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Abstract Nowadays, with the explosive growth of the information, nature language processing has been paid more at-
tention. The traditional nature language processing systems are overly dependent on the expensive handcrafted features
annotated by experts and synatx information of language analysis tools. Deep neural network can achieve end-to-end
learning even without costly features, In order to extract more information from input sentences,most neural networks
of nature language processing combines with multi-gram strategy. However, due to various tasks or various datasets, the
information distribution of diverse n-gram is different. With this consideration, this paper proposed a self-adaptation
weight learning strategy of multi-gram, which generates the importance order of multi-gram by the training procedure of
neural network, Moreover, a novel combination method of multi-gram feature vectors was exploited. Experimental re-
sults show that such method can not only reduce the complexity of network, but also can improve performances of posi-
tive and negative tendency classification of movie criticism,and relation classification.

Keywords Deep learning, Natural language processing, Self-adaptation, Multi-gram

b A¥EE5RETR%¥K LK 100876)°

KBS 2 I M T RE RN SETFARATES . THAR

Ell

i

FHA M AR5 S 4B (Nature Language Processing) 34
EHMRKETIET F R E W —BiE T F AN AR AT
PUAgSE A . XHER R FE SET 2SS T RIEERHR.
BHEF R R B, A SR AT, LR E A
sed AR E B R, MERIMFEIEWER, EEFH

D http.//nlp. stanford. edu/software/lex-parser. shtml
I E#1:2015-08-01 i&fE HH: 2015-10-11

BREAENTAEY ., XERSBTHEER LR —-EREK
BFEERMINMERER LS. HAARE HERAR
HRIEEWRERSL, BN stanford parser” , H o GIF A AR
7 (part of speech) , 3244 iR %] (Named Entity Recognizer) .4k
F£43 1 (Dependency parser) %, BARHEREE £358 T H
SR BRI BRI —ERE LR X ME RS

AXZEREABFESEATH - ETIREINSESEFRR/EELBE ST

(U1201258) , Il B ?&ﬂ%zﬁﬂiﬁ@%ﬁfﬁ B T HL8823  M 4 YR IR BB 5T (JQ201316) ¥ B,
WBEZ(1986—), %, B4, Y, TEHRHF M RS BB L3852 3, E-mail: zhangchunyun1009 @ 126. com; 3 M83% (1991 —), B, B L&,
EERF T (S BB, BRIEE 4, E-mail: qinpengda0406@163. com; B X £(1972—), B, 8+, # T, TEHT T H HILBFI £Y

{5 BiR %), E-mail; ylyin@sdu. edu. cn,



1

K TR MR [ & M ACE multi-gram 1543 25 61

FFEJE R G T SBBOR IR 248 REMEOR ., Hit, %%
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KB, BTLLL R PIAE TR A TR 2 45 5 A SRR 5 Ab 3
B T AR B H ok 1 Bt A R 2R A s R 5T Be (R it I
J7 AHIFSE BT ) ¥ H 5 o T SR R OF IS T KRR A
Y. EI A ST R 48 D BT 4 4, £ % H M Ry
R HEUR AT G LA

B2 M TE H SR E T A3 5 R s i
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VAR, LERIE R A B SR B F IR R SE AR .

2.2 ERE

FABRBMEMEH ARESLHRIESFBREENREAR
ANTE FHAMH F A LARERAEME ST 2 TRMIERE
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%EIE%%%J CeRle(N—H—l) R

C=[lc1rc2s* "¢} »*** yCN=14+1] 3

BRBENAR BB ANERES S ngram ERBFH
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2.3 Max-pooling

MKOTTLUEH, B RREL RAOFEEER Q KIE
KB THAFREEN,BFHEKERSHAY. — M HER
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EERE Q 29 max-pooling BEZ EHBER T KES
—MmE pER/ . ALk, max-pooling 4 1 7T LA HAR
FBUE SRS T RAB R H W ngram, X HEHH
77 ¥ B ERAR L, T BRI T 15 B M TTARH, X BCR MR T ke
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KR AR o P B —ENERER AN FEX
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% # (concatenate) F) T & , B M ngram M B ERHEER
—MREGTFEE. XRFEEREE T REogramiy {5
B EHERRGAEEE TR, M B A RN F R B K ERR
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FHOMEE, SR EE AR M k. EHit, EF
XX SRR B, AR R I T B & MALE B multi-gram
B
3.1 EFAREBEENER nrgram [ RMFA

B 158 T AR H Y B 3 A A9 multi-gram SRHE
BEMER T 3-gram F 4-gram HUFFER B, X B n-gram
DHERTHMEARRR p° fp'. WE 1 PR, & CEH
HISRER N p° F p! HATEEAAMIZE ., BT p° M p' MMm
B4 5% TR RSN BOE ), B 2 T &
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SrBe, A F a8 A LIRR N
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A F B4 B RE AR, TR0/ W LR, AT
Wb T WS ECN G 4R B m I gRada] , T A B 2
il TS B RT e .

R AR % AR B E ol GEER 2 S BUE E 4 B
A BT ATEACE (8 B BT T SR F i R BE 2% S M 48 5
BB R ST 3R . AUEE (B B4 A RO TRR BE 12 T 75
3, ﬁ%ﬂ‘.ﬁ%%&%ﬁﬁﬂ 0= [We YW, W° ?w]o
3.2 IEM4LIRE

BE¥RIHTHRENUGERA, BHEEERT TG
M., MREFEERNSNSEN TINGHELENE, ik
ML E S GEIRRNFE NFIE, XX R M 4
FOMBCR . B, R R A R AR AT NS, IEW e
WZOBEERMSRENRR, FRE—EHWENZL,
UL, AT Bl A MR AL, X B UHRE w i #1T T E
WALERAE .

BIEH K F ngram BB, p' 5 p° TR KA
WEMBRHRNE R w=[w ,wy, -, wx ], B CIER
BAEIT .

el <7 an
Heb,r RRREE, MEMHI/N AP IUE. TR A #EX

KRB E N R wRELE— R HERE AT,
4 X%

41 TREE |

2535 IR P BV I TE ST 5 2RI R AP
VB 45 B 55 REACE Y multi-gram FEWE B0 RCE

P BOR A MR 530 B Wi MR 0% LU T
A, PRRA TS 5331 AIEME EIB A 5331 A1 SR
IR BT LA S RN 2, 7 1 A R, R
o SRR K 56 A, TR 20 A, AR
o4y A TE 53 VP i 2 4 oh 45 BT 4317 S04E VIS5,
480 e RS I T 0 534 AR R4,

X EAHBAE S HBEEE N SemEval-2010 Task 8721 $ 1
. PHERLATRER AL, GE BT L RE
A1 1A-Other”2%, B Y 10, B BIREEE 10717
AT A B R B BT, SO AR B K AT K
100 A+, APIERAG 7000 44 S Y1 4548 , 1000 /) 3 36 1
5., 2017 AHE NI,
4.2 BHEE

2.2 H R T %A SRR B9 AR multi-gram
NS TII 2 MY ENML A SR A, P BM y HESH BT
B RIERAHRE . B 2 4 T R R RN
bk, TR B - AR SR R 2 B2 |
FHie TFRERORE . UL, SR 7 /N, T HERE AU E (A
I R TR M H TR s MR A0 r (K, R
ARG IR /D, 22 5T SRR L T T B2 2 AL

D https;//code. google. com/p/word2vec/

R YE (blow-up of weight)US Bl &, Hilk, &8 r (4 #
FHRAFTHHOLBERE, AR 2TUESR, Y r=3 6, W
BRBERRE.

RHE%)
3BafsdsBaBeds

<

1 2 3 4 5 6

B2 YEsEREE v HH RS

LREANERR w BT 0 w By 1 i, X
FASCHERI3,4,5) 37 orgram M AEMBER, | wl .=
V3, B0 r=3 i, AT LU BIRIF LA R .

FAb, FET W B S 2 , 4 3R B Mikolov #) word2vec?
TH,EF 256§ wiki iBRINGE R W° i@ m B SE
300, SHESCE(11]M TR, BB ngram £4 K (3,4,5),
BEUR WAHEBSTMH0CR 100, B0 W™ 694750y 100, XAME
MR BURRIE— R L B EN, HEAN MERBXHE,
EERESBOIHE. BARER 20, A CH A E B
LM LRI IER MEBE B3 2 » ) H RelLU, 3£ A 454 Adadelta
A1 dropout JRBFELEHE . ST HEEEA BB
BT RER S, HUERERER 50,

4.3 XRHERRITE

AT ERIEE MR fl SemEval-2010 Task 8 F 2L
BT BERAE K multi-gram 3R 8 7E B3 B IE IR0 5] 43
FAEF KR RAESH LR LRBBE M,

= 1 41 T RS ER MR ERFEST SR
2 SCHE g B 3 B A E /9 multi-gram 5B 3 5 18 B B E
AR, Hp“mBEEEx5 L3 T EINESK mult-
gram ZbHE B, “ I BARIN AARSCIR A k. X TR
KT, G HFERR., —ARMRE; B —HamNE,
AT 2 MBI Gt B o AT BE N, AR A
R IME=TMENTPAE ., BERE, W HERBR,
A SO R B E R E B multi-gram KB 3 ARG
RERAFA, B ENENX LELBATUEL, HEN
WEMEHMERZMNEBEEYHEN. EBEENE,
At 3 Fp nogram FIAUE S B4 R 0T LR B, 4-gram BIAUEEL
HABPI R n-gram #9408 Bk, T LI K 4-gram B {5 B XF
ZRESFHRBMERRN., INMERAFEFEENELRE
S B AR RS HERFINBIRE, & 0 ogram 4
BIfE BB AL ERFK, IR AE S RENSEE T 3R
BRRE A MR ES RS LRARNEAREE AR,

#1 GARITCERMBINKERERES RS TS

. BHE A A D

sern RE % 3-gram 4-gram 5-gram
OF £ x 79.5 — — —
wEEE % 78.6 — — —

it 8 A8 fo H 80.0 0. 7441 1.1240  1.0876

H2WEXERZ1IMR.SHT AERNEK multi-
gram RIFFERX R TRMEF LN HWER . TLF G, EXM
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TEIS IE S0 4284 55 B9 45 51, T LATIE BA AR SO 1 9 B SE R
FUE A9 multi-gram 5% B X3 45 B 22 N 4% 76 1547 B AR O T A9
FIEA B BRI, REMRZ, X F M nrgram
BUE S BEH , 5-gram MALE B K, 9] LLA R 5-gram %} SemE-
val-2010 Task 8 FHEEM R AR EFHWTMB K. FE,
#E—3AEH T B & B M multi-gram KRS B EHRBEE S
BN ES TR,

#2 RELKRES FLERBUENE

GexE RE FlE R KA
3-gram 4-gram 5-gram
mnEERE % 81.7 - — —
¥ & AT x 82.3 — — -
b & H 82.7 0. 8015 1.0238 1. 1443

RIAH T ERMEL 3 MMURMER 4-gram Bfl. 7
TR B B, 3 2 USRI i R 4G, e o BT R 2% 4R B
3X4E 4-gram, #RIE 1. 3 BB max-pooling, BUZE 100 45
fERL ST b8 max BAEBH KBE L HIEFTH A EIER
ARBEITFSEAEERERAME, REREX M ERRE
B 4-gram, # 3 MR EWHEZT T HHMNE MK
FaEESHHERAIEERRM.

3 RFEHM 4-gram BEH]
B 4-gram

good fun good action

E# & an excellent romp that
make it more interesting
i did not laugh
74 it is hardly watchable

but it grows tedious

ZRE ETARESLROENEREMENESESE
B n-gram FATREIR B RE S A XY T —FETF HEMN
WEM multi-gram SEBE . MR AD T WEEH
SEAEG BT S EE MR, T EE S M 5 FEI A
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B s O R RIS IE R e 2 AR R A2 5
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EAEE A TRERSSBERN TN TREBERTIERE
B, XthEBHmaMgHf THEANMEMNER LSTM 8y
£, MA, BRMARAESSOHENREFZI N ELHELT
{L¥itE R TR BIESR—FHEX LRRRN BAEEH
BB F, B IR 5 1 5058 J IR E 5T M R A B
IR EEI PR HEREBEZWEE, WERIT
—HB I,
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