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Fine-grained Semantic Knowledge Graph Enhanced Chinese OOV Word Embedding Learning
CHEN Shurui, LIANG Ziran and RAO Yanghui

School of Computer Science and Engineering,Sun Yat-sen University, Guangzhou 510006, China

Abstract With the expansion of the scope in informatization fields.lots of text corpora in specific fields continue to appear. Due
to the impact of security and sensitivity,the text corpora in these specific fields(e. g. »medical records corpora and communication
corpora) are often small-scaled. It is difficult for traditional word embedding learning methods to obtain high-quality embeddings
on these corpora. On the other hand, there may exist many out-of-vocabulary words in these corpora when using the existing pre-
training language models directly,for which, many words cannot be represented as vectors and the performance on downstream
tasks are limited. Many researchers start to study how to infer the semantics of out-of-vocabulary words and obtain effective out-
of-vocabulary word embeddings based on fine-grained semantic information. However, the current models utilizing fine-grained
semantic information mainly focus on the English corpora and they only model the relationship among fine-grained semantic infor-
mation by simple ways of concatenation or mapping, which leads to a poor model robustness. Aiming at addressing the above
problems., this paper first proposes to construct a {ine-grained knowledge graph by exploiting Chinese word formation rules,such
as the characters contained in Chinese words,as well as the character components and pinyin of Chinese characters. The know-
ledge graph not only captures the relationship between Chinese characters and Chinese words,but also represents the multiple and
complex relationships between Pinyin and Chinese characters,components and Chinese characters,and other fine-grained semantic
information. Next, the relational graph convolution operation is performed on the knowledge graph to model the deeper relation-
ship between fine-grained semantics and word semantics. The method further mines the relationship between fine-grained seman-
tics by the sub-graph readout,so as to effectively infer the semantic information of Chinese out-of-vocabulary words. Experimen-
tal results show that our model achieves better performance on specific corpora with a large proportion of out-of-vocabulary
words when applying to tasks such as word analogy,word similarity.text classification,and named entity recognition.

Keywords  Out-of-vocabulary word embedding learning, Chinese fine-grained semantic information, Fine-grained knowledge

graph, Graph convolution network learning
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Fig.1 Chinese fine-grained semantic knowledge graph
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Fig. 2 Model training process and aggregation operation of Chinese

fine-grained semantic information
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Table 2 Morphological analogy results of different models
CHRA 20

(7

Add Mul
A Pre AB Suf A Pre AB Suf
Mimick 23.3 26.2 10.0 66.9 25.2 26.2 9.0 66. 2
Glyph2vec 42.4 74.4 65.0 69.3 42.1 75.8 61.3 69.5
IFCWE 99.9 99.4 100.0 99.9 99.9 99.4 100.0 99.9
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Table 3 Semantic analogy results of different models
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Add Mul
Geo Nat His Peo Geo Nat His Peo
Mimick 53.9 36.1 15.6 25.0 54.5 34.7 15.8 24.4
Glyph2vec 53.6 36.1 15.4 24.6 54.2 35.1 15.7 24.4
IFCWE 52.6  36.1 17.3  23.7 52.7 35.1 16.5 23.1
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Fig. 3 Chinese word analogy results of models under Mor, Sem,
and All
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Fig. 4 Chinese Wikipedia title classification results
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Table 4 Named entity recognition task results on Yidu

CBLAT 2 %)

Model Precision Recall Fl-score
AM 43.17 26. 36 32.73
HICE 43.35 25. 64 32.22
IFCWE-+HICE  46.00 27.76 34.63
Mimick 44,12 27.65 34.00
Glyph2Vec 38.35 18.37 24. 84
IFCWE 44.98 25.00 32.14

4.5 HBhLIG

H T #E—2 4 M IFCWE W & A B e i 35k R B 1 L
4 Sk P 4 B M RN T RS AR e R AT T R BR DL S8 AR
TH Bl S 58 43 HT

IFCWE w/0 RGCN : #7 Bk [&] 45 B B 45 51 56 o B2 AU, %
AL TE YN 2 3k B rp AN % 0 R 5 AT 1 4 AR L T R
TEREDLIY G U LT IR e .

IFCWE w/o0 Readout: 4§ B - [§ 352 H 15 e 15 2] FL i 51 70
2 Y 7 St R R R AT S RS O T R T SRR AE A
SKOFE B 445 87 BURRAE , BD A3 19 7 X Attention #l
H TRy LSTM 332 H 444

HEFIE 2 (Mor) 1] 2 e AT 45 LA B AE 1 26 (Sem) 7] 26 He
145 LRScse 45 1 BN e 5 ME 6 s, mah, b 7 9
T W b SR R FE R S LUAT 55 0 R R SOR LB S A T FE Add
BT SR A 3 Al 2 28 R (B Mor 267 Sem 8, £ %
FRD A &5 R AAE Mul BE 77 2T 19 3 Fhin) 38 LS B 25 21

5 TS IR I 2R AL 5 4

Table 5 Morphological analogy results of ablation models
CHRAL 20
Add Mul
Model
Pre AB Suf A Pre AB Suf
IFCWE 99.9 99.4 100.0 99.9 99.9 99.4 100.0 99.9
[FCWE w/o o) 6§10 804 75.4 8Lz 80.7 83.9 76.2
RGCN : : : o : : o .
IFCWE w/o _ _
97.3 95.8 98.7 95.1 97.1 96. 0 98.6 95. 6
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Table 6 Semantic analogy results of ablation models
(AL 00D
Model Add Mul

Geo Nat His Peo Geo Nat His Peo

IFCWE 52.6 36.1 17.3  23.7 52.7 35.1 16.5 23.1
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Fig.5 Chinese word analogy results of ablation models under Mor,

Sem and All
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Fig. 6 Embedding distribution of words and characters related to
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Fig. 7 Embedding distribution of words and characters related to
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Fig. 8 Embedding distribution of words and characters related to

“ 7 ” and “7k”
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Table 7 Nearest five words to target word “alzheimer”
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