponding sentence. Finally it generated
summary with maximal marginal relevance to reduce redundancy among sentences. To
explore the most suitable way of word embedding for this task, this paper has adopted several
ways, such as employing the average of word embedding of features, the maximum of each
dimension of features, combing semantic computation or others to represent sentence. By
comparing the results of three groups, we can conclude that the method of combing semantic
similarity would contribute best to performance of summarization.

Although text summarization can help users to quickly browse information, users of
different roles may have different information needs. For example, as for a disease, the doctor
wants to know about its latest research results, whereas the patient may want to learn about its
symptoms, diagnoses or treatments. Hence as for different users, this paper proposed a
user-oriented summarization. Take doctors and patients for experiments, this paper parsed the
comments of the two class users about disease “HIV Infections”, to make up two comment
sets. Then it conducted topic model on the two sets with pLSA and LDA, to find the topic
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terms that the users are really interested in. Finally we incorporated these terms into the
computation of importance of sentences. This paper evaluated the method from two aspects:
performance of summary and similarity with topic terms, and the results proved the efficiency
of generating user-oriented disease summarization.

Key Words: Text Summarization; Biomedical domain; Word Embedding; Topic Model
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1.1 RE=

SCAARG AR W] LASE A H b A SR RB E S Ch EEE B B B, R SCATZ IR
TIF 7 ATk 2 B ) — 50 43 o TR R s, ST 7T AT LAY £ P s ), R AR RCR
METERPERAR, SCRMERARNM G AR, W H o] DUR4a%dE . &
% 2015 4F 3 AJE, EWEE A SCHEREE ZE Pubmed ST T-IU B £ 3 SCHR, 7EiZ B0 E
W, KRR /MR T DS BORE A DG ST, A HIV rl Uk 2R 21| 252,200 & SCHk.
] i PR ) W 1K e SR IR BRSOk Hp B B O AR UM L, T SCA EE R I AT LA
A RURRAZ I . SRS AR s B e Bt Mg, Bl TR IS A5 B R PR AR
545 Rk A A 2 Bt 0 AR A B R OV E .

1.2 #ARIR

1.2.1 XARZESIS A BERAR

B H AT SO B AR O 50 24 IHE 7T 5 2, % R AE s 1R SRy s R 4
Hh B B ) A S BRI I B AR ST o B S B R AR PG R B, AR
B AR 0 28 e . W I3E A st TR*IDF 21T B R 7B, ¢
AFEER R AR K IIFET o 15U T LA 52 S MOHE S FIUR BE 52 ST )2 O00E, Bk
SRR (R TE 2 T AR ML 882 517 5] N BISCA i B R 8

SCAHE BRG] L4y S B 95 BRI HE B S o T ) g S P ) ) kAT B
PEHERY, ShECHER SR A FALRH S, a3 W i SCR G B, EFT ARG AT
R E . AR BTSSR B, (R B R, a7 7 HE P 2 B AL
Lo B4M0SRE,  LuhntMA g 760 & B BE9R] 0 22 Uk 2 2, 3] ) B Bk AT LA 3]
ST, /EMIERE E, Edmundson® EEUCRRA . ) TOLE L L2 A AT G IR DU R AE
TR EA) TALE ;. Mihalcea 28 A\ PageRank EAEFI S AR B AL &, $RHE
TextRank 57 ; MEADMO [ i 38 F AT (1 22 18 5 SCA B T 5, W] SR (R AL g5
BER. O, RKALT RO, EPLESF I, SO ) B nT LU A 1
Sy, TR A2 A . Kupiec 25 AR R AR AR 25 00307 528 X )11 42
H IR ) RTINSk, B3R RRFERCE, i A T AR R 2. You
Ouyang™ 5 1] [ 25 10 [ 25 SCRSHH B ), 42 HH e — 2 T8 SCIR RS AR 1 S 5 v
[a] 947 (Support Vector Regression, SVR) % SCR4E 6 7RI E E k. Yue Shang™
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WS A A7 ) A VR HEFE 2% 2] (Learning to Rank, LTR) @, KM 3 R ER R~ T,
T Y ZRA5 B F L B R

T Ry vk ey, Jd e B AN R (0 ) AR FH 22 Fh e mes s ) 7 B B M . (HREAS
ERMAE, RS VEML, L8 2 3] 7 V00 A e U AR i A s S LA
ZSE AT DL R A0S S, A7 R R STk B B R 1 S R )
T WLARST ) B 7 VR TR B AR B AT N SR, n SR N TRy ) e T 3 W
PRl S 2 A AE AR 22

1.2.2 HEHEFTGHITAHEZA

T A fr B =R AR PP R R, ARV F SRR A SR K . X — TR
ARITAEFHRM T FEEERE, H— At AE SRR Mgk T Hhbk. SO
BEF AT DS By A W R 2 AR RO W SR, I SCRY AR R ) L 2 B . A 4E Pubmed
HHEE R R BRI, SCA i R AR T DU X 5 2R 31 R AF 5 SCRREAT B 43 BT, il
SCRREE HHORIZ o B R QI B 5 2, 8 PN A], 3 & TARRR.

FHEG T8 A, AR R 52 SCHERBE INEa AL, BRI BN E, Bz
350 ) SCAR A B AR A 2 S 4 A R W S AT R SR R B R UEEAT T AT . 10 Reeve 25 A0
FIF MetaMap K5 A A () 3] 15 LB 1) UMLS (Unified Medical Language System, UMLS)
FERUR 2 H PTRE S, 43 BT A DU 1 SO Y () (1) 32 R , 38 17 el EDOGT B ) 2 i 22
AL, Morales 25 AW A0k W5 J50K SCAS rpial i i g L i, A B 7R S
RUFERIE, LRSS I 5 B ) T R ALSOCR M s Fiszman 28 N
SemRep™ MR IFH VAT A ()55 %, %F MEDLINE (Medical Literature Analysis and
Retrieval System Online) 5| SCTIE oM, AERIE—BMIN 2 ORI, &7 d
2 F N Semantic MEDLINEM 28 #4432 RiF;  Yue Shang 25 N ] SemRep fliHt
T PRI SR B IE ORR, EREE SOCRIIEIE . ¥ AT B0 A% O SR
A, HHEU R 6] PR, Han Zhang 28 AT Pubmed |- 25 ) 1513 [ 1)
MEDLINE 5| 308 Ok R EM 2 B4R oR, Ha BT IIRRIFRE, BEIHETHR
SEA LA T I EAE B Yue Shang 25 NI Wt BRI, 254 3k PR A (AT
F A FFEAN TextRank JCHBEFRHER T 22 S BRI R IERCE, e &) 140
FSC S DRI 2

MR TAERTLE H, H1F SemRep R LAGHE R} A (&) F3EATIE Lo, #3205
HITE LR AR, WEIRAE R EARMBIER, P A SR A SemRep X MEDLINE i
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AT 0T, BEWPIRSEIUR G IS oA, SO B ) &) 54 oo ik ide v 786 5
VR E R R S g TE ko

1.3 ATk

BT B RN ESARRERR AR, HETERE, £R%5E, RAHE
AR KRB VEAE SUoiT, LR RIF I B Re S 2 ML A, IR aR &2 BT 78 35 (1 26
VE. TextRankIJZ 4 i3k T RIE KRR AR B E2 —, B TR 4 A,
B)F IR MEAE o 4 R R B, FIF 2dt PageRank BUAEIEACTHEL &5 MR, &%
WRCE R AIA) T IR E . HT1Z 7755 DUC 02 HEZ s RS tbAEs A w5
71, Hb—25E Wt A A o . HIRATNZFE ERZ, TextRank 77329 7] F4H
ABNE P A — T 1)1 R s MRS 2 ) 1 31 oA A 1 B B A R, DRI &85 mSOA R (1) T SR R
L, (HRARGR E R TR AL, 22 R R ) 7 B R TR A R 119
LI, BRI B tfxidf AR N E A R R) - & DR ) R IEA U SR R, 2
T AR ORI, BRAK 1 45 OB T e I, Semm e RE . X S BUE
SEAEJE T TextRank 775 B SCAR EHE, KA TextTank 1 8] FHRHAE N ELIE A,
B/t TextRank J7VE4 5 (e . {H BT 2013 4F word2vec™ 223 Google FFi f5,
FHEA T E DL RE BaTE SR SR, B R A 2 N, 2014 4F
Paragraph Vector 42 i, 1i 4 SCH4 I word2vec T84 AR 45 - S A S
A A 2L

W B D A 2 BRI R g, S & 0T JL4E Facebook. twitter fll T 554422 W
ZHRIE L, W FAREE R RGE, 25 Wi @ T DL 2R _E 4R BIAH e
%. M5 Health Online 2013P24E I 2, 359136 [ 24 RS ¥ — REk £ k7 2k 253G
M E S H AT S AIRES . SR LA S SCRRTERE,  #E58 W3k b (1 550 T A Az 3 £ 2,
W)L, R sk anfel 3 B P B INA SO IR BT RS S, 456 SCRk PRI AL RS X 4%
&SR P B FAE B 7R SR A AN A I 4 A A A B . EERPIXFRE AL, A
TAMER B FE P REERE S, R EER P JOE BSR4 . H BT K 2 2
B A B PR E AN )b o A S [ B DG B A ) R iR R Sk A () PRI
%, AFRHPAAEARREETFR, S AAFPAEZRFE. Fla, XFT%E HIV, B4
MRS 5 ZIRAH I BB R I, T N U AR T i (a7 7 Rz . 4
AR P B BT R ? SIS . i aZ], AMTESEME R — 2 2%
SR DURIB AT O, TEEhE RS . W E AR, 2 5 S8 o] U
KRR H DGR WS, R AR SO 48 A 25 USRS 4R Y — b T [ FH P 0 SR B Ty
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5,

1.4 ZRIXZEH

AN 4 5, EENFEREEET word2vec Sesk ) SC A B Sy A M A 7 A
BRI E B B AR, FERTX PR VAT T SRR IRE, BARTE T N H I R

SR T I AN AR R A A ) B BB UK, b T H BT AT A
ST D 10 R, 6B T AR SC R 9T AR AN B 2 A

55 R IR T ) AR R A AU B A EEROR I I B AR CHE S AN BE R, R
A EIH SemRep, LA SCA 5 F IVEAN J7i

5 == A T R H word2vec Il 2k i3 B a1, 8 2 A S kdt TextRank 7514
AR L, JEAE 2 2 SR AT 6] B DATS B B 48 word2vee 73,

VYT A 7 e A R T A S A R, EENE TR, P
FRABRY, DL A A s R
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2.1 EYEFHXEIR

2.1.1 MEDLINE

TELR 2SR ATRE R 248 (Medical Literature Analysis and Retrieval System
Online, MEDLINE®®) , 2 py 3 [ [ 5 125 25 B 5 08 4 1 0 5 26 dy B R A s B 10
T EBEEE, & a0 E PR s AR SO . B RS T AR R E RISCE
PHERE, B VEMES. WRES. Bizhs. TR, 2%, @Ry, A%
AN, LU T ATS . MEDLINE %5 A] LA 48 2 51 % PubMed %2 [H [H
FE T I E KA ARG B O IR AL LR RS 2R 4% Entrez 9% 3k 15

H 1946 4 2 ILAE, MEDLINE £4 a5 1 5,600 ik o A P 1= = ANE e 16 LR ) »
fl5r 40 FhiE S P T-VU A 5 43055 . MEDLINE %03 FEBE B 90N 5232 S0 FH 116 5 DRI
THERK, EEEMN, BEDLSENLS, BT HEETHGE. & 2.1 FinA
MEDLINE f3870 1R 37> 45 7K . MEDLINE Z5#8564% 5 (PMID) « A3 (T .
BRI EL (AB)  BEZE R (MHD  HARISHE] (DAY ENZE . PMID o SCHRIFIME
—IRIART, TIARER SRR, AB FoRn M EESE . AL FEHH 7 PMID, TI
A AB ) =M

F 2.1 MEDLINE iERl45H K
Tab. 2.1 The structure of MEDLINE corpus

87 (i)
PMID 20231565

The effects of salsalate on glycemic control in patients with type
TI . . .

2 diabetes: a randomized trial.

Salsalate, a nonacetylated prodrug of salicylate, has been shown to
AB decrease blood glucose concentration in small studies. To compare the

efficacy and safety of salsa at different doses in patients with 2

diabetes.

M Adolescent: Adult; Blood Glucose; Diabetes Mellitus; Female;

Lipids/blood




B ) S AN R A ) B A R

2.1.2 SemRep

SemRept®L 2 —ANAT LL [ St B AE YIS 2 S0 A R (R SOR R BRI T, B F3E-56
R-FEiBEM =0, F 2.2, $FATF 1, SemRep FEUAIK RN 2, Horp 315 RIE X
)2 UMLS R AUAE (Metathesaurus) HHIMES, K5 RIS &5 M2 UMLS &
X &% (Semantic Network) )¢ %,

2.2 SemRep 1 XK FR I
Tab.2.2 Semantic relation representation of SemRep

1 We used hemofiltration to treat a patient with digoxin overdose that was
complicated by refractory hyperkalemia.
2 Hemofiltration—-TREATS-Patients
Digoxin overdose—PROCESS OF-Patients
hyperkalemia—COMPLICATES-Digoxin overdose
Hemofiltration—TREATS (INFER)-Digoxin overdose

R TR HE LR R 5, SemRep 1 Sexi A AT AV, AR SR —
AR 1R S B8 UMLS 3Tk R ¥4, HAkHh, SemRep B K2 — LR 1ET &
4t UMLS HF AR SR (Metathesaurus) « i XM 4%  (Semantic Network) 1% 58 &
#it (Specialist Lexicon) 3 ANE1IRE . H A BUA RS T T B BAE) S 2 i Rl 4
ARC s VTR SR, PARIRNE RIS R 2 DIRE 215 5 B0 R R . 1H S 2% ) e 2%
AR R BT RHAT S — 0, 8 AR SRR [F]IN 8 SO S [R] 47 A8 1) 3 2EE
KF o Lo M 25 B B ARE & AP RSS2 (R AS S, VO RN RS 5 WL S E 1] A
AR RN, AN B R 3 5% B B ZORTE K AVEE B TEAFE B IEFL
{512 SemRep 7EACEESCHR FHYRIFHESCRR I FI B R) 1, ARIE L K& U ) 70, s
FIH MetaMap ¥4 ) 4638 . 3] F 15 A 2R 36 b MRS 2R T UL L, AR HE 35 S 2%
T e B MR B SR AL, B e R HH ) AR AE 1R R SR 3 R R (R 1B UK &R

SemRep 1Rt 4 & 1 SRR AN H ARE 5 B HE 5 A5, AT DARCORH A B 5L
AREERIF AL . HAT SemRep AT LUEE 2 717 Nigtr, Br 7B E T, W]
PLAFHAE SCAiR R (Semantic Knowledge Representation, SKR) i FEFE, WA LALE
Linux 385 R VE NS FE 84T . 1 X MEDLINE #4# % (Semantic MEDLINE Database,
SemMedDB) & H SemRep % MEDLINE &4 47T15 SO R ACEE 5153 21 8dE 2. B AT
SemMedDB 1% 7 PubMed -FTf 51 (2350 J3%k LA L, #ub$| 201448 A 1 H) &b
S AR B 468 Xk &R, BN MEDLINE 38 S B9 38 KS2RE . PRI AS SC Sz i i
BHESK B T2 8038 5, 4IRS WSLI05) .
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2.2 XAWEENFE

SCRTHEF N BARAR N RGUA R SO B AT MR AT B AT BN ik R B
SRANFTES Cntrinsic) FAAMIIEAN (Extrinsic) WP, Py 3BvBAU 75 ok 2 @i £ ik
SEPRETEL, A R G4 B EAR R ZE AT X L A, SR ZE R ANETEA
SRR E — RS, I PPl R S S W A5 W e R B ATV . T
Ry, TEEKE TAER AT PNTESS, 1A 0T LAE 5 b i i 6] L ¥ 1 3l s
YUk N T 25, R 2 5 VPN ik e B2 N RAR SO 3BV 3k 47 4
A,
2.2.1 HEEMN

PPN B R AU B R AT A0 AT, R BV R R B RS B ERE B
FH T4 R0 B S N ARG T, BRI R S SO 5 B R B AE M 2, [EEEVF
R M E PR T 2 e E RS R MG E WE SR E A 2, E T T
) @ G0 ) A, AR TR AR ) @S M S AP, DRI I B DA I 2 i 1 B R S
T, A EA . AR E A BN, B8 &1 L2 5MF 3 s,
DRI I AR B 52 BRI T 38 P AL . TR 910 28 J LM 32 2 B 7 Vs

(1) #EMERA A 1R

REHIE RGN R IEFRARRMEA) T, FEASATMIESUE BB A 2E i
B2 . R 05 — 4 H P N E ek S i BRI A) FAH RN THIE . &5 R
RETEFN THE, HEAEFRME R, A 2.0 f (2.2) .

ARG EAMN L EE SR T

HERAZR = 2.1
G RGBT B 2D
R T S i T
7137 R — .
Rz AT B T oK (22)

AR I A E N TARHERI 25, 22 QST DU &) AR IR I B 30
PR e, b TAR R, (EiZ A AR . B 5ex T N A bR e 22,
Y5 SE AR AR5 AR F P AR S B TR ) 10 ARSI 530 Rath 25 NPt 7e, i 6
NAZE (BRI EIND) 1 10 e SCE 2R B 2T 2 T AU 8% R . iAH LA
AN 40 22, AR R A 3R et B AE A7 [ R v h 5 A 22 R EAE 25%3) 50% 2 [a]. PRIk —
ERMER R T A RS AR ST BTG B, (B i HMER R AN A R PP I R R T3 28
Ko FUCR A TAE NP BT IR R A B IE R, ROAS R B R &) 5 #5407 A 05
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BAWAE, —BE )T KREBKAE KNS . [RanbrEmZ a5 2 %071
“S1: TAMIFT LR S2: KRWIEELE, R ITRRE” « RE 2 MARF
GUERIN 2 R, BRMESAREE 2408 T2—. BAERERHM TR S, 2
ARG 15 A R HERR R A0 A [FRAE, (H2 RS AT 2 MR ESE WG EE
B2 FAMSER A0 R] RERIAAH R (18 S, AH AR TPk R oh AT R R AR b 2
— gy TRy — & SCHIE R 8] 73T AT
(2) DUC AT

2001 4F, [EFrCRPAE K< (The Document Understanding Conference, DUC) Hi3E
E K briE 53 A P4 (National Institute of Standards and Technology, NIST) T k2475,
ZK T Z 3R E RS — Rl A 2R SN 6, 3647 B 33 241 551007
Mo 75 DUC 2 Jp [T JLAE, 38 I3 07 VPRI R AE 4 AT 55 DL R PE I Gy, T
A LA B O [ T[] 25 90 R 4 A 45 AR T I 24T 5% . E 2007 4, DUC HH EH bR
A M4 (Text Analysis Conference, TAC) BUC, H I IAAEH R BE S A
THEMERZN VTS . B DUCITAC 28 /rLLk, B4-FIA 20 2 HINZ 5
B EPFALSS , HE WA MR AL S & B 1 07 SREGE P 7%, 3 3 3 AT
BRIV BRI K

TR LR T B AR A A 1A, DUC KH T AR #. ot (Elementary
Discourse Units, EDUs) {E NP 25l . B SRR bRt 22 5 3% 7 %4> EDUs, 2RJE1t
RGBT AR R 221 EDUs W EEEAT VT o VPO BB ARAS 2 ny (0 T, RV
B ERE R T EDUs (1391585 o X PR PRI 7V 2 i 1 A B2, AR E TR ) 2
bRUE SR B e EDUS B B4 7E RS B . {H 2 McKeown Kathleen 25 A3 47 7 %
Gt 475 A () 78 5 155, B R IV N SCRY AN N A b 47 2 A B RPN 45 20 B R )
MR ER, JUH R N TARMER 2. S EK R NS R R e —, BIAR
G [l A K I 222K .

(3) Az

FENLEREIE H 3 v TH BLEU I AT, ST Z AU B 3 i R 2 e g A
et . HTAER A TS S HARIBTH G R, B &7 4 R 155
(R HAA B SO R Ah 7 9 B A R VAN A2 B 3PN BOR 75 EE AR TR ) . A2
BLEU AT HLESBIPE VP IMAE S5, WE 9038 7 2 SRR th— Moy R 290k | sh v 7%,
AN FHAERT FEAL X T2 832 N VPO 22 B 4RI B PN 71848 KRB 4 E4a
(159 5 2 il



peLSENIPNC S E Re AT

FEHLAS R A 3h PN 4038, BLEU 3T n JolCHEC PRI T E BN . 26 E K,
FEABARR) n TV HEC PR 77 72t N 7E 4 22408, ROUGE (Recall-oriented understudy for
gisting evaluation) PV R i th 42 i+ A SN 2. R0Uh% T B E B R G2
ABRERS ZL A 1) n JCUCECER . A BLEU fhi i #ERf AN A, ROUGE Sl A [, [Ak
TG ORI BB

(4) BT HEET

FH BONIEHS I BTE RN F R EEME RS R EP U SHE RN, |
BAAEEE . (HRMEN R 2HEHN b — AN HEERE, HEEREZMN. £
DUC P, 220 s A 2 BB 3R i 8 e 10— R AR AT 5 . WS
W, SRESTIRER, EOARAARELES . REET RSEEET M
AR, H B Sh 48 B ] S 7 A SRR A I VAN AR LR S . G
[ T4 T 1) RS A A A A LU R I R, S 3 FH P PP R O A 3 2 Ak g
e AR mE

KIBE RN T E S R, Wi 1-5 4y, R titusth g 17k, Sy
REAN TR EARHER BRI, AR EATATARE B P H T3 i, TIXes R iFhs
PEREAIZVEN TR IR 2
2.2.2 ERANXAHEBNTNIE

SCRYZARAUSE AR AW QHTHESD T U ER AR KR, B R 7 AR 2
P EARIE R . AN B 28 F W 22 2 A LA I SCR T 22 A 2h P T A

(1> ROUGE

ZHLE RS E 2 P T BLEU 25T n JeUCECTHE AR5 &, Chen-Yew Lin
£ 2004 FF K T ROUGE T H. 1% T H %R EhniEfi 25 e, T2 NE5E
BN TARMERGZE, SR 5 Siit R G B AR AERE 22 0] n oo, M ve o 4 22 i = .
ROUGE T AW ERZSH, wid T, HEHW. n RE%S. RN ROUGE f
ZMPENTRRR, ARV FE AR AT LS B R R T, &R AR ZE LS. A
i, ROUGE FZE MM Fatsin -

O ROUGE-N %11 n Joia/dLEl# (n-gram co-occurrence) , HH1n=1,23,...,

@ ROUGE-L gtitix KA LI AR,

@ ROUGE-W Gttt B K K A1 H LI 2R .

@ ROUGE-S 4t iy i xt i HL I 2

® ROUGE-SU it o V15 K 1] B B 3 o S I 26



B ) S AN R A ) B A R

M Chen-Yew Lin 525645 Al LLA H, ROUGE-S 1 ROUGE-1, 2 i& &K E7E 100
LAY, T 1) B SRS A BN AR 45, ROUGE-1,2 Al ROUGE-SU* & &K 7E 100 ir] L
P, T A 22 ORI B SR TS5, ROUGE-1,2, ROUGE-S il SU I3 & Hofth 22 SC %47
BALS . A4, MEHGERFRRAARERZ, EFEZ R ERIEM S RN T A=
—ENEE R, 25 R TR B TR TOPN BUS B — B 4 IR

H s 5 {5 A0 B BRos 254 2 ROUGE J2& DUC H 30 BE AT 55 13- T B2
—, & HATE SO B S i VRN TR . BRI ARSI A ROUGE 1A
X A R GE A A AR R B AT R, DAY A SO B AR R

(2) Pyramid

Pyramid®®75 1% & Nenkova Ani £ A7 2003 4E42 H 1) B Shi SR 7, %07k
RN T ZE o N 235 BRI 0BT DL A ] 45 55 2 IR VP A 225 SR 58 2D Hb AR 1 47
B R X 2 X AN TR EOR S — AR 2 T 0P, B iiE 2
W ThRAER BEAAE LN AR, RISH FRRE SR AR 5 8 — MHE N A 00
(Summary Content Unit, SCU) , BRI/~ SCU FKik—J2iE U2, AR A% —4> SCU
SYBOAE, FERRHER B IR 2 A E R, R E L, XFETH SCU A E
BATHET, M BB AT, BEMEN ORI ER— 2, B ETISEY,
SCU AR Zipfian 7345« X TR—NREMHE, 1HEMEHAE SCU AR
HORIFN L FIEMERE. SCU M iT R B & A RN A MM E RS EE, M 4%H 435
AN TARAERG EAE o Bt A 7 VL Re 8 5 N TV 45 A B9 LD o H 207 R ik
RUBAERARER N Ty, T HAZ 7V T E P T RS B, 6T R A ) 7 — N
BT o
2.3 KRE/N

AR R 2 U ST A7 S 3 A A 35 A S A A S ARV (1) B RN [RIE T AR W) = 4
AR LA AR, AR TSR ERBURE, 45 M40 SO G5/ AR K i 5 80T 78N 3
TSN . AT FRBENE T AL EER B DR FIR, a0 MEDLINE 4 5 FiE
NRFSEH T H SemRep. 5540 T SCAH ZEEE B P — B 12 00k P M s R B i
DRI AR SO PPN VA IEAT T TRTZE R 41
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3 EFiREEBNERSTEHE

3.1 [ojgRg|H

ETEERRPSCAMER AR E IR FIRE, HhTERE, 2R%5E, ARE
FUBATRIEVEAE U AT, DAK R I B RS 2 A sk, Rl GR 44 52 2IRIT 72 3 1) 5%
VE, RIS AR SR B 7 i . TextRankM 2 28 iy 3 F B R SO B 5 32—,
EH R TAE B S, )T AR AE 45 AR A, R edt PageRank [ AR
AR, S, A EBR MR FINANTEE . %7145 DUC 02 HE44 ST
MIRGALAES B 54 ), Rt —2 8 Bl iz M A, BOZE R,
TextRank 7772 Hp 1) -7 ARABURE B2 45— T P 90 ok A RE 4 1) 7 3 L Ath ) 7 I Bk 6 M 2R, A1tk
X} 4 p U ) SR B, (R AR G IR T LA TR AR AR, 2R AT AT
PR PR A0 B A TR SR, tf*idf A DRk ia) B 2 A ) 7 ) s A ) 1) AR 5% A
JEASE], 20 T A) TR TE SCHE, B T 45 »SOBUE TR S v i, S Y MR
XA PO LA R T TextRank A SCARTHERE, 2 2% TextTank E 5] FHRHIE
DU, Bh/bxt TextRank 77924 5 i cdt . 2013 4F word2vec® 223 Google TH5 )5 »
TR 7 (F LSRR IATE SR S R, B R Z M A, 2014
4 Paragraph Vector ##& H 2, 1 A< SO F) F word2vec T8 ) F AR I 454 TextRank
SRR A B A G 2L

AT TextRank BAH, X iERHIALEE f5 Il 25 word2vec 178, 15 AL 1] 1 [7) &=
For e, TR AR word2vec RN AY 5% DL T A BE B AR B3] 113 S
FAACMPE, T T TextRank B A7 AH UM AT 78 B RR T 55, BRI AR SC 42 R
Z M 75 R F word2vec 115 A) T AL PR I A S S o s X bl S G 2 SRR 2 B T
TextRank [ word2vec A= i 2 i B 5 e

3.2 ETiRAEEBINEMRSEHE

I word2vec ££ SCAS S BRI A AE A ZCR AT TextRank A 2 Fr =
15 2 BB RHIAT SRE0 HF 0T L, LA B word2vec £ SC A8 B2 40k i) e A A FH 7 =X

K 3.1 AR SCSR I B . B SR I ZREEREAT word2vee #EA I Z5, 1526y
LA L B SEAR R B 2. MR IRIE A TR G, KRR R AR R £ R B
fd, T word2vec T 5HA) 1 18] FABMEAR e 45 mi 1R AL, R PageRank f8 ARk
AT AE SRR, BB A SR UAR SRR IE BB i 45 RO B A s 2 e

_11_
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N RASSOR I word2vee BRI 4R, R 7 EIRIE I RE, T SORM B AN 224 i T
BEATBUA

A RS |2
?ﬁiﬁfg@ﬁ >l R
AT BRI HF B
[ S ] T e B
WA 7 fort & P A
fi ) T AR p A, BT 45
FAIH R

3.1 FTml ) & E 3 AR R SO
Fig. 3.1 Word embedding based automatic generation of multi-document summarization

3.2.1 %k word2vec f&2H!
Rz, BRI AT AR B, TR A o) AR, RIRRHE R Y B R U
BSEWUSRRE R A g i R R T3, T A BE ] AR AL v AR ] B SR AR ]
BHARE), AMNKEARG U SAE S I 2R i R, AR
Skip-gram BEAY . AH EEHAREE T 22 X 28 S0 SCIR IR 70, 1A IR A R B IR R R ofe
%, LIRS &3 anlEl 3.2 Aran, Skip-gram A28 2 i i (1498 1A & T 45 e 1
TR R, A IR E RS Wi, Wo, Wa, ... WBKip-gram (1) H Ax o 32

= Tlog p(w,, W) (3.1)

T —o<jec
Hor e v ERE O KNISE, o KN TR Z 2 12500, — B R 25
Z NGRS a], (H15 25 s i AER
FLARH Skip-gram #E 7 5E S p(wolwi) 4
&P (Vi o)
PICLIAYA (3.2)
Horrv, Ay, 22 w it “HNR< e 8RR R, WREIANER s T
Viog p(w, |w) 5 W LG, Bmgima dEE K (10°-107) , DRI R A HAb 5 A 2
EALHE

p(W, [w,) =

_12_
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Input Projection Output

W(t-2)

W(t-1)

W(t)
W(t+1)

W(t+2)

K 3.2 Skip—gram f&7Y
Fig. 3.2 Skip-gram model

A, FERAJZIR softmax 5%, 2 A5 A = X Huffman A 7x, K4t
JEH) WA AR D145 5, X m A 7 BC RO e A, INBRINZRod B o B 3R] w
AT CAMR FRIAR &5 s e — 1) — 2R B AR U IR 1o BN nw,j) A AR 45 s 31 w 4% B (1
)AL LW)YAR SRR RS, AL n(w, 1)=root, n(w, L(w))=w X} T{f— A4
s, ch(n) 4 rin (AR — T4 sl WJE IR softmax %E S p(wolw) 41 F -

L(w)-1 T

p(w| w) = H o( nw i+ =cfw)) - Yu;,) Vv (3.3)
Hp
1, if xistrue
:{—1, else (34

L ATHE Viog p(w, | w, ) F1log p(w, | w) B LG L(wo), —MAN =T logWe

8 XS5 R BEAURR BE R B 7 voR it B bR R, B Jia A8 RO IR] 1113 7] 5 3R o T
Ko
3.2.2 WHWEaFE

X SRR 5], B A TR BT RIS 5, IR TP EWIa6BUE, sl (3.5)
fius, o S AT EHL

Weigh( ) :é (3.5)

_13_
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A LR R R, R TR 2 7 A 738 SORUE, JRE s Ehaa
BUEE, ol B A

(D BOPFY. KA1 RS BRFAER] 1 ) B S 4ECRR 8y, ARz 6) 7
[ B N AE IR o T SR PSR [ 2 T (R AR 52 AR DL BE A Dy e 432 I mh 4 3 AR
Ho WAz (3.6) fin.

Sz—ﬁi,kﬂﬂ ..... K (3.6)

Horb SO RIEE | 2600 THOSE K4, tORR) TS j AVRME 58 k 48, NOAIZA)T
AL R AR TS A

(2) WU KRAE . BefAN0) 1 BT A RE I ) r) B AR A — 4RO R, A 20 ) &
VRN L) () Ir) & o TF AR AN ) 1 a1 B 2 TR PR AR 52 AE AL FE AT e 4z B v 285 Ui AL
&=, wAKX 37 Fr.

max{t;}
Sk: J N !j =112!"'!N' k:1’2 """ K (37)

(3) B ST . XA FREA PR RIP AT SiFl Sy, 7078 & RHIE T (t,
tio, tig, .., tim) A Ctin, iz, s, -.os o) U Si A S5 B8 SRS THRE A 2R :
Z\es Simn(t’ SJ')+ Ztesj Simn(t1 S)

|S|+‘Si‘
HorpxtF4a) 7 S P REER t, Simyt, S)RRTER)T § At BA M EE SRS
REAETA] 5 t 1 s R ABALLBEAE |S|$D‘Sj‘§3\%ﬁ§/f< SHA SHKE.

Similarity(§, S;) =

(3.8)

ST AN AL 4 At 200 E 3B SRR B0 BRI i e AL, R A%
N EH L B PR AL «

cos(t,,t,) = Hl't:
tl * 1:2

3.9)

MRAEE PN S2Ib 0 LU R, %A A T8 R 5 724 TREC9, MSRP Al
RTE3 =M a4 DROMERE R . A B FAE 5 HAL A AL TR T 1 AH AR 2L
Rl
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3.2.3 HEAFINE

TR0, o Ok BRI F 45 pi (A6 A EE AN GG s R A R, AR SRR 4 05
(A EE T ARS8 AR B T 45 s B AR R, ARSI T TextRank FJ A Bftdk ) PageRank
ARERIH, BREREE. THEARW T

_— |
Weigh(S) - (-d)+dx 3 Slmlarlty.(S,SJ)
5 cconneciogs) |[CONNeECtionS, )|

xWeigh(S;) (3.10)

At d 5% 4 0.85. Connection (S0 R/l SHEMHTHEE, W54H)F SHM
JE KT 0 1A 744, ||Connection (S) || iz &b A) 1w,
I KA OB AE R — AN S L BRSO DA R B A

3.2.4 H£HIBE

H ) [ A AEAR B, B B i K AT K 2% AT B 2 b 2 AFAE BOR L
Ko NI ERRICRE, AR KIDGHRES: R AT 5HERCH
8] BA BRI AR, XA 74T 7). B SOUmAE MK E A T E,
C itz g s, WA S 20 B AR D 5Oy

(D WIEHIRES: S= @, C={S| i =1 MREHENGTES, FH LR
A TR

(2) Xk 78E C oA TP HEE ;

(3) iE# CHRERSIA T SIHHEE S, X C AT HHE, Eia
EWF

Weigh(S,) =Weigh(S, ) — wx Similarity(S, S;) (3.11)
Hri=, o NETTTET, o {EBK, A = B A& DR . Similarity (S,

§) ABIR (2) HBBIMAFE SCHERME . fEAHRIELK IR o BN 2.0,
(4 BEEPATHE (2) 1 (3) , HE SHIA)FERIFEE M EKE.

3.3 L EZERMSHT

3.3.1 SEESIRIT

(L SEEG R
word2vec ;& Google FJFFIE T H, F| IR EE 2% SR SEHUH Ml & % R R Rk,
TS ARRAE A (R ARRLE,  RRIE R SRR SRR . 93 B word2vee R, 1 TR B A
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MRS . BT INZRERT RN BRI i 2 A AR B () R0OR, — ek B R RIE 4 15
FI1¥) word2vec B AERS, [RIIEA TR H Pubmed #2215 RL, B £ i) MEDLINE =
2010-2013 £E A SCHR 1 3C, X513k a7, FAbHE, RA&MGH] 1.2G KllZrsE. #HA
ZHHIBCEI T

Jword2vec -train corpus.txt -output vectors.bin -cbow 0 -size 200 -window 5 -negative 0
-hs 1 -sample 1e-3 -threads 12 -binary 1

HAZHIE L XA “corpus. txt”#EAT I 2R, HiH 21 vectors.bin SCHFH . ERIAfE
F Skip-Gram A&,  RI$ H 4 Fifial {5 B 00 /T 5 1], PRI chow 2480y 0. € UFf
AiE ] () 3R] [ B4 R 200, 1EBhE COR/ANR S, RIS R Y HTR I RTS % 2 AN {3
FHTSCHTIR I Z IR softmax BRI SR 240, 1% E sample (15164 0.001, R H LA
RALT ZBHE R AT S B o AR 12 NGRS T %%, W Bt SN
kR G, 4 binary B8 O I R H S A 2, RIRT RLE S M ZSC B R
BIRFAE ] SO0 B (1) 0] ] BRI

[E]if A S 49 31 150 B “Asthma”, “HIV Infection”, “Obesity” NE ] FEE 17, 2
MEDLINE | 2013 % 2014 4 6 F a5 ZAHKH IR 9130, At 5 A 0 b, 1 gk 3C
i, Xz R), EE, WUACHES, AR 12357, 3784, 30472 %
BRI AR RIG R EA) THES .

(2) XL

@ MEAD: H3hCAE TH MEADYH L8 . 2 30piEk, FIMA T2 5
FRE: LB, SEANESE., KE, BN ROERRE) T A IRATR H R
A3 LT AEAERE, BIKE. Bib. MEREMEAS, WESHN 9. 1M1,

@ SumBasic: % RS A% SumBasiclY! A Ay SRS A I AR F AR ARV R 5
HIER B A . A Luhn 22 T3RAE) 7V EAN R, SumBasic B 26 15 SR AR K A
BRI R 2 AR AR PR AR A FRGE . [N, SRERESRRn—NM s, #e
BB ) A B ] B AR DARE G TUAR

@ Random: BEALAE )1 AL 8 8 KR A 2, B 10 ZH il AL B S 56 1)
PIMEAE N ZTT ARV G R

[ A SC W B 7 P4 baseline 751

@ Overlap: 7& TextRank 52 H i) g 45 s )i AR ISR A, TSP A) 7 B L
GrAE ) F TR AEABLE: o

® TF*IDF: f£ TextRank Bkt it 2 sl Al AR R, R A 68 B RHIE 7]
() tfxidf A E A pln) el i, SRR R i A R AR sX AR BB A e 4l A
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(3 WHMLA

AR AR SO 3 T ROUGE7, AR 7 L E Atk m A A v

FE A R G0 A B0 A B AR AR R VPN S 14 e, 1% 1B tH Chin-Yew Lin JF &, /2 TREC
(Text Retrieval Conference) 2 H 2 Z PRI 55 R FH PR T H . 8% FHPEN

f5¥5rf5 ROUGE-1, ROUGE-2 fl ROUGE-L. fEiZidfEd, RS E 7B K BiEA
L RER 5 MedlinePlus 3% “Asthma”, “HIV Infections”#1“Obesity” i & XAF NS H
D

o, WEAERIHERE N 300 A5,
3.3.2 LWHERKITIL

AL SLIREE RN 3.1, 3R 3.2 FIEK 3.3 firin, HH word2vec_ave. word2vec_max-
word2vec_sim 73 % N AL 7 3.2.2 I UTE (D) L () . (3) .

M= RE H, AT B9 =P T30 [a) & 1) SO ZEREVRBAR BRI LT Xt
beiake o XA 1 10 m) B 7E AR SCTT VAR A 501 o

3.1 i) “HIV Infections” )R G EAARAER 2L A ¥) ROUGE PRAN &5
Tab. 3.1 Comparison between system summary and reference summary about “HIV Infections”

ROUGE-1 ROUGE-2 ROUGE-L

Overlap 0. 3048 0. 0591 0. 2674
TF*IDF 0. 3476 0. 0484 0.2727
MEAD 0. 3155 0. 0484 0.2781
SumBasic 0.3316 0.0323 0.2727
Random 0.2513 0. 0538 0. 2246
word2vec ave 0. 3690 0. 0591 0. 3155
word2vec max 0. 3423 0. 0538 0.2834
word2vec_sim 0. 3693 0. 0538 0. 3246

* 3.2 B “Asthma” )R G EABRAERE SR ¥) ROUGE PFAN 45 R
Tab. 3.2 Comparison between system summary and reference summary about “Asthma”

ROUGE-1 ROUGE-2 ROUGE-L

Overlap 0. 2889 0. 0056 0. 2500
TF*IDF 0. 3389 0. 0335 0. 3000
MEAD 0. 3000 0. 0335 0. 2667
SumBasic 0. 2833 0. 0447 0. 2444
Random 0. 2833 0.0112 0.2611
word2vec_ave 0. 3222 0.0112 0.2722
word2vec max 0. 3222 0.0391 0. 2889
word2vec sim 0. 3478 0. 0354 0.3133
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#* 3.3 &) “Obesity” MRS EMIRALR Z A ROUGE PR 45 51
Tab. 3.3 Comparison between system summary and reference summary about “Obesity”

ROUGE-1 ROUGE-2 ROUGE-L

Overlap 0. 2657 0. 0070 0. 2238
TF*IDF 0. 3007 0.0211 0.2518
MEAD 0. 2098 0. 0070 0.1748
SumBasic 0. 2867 0. 0070 0. 2238
Random 0.2518 0. 0000 0. 1958
word2vec_ave 0. 3496 0.0141 0. 2657
word2vec max 0. 2937 0.0141 0.2168
word2vec sim 0.3512 0. 0255 0. 3237

BRI, 0 =T m SR R, =M sOR Bt . RIRAFES
REAE IR ) B T ME R AR F s a0, BRI R O ER AR B AR, ikt
WA R B TS R . W TR, AT E R RS I T R IR ) ) B 4
WIERKAR, 1% 05100 ) 74— 2 P B R 46 1 P B R R MERIME R, IR IX Ry v
WEEARE AT HIE G R fEE=F, AR R T A FE SR TR A, H
I} 178 43 2% B8 21 1] 1) 2 (8] 038 SCRIUI I o TR R A 1 58 P v 8 s A S R v e A A

A1 2 4~ baseline #HEE, overlap 7724 & M A) - [BI IL I EE Ge vt AHARLRE , % T8 & AN [H]
B (E TSGR ) 7 AN BE A8 HHE R A3 BAR LR o thidf J7vk 2ol (R ML T
S, BT IEAE SCRYZHR B R o s B A A it R . XF T 55 40K 3 AN b ik,
MEAD J5i:FI H Z FidsiERm A7, Wi E, KESHES FEEESAFHT, BF
MIE X EFREA) T E B, 1 SumBasic 77y FE TR SR 2 BR TUAREVE A L, Rl
EE I A)F 22 2 A A AL, (HIRATT N R AR E AR AR R LA . Random 7
VAR AR LT ] AR R, H R RRIUR
3.4 AKE/NE

T AR [ 5 TR 25 > AR i) B SR H24I AT It e RN Y2 i, SRR 22 A
RIBIE LR ORI BB B2, word2vee B2 Hidr e —. sl BB ISR, 1Al & n] LA
Pt B A (RS XUE S, R RAA B K RME . N T = 5N B SO 2
SR, AR SCHRE A TR R R SCARR B L . BARCRYE, SRR R AL HE AR R
RS, BT R NE G SR T PG E, BT m &R A 2 R o At
AT RS SR, AP BORMEANE SCH 5.l 2 A xT ikEs, &
RIS SR H 1 32 T3] [ B () SCAS 7 L SRR AR B ORI AT 5 L AR B AT baseline, I
HE5AA) 78 SCRRA I R85 AR ' A -
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4 BEEERFAENERRE

4.1 [O)Rg|H

N T B P AEER R RE IR B T RS R, ASCEESERRA H R ACEK T
JESCrP A RE R, R R R P RO o ASR] A EL R TR T AR )
Yo AR SE . B, X0 HIV, B2 AR B3R5 5 1% 5009 M 5% H ol 0,
TP N U2 AR T A2 (MR TT 7 SRANZ I o AN SR 51 AN AEAZ R 28 SRAG AN R i 61
fE R R, LILE, FEEIMARIE K, SOk P IR B RS B
SCULSCHRF P AT s 25 WLmiss, WRIETUE BAIEE, P B S ol AR R AR
PASRAG G SI0R5 o DR AR SO & 2 AU AR B0R B2t — b 1) P P g € ) SCA A 22
Jiik, AERAE I E AT A P A SR, e LARRCR, WaE A,

HARHL, 1563843 H P RAGTE 15 MedHelp b 56T 38— 1) seml £ , FIH LDA
A pLSA BEAT TR, SRAFAH R A L F] R 22500 SV I T ], R 26 3 U B
A BT A T A RE T, XA T HER R BT K 2% A7 AL 2 A AR IS
TEIEFPIFM NI O 5, GRREAENR N . (HRASCTAFFEEH T
A TR R

4.2 BIERERAFAERNRFRE

ARSCHRHTH A P A ERERRE RS, B EMER PR R B O
X, RGREEME 4.1 s, BIIEARRGH, % “HIV Infections” NET#IIH, JHEL
MEDLINE %4 22 A5 5¢ SCES A MedHelp 3k 25 A8 F5 A7 SEvEie . %F FABAR BRI
%77 A A LDA A1 pLSA BT @A, 133IPIE o8 B0m HIV Syt i 3 ditin) .
EA)FHEP I RE T, 456 R8I0 28R A& e 1 HE P 5020 A) I T o HET, R e
FRIAT ) 1 HIV SO EL . R R A = A0 Biilcds, 3R 22 A4 pl
PR RAR SO MG =07 T R R AT PR AUA
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I | SernRep : KRR

HIV
(@Query)

MEDLINE X

AFHHER

RRNREDTES |

TR
* AFHER » A MELEmW
MedHelp itz TMERR P 711 B2z

B 4.1 T F P A 8 0 i 2 R R

Fig. 4.1 Automatic generation of user-oriented disease summarization

b
v

4.2.1 BURWEE

(1) fEEMER)TFES

N T SRBUS B WA S AR, 8 0 R HE MEDLINE _ERISSHI 513, K153
(IR T B L B T4 o SRTAIZ 7 VAN T Ao 2 3R 15 RN B W AN A ORI ) 70 Rk
S ) R, A SCAH P SemRep A4 i 1% 4] T4 & . SemRept™ i 126 [ [E 5% |8 57 (National
Library of Medicine, NLM) FF & [ 4815 5 18 O R BRI, et SCAR F 115
NRZATIM . AEBT UMLS T, L KEEIA Xerox Wl tAniE T H, % THFIH
MetaMap 4 SCA (1) B S 21 UMLS 8B 2R & MERS, TR 2 (RIS SRR
I — BB, T TARAF 2 M AL o B AT S48 3EAT 1/ 2

ARICHIERIRH 2010 £ 2012 4EfH MEDLINE Fifi 51 H, H SemRep $iliHLi% 5L
RETHTE SRR, WIBSEMICRME) T, XS B A1 AT 6] 7 H 7 A i 2

2004 4F, Marcelo FiszmanBU42 44 SemRep A 21 (1) 56 £ 87 FH 3 SC A ZH AR
o, ERE 4 R, MIMESE RS, AERR R B A 96%. Yue Shang™ U 78
KAMI AL b, 8K Ry A R JEA BB . N 24 Bl 1 B 45 S b n]
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IS H, Z777E4E ROUGE vl T R8s b WA T Xt 53, UERH T 51\ SemRep
A5 B 1) 5% 28 B0 SO B AR ] DL 32 Hh e i B2 1R M

(2> M Piskidss

R P2 HR, J7 02— 2T P I el sk . PRI ARSI 1 s MedHelp
FEAFHRAST HIV (GFTE 8. MedHelp J2& 1994 £ G L E R e fd Bt X, fEEE
A BRI AT R, BHLE—TWEZ ViR E, NERATSE AR5
N SRVE ) 3 R AL T AR I 1 B
4.2.2 FHER

TR PP AR B P R AT 20 AT DA B P OGRS R A
VT3 218 44T (Latent Semantic Analysis, LSA) BAF0] E 36 & B SRS Hh a4 1 36 1
AT 1) FE A SRR SR R R 2 Ty AT R, 32 RN H 3 R 1) 2 Ty A Ko . 18
B R R TR AR, RS RN R o A SC 32 R FH AN 4 LA A
LDA F1 pLSA Xt F 1 g sSE PR gk AT A

WER 1 215 L4 #T (Probability Latent Semantic Analysis, pLSA) B¥Hy Hofmannn
7E 1999 F42H, HIEERAER . ARIES IRV I8 2 M . %5
AN 4.2 FioR.

P(d) P(z|d) P(wl2)

Bl 4.2 pLSA M IR
Fig. 4.2 Graphical model representation of pLSA

dFORCRS, 2 R EM, wIIREIA . STREE DAW A B A A 9
P(d, w) = P(d)P(w| d), P(w|d) = > P(w| ) P(z| d) (4.1)

zeZ
Horp P(wW|2)RT P (z|d)3 1 32 71 2 R Hh B i) PR ARE 236 20 A1 R0 SRS mp 0 A MR R 23 A o I
bR LIX A S 2 ISR, FERSEUS AT EA S, pLSA R E &K
KWEEAMTHSR R B KAE, AR RIS 8 E .
VS IERKH 7 FE 44 B (Latent Dirihlet Allocation, LDA) Hi David M. Blei B47E 2003 4
PR BRI pLSA H I 2H 22 0155 A1 433 2 R SRR, SRS B U I SE BRI O
HMER R 4.3 Frs.
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Fig. 4.3 Graphical model representation of LDA

LDA /& — /N LR EA, W& = 2850 B, FEMScR, iR A
PR, HAERSGIRRM T SCREHRAH M RSO, X TR — 5 Sk,

(1) #R4% Poisson 43 Aii i i SCRY H 53 (AN 480 N

(2) hESH KA EHES, HIE Dirichlet 2047 a A CARLHEE LM E LR 0,

(3) ARSI AR B -

O MPER (2) AR 2T 0 hON SRS IE S — D E# z;

@ MR Z T A Z AT 6, PR w;

(4) FEHEBE (2) M (3) , HIMBH ORI N AN .

Hr a Ml B RAERIESH, 4w SOMEEROHE: S8 0 R THam), X T4&
— e ORI E — IR B Sz B w R BRI, TR R SRS B R A AR B E — K

225t LDA Fl pLSA F@assE, nf LIS EH A e £ . Horh A AR i —
HAHRMRIE R RN, HH T E A FAUE.,
4.2.3 EipE

FEHH I B Bk, R R A HE T A TR AR R, 452 T RIEAT R4
g,

(L AJFHF

FIF-HEF 0 B b v A T E AT HE T . VR RS T O I A A
[ BIAR DG, AR 2 Mor ot EAFiE, Bfathin A (42, 43, (44,
FioR o SEBGFR ARt 3 Fhoy s T HL A

O FEHA S R SRR I LR, WS A 0L 4, sJEkR
A ¥ S KB BIA) 715905 T ) i 8 3 U M R LA A) TR .
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ScorgS;) = > (topicTerm/ > (Term) (4.2)

@ FHHABCEAT: A RIE— TR R A I 1R, TR 2% T AR (1 3 A AL
HNBRZE A B W 4.2.2 W, ETBES)E, BT ARG AR AR
o it P(wlzyfros. R JEBR VA7 K

ScorgS;) =Y weight(topicTern)/ > (Tern) (4.3
@ BM25: Rl Okapi BM25 ik, Amd—3/, W& 2, 20 ..o zno W

)1 5 1% 3 R B ARBL R T S T S

ScordS,) = > IDF(z) f@@,5)x(k+1) 5
=) < (1— o 1

f(2,9)+kx(bsbx o)

Hrh f(z,S)RE z fEH)F SHPAEMN, [SI8H)TKE, avgs|SURFRERIHE 4] F

KEZ, kM dASE, @EED RN 1.2 #10.75. IDF FIiTHHEARN:

(4.4)

N-n(z)+0.5
n(z)+0.5

N ZREGHA)TEE, n@)UERRES TS RHER z 15T S5
(2> JURAbPE

W H TR TP R AR AE AR 8 AR A 43 et e 1 ) 2 R B S A A
BRMITUAR . NHEBRILSR, AR REKIDEMAEEE (Maximal Marginal Relevance,
MMR) B 280k ) o i AN T 5 B O A T B R AR, St i% 4
T

e SREBGHEMPIMESRS, CRNMEEMELS . WXEERZEW T :

@© WIERIRAE, S=@, C={s; | i=1,2, ..., npABEEMER) FHEA . FIH AR (4.2) (4.3)

(4.4) 5 C HhA)FRUE;

@ SHEEA)FES C A FILFTHET

@ HEH CHNER KM T s, HHBZBEMESLES S, REFHARX 4.6)
W C A AR BRITUAR::

Scorgs; ) = Scorgs;) —w*sim(s, s;) (4.6)

IDF(z) =log (4.5)

Hi=, o AT, oE8K, ST ma &SR Sim @, §)
N SIS B tf*idf BUER ) B Y AR SEARBURE
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@ BEELEQOMG), HF Sthi)TEIREMERKE,
ARSI F, w0 B~ 2.0, SEUNHHE R A LI 0 = BT PRI . AL
T ER LN 300 A Ao

4.3 SSWEHERDR
2l BRI it SREREE R LT
4.3.1 SEENgit

AR S 3 B [ 5 AR AR AR K T HIV Infections” () SCAH 2. iRl SCpTik, A
TR R AR ) 2 S, BRATEAE AL 4 4452 Ida_doc, Ida_pat, plsa_doc, plsa_pat,
HAr Ida A plsa X7 2 Fh 384, doc A1 pat AXZRERAEFTH A .

(1) LA

ARG RATFEN IS E: 5HIV Infections’ FH 5% Fi {51 1 A1 K1 8
FFRTE, FATEET MEDLINE | 2010-2012 4E5“HIV Infections” 1< BT A 5] 3.
I SemRep X RPEHL, IR 4,581 %5 HIV MR A) FARUEEREE S . FE
FATLE MedHelp M35t _F“Ask a Doctor” &3 _JEHL | 5¢T-“HIV Infections” ] Bl A 1+ £,
Hrf 25,837 sk HIEAE, 39,553 KHEA .

EAAE SRS, RS0 AT A & A A1 A ) “HIV Infections” i 2, {HA L7
T [ AT DL AR s i AR [R) ) 1) j . (R R BRAT TR 1 X “HIV Infections” AH 2% (1) F)
TR, IR BN A PR A

(2> SFERE

B EIRATH A STV 3 R S SCA i ZRE AT R . B — DR m 2 EE,
2RI BT & MEADYY, ERIH T A TIOZRRE: 8. SEANESE. K
JE. SCEER O, AR IRATR I RCAR 3.1 MBABCE, B, Bl A&
2V &, HAE 78 9. 1AL

5 AN TN TextRank™, —Fh3 B 45t 15 S0 s B BRI 7 i 1%
FER )TN R, AR ESZENDRNE . BT 4R PaaE, %R
17 PageRank %1% H 2R Shali ik 248 8 k. A TR 45 53 3 — MURE ZE )
35, EFERT N AT R ZE .

B J5 BN HEAR R 2 22 SO 3 22 45 SumBasicl. % 2 4 A Ay STRYAE Hh ) v 4] L
AR Sy tHIRAE R Erb . AT Luhn ZE T3R80 J7 95 AN ], SumBasic 1 26 15 i) il e
T ) BRI 2 MR DL K AR N B FALE . R, AR S s in— AN 4)
TJa, #a A b IS A B DL G TUAR .
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RIS N 7 PP 2 AR B R, AT T 1 A4 baseline: Wi HHMIpTIA,
FIH SemRep AT X R HEHL, WIEAY RS, FIH BM25 SHEEME A HATHT . )5
CH SemRep fXFZ 512

(3)  SEEVFHY

BATI N A B ZEA AL B3GR ARRPE S B, [RS8 12306 2 AN 5] FH P 145
BHRRe Bz 2 32 B 7 e T VR 0220 Ao AN E SCRLLE

TESCATEE W BT VAN i, S FH 00007 325 RIS AR A 1) L I 1k B AR HE LU R
G A AR BN T AR B AR R B T2 A VR T ROUGER R 3 % fi A8
S, % T HHH Chin-Yew Lin JF&, It THE n oL BLH 43 IR RIEN 1 Z M RE, 2
TREC (Text Retrieval Conference) =i+ H a4 Z3FAE 5K H P TH . 725
ROUGE TR W RS A4 s 2 S M 2 i, R4 AR EPop HIV
Infections” ()€ XA NS HERE . [FIN A TV RG ARG 22 2 P %K, R
FHSCHRE? 3380 [R] (i, FRATT R 2R G0 B 5 A N T A R 4 B AT X L

PRV R G EEFNAE 2 U ALUE IR 15 B P 2 P O ) 32 R TR] F o SCRE LA
Pt RE R, SRR S 1 simgenm 1. T AT 2 AR ML, %05 et
FA)T A RSB 0] 1 B b e B R A VR R BT S AR A, R
KAENENZ AT 551 B AR, a6+ A th BT Sial AR BN I 5 — 14k
VE TG 46 5] 1 (38 UL . MR ¥ 1E % Palakorn Achananuparp X 14 Fhit S SO AR Ll
FIERIXS LG, AZOTVELE 3 ANE AR ER IR AR L i P R
4.3.2 KWERKITEL

(L fHEHRE

K4 Chin-Yew fszit g 520, 78 & Sopu i B4 o, ROUGE-1, ROUGE-2 A
ROUGE-SU A UFIIPERERIL,  [RIHEA SCR H 1X = Fh 5 A NP 48 o

© FIFRHESRE Z IR B

N T HERRAN M, ASCKIRATIIE T AR (4.2) BT 1] FH 7 458 BRI ] b v ik
705 B DAPPAN 47 22 ) B AR 1t B 3R 4.1 B T RSt AE R 4 S5 P 2L ROUGE 45 3.

BATT LA Z P BE A3 M%7 . L LDA I pLSA WZHSEE, 455w Kk #E
i, IR AR S B T AN TR SR W o AR A P S R [ AR R R R . S AR AR
NI EPERE A K RIIZE SR, XU B A Fs AT F9% “HIV Infections” 7 AH [F]
K.
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T4l ARSCHGE TR HER B0 b
Tab. 4.1 The comparison between system summarization and reference summarization
ROUGE-1 ROUGE-2 ~ ROUGE-SU4

lda doc 0.4241 0. 0579 0. 1647
lda_pat 0. 3874 0.0474 0. 1544
plsa doc 0.3613 0. 0421 0. 1297
plsa_pat 0. 3874 0. 0947 0. 1481
Average 0. 3901 0. 0605 0. 1492

F A2 5\ T RG A EAD R RT A R A RATR A 4.1 PP EIEAE
NRGIERN— MRS, IEUNZR R, ARES HA T EM LG R, SemRep
R o TV B FH P SR 7 1 2 R 1] [ B A SORY B A A K R 1] o SR A R 4
FHARHIV Infections” & X AMEFLF1Z 2518, & NPT 7% 5“HIV Infections”#H 2%
FOARRYETR I, (A IR AT 3 AR 2R D R A5 3 1) 32 A oG8 SOR R PHhEL, i
JEFYFE, SemRep J7ikilH Sk F A & 5HIV Infections” A “TREATS”,  “IS_ A”iE X
KAMA) T, M4 HRE X IERRIE TAHFEFIE X . MEAD Al TextRank A Y % &
T, [FIR R T HARARAE . R SumBasic % TS, (HREEEREE %A TG
SRR ) Hh B R AR

# 4.2 PrEWEITERIR
Tab. 4.2 The comparison among all methods

ROUGE-1 ROUGE-2 ROUGE-SU4

SumBasic 0.3194 0. 0411 0. 1067
MEAD 0. 3403 0. 0526 0. 1088
TextRank 0.3613 0.0579 0. 1306
Semrep 0. 3665 0. 0684 0. 1465
Ours 0. 3901 0. 0605 0. 1492

@ AN LA Z X b

ARSI A AR A R AR AN TR R 22, DRI DA 96 0E 2% 490 A ol 1 40 222 1536 2
FHE B AR AR S HAR IR X, BATTR A SR se i it AT 3 L. 5 i T %
FARHIV Infections™ 2, — A ERMEEAER, F3oh—414 B A K.

R A3 MR 4.4 BRI R EAR L7 35 N TR ERPRIAR, AR
MA (4.2) ARG E . IWPRES R UG AT AR SE 53k, A P iR A
AR AR ) ROUGE 457, I FHJCHE B AR AR BT ) FH P i Zd i rh 5 8 5
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FURRARFIE R A R o ARG R E T AR TR R A 7, 2 ZALS R HR
P

4.3 T A A AR AN A A B
Tab. 4.3 The comparison between system summarization of doctor-oriented and human reference
summarization
ROUGE-1 ROUGE-2  ROUGE-SU4
1da_doc 0. 3444 0. 0250 0. 1170

plsa_doc 0. 3900 0. 0625 0. 1492
TextRank 0. 2490 0. 0250 0.0715
SumBasic 0. 2988 0. 0500 0.1014
MEAD 0. 3071 0.0376 0. 0954
SemRep 0. 3403 0. 0500 0. 1245

4.4 THIFP N A SN T4 2L e B
Tab. 4.4 The comparison between system summarization of patient-oriented and human reference
summarization

ROUGE-1 ROUGE-2  ROUGE-SU4

lda_pat 0.3212 0.0610 0. 1051
plsa_pat 0. 3090 0. 0561 0. 0967
TextRank 0. 1971 0. 0293 0.0473
SumBasic 0.2530 0. 0585 0.0813
MEAD 0. 2652 0. 0366 0.0702
SemRep 0. 2895 0. 0463 0. 0948

AL L PR S s, BRATTRT LAAS A S 1] FH P (4 B A AN BE s 2 FH P 45
ERTR, RN BE AT BT B H M ZE e .

(2) i SURLE

A (A7) JE RGN T A AT SRR R TR A 5

ZSES Simn(s ’T) + theT Sirr(tj ! S)
[SI+]T]

simS,T) = (4.7)

Hrp Simy(s, Y &RAT TS s BAMFEIAER $RIE S s FAERSRE. 1©

PR sess, BT AN (A7) MR 3 ANSEIRAT 5 b 5 At T AU B (2%
Ko FINAEE T I o T B3 s SO A @ 2 AR E “CRE”, IZIEAm
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AR ) 25 o Dkt i 0] /B DA B SR B ] R SRR A, FRATTSR A word2vec 7
RIS GRAEIGERL, 1207 T DU [ R AT R A o Gt S A B [ )
(AR SZARBLRE , FRAT TR B 1S BIE B BRI 2 [R] BE XOR R N T IRTSHER AN AR E I 45 2R,
PATHEC T 2003-2009 4= MEDLINE 5 HIV KRBT A 51 3¢, HETE 1GB.

F 4.5 IR RGBT B 32 8 2 B R SCRAE - MZR TR 3T A (4.2)
KT 4 R R A B S AR, k& MEAD.

ARG, FANE LS F B SR RFER, 288 HARAER], 522 A%
RFAEIA] o DRI R 2R A R L ) T I BB B 2 2 0A A) T, R 3R B s
B U MEAD MWEBEANTERIN R, R 2 FPR-IE R 7R A, DRI AR R ) 46 22238 0
B ARRNE W RFAE ] TextRank & — e T B 773, i a) 1% 46 B A iy vt A1) -
SumBasic = #F & & MiiE; SemRep M AERFA HIV A “TREATS” , “IS_A” i X
RAMFFER, RE R PRI OZRHER, HEMRER N KA R E A
RE 78 73 /2 P 75 3K

K45 YU RN I 3 R 18] 1 SRR

Tab. 4.5 The semantic similarity between system summarization and topic terms

Ours MEAD TextRank SumBasic  SemRep

lda doc 0.3693 0.3174 0.2234 0. 2221 0. 2560
lda pat 0.4894 0.4080 0. 2898 0. 3088 0. 3364
plsa_doc 0.3902 0.3472 0. 2581 0. 2552 0. 3021
plsa_pat 0.3804 0.2889 0. 1922 0. 1896 0.2193
Average 0.4073 0.3404 0. 2409 0. 2439 0. 2785

(3) ¥ w e

A (43) H, NTWHBRATFZEMITR, MASE o374 R. K 4.4 8BRS
B oXT 2 ROUGE-1 45 i 5om . 4053 5 405286, nlf5H o s Es. T (1.75,2.25)
X H]
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Fig. 4.4 The impact of @ for system summarization on ROUGE-1

(4)  =FhIrikmxs

FEAR 4237, TAWEE T 3 Mk EA) ¥ 5 E 8 B A E. K 4.5 A
4.6 /AR T 3 HSLEG 4 R bR v i B A LL7E ROUGE-1 FIiE AL I xef Ll &t 3

M 45 T LAE H, 3 Fh5i54E ROUGE-1 i b 45 5 ih 3 A B S i1, B3 & B
IACER s, B b 58 3 R R AT T VR B e o HE LA A5 0 1 JiR PR TR ROUGE AXAX
BRI ) IEILRE, FEA S O ORHER R E . Btk 3 HEE R IFRAHERN 2R . 1
T 4.6, FATATLLE v 3 R 7 RBCR B, WEZAMITERZ . B2
AE R T B 4.5 8% Kl 4.6, 1X 3 FNEHA —SUERMERERIN, AT LAE EA T
) B AR RO N AE A DR 2 AT DA A A T B e

ROUGE-1
0.45
0.4
0.35
) I I I
0.25
I1da doc Ida pat plsa doc plsa pat

BEEEES o EEREN mBM25

K 4.5 3 41J77%K) ROUGE-1 X EE45 2R
Fig. 4.5 ROUGE-1 scores on our three ways
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Fig. 4.6 Semantic Similarity to Topics on our three ways

4.4 KENGE

BEE AL LR T2 M, ARSI STt 5| 5 kol 22 (1) TAF ¥ o ASCHR H—Fb
BRSO E 57k, BV A (SO 22, LA“HIV Infections™ i, AS[A]
PR MR BES T, BB 2 RE E ARSI FEANE ST U5k, 1R A& REE
FRITSSTAAER o DRSO A 0 38 SR i A A [R] 145 2 /e SR A A 1) P )3 28R
W E AEATCH, BATPR B AEAR ANAF SRR R, XRHEATT9% F“HIV Infections™ ) 7 52
(S SAH LDA AT pLSA BEAT U AR LIS B AT TSGR 328, A A3 1) 3 s
Az i 1] B AR A N R 2. SRS 45 RORFE, BRATTAT DL AR ST AR B i) 478 ZE AN AT
JURIE A 2 RUEAT vy O SCRAE - RTI th BAT R0y RO BV RE el BR N 4 22
BEATXSEE, X RAERT 1 R 45 2 A BT 2R R R R T B . R AZ SR R AR AR ST vk
AL AR A

FEARSKR AR, AT TR SOt BA 77k DA v SR 7 5 oK o (RN JRAT T 75 2 5% 1%
PR DUSRAT S A A0 PR R o BeAh, FRATTH 2 SulRe 205 325 L 20 58 I =LA P A
Al R LA B AR [ SCAS 37 22
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FEMFTEEBIENIE R T, BEURMEIRAE BN B2 . SCARHER AR
A RE S I B ) EEE S, (A T DA Y i SO A e, 5 B A PR A R
TG I TR AR R . DR SOAR R B R B T 0 B AR ST [ A A R 2 40
B, EEMEFERE, B TR SCAS ERE IR 1 a8 ) SOAR R
%o

T J LA Bl 2 R FEE 2 > 0] 1) B 7 SCASFS 3 ATk 1 sk S R V2 Oy, SR 22 A
R TR SRR e e, word2vec B2 iz — . i@ BRI SR, 3 [al & 0] LLIZ
Pt L) TR R SR R, BRI R JEH R IBE AU . v 1 ial 1) & 51N B SOAH 2
G, AR SRR TR ) R SCARR B L . AR T TextRank AR, X RAATE
BHEIATIALER, $0) TR B 45 SRR TIP3, JE T &R 2 M
75 AT SR ) AR UL RS A D B e 2 0 4 s IR AL EE, R FH PageRank SR AR 1T
A BEE RS, s s R R RS T B . 5 R R ORI A %
SRR A . S0 25 SR mT DU H 2 0 ) B T E B 7 SRR AR R A R AR T A
P TTvE, UERE T 2 VR AT A R

JRUE SO EE T LA Bh P PO SR USSR B S, (R R IR RS BT )
FIA P o AR IE WIS A G A F P 2B ARG B /R, AR5 5 SO O B
AN AL B0 E BRI — 0 R AH SC BRI, 2R AR VAR B 2 1235 A5 B E T BEER
G AR RIS SE, T AR VR TT « GRS BB R o PRI AR SCH 1 v AN [
PR . LR AE R AN ], 8 S sRE 28 P 6 B — 03 4 “HIV Infections”
FIAH S PEIRAT B FEXT IR AT AR,  DLSRAS P QUi 2 R], AR v ) B M
FEH g NIX L ], AR RIEXT A IZ BB A TR T 2 A, RS E. N
SIG S5 BT I, AR AL SRAT I 3 A A RE S B P R, [RIE H iE  H
BN E NIRRT o R 2R G0AE B 4 B AR A L R R R e, [
TRE T H P RIS B

FEARR TAEH,  J T3] ) B 1) SCAH B REIC AR KI B Fe 2 18], 9 =R H
paragraph2vec B B4 A&, BUE RHIRE S I B 49465 (Autoencoder)
SEAER A n I ZR0) 1 IE L3RR, B R BRI Z /2% (Convolutional Neura
Networks) AT Il 2555 71200t 51 1] n) B AR SOARHH EEATIR I B J7 v, R BRiE & 18 A
77 3o TTTHI ) FH P B SCAS i B 5L T LATHI [R) 52 22 g e (R -, R 22 il F P A R 3RS H
J 22 MURFAIE 27 DU S8 HERf M 3R A5 2 IS B /R oK o fETHE A) PR B P BR, nTLL
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