4T B 1 B RUIR R 2E R (B AR RR) Vol. 47 No. 1
2024 4 3 F JOURNAL OF NANJING NORMAL UNIVERSITY ( Natural Science Edition) Mar,2024

doi:10.3969/j.issn.1001-4616.2024.01.010

HeTIZALP G B ph e 45 1)
R SCFR ISR
REFE B BEE, EXE°

(L i s K2 A5 B TR 2% B, b A %% 050031)
(2378 W BUT — AL R Geag 4 o b A% E 050091)
(3L R TR 2% db A K 050086)

[HE] SURGEE ARE S AP — 0T AT 55, BT [ 28 0 25 114 SCAR 43286 PR mT A SCAR (] 1) 22 3g
S — R T BB 7 KRR 4 T L SR 2 xfE LA SR IR, 12t — A6 T RN Z AL M 28 9 285 1Y)
TR SCAY B A9 ( generalization graph convolutional neural network-deep document clustering, GGCN-DDC) , 7] i 512
IUSCAR 7R 2 2] FTC W BS SCRY A3 2. A 1 Yo 4 SCRY SR SO IR AR5 R Z AL B 2 2 2 A X A3
308 SCRS TR RFE F 7R FISCRY R 5 38 5 SRS SR 4L 2 1 SR 11 o e 401 2k 2 R S M ) Bk 78 3 AR L
Pt LAY E I, GGCN-DDC 7E 26 b5 L3900 F HAb L e vk

[K82IA] KMz WERIRIE, SURNE, SORFIR

[RESES TP [ XHEHIREDIA [ XEHS]1001-4616(2024)01-0082-09

Deep Document Clustering Model Based on Generalization
Graph Convolutional Neural Network
Chai Bianfang',Li Zheng',Zhao Xiaopeng®,Wang Rongjuan’

(1.College of Information Engineering, Hebei GEO University , Shijiazhuang 050031, China)
(2.Integrated system operation and maintenance center, Hebei Provincial Department of Finance,Shijiazhuang 050091, China)
(3.Hebei Vocational College of Geology , Shijiazhuang 050086, China)

Abstract: Text classification is an important task in natural language processing. The method of text classification on
graph neural network has become a mainstream method since it can model the interactions among texts. However, most of
the existing graph-based classification methods rely on real labels, which are difficult to captain. A deep document
clustering model based on graph generalization convolutional neural network ( GGCN-DDC) is proposed , which can realize
unsupervised text classification while learning text representation. Firstly, the documents are modeled as a text graph.
Then generalized convolution layer is used to learn the more distinguishable feature representations of words and the
document representations. Finally, The learning algorithm of parameters is constrained by document clustering and
reconstructing document graph. Experiments on three benchmark datasets show that GGCN-DDC outperforms other
benchmark algorithms on several measures.
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Fig. 1 Model structure of GGCN-DDC
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LG S SCRER a7 FE PE
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4 096, F A AL 5 SCRY SR H BN K 48, BGRIBARZE T B I B BRI A 2, U125 epoch =200. X F % FL AR 7Y
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Table 2 Contrast experiments of update-interval

R8 3NG 6NG R52

13

Acc NMI Acc NMI Acc NMI 5-char 7-char
1 0.402 5 0.274 2 0.520 0 0.3253 0.291 3 0.136 8 0.4329 0.279 6
2 0.668 2 0.393 6 0.537 5 0.350 1 0.318 7 0.263 4 0.453 1 0.318 3
3 0.650 5 0.339 6 0.5250 0.342 4 0.323 7 0.264 4 0.465 5 0.3153
5 0.5139 0.010 9 0.5350 0.337 2 0.352 5 0.291 7 0.453 6 0.318 2
6 0.5139 0.010 9 0.527 5 0.349 5 0.305 0 0.251 5 0.456 6 0.310 0

b)) H AR R AL 5 SRS B H B RE . 1.6 70 B AR AL B SO EIECH mbs PRRE AR 3 B 78 SR (]
B ¢ 9 2(6NG B 5) AR T, M SR BOA RS | B8 A A (1Y mbs BUE T XT o S25.
*3 EREHGEXXEHBILLLE
Table 3 Contrast experiments of MBS

R8 3NG 6NG R52
mbs
Acc NMI Acc NMI Acc NMI 5-char 7-char
1 0.5137 0.116 8 0.518 2 0.304 2 0.3512 0.291 3 0.473 2 0.242 5
16 0.581 2 0.244 2 0.520 3 0.293 1 0.356 3 0.283 4 0.567 6 0.318 7
32 0.709 2 0.416 8 0.617 6 0.391 2 0.361 2 0.292 3 0.431 4 0.285 7
48 0.664 1 0.384 7 0.538 4 0.347 1 0.350 8 0.295 8 0.443 2 0.293 3

H 3% 3 0 Hr T 1, 76 mbs = 16 i1 32 B AR BUAE 45 F BE 4R Y HUS T 8o 25 51, IR RS AT 3NG
F1 6NG ,mbs 1% 32, % RS2 $di 4, mbs 54 16. i WA K, 2 mbs 3§ HKHT, S50 285 5 1 9 e 1 R
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Table 4 Performance comparision different models on datasets

R8 3NG 6NG R52
R/ B 4R
Acc NMI Acce NMI Ace NMI Acce NMI

DeepWalk 0.278 6 0.103 1 0.4355 0.036 4 0.234 6 0.037 9 0.233 1 0.057 4
TADW 0.305 1 0.186 7 0.488 7 0.097 6 0.233 1 0.059 1 0.2350 0.207 5
GAE 0.278 7 0.057 4 0.336 4 0.023 6 0.176 7 0.021 6 0.113 8 0.049 2
AGC 0.200 6 0.083 0 0.393 3 0.017 4 0.224 1 0.016 0 0.087 4 0.158 8
SDCN 0.523 1 0.342 1 0.465 0 0.083 8 0.246 7 0.042 2 0.4559 0.259 1
DAEGC-K 0.604 2 0.278 9 0.496 7 0.098 0 0.275 8 0.077 1 0.451 3 0.2153
GGCN-DDC 0.709 2 0.416 8 0.617 6 0.391 2 0.361 2 0.292 4 0.567 6 0.318 7
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