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[Abstract] The automatic recognition of structure function helps improve the efficiency of tasks such as
fine-grained information retrieval, keyword extraction, and citation analysis. In response to the current chal-
lenges faced by structure function recognition research, including weak expression of internal textual depend-
encies and insufficient model generalization and transferability, this paper utilizes graph convolution neural
networks to capture inherent dependency information and topological structures among word nodes, enhan-
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cing the modeling and representation capabilities of scientific publications. Additionally, adversarial learning

is introduced to improve the generalization ability of the structure-function recognition model. The ScienceDi-

rect dataset is selected to examine the recognition effectiveness of various model approaches for structure

function at three different granularities: Header, Section, and Paragraph. Furthermore, we tested the trans-

ferability of multiple models across domains on PubMED-20k, a medical abstract structure function recogni-

tion dataset. Experimental results demonstrate that BERT + GCN get the best performance at the Header lev-

el, with an F'1 value of 88% , which is a 3% improvement over baseline models. At the Section level, the

combination of BERT and GAN achieves the best performance, which is also a 3% improvement over base-

line models. At the section paragraph level, the F'1 score reaches 68% . BERT + GCN exhibits superior

cross-domain transferability compared to other models, achieving an F'1 score of 90% on cross-domain data.

[Keywords] Functional Structure; Graph convolution network; Generative adversarial networks; Scientif-

ic literature; Information recognition
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Fig.3 The Neural Network of BERT + GAN
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HT{E. CNNRREES LSTMEREFTREF
HEEREIE L 8 P X R A9, B LA g
LSTMER— “BiR” &3, HiEiE R
UEFENRETNN,

(4) BERT+BiLSTM™
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BERT+ BiLSTM & BU {95 ##, =2 7 BERT
G, B LSIME, #TXAEENESNY
FIRFAFAERIIREY, 10 88 404 = R EUE X
1A, (BN FRAEINTENER, REBY
2iEEE, 21Y Softmax REHITH LKL .
4.3 WM FEAT

AW IFENEIRERERE P &
(precision ). BEIZE R & (recall ) LIRE
MAAFIFEE F1 WNABEEEN S XKIRFE
FHTITMN, SEROHERRNT:

P =H3 K PR B OB #6923 sk &/
AR PR LM EHK (8)

R =#3 S ak P12 5 IE o 649 45 M 3 4 2/
FHC Sk P 52 R 6 45 My b AR 4k (9)

F1=2x%P*R/(P+R) (10)

BEKEMRE P BEIZE R M F1ERIMN
BEHHE, (FHEHEREILEKMLREIT
iNigts, B F1EFNIEEEM D EESH
REEENFESEIRE,
4.4 %R RE MR R B R

A 3 9 8 X A BERT. BIiLSTM +
BERT. BERT+ GCN. BERT+ GAN POt 2 [
EIERIEFFRAY Keras THEIEZR &, LKA
LSTM. CNN. BiLSTM+ CNN = 7 #8 £2 [{d £& #&

R BETHE. ETRE=1"AREBROE
RN BIEHTEMNREN X A D EKL;
FRAERZINHF AN S BENIIGEHIESE
23200 %; RAKIFELS RIS ER T
2, UIkeEhsl, BERMBEEXES
HllFmEMEER, BEEBSEKRIRKAET
NEER,
BIINGFHEESINED IR, &=
THE. ETEREABRROMUINE (test)
EIToEER, B SGIHARRIRIS A A
B RBFNEMA LAY ERE. BEIZEM F1 EdH
ITREEHRNSN, KEAR—ENME, F
KIESMESHPRARENERE, FREE
ML ERSBINE 3 EERS,
NEIFAILEL, ETiR@ARRNE
BIRBIZRIYTE 84% L, B CNN. BiLSTM
+ CNN. BERT+ BIiLSTM. BERT+ GNN. BERT
+ GAN F9IRBIZI R ITBIS T 85% , HAMRE

BIFHY0 BERT+GCN, E/EHRERN 91%. B
El{EHN86%. F1EKET 88%. EAEAR

ZEHNEE D RIRBE RS, “introduction” 9
PR & EF, LRI E WL o) 448
ZWEAREFH P E. REMF1EYEET
RFHRAE, ECHARAEHE R Ly E

BUfEFFIRAY TensorFlow it EER F, = WEHASHERE, SRIRMFIYEET
R3 EVHABRERBHENEZ(HE) LHIHER
Table 3 Results of Header on Different Neural Networks (Combinations)
Rl CNN LST™ BERT BILSTM+CNN BERT+BILSTM BERT+ GCN BERT+ GAN
Header | p |\ R |F1| P | R |FL| P |R|FL| P |R|FL|P|R|FL|P|R|FI|P|R]|FI
introduction 1.00/1.00|1.00(1.00{1.00|1.00]1.001.00|1.00|1.00|1.00{1.00{1.00|1.001.00|7.00|1.00|1.00{1.00{1.00|1.00
literature review |0.90[0.63(0.7410.84|0.620.71/0.69|0.66 |0.67|0.87|0.61/0.72/0.96/0.62|0.76{0.97|0.70]0.81/0.78|0.65(0.71
methodology 0.7310.86/0.79(0.69(0.88(0.77]0.72|0.73/0.73|0.70 |0.84{0.76|0.77]0.93|0.81(0.79|0.90|0.83{0.74|0.82|0.78
result 0.7410.780.79(0.83(0.72{0.77/0.75/0.79/0.77|0.780.75{0.77|0.860.830.85(0.87|0.79|0.83{0.81|0.81|0.81
conclusion 0.98/0.91/0.94(0.98(0.91{0.94]0.98/0.91/0.94|0.980.91{0.94]0.98/0.92/0.95[0.99|0.94|0.96{0.98|0.91|0.94
all( weighted) 0.86/0.85/0.85(0.85(0.84{0.84]0.86/0.83/0.84|0.85/0.84{0.84|0.87|0.87/0.87/0.91|0.86|0.88(0.85|0.85|0.85
x4 ETHBRERERAHENK(HE) LHNIHER
Table 4 Results of Section on Different Neural Networks (Combinations)

BEHNE CNN LSTM BERT BILSTM+CNN BERT+BILSTM BERT+ GCN BERT+ GAN
Section P R | F1| P R | F1| P R | F1| P R | F1| P R | F1| P R |F1| P R | F1
introduction ~ {0.930.87/0.90/0.89|0.65(0.75{0.77|0.86|0.81/0.93/0.82{0.87{0.90|0.90/0.85{0.90|0.87|0.88{0.78{0.92|0.84
literature review |0.49{0.54]0.51/0.16/0.13]0.14|0.56|0.46(0.41]0.43(0.42(0.42]0.46{0.40{0.43/0.65|0.34(0.45[0.66|0.56|0.60
methodology | 0.650.68 | 0.67 0.46|0.04{0.07|0.580.76/0.66|0.65|0.55{0.60|0.63|0.700.66|0.65|0.74|0.69{0.64|0.66|0.65
result 0.81/0.68|0.74(0.46(0.78{0.58/0.75/0.77/0.72|0.70{0.73{0.71]0.81]0.75/0.75[0.80|0.72{0.76{0.73|0.74|0.73
conclusion 0.76/0.90/0.83(0.53(0.83{0.65/0.83/0.86/0.84|0.71/0.89{0.79|0.83/0.870.85[0.86|0.86|0.86{0.85|0.85|0.85
all(weighted) 0.75]0.74/0.7310.53|0.52{0.46|0.74]0.72|0.71|0.71]0.71{0.70{0.74]0.75/0.75(0.75|0.74|0.74{0.75|0.76 | 0.76
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x5 ETVEREERERAAHENE(AES) LHNIRER
Table 5 Results of Paragraph on Different Neural Networks (Combinations)
2= gy CNN LST™ BERT BILSTM+ CNN BERT+ BILSTM BERT+ GCN BERT+ GAN
ETRE
Paageph |\ p \ g |F1| P | R|F1| P |R|FI|P|R|FI|P|R|F|P|R|FI|P|R|F
introduction | 0.75{0.7210.7310.72|0.75/0.73|0.49(0.75/0.59{0.77{0.69(0.73/0.77|0.69|0.73]0.79/0.780.79|0.81{0.72|0.77
literature review |0.4410.1910.27(0.43]0.19/0.26{0.56(0.02/0.03{0.22{0.09{0.12|0.22|0.09|0.12{0.52|0.21/0.30{0.36(0.36/0.36
methodology  {0.59 | 0.61{0.60|0.59|0.68|0.63|0.56|0.74(0.64|0.51/0.67{0.580.51/0.67|0.58|0.52(0.70(0.59|0.61{0.620.62
result 0.62(0.74(0.680.68{0.70{0.69|0.68|0.55]0.61|0.67|0.64(0.66/0.67{0.64|0.66|0.69|0.52|0.62|0.66(0.76/0.71
conclusion 0.71/0.40(0.51]0.62|0.44]0.52|0.60{0.30|0.40/0.43]0.24/0.30(0.43|0.24/0.30{0.63|0.50{0.59{0.71/0.560.63
all(weighted) [0.620.62{0.61(0.63|0.64|0.62|0.69|0.68|0.68|0.570.59{0.57|0.57|0.59|0.57|0.68|0.62(0.66|0.67|0.660.66
100% H9EF A 4R, “conclusion” HOIRBIR W  2K5), HERER, BLEIXRM F1 EHEHT
KURY, T EHHRNELHEEMENEAE 85%. LtIh, BERT+ GAN A BRI R(NIEE

FE OERE. BREM FLEREBET
90% , H7 BERT+GCN Y F1 BLEVER=E
96% . “‘methodology” 1 “result” XZ. “lit-
erature review” TEC MR PRIMBIIRE,
BFlERSHEET 81%, BIITHEXIER
BHITASHMENR, ERSETIRRANRIAFE
XFEESH, EENERNEES SRS, 13
INTHEMEITFERBIHBIEE, SHE
FETIRIAAY “lterature review” INEEIR BIFE
NgZE, MEMSHINENIREEFIE, TER
“introduction” 1 “conclusion” TR S EF
AT, EBEHEENMEMERE, HmiRBI
RERNKE,

MNFATUDITE, ETHTERNE IR
RBIERBIE T 70%, BEAREEMN F1EX
AT 5% RULE, HhERIUKEFIZ BERT+
GAN, HERE, QEZEM F1 Bo 58587
75% . 76% . 76% . HERTHAM/NERE, 8
LSTMIURIRE, H F1 ENE 46%, HHf
KMNBERBIE 53%F 52%. EEER
F, CNNHEBIF] LSTM 2B T “introduction”
£5 EREHE F1 &S, M BERT 27

“conclusion” K5 EXRIMEE, HEHEAE
T 83%, I8 E CNN F1 LSTM £
sion” BIRAIEFW, FEHAHESEE S, BIL-
STM+ CNN. BERT + BiLSTM. BERT + GCN =
HBESEBIERIE “introduction” £ B FRIET
RIFHER, ARRYAXTHET 0%, FI
Bt XFETF 85%, {BIE “literature review”
%53 ERFEI A0 BERT+ GAN, BERT+ GAN
EERPERF, KAFKIFHIZE “conclusion”

“
conclu-

R ERUMRREF, BEEMANERE, MB
£ “literature review” XNMNEBRZWE D AE
RPN ER ERART, H F1 EEET
60% ., ‘“literature review” EIREEBERA
BEERERRE, BIELT ZERESZHE
o AEME YRR,

AESHHRJEEIR, BERT+ GON B9
F BERT+GAN, TZERHAANETIRAEIEE
SRR AERE, ZRREYIEEANEL, @D
BXZRPH. ™ GONEIIHIEEEHhT S
BHXR, HBEISRBEEDT R LHITER
ERBFISAEIREY, EE TR B EUE L]
URHEEEBSMHNE, RERERS, X
ADERYIRRETF, MEETARASER, WA
NAKERIAFIREER, HETRXEE
ZEAREREZ, X GON KIAZEEE NP LK
Ko GANEA—MWMEMREE, oJLLFS]
L RkEMNEEMNEIES RABIEZ BN S

5, BTSN IR F o RAERME
Mz, WmENREEIENS I, EEge
BEFHFIENETASEZ D EEFLEN D
mER, MUEET RS ZEX BERT+ GAN %
WF BERT+ GCN,

MNZES LI, EETERERRT,
TR W E RN EE S B IRRIBE
K, F1{EHFBIE70%, EFERETNE
CIXRHESHERE BERT B8, 25KET
69% 70 68% ., MREFAIHEE BERT 1=
B, F1{EIXET 68%. BILSTM+CNNEE
BEECHEINRRIRE, HEHRE, 8O
KM F1EDA57%. 59%. 57% ., FEAD
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TEEHR S, ENMEBE “literature review”
KIMBEXRERREK X—SSETHREE
RIRBIEREML, RICAESR BERT RE EHE
[BIX{{H 2%, {87F BERT + GCN #1 BERT +
GAN HERBERXZnsFEHMAMESL, R
BELBN21%F36% . THEIIHTE “intro
duction” BHFIMELF, £ “methodology” 18
REMERANEY, Fl EOHE 58%—
64% , RBBERZER.
MNAERRIRBIERFTREEDT, &
T 2R R SR D XM R &
F, ETHBNDENRARZ, METREE
HREDHREAEZEZ. BEKXE, MABE
RO BEBTINXR, EBIRERER
MXARE, FEHZHEB—ENSENER
BEEEEN ‘BN ‘XEER ‘“Eie” S8
ERFIES, NELHEMBE, BUERS
FIFNEAREE, AHmENERURI R
£, HHEHENR transformer FEFZ A5 E LN
MR, Frld BERT #1 BERT UA S B K IF
TRARINEE, EMEMZEE LEXES
HihmEME R HENEEAEEEBHEENH
£, METASMETREZERXRFESHNE
BRAEE, XARK, BEENXEXARFHT
o, BATERERNEMEENEE, T

SEHLRZ, BHEMEELRIRE,
MNEMIRE D EMRKRE, BEESEDIRAM
ETRERRRANEBEER /N, HPEDIRA
BXRRBIEERN, EETRERRATIRG
HERK, Hf LSTM BEM /@R o &5
HEEEPEMRIIMREE., MNEBAX
&, BERT+ GCN 71 BERT+ GAN E =P R [E 2
REERFNVEFRN, —EREIERTHNEE
MEEAESENAR D RES LT URIFEEZEKR
INEe. EHRINMEMEREILESH, BILSTM+
CNN F7R40 BERT + BILSTM X3 A~ & 2 )X B9 B 4K
RAIMRBEEZNRA. NE—EENNRA
k&, CNNFIBERT #EX WK T, LERE
BERT &1E T EN A D XESHHIEKIER,
LSTMBRFRIRE R —HK .
4.5 R
ATH—LTRNLRERTNBRD LR
R, ARXUABERARFNERGEIAS
(EPHRM%EE BERT+ GCN. BT N A% H
BERT+GAN. E T3 ER&%EEL BERT ) A HTXY
%, WEESXER, X6 EXR8 i, H
FITRERENDEEINEER I D AR RIRBIHIEL
B, IR EEEINEER K 5 AKX —EK RIS
BInBeRIEL 1,

x6 ETHREERRXRERESX

Table 6 The Misclassification Results at Header

TR (Header) introduction literature review methodology result conclusion all
introduction 0.99 0.00 0.01 0.00 0.00 1.00
literature review 0.00 0.48 0.44 0.08 0.00 1.00
methodology 0.00 0.03 0.86 0.1 0.00 1.00
result 0.00 0.01 0.21 0.77 0.01 1.00
conclusion 0.00 0.00 0.01 0.07 0.92 1.00
all 0.99 0.52 1.53 1.03 0.93 5.00

R7T ETHEBERIBRERENR
Table 7 The Misclassification Results at Section

Z TR S (Section) introduction literature review methodology result conclusion all
introduction 0.83 0.08 0.07 0.01 0.01 1.00
literature review 0.10 0.43 0.39 0.08 0.00 1.00
methodology 0.03 0.08 0.64 0.23 0.02 1.00
result 0.02 0.01 0.17 0.74 0.06 1.00
conclusion 0.04 0.00 0.02 0.10 0.84 1.00
all 1.02 0.60 1.29 1.16 0.93 5.00
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EVRERREIBRERESR

Table 8 The Misclassification Results at Paragraph

ETHER% (Paragraph) | introduction literature review methodology result conclusion all
introduction 0.77 0.08 0.11 0.03 0.01 1.00
literature review 0.14 0.33 0.44 0.08 0.01 1.00
methodology 0.04 0.05 0.63 0.27 0.01 1.00
result 0.02 0.01 0.20 0.73 0.04 1.00
conclusion 0.06 0.02 0.10 0.22 0.60 1.00
all 1.03 0.49 1.48 1.33 0.67 5.00

Xt 6 EX 8 LA, EHIRM
BRNEENEDRIRNTFETASTNE
TEE, UWREZIRIFPERAREDN

“introduction” 9, EETIREEIXHIR 5]
ERESIK 9%, EETHSFIRFIERE
KE83%, MAERETREERIRAIEMZERN
B77%, nEIR—K. EETREER,
“introduction” #5553 N E R IUFM LI INEESR
B, XENAKREZFARERE. RO EZHH
SBHEX, AUXE “introduction” , H& MM
MEMNREEDRERERL, BTERER
B D NERIUFEIINEEZES
4.6 ABAT B SL IS AT

AF—SIELERRYZ W, BAJERSR
MRITIREBFHT AR EES, BREDNZF
43 & A AY PubMed-20k 43 £ 33 17 15 4 i,
WEERIN RIRETAXEBR

ab /N Sk
e,

RMEMEERASHIRER, JLUNE
ZJ, BERT+ GCN RYZRILLF 2 BERT 71 BERT
+GAN, HEMRE, BEI=EM F1 EYEE T
90%. F 10 FEANNEL T AXEELF SCIB-
ERT B EPY T ARy KL 45 R, SCIBERT
7f PubMed-20k #iEEE FI D RER F1ERN
87%, TRARREN A EESFHATE
—H9E. BERT+GANIERISENREES
SCIBERT #5¥. i BERT + GCN fYH & &A%Y
Ri#B1IT SCIBERT, HEERAKWM 7T HAKE
REFMERMY, MUERFE—THE—RHE
HIBEMNENINES X, MEEEREFNERE
M, BETEARMIEAEIRE R HITEEINEED
ERFERANINEE. NBOREHEIAN
SEHNEE D XIS HHAILIEEH, GON X
EB#8j3 7 SCIBERT HIIEAIR .

# 9 PubMed 20k RCT % #% % £ BERT.BERT+ GCN.BERT+ GAN EHySRI6 & R
Table 9 Results of PubMed 20k RCT dataset on BERT, BERT + GCN and BERT + GAN

PubMed 20k RCT BERT BERT + GCN BERT + GAN
P R F1 P R F1 P R F1
background 0.66 0.81 0.73 0.73 0.85 0.78 0.68 0.77 0.72
conclusions 0.86 0.78 0.82 0.91 0.87 0.89 0.81 0.83 0.82
methods 0.92 0.95 0.93 0.95 0.96 0.96 0.92 0.95 0.93
objective 0.74 0.53 0.62 0.79 0.58 0.67 0.79 0.51 0.62
results 0.91 0.91 0.91 0.94 0.94 0.94 0.92 0.90 0.91
all(weighted) 0.86 0.86 0.86 0.90 0.90 0.90 0.87 0.87 0.87

F®10 AMRFRBSEYEFHIFEE LW SCIBERT 5 RFITILR

Table 10 Comparison of Our Model with the SCIBERT Results on the Biomedical Dataset
Field Dataset SOTA SCIBERT | BERT+ GAN | BERT+ GCN

ScienceDirect-Header 0.88 0.84 0.85 0.88

Cs ScienceDirect-Section 0.76 0.71 0.76 0.74

ScienceDirect-Paragraph 0.68 0.68 0.66 0.66

MED PubMed 20k RCT 0.93 0.87 0.87 0.90
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5 Z#HitERE

ANSOE E 142 W 45 GON 1T #7118 22 0 £
GANS|IN R Xl S 10 TN BB IR B (£ 55
F, REESGEENSH, 5INEE BERT+
GCN # BERT+ GAN WRIR @B =M A EE
R—EBEDIRR. EDTHS. ETREBEHITE
BWINEEMIRBIAR . FEBWEEMS, WA
BREXRNERRE, ETHMABRRRXIR
¥, ETHABERZ, ETRERANERARE.
MNEEBEMS, FEDR@ARRF, BERT

+GAN HE R EYF, BERT+BILSTM EIX
Z., BETREL, XtHBEIUgEERES
EXWMEIETR K, BERT+GAN 2EAXMRTF,
BEER F1EMERBIE 70%, XBET—2
MREEIX TN FE. EBHEXRE, AHAR
BE R EXNERINEENAEKE, HERE
HNEENEELRRFIENEE —ENEE
AT, RK, IERINEDERERX
BHITHEXHR, SIS REENE
IheeAIRB, flan, FERABETRAMIEIC

NEEDHMSIBEE DM, T LIZHINAILL

+GCN RE FR I HEE, BERT+GAN X Z, f&
S = o \\EI At’\ ] T Abi 4:"%\0
S5 ONN th=T5T . 7ESSMAD, BERT {CINRE. 5151 INEEEE
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