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Abstract

Educational crowdsourcing, to a certain extent, can optimize and test educational courses, effec-
tively integrate social resources and educational resources, and alleviate the financial pressure
for local governments. If crowdsourcing fails, it will cause huge time costs. Therefore, it is of great
significance to predict the results of crowdsourcing projects [1]. Aiming at the problem of pre-
dicting the success or failure of educational crowdsourcing, the convolutional neural network
model is applied to predict the success or failure of educational crowdsourcing. Word2vec, a lan-
guage model of neural network, is used to train the word vectors of the text, and the trained word
vectors are used to represent the text. The abstract features of the text are extracted by using
convolutional neural network. On the basis of extracting abstract features, network training and
prediction of text information are carried out, and 88.16% of the test accuracy is obtained.
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WRARE R RHERRE KK R A, BIXTAEIR H 25 R BT BT R A EER X[1]. A3CEHxt
HEAFER BRI R, BeREMSEREHTHERERETNY, BLRAMEMNEESR
Hword2veckf XIAHATHMBERIE, FHRAWNKFRHARNERR XA, £HBRHEMEN IAHET
HERHERIRE, FESREUH i SAFERI A b, XASCAE BHEAT AN ST, RE T 88.16%H)
WRIEFE.
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1. 5|8

X% (Crowdfunding) & — PR A ot FLIC N EAT VARG 3R, RV 58 &S et AR A ZURI AN R HE 1
TESEAATEAT Dy, R BB S & 2R AT /N R B R R R A 2] S AR AR B B ST AR T A
2011 LG, FEOR B SRR, ERE SURN R . #oE g B 7 A B
BT R AT BT JF ) W R SR B 4, DA AR SR ST Gy A SRl it . BRAB G/ i A LG, 3
BAEEZM ) KM RFEET S, BAEIMARRRE, REEMCHAE . —H o H SRR, <
TR I H K NIRRT S 58 IR, 386 B BRI BE BRI TR) A, DRI, 0000 2 0 R A1 1R 37 SR 45 B A5 43
Fhox NN A BRI AE N ) 20 IR 1 AZEF- 6 152 AR E U7 O3 Y 18]

I O T AE B AL SR TP EXT AR E R A VL. ARER TR R . AERTES
SEIHAAT NEETTHI[3], TIARZ b 55 4 BT e b/ o ST 58 NAEIZ A0 B 0 A iR 22l b Jall 1
T H BhBE 45 R [4]: BRI HE5EK BP A& 28 B T OB I H Rl B8 45 R T0N[5]. BP HIERENS 7 BhiR AL
FREE N 2545 206 20 Sk, ATAS 28 I 5 46 AT DAIR) BE IR M) 7 1Al K J8 o R 4 28 Ba & IR B Bk — e FE
B, PIZPIPEREAEAE AT, HRESHI M. BHHZ M4 (Convolutional Neural Network, CNN)J&
VAR R FE SR I AETH E A G & VR A B R SR ) — PR R FE MR 2 2, R A T R S R B A A 4t
FHEAR, MR L PR RGREE S, RS> TS, E TR

ASCE R B AR W BT 7] AT TR AT, FEWI T B ARE A AR, BT
word2vec IAFFAESEHL, 5= T A5 AR 20 000 28 1) Fou A 28 46 177 T ) e 8, e s R A0 0 2 VW)l ) i a3k A 7 )1
SRAITRIN 3 b, A9 BN EEAR B B AR . AT AT UAA JE I #0E AER At — e M ER L, —EFE
JE LB BE AT R m AR E R ) % .

2. ETHRMEMEEE KB RY T
2.1. BEAXERM TN EAFE

HERBERERP LM TEEERRLZ USCRRER R, 7 EARARMUL IR B0 MEZHH Ik, ik
FEVIESIA I AP B MAESZ, BRI A8 T ) AU SR A SO 7 K. SCAR T R AL
5t ELERINRIERT, RIS SRR A A B S E SCAR KR . SR FEFE AR Ik
MR IS RE =HR I WA . FLAPSORRIR XA 0 NSORTIAC B, RS MGEih . RRAEI b B8 gkl
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Figure 1. Text categorization process

1. XAKRDERIE
NI SO RIRFR W] 1 B o BRI SCAR 3R 7R 73 SR AF I W T A SCE AR R R AN SRR
2.2. EF word2vec RNiAFRIEBEELEE

FAT, FESCAME BACHR I AL, SCAH) R 32 BER A a) B 73 (AR Y o AP AL IO 4 1B URIABSL B 1 T B
SR ) B (AR A SRR SO Y B B IR R, AR 1 20 R AR 8 N 20 SR i M 0 25 B AR IO A
RIFFAEL6] -

word2vec Ht e R 1] FAE Y SRR 1) B ) — M RO SVERE Y, FOR R B A ST B S AR, T RUIE
Zr, R SCR AR BRI Ay K2R e s A v g ) S AR, D e )b R ARARAE AT DA SRR R SO
B S ERAHAA 7] HIR A AR R S8 i I R A B S e K RSB m) B(K — RO i 24, 1F
SCRHABAEE 383 1] 5 ] 2 [R] R PR B (EL A0 cosine AHABAE . BRIREEBS S5 )R & (8], HoRH M =2 MHE M
%, WMNZ-REE-HEE. HAZORRIE S Huffman 456D, (E15 AT AT L) 1A BeGE 2 80 1
WAFEAR B IR G s, A0S 10 R = 2 BB/, IXRE AT DA T R R 2 . T
Word2vec KAZWGE I —AN R IE & s, — MR BB — R AT 2k ETFA217[9]

Word2vec SZFx_F 2 BRI FIRI /775 Continuous Bag of Words (CBOW)# Skip-gram [10]. CBOW HJ
H bre i3 BT SOR TN 2 /i 1775 MR o Skip-gram MIARHE 24 B 118 K 70 _E R SCER (i 2 Fim).
KPRIITIEAR AN ARG W AR EAT T o S50 . W], RSB #2 — N REAL N gEm & . 25 U145
ZJa, ZHIEFIH CBOW 33 Skip-gram [ /5 1E3R1S T &N B (AR A FE [ 107

LN i

W (1-2) w(1-2)

A=Y W g VNI R e
T -0 W) - T

W (t+1) // ‘ W (t+1)

W (1+2) CBOW Skip-gram W (1+2)

Figure 2. CBOW and Skip-gram method schematic diagram
2. CBOW #0 Skip-gram 7735 REE
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2.3. BRHWEMLE KT

LAAPIZE W 4% (Convolutional Neural Network, CNN)/&—/2 ZHIME ML, &ZH 2 A 48P
B, TAREAN V[ 2 M SRST AR 2 Ju R, anE] 3 s, CNN 32 2] Hubel £ Wiesel XJ 48 KM 52 )= B0 5 5
K, HBRZHMWERE THEEMETT. SRk, SRR B S0 SCARRHER % ] 5%
AR

| convolution |  pooling | convolution | pooling | fully connected |

Figure 3. Structural sketch of convolutional neural network

E 3. ERMEMBLELTEE

1) BRZ

EREARR L4 e, BMIEBE NG . ORI, SR8 I [
P78 SO RN £ 20 S NG Rl 0 R N 177 o e A v DA Tt 551 i o L ol L L A8
MRS AEAE R B i B0 RS AL, FRE I S BB SOA . P As RUT AU KORBRAR 1 A 22 25 1 2 5L
Kok, 1R T IR S T AR .

BRI s B E AR BT AL, PRIUE BB RE T, B B AT AT 0 B e AL
G R AR, 6 FAURFAE A B S5 o RIS DB SR R AT LI R — MRS U 1%, 24 SO R s A AT
ErUER AR 2R AEIN A EBOR, B T YRR )

i B R MR GBI YR =4k, B HER T 4R (Kernel Size), A8 IE%(Channel). 4
EREEE o DR, o o A THEREEL BE R R RSB K E B NS R
HALAS . ESHERBEZAEL T, ROEA. EREEEE 2 SR EE RN T RER, &

BUBSH B BB 10].
x; =f[[ > x,-"*Wl-,-"}bf]

b, xR kRS j R I, M RN NRHIE RS, W) Ron s k-1 2805 k
EE A EFE SR, FRONB IR (Convolution Kernel)o EFRAZ AT LEAE—ANIY4EAEFE, FHo g
—YE e Ay SR R T A, B8 AR TR AR T A, B8 = DUZER SR AR IR KN . b
Rl E (Bias), J&— Ak 4EF M, koEMmih RHEF . £(- ) Rom—NEIE R 11], ASE
FH 72 ReLU R,
ReLU PR
f(x) =max(0,x)

BARR 5N AT i R — i 2

_ +2pad — ks 1

out

stride

i pad NMIRFETIL, ks WEBUZIT, stride AP P9 x 9 FFIE-F HITEAHIAH], 24 pad=0, ks =3,
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stride = 1 I, H AR RIS N 7 % 7.
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SCHLPERFERIE 1], W 4 R, ERERMEM S A —F 4R FB . BRI SCAR T H bR el — 4
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BT gk, P, Mg Rk,

3
4
2
2

6
7
2
4

Figure 4. Maximum and average pooling diagrams
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3) &EEEZ

SRR N THE G UL E AL, 2 AR 7 A IS NS 450 . AR B S NG 5
T, S8ED, HBSETER TUREARM MR . Kk CNN #, A CAFEREEZT 2
NGRS B G, BREmEM RS, il 2RI, D H24E1d Softmax
BRI AR RS R

ACHEAF] CNN IR SE Rt 22 1 s

Table 1. Network model structure table

= 1. MEIEBIEEER

Input (200 x 128)

Convl1D (64,128,3) Convl1D (64,128,4) Convl1D (64,128,5)
Relu Relu Relu
Maxpooling (3) Maxpooling (4) Maxpooling (5)
Reshape Reshape Reshape
Merge
Dense (128)

Relu
Dense (2)

Softmax

Ferb ConviD (a,b,c) £ REIZ, a AEFZ L b NEENEF R~} ; Relu R -0 B %, Maxpooling(d)
T KALZE, d il E SEs Reshape AR E, FEA K 2 4eim AT —4EIT; Merge Jvfil
EE, BENHMAGE; Dense() NEELE, e AWML W% & & i@id Softmax B,

Viel,2,...,.C
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AU A% M 5k https://www.donorschoose.org/ FIEHE #4707 B AT [12], 1% W03 A2 42 36 [ A B b X
MBERBEREBAFREBENT G —. CEENVIEEIEEATHRE B HIF, VLR ETbH)E, 3t
AT 120,597 AR i, FERHREUH AR BRI BT BUE EALAL P . AR AL Matlab2015b 1E 98 A4-F &,
ML CNN 0 SRR . YRR A28, 4 50% 01 id AT llZe, T 50%0 id AT

2.4.1. CARBELLIBLER

MR SR AT ) ] SRR B ) B S5 R, SRS SOR AT BUE R A AL B, A — 1 M x 128 1)
FRAEHRE, o M O SCHRe 8 5 iR S R VLR PR, O TR SOR R R RO 7], X
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Figure 5. Quantitative characteristic matrix of four texts
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2.4.2. XERMTMILER

FIFFFAERLRE, XBRMEMEIATIIG, AT TERET N M < 128 MKEEEEZ, RIFs
YA P B A5 R I S s X B ] [R) SCIPG R B AN A i, 0T T 64 N M= 3/4/5 = RSB AU,
[Fil B X 4 N B AT AL B . A S AUZ R E RS B S AR R T E RAE 5%, WmARz
B PR R ST U gt TR B AE XUIRAIE IR R Al ik 88.16%, 45 BNk 2 FiR.

Table 2. Comparison of network performance under different perceptions

% 2. FEBM TR LR

LR 3 x128 4x128 5x128 Ny
HERf R 85.14% 85.31% 86.34% 88.16%
N
3. &g

ASCREAE RN ZX S T B0A A B b, 32 BT word2vee MIAE UL P 28 SUA 7y 2
Bk, SERR T A MRE R T  HERE A M 48 BRI e m Rk, R T word2vec F i RAE N
S A B vk, A AR S I SO AT IR A . IR 2K S m MU eIl ZRar )
W2, SFIRAEARI A B2 A2 T 73 REE R, IRAF T 88.16% MM IEH &, I LLE T A FIERART
TR IER R .
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