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Abstract Classical Chinese poetry is a precious cultural heritage. It is significant to use the rich
information in classical Chinese poetry to further investigate the language, literature and historical
development of Chinese culture. However, the knowledge of classical Chinese poetry is highly
fragmented. It not only exists in poetry itself, but also is widely distributed in the materials which are
used to explain poetry, such as annotations, translations, appreciations, etc. Our aim is to obtain the
potential semantic relationship between words and expressions, and use knowledge graph to link
them. By doing this, we could integrate fragmented knowledge in a systematic way, which enables us
to achieve better reasoning and analysis of classical Chinese poetry knowledge. In this paper, we
propose a method to construct classical Chinese poetry knowledge graph (CCP-KG). About building
nodes of CCP-KG, we use the improved Apriori algorithm to generate candidate words, then check if
the candidate word appears in the annotations to determine when it can be a node of CCP-KG. About
building edges of CCP-KG, the semantic relationship between words is established through the
annotations, then we use the artificially constructed classical Chinese poetry hierarchical structure to
establish the relationship between abstract semantics. Finally, we obtain CCP-KG, which covers every
aspect of classical Chinese poetry and contains multi-layer semantic links between words. Taking Tang
poetry as an example, CCP-KG can be used to analysis classical Chinese poems in different
dimensions. Compared with character-based data analysis, the use of CCP-KG assists literary research
more in-depth from the perspective of semantics. Therefore, CCP-KG is necessary in analyzing
classical Chinese poems. In addition, CCP-KG can also be applied to various tasks like reasoning and
analysis in classical Chinese poetry. We conduct experiments on the tasks of determining the theme of
poetry and analyzing the emotion of poetry respectively, showing the effectiveness and application

value of our constructed CCP-KG.
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seasons on poets’ emotions
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Table 2 Rules of Constructing Datasets

® 2 MEHUESE AN B

Dataset Category Rules

Geit 5 A RHTE S Wae = (D5 Y 50N ) TG Cuge = (55, 38 8 - ) B — B 3 P R BT
W HIA BB W eoune s INBTE Cos BT HI DN Coount. W eouni =2 B Cooun =5 - W EILTF R g il 4.

5 AR ) BT L A B A D)) S R 2 O S ik )
et 5 H AR TR bR TSR Titleme = RSB KB, ) KT AR S A Title s 19T ]

w5

FE 4% s .
IR L TE A AR
Gt 5 W R AR A B S Titley = (WA 0K S, oo ) BT EFAIRR B A & Title s 9 A 00 1)
T
FEZ RS .
1 it W BRI AR A S IR A Titlemm = { M, W B, W&, o) 35 BRI bR AT A I B0 257 Mg 9387
h “BYCAEA Title mpm TR WA E %52 50 R < B E .
eme
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S ER U DA RE R K
v G SRS HRMNAES Wae ={ S S 0T, ) EEFFNOFRE P AR NI %R 57, AP EH Way
- CGIE N B ATE /PR S
WA G S5WANA RBRES Wy = (A5 MO BE ) AR B PR s A2 s R P g
W PR TR) S D)0 R X R 2 o “ PR N7
K Gt 50k WA CHTRES W = (M1 88,35, - B BRI FR L title D& AT Wy TS HEAN ] word BT 2 LA
T 3 IR Z — title =word stitle =“WK” +word stitle ="“0" +word , W H| E iZ 520 Rk ).
T A TEAR AN A 1 A S B A e 2 R T
15 Gt S CITRES Wy = (B WK EH, - ) MIFEES Cupp = (6800, ) B —E HF b A
i W s T B9 B W coun s HILTE Copps TN BN Crount 5 W eoun =1 5L C eoune =3, W F 78 1 RF 20 0 “ 3645
Rk G SR R E S W = OREK B RGRE ) A — BT I T W T3, U)o 32057 2600 R “ Rk &7
o St 5 IMAT IS W = {ISF I IST - s FIF RS Con = (I 20, - ) AR — 87 35 P i BUAE W
Emotion IR AR W coune s HIRAE Camn PN ELHR Cooune- 5 Weount =1 5K Coune =1 T H 2 % R0 by “ PUAlL .
. Gl SR R AR A KA RAR B Title g = (4% B0, F oo ) A5 HERFAOBR B T B Title s 98], 00405 1%
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Table 3 Statistics of Datasets for Two Tasks
R3 2NMESHHIEELERER
Dataset for Predicting Theme of Dataset for Predicting Emotion of
Labels Classical Chinese Poetry Classical Chinese Poetry
A B EE My MR ik B WA mk# M1 Total ARG B& IM B A Total
Train 369 524 301 321 240 228 659 412 316 125 3495 440 213 263 301 315 1532
Dev 22 27 18 22 14 10 30 13 18 16 190 55 26 32 37 39 189
Test 33 42 28 41 20 14 31 7 23 16 255 55 28 34 39 40 196
Total 424 593 347 384 274 252 720 432 357 157 3940 550 267 329 377 394 1917
Horp, TP (true positive) Z& /8 ¥ IE ST Ny 1E 25 ) Table 4 Hyper-Parameters of the Models
ANH0, TN (true negative) Fs B (i 25T 4 71 25 19 F4 HENESYH
/|\§5[ JFP (false positive) %%/ﬁi }{%— /Dzl 3@ T)ﬁ iﬂu ﬁ\j IE% E/\] Hyperparameters Model-1 Model-2
N, FEN (false negative) 378 $5 IEZE 0 oy 71 25 19 GAT Heads [4.4] (4]
/|\§5( o %%%U/l\ﬁ GAT Features [32,32] [32]
AT Filters 128
1.2.3 WBHE e
s - . Kernel Sizes [2,3,4]
FERUESE FO0r 2 O AT A 4% 5% B TR Learning Rate 0.005 0.005
E‘J%%ﬁﬂﬂ%‘% 4 %ﬁﬁ#”%iﬁiﬂ@jﬁﬂ@*ﬁﬂ*a{ﬁ Dropout Rate 0.5 0.5
PS5 JH 2 2 GAT 32 33 i % il 2 i 10 Batch Sie o1 12

WA AR HT R A B R L ] CNINJZ Epoch Size 100 100
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12 GAT k2% 2 7 1 1) B35 19 15 s R R.GAT
Heads £ 5— )2 GAT 193 %0, GAT Features
Lot —J2 GAT fi th B9 FF1E %L, Filters £ i
UE 41 Kernel Sizes 8 AN 145 PR B R
43 IHRERSHH
4.3.1  RE SR

1) Rand. 5 HEAl 1945 8 52 BEALA) 1h 16 = 1] &+
SE#)3 4L JZ/CNN 2 + softmax 4325487, Fl “Rand”
fi 5.

2) +BERT. N T #5¢ BERT HISZ 0 . H5 B HL Y
b & BERT, 28 il “BERT +F # jth 4k

JZ/CNN J2 -+ softmax 32487, H1“ +BERT i 5.

3) +BERT+GAT. N T 5% i~ i) B35 19 52
M) K I AR Y, AR 1 BERT + - ¥ 3th 46 J2/CNN
JZ+GAT+softmax 7348”7, H*“+BERT+GAT”
A 5.

FEHE R IR M AT 55 L in A BERT J5 , 45 A
RORERTE T 14.61%, BN A GAT J& , 5 7Y 25 A1 4
F T 5.72% .78 53 5 1A 1 AT 55 L A BERT
Joi AR BEAR T 1.86 %, A GAT Ji . 155 A &%
FARTH T 41300 S50 45 R W3k 5 7R, C (compare)
HI| F R R T Rand B8 &R 42 TF 9 /.

Table 5 Results of Ablation Experiments

x5 BEANFBIE %
Predicting Theme of Classical Chinese Poetry Predicting Emotion of Classical Chinese Poetry
Methods
P naero R macro F macro C P nacro R nacro F macro C
Rand 62.30 58.26 56.36 92.66 92.22 92.22
+BERT 71.73 72.57 70.97 +14.61 90.97 90.12 90.36 —1.86
+BERT+GAT 78.10 75.87 76.69 +20.33 95.29 93.93 94.49 +2.27

Note: The boldfaced numbers emphasize the performance of our model.

TERLE R T .
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Table 6 Performance Comparison of Different Methods

xo6 AEFEMMERRILER %
Predicting Theme of Classical Chinese Poetry Predicting Emotion of Classical Chinese Poetry
Methods

P macro R macro F imacro P macro R macro F macro
NB 75.38 71.81 72.03 71.97 68.27 68.16
SVM 74.03 74.64 72.96 81.90 78.22 79.08
CNN-rand 76.88 72.13 69.64 93.38 92.59 92.71
CNN-pretrain 78.19 72.98 72.62 94.42 93.89 94.04
GRU-rand 84.28 68.75 70.21 67.36 66.5 66.74
GRU-pretrain 77.53 76.96 74.05 76.42 73.05 71.91
TextGCN 73.74 68.91 69.31 64.94 63.64 63.97
Our Model 78.1 75.87 76.69 95.29 93.93 94.49

Note: The boldfaced numbers emphasize the performance of our model.
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