WARFZHR(BARFERA8(3) :470—480,2025
Journal of Shanxi University (Nat. Sci. Ed. )

DOI: 10.13451/j.sxu.ns.2024026

JET B BT SO RN DR P IRE5E

X F2g R, R LR
(RN BB SH ARG, 105 750 215006)

B B AW BB G EAADANB T RHIBAD G ET R, otk BEF, ARG FBF B 5 AR ER
Atk iz A2 W B RHE HEAT D] G A3 B FHIRAE A (252 9% 7 XA YE B A AR IE R E A AR BB AR E 44419
AR LB Ty R AR A S A R L P i AR AR S AL S R i 2R AR ) A S B R A
B RITAM B R AT B AN, A, KX T — 3K T 1 2 AR 00 SASBRAM B R 3B 4 | 5F R R
T 5 T Transformer -3 4 316y 4 A R AEAE AL - AL 3% 5] i 22 f# (BERT-MRC ) A= J& T Transformer H-i% #9 X &) % 74 £
FEAE R - S R ALY - HUE 3 i 22 4% (BERT-CRF-MRC) M AF L X A2 A #F 50 45 R & % BERT-CRF-MRC A8}t T
BERT-MRC £ F11i £ & = A5 4% ,BERT-CRF-MRC #iX 3o 25 £ AL 52 SA A28 7 F1 P38 4 92%, £ %
KAAIIALE P F1-F 318 H T5%. A S8 74 B 3B AR 25 &2 FF & Github £ .

SRR B P AT MU S P i 2R A AT AR

FESES  TP391 MHEAREE:A XEHES:0253-2395(2025)03-0470-11

Machine Reading Comprehension for Document-level Person Aspect Term
Extraction

LIU Ziyun, ZHANG Shiqi, CHEN Wenliang’
(School of Computer Science and Technology, Soochow University, Suzhou 215006, China)

Abstract: Person aspect term extraction aims to extract various attributes of individuals such as gender and nationality from their de-
scriptions. Existing extraction methods typically train sequence labeling models on distantly-supervised data to obtain the extraction
model. However, this approach has issues with inaccurate annotations and overlapping different attribute values in the data, and
lacks scalability and generalizability in their models. To solve the problems, this article proposes to transform this task into a ma-
chine reading comprehension (MRC) problem, that is, to fill in the person attribute-value table by reading the person profile. This pa-
per constructs a person attribute recognition data based on the reading comprehension framework from the person encyclopedia, and
constructs two baseline models of bidirectional encoder representations from transformers-machine reading comprehension (BERT-
MRC) and bidirectional encoder representations from transformers-conditional random field-machine reading comprehension
(BERT-CRF-MRC). Among them, BERT-CRF-MRC is three percentage points higher than BERT-MRC on average in F'1 score and
the experimental results of BERT-CRF-MRC are about 92% F1 average in short text person profiles while about 75% in long text
person profiles. The constructed data and code are exposed on Github.
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Table 1 Thetriple extraction result of the character "Yao Ming"
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Fig.1 Sample data format for extracting document level char-

acter attributes
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Fig.2 Framework for data construction
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Table 2 The four item extraction results of the character

"Yao Ming"
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Table 3 Proportion, accuracy and filtered accuracy of each
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Table 5 Statistic information
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Table 7 The definition of the character "Yao Ming" in the

reading comprehension model
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