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RESEARCH ON PAPER RECOMMENDATION ALGORITHM
BASED ON MULTI-FEATURE AND DEEP LEAING

ABSTRACT

Academic thesis recommendation systems are able to filter out publications that do not
meet the needs from the vast number of digital publications and provide information that
may be of interest. With the popularity of deep learning techniques, the powerful expressive
power of neural networks can be used to better mine the potential features of papers and turn
them into effective recommendation results.

Academic papers contain a variety of attribute features. Traditional paper recommen-
dation methods use text feature-based recommendation algorithms that utilize text matching
for feature learning. This ignores the text structure information and other feature information
of the paper, and the relevance of the recommendation results is not good. And the method
of constructing academic paper network based on citation relationship and using link pre-
diction to complete recommendation lacks the mining of textual information in the paper
content. To address the above problems, this paper carries out research from the perspective
of multi-feature fusion, combined with hybrid neural networks, taking into account the tex-
tual and structural features of academic papers themselves, as well as the information of
different types of nodes and different relationships in the citation network. The main contri-
butions of this thesis are as follows:

(1) Aiming at the problem that traditional recommendation methods cannot fully exploit
the information of paper contents, a paper recommendation method based on hybrid neural
network and feature fusion is proposed based on the idea of feature fusion. A hybrid neural
network recommendation framework is constructed to extract different features of papers
from textual information such as titles, abstracts, keywords and contextual structures of pa-

pers and then fuse them as a representation of each paper. The title and keyword features are
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extracted using convolutional neural networks and attention mechanisms, and the contextual
semantic features of the abstract are extracted using a bidirectional long- and short-term
memory neural network to enrich the representation of papers by fusing text features from
three different views. The final task of paper recommendation is accomplished through the
calculation of similarity. The model is validated by comparison experiments and ablation
experiments on the dissertation datasets KIWF and DBLP. Compare with the baseline model,
the Recall and F1 values of the proposed model in this thesis are improved by 52.4% and
47.7%, respectively, which improves the accuracy of paper recommendation.

(2) To address the problems that academic paper networks lack paper attribute features
and cannot adequately capture the structural information of paper nodes, this thesis proposes
Paper Recommendation Method Based on Multi-feature and Graph Convolutional Networks.
Using a hybrid neural network framework as the encoder of paper content, graph features of
papers are extracted using graph convolutional neural networks, and a complete paper rep-
resentation is obtained by fusing text features and graph features to improve the quality of
paper recommendation services. Comparative experiments and ablation experiments of the
model are conducted on the AAN dataset and FullTextPeerRead dataset. From the experi-
mental results, the proposed model in this thesis has significantly improved MAP and MRR
compared with the baseline model, and the highest improvement of Recall is 77.6%, indi-
cating that the model has better effect for academic paper recommendation.

(3) Based on the proposed paper recommendation method, a paper recommendation
system prototype is designed and implemented. Through the analysis of system requirements
and system functions, the overall architecture of the system and the design of database tables

were completed, and finally the functional interface of the system was realized.

KEY WORDS: Paper Recommendation; Hybrid Neural Network; Attention Mech-

anism; Graph Neural Network; Variational Graph Auto-Encoders
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1.1 HREEREN

Hh [ LR 2845 SO (CNNIC) T 3 H 2 HEERURAEE 51 Ik (R E B2 K
JERMLGE TR ) Bon, #2022 4F 12 H, RERRMELL 10.67 12, TERHE K
FIE 75.6% M, BEAE LR REHRESSE DR KRE A RE, AR NRTA 5
2 IB) f BB AT, FLCART P AR A I B R R  ARHRER %S F, MRIEHE 2012
AR B, BRI SRR R P B IR DL R 2 3% B I T, 2018
4 STM(International Association of Scientific, Technical and Medical Publishers)i & %
TR, WICEE IS K B RAE 4%, WITIKET 5%P. fETHENURL T
JEE 248 DBLP ', 2022 RIS H ) B B O 4alEid 600 717, A2 10 407
13 M2, HELE 2021 3001 50 %, Wil 1.1 Fros. SER, BN R EE
EANEFL T AW . 2 A5 Bk 1R BRI A SRR
HE R AWK, AL SRR R AR NN B I 7N 02 5 B2 K&
I TRI MRS JE VR ST 2R b, SR DR TRE NS TRATHERA 1SR 2 FEBLE R %o
ik TAR, SECTRBIRCERRRT, AF TR, A A Rot e I 5 5
5% ) SRR R B 52 31 22 5 BLAL

Records in DBLP

6M

2M II II II II |I |I ‘\ ‘l ‘\
oM e === E R II II II II II II II II II || || ||
995 2005
2000

year

#Publications

2020

B 1.1 DBLP 7~ ) th Ba 4y K AL 64 s padh B 3 5 fe A 4

I https://dblp.org/statistics/recordsindblp.html
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HE#E R Gi(Recommendation System)if ik AN A6 1977 2 m) B 7 & AL IB BB 1) P4 2%
REfS A B JE R B, AR 1T 5 R #” . R KRG B L
AN R AR SR “E R 5§ “EREA Find, A2
BB HR, HETT T TN RS RS AE IR SR, Dy 1 SE I s HES B 50 SR, Bk
K22 I FEE RN BN SCHER RGO R, DU AR 7 A Rm Ak R ook}, 3=
BRI R R0

A5 458 FRHHERE R GRS T FH P 16 g 52 AT 98, Je ok F P R D s AT e kAT
B, Y248 FH P AT Nt IR SO AT UL EC, AT a] FH P 4 RO R () 4)
it o FARIRSCHES — AR AR % 1 & i i A 0 SEAR, R HR TP [ DR O HES
T WAL S PRISCAS BARERSCAE R, 2 &E 10 01 &Mk
ik, DU EET SCAR N A R TR IR &SR0T . BEERE AR E, 15
i T I 28 AR g K 7R B8 7, A BV 5 2] T V200 18 ST ) SCARRFIEBEAT IR = 1
XAZIWARITAT . FARICE S ZMEIRHE, B T ETNENHEETTEZA, 1R
PRI S 18] 5] 58 R A RIS TIN5, AT B 42 X 28 HORTZ 30 18 SCRFAIE 2 18
SCHES R G A B O HES 7 7%

HHT, ESARRSCHEFEA IR T, IAFAEE IR S SRR Z 38 A 78 77
DA Bz i = 0 v S At MR AREAE PR A (v A S DA O JE A, 22 AR S 2 T8 AR
FEFIH P A GF AT IR IS, R ARG AP LS . 33 2 AL R SR SRS Btk AT
N2, 72 BN SOREE X, RN &9 AR Mg, £ HRRIERR, %
IR SCHHE Y JE VR —n) @, BTN R SR HER 10 SO, IR SRR RO

O

1. 2 ERIMAR IR
1. 2.1 RGEEF X

P ARG e — MBS BRI IR . L ML SR B 2AE 5 A AR 2 Rt 7T
7 T BB FU e . HEAE R G TR NSRAT N RO T it FoR O A Tl R 5
R B B AR AT IR ST I AL TR, e 220 b B A A1 A A5G 75 SR HT P 1,
AR, ARS8 WA R B BE O HERE SR EAT 7028, DMERI 235 AP N T T HER
RY:, R SR HEEE AR, ARG R =20 BT s H S
(Content-Based Recommendation, CB)[%), 3& ¥ [d] it € 1 #E#£(Collaborative Filtering-
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Based Recommendation, CF) AT & HEZES], Wik 1.2 Fior:

— ETHRSREE
ETRFRIHER
HERS ETthEITEaIHEE —{:
BETREAYHES
— ==t i=2cd

B2 05 H ik £

BT WA HER B2 (CB) AR F Y BOSER H P i KR , R 5 1% 500 H 75 1A
Vi BIANTER SR F, B P ER SN EEIE Y, 4 CB JFiknl Rea s
AP CHEURTY . HENEAPRIE T HE T A BT R 2T WA R SIEA
WA P VR e L, T2 T 00 H BN S5 BT HER o A R BLAS 57 21 770200 T
H BN S REREAT 8L, 4B P BB Rl . R0 SCHER Rgrh, TH FR M2 50T
A E L Sh R G [T E DR PR3 TN A S

£ CB ik, EREER A E IS, 51BN 8 Sl — 25 B aT
DA FH Sk 28 ST Ath 0 FH P 45 B9 5838 P O 407 R0 M B8R T DU S A 38 () i 9 4 4 B
KR R . WICHESE RS AT LLAGR SCHIRRER | 4 ZEA0 N 25 th 4 BB DR R R i
BRI, X RIS AT LN B R B AR5, OUERE RGO R AR
/1 A g e 1 S B] DS A] B ARBARE s FEXT AT HEAL K ARARL R 5 v ) i ide 12 S
LT RN

Amami £ ANPGRS SC 4 L N 2548 LDA(Latent Dirichlet Allocation) 3= @l Z 45,
THEAR SO EE %O E RS B0 () 32 R R Z (R ARALRE , ATTREAT 18 SCHERE . Xl
A R A NG S T BT A B IR HE SR Sk B LR AL T 7, JRA
T i AR TF-IDF M n-gram ) FEZNZ . BINESEANRE—METZETE
JIVCHEC () 5| SCHERE T7% o A8 AN [F] 8033 = I L S IR SN [F] = IR S5 4, 4240 22K
WICHIRETE SUFFIE,  BUAS 1B IR SCHE R

BT W [RS8 [ S AT s, R ARABUA - B
ALhAD it R DY 43 RPN FH P 6k ARV 3 W it BRIV 4, AT R PR AT HEERE o D IRD I DB
SRR AR A B 48 5 P LA 23 T F P B 0 [ 3 i AN 26 147 ot v 0 [R5 6 A EE T CB,
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CF BAT S ARFEMH . Hlnal DA EHEFE R SN, ORIk T
P RIPPS, mAS S AT R TR E o BeAk, HEREZS F P IR A R RS TR
HAIE AR, OB AE P 2 18] () 58 2R Z TR1 I & )

Sugiyama 5 AUV P ) 1 DR B ARE PR IR SC 2 MBI R &, K5I IR RE
PE—F1Esr, R T P R SR VE AT I SR  ALIIIEPD T ety R
Gt FH 1074 J5 Sl AT A AR e B, A5 P 2 RURR R R R 20 VA IR A8 SO AR i AR
TRERRAE, 3 BEALES B T AR 2R e ST BNME . Liu S8 AU 7 —Fh it
T 9IRS RS . RIS BTN SC, SR SRR 238 SR B s 3k LS| H
Wi &R GRS AR 5 R SCRoR . SRR, X SCRIR S HEAT P LU,
THEL SRR SO T AR - fe0m, AL S B A8 SORBLA 518 SO 51 B 1 B
PRI ST 5 IR -

FIA B SCHERE TAF E 2L T N AL T o R IR 5. (HE, BEREWIIT
(IR BTN 53 R B T bip ) o A R 52 R T M W A% JR sl i AL, 12
AR T EOCHE TR SCZ I I N A A S, AR ROR IR SCITE SCRIR, Al g
Iy Py 73 255 i AT

TR HHEA7 5% (Hybrid Recommendation). 4y 1 $2 mifte e 45 R AERTE, 3R T 4F
FIPERE, — LSRR RGAS & 1 RN MHEREBOR, K AT & 75 KR8 S0
LW TN U IR AR I AR T IR A HER RG] DL & A P AN [R] 7 45
ARAR B A FIRIEEE A5 2 o

TS5 NG REN 53 AR5 BAE I BHIEN G iy, 39 ot 5 o i ke
ABILEH, A RIFERE 7 EEORRE “ b8 007 JEFERFERN “BHIFA 118307, PAZE
R AR PE ) . Wang S5 NUSHR T — AN IR 2 A2 48 AR S0 A5 B IR &
SCEEHERE ARG o A IO OB T P 2 A 908 R Ao R R it ) 1 [ S R A TR i 4
EAE RN AT D BEAT T, AR5 R I PR 45 Rl e RS S S
HOTHAR AR, (RE T 7 CB M CF A i [ i fie KPR BE M b 13X A g ik
FHRRRE, 2 PR m R S I PERE

TGV SCHER 77 1 B 2 S TP AE RN N 5 518 S 2 A28 BLAS B 424 F, 2
RS B B R L. BRI SCAIRSC A A A, T2 B R 22 T4
ARICIT AR SCHY B MERFAL,  SE AR SCHERAE S5 o B W M EHIR L 2 S 3 T ik



1. 2.2 R T REZINEES L

TR BE 27 2] AR5 21 U R R AN ZE A o PR BE 5 2] SR R A B B2 I EE T, fe
8 b TR AT R 1) e @, AN 22 ANAE RS A KA i 4 B vh (R S 2R 54, 2RI AR o
277 EAER, ENLARTE. BARE S, BUR RN, B TR IR
fEZ ) 7 O ARA RN 2 AU fEHESE R, B 70N SO R R IR B 2 S HR
XA BEAT AR . DAL, WA A SR B S BRI O, JRRAITE, N
T AN ST 1) o TR S ST BORIE K F P 5 2 T8 ) A2 TLAE R AL IR A S
Wy, TR T 5808 2 A VS ERAE . BRI PASN, TR LS ST HOR RERS i A%
G Tk i — LS e, ARG A PR T HETE SRS R AR R 200,

WAER, JATTWAE T PR A e B R BERE, T Hh 2 I 28 0 K 1) R g
77, IXRSEARE TR HE R 1A S pE A i0 Gundogan 5 AP2HRHY T —Fh 2R FIR
JEE S WIRG R ST, AT SCHEARIME 2RSSR S 1 3 B = AN [6] 7 5 (R 4H.
By FEANFE U0 SO H 3 AT 0 2, IR 4 B0 B K 2 s v SO AL
iR R IZE H - - Kong 58 NPUR TR S0 SCABLURE 75 22 F-3h B v R AE R BB
BT SUR MM 8 2 om BTt 7T IR SCHIRFAE TR BT 2, X 51 S0 28 v i SCR ) R
23] i Doc2vec HiERRA(EE, Struct2vec FiERK NG| TR LK), FIH 5
N8 G — SCAAG B NGE G B, Wi 28 2546 5 2] I R AAE N U R TR
Tang %5 NP4 LT 80 51 R R 0L, i H )2 32 BR 3% /R 2% 2 Hl(Restricted
Boltzmann Machines)XJ & 3C N 2 1) F /0 A dEAT &AL, AT m] se i 51 o

LR R 45 (Convolutional Neural Network, CNN)23LE 4 )2 B3 =0 5 300E
BERr A R oK SRR ), BRI R, X SCAREAE R A () $2 HL
MFBRZEJWEGRIFIHER . W1 Zheng 5 NP T —Fh IR BE G #2825
(DeepCONN), HH PR STARS H - HIAT W0 R R G & A, a5 R F L 2 i
Hl.(Factorization Machine, FM)RAHEH F AT A1) &b J& P BVRFE 2 58 BLER R 3 AT HE
o T CNN HIHERE AR T 4% St RO A Y BEAS B I Sy SCAR SR B A (S R . R
RS NETy 1 G2 il vl SCECHR M i 1 o) 8, Sl FH A AU 228 I 280 2 R AR SCIR SO Ay
TERA B R BB B, F&F TSI ZFERIR, SR M)

a2 R 2% (Recurrent Neural Network, RNN)Z85E 35 T 54 i 75 S AL FE 48 2,
FEHER QUSR] 12 BB FT . SRR SEBR R A, B L& AT R BRI 1) RNN 7E
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