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Study on Text Component Recognition of Narrative Texts Based on Prompt Learning

WANG Xiaoyi' s WANG Jiong®, LIU Jie'® and ZHOU Jianshe'
1 China Language Intelligence Research Center, Capital Normal University,Beijing 100048, China
2 School of Information Engineering,Capital Normal University, Beijing 100048, China

3 School of Information Technology,North China University of Technology,Beijing 100144 ,China

Abstract Text structure analysis is one of the important techniques in automated essay scoring and an important research topic
in the field of natural language processing. In recent years,research on the analysis of essay structure has been scarce and mainly
focused on argumentative essays. There are still shortcomings in the study of narrative texts,especially in terms of research me-
thods and resources.which are relatively limited. In response to these issues, this paper constructs a corpus for identifying the
components of narrative texts in primary and secondary schools. A corpus automatic annotation model based on BERT-BILLSTM is
used to improve annotation efficiency,and statistical analysis is conducted on content distribution and consistency of corpus anno-
tation. This paper proposes a narrative text component recognition method based on prompt learning, which automatically con-
structs prefix prompt templates for recognizing text components and utilizes hierarchical attention mechanism to learn richer text
features.thereby improving the ability to recognize narrative text structure. Experiments are conducted on a self-built dataset,and
the results show that the proposed method improves the accuracy of narrative discourse structure to 85. 80 % , which is superior to
the pre-trained language models used for comparison.

Keywords Dataset construction, Text structure, Automated essay scoring. Prompt learning
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Table 1 Examples of component annotation in narrative texts for primary and secondary schools
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Fig. 1 Structural division for narrative texts
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Fig. 2 Example of text component annotation
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Table 2 Consistency results of test standards

%)

FREA BAARE - ReE -l
A 81.9 93.2
B 81.9 87. 1

TE T A B3R b 1 58 U AR SOl Kappa R U1 T — 3
PERT I . 32 3 AT BTURAENY 3024 B SCHE HEAT AR )G YR T
ZEMARTE — b 9 45 B . Kappa 5 0. 821, % W % 54 48
P 0 BT AT

3 ARTE—BESRAG I
Table 3 Annotation consistency result detection

Kappa & FRE R/ B
0.821 3024
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Fig. 3 Classification and distribution of discourse components
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Table 4 Classification of text structure

it st HE/H THKE/F
] F 21128 82.53
XHEFH 4497 48.67
K B 5961 92.16
R 6663 124. 68
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Table 5 Text structure recognition results
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Fig. 4 Framework of PHA model
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Example of prefix template text annotation processing
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= @D)
LMy (2 sh<<i), otherwise

maxglog po (y|x)= 612[ log po (= |h<<i) (2)
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Table 7 Recognition results of different models

%
A p R F1
BERTL6) 80. 86 80. 06 80. 26
Template Prompt[22]  80.25 77.85 78.59
Prefix-Tuning2!] 82.46 82. 36 81. 21
PHA 85. 80 85.53 84.08
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Fig. 6 Accuracy comparison curve
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Table 8 Recognition results of fine-tuning the length of prompt

templates

®or £ 5 A KA P/% R/ % F1/%

, % f 2 [ MASK] 74.56 74.12 73.52

Template BERT!22) %% % 5 H[MASK]  80.83  77.92  80.12
2 81.75 79.33 80. 82

Prefix Tuningt2!] 3 80. 25 80. 06 80.13
4 82. 46 82. 36 81.21

2 85. 80 85.53 84.08

PHA 3 80. 39 79.49 80. 38

4 82.85 82.96 81.88
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A R AR SCER TR TR RO T R R R R
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R o 228 0 4 SR L RE RS AT 250 > 2 6 B SO RT3 R
IRSCR AR AE Ty . 18 A BUIR A B S A R R
B AR SC PHA BERU SR BUOE T 0 1 B0 3 5 BB L 5 FLAE
HEFT 2 BOUH R M 36 IC R U7 A 45 I EAT B 4R R BT Ol AT R
TE AR W AR H R 28 25 58 35 R AR TE R &R L O B 12 80 4
HEAT AR SCRS B 4544 73 19 1k — 22 B 50, LA H AR v SRS A
TS T AR PR HEE R .
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