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A question answering system model integrating text and
knowledge graph
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Abstract: Knowledge graph is one of the key technologies to realize question answering in open domain. Open
domain question answering tasks often require enough knowledge information, and the incompleteness of
knowledge graph becomes an important factor restricting the performance of question answering system. When
combining external unstructured text with structured knowledge based on knowledge graphs to fill in missing
information, the accuracy and efficiency of retrieving external texts are particularly critical, and selecting texts
that are highly relevant to the problem can improve system performance. Conversely, selecting texts that are less
relevant to the question will introduce knowledge noise, thereby reducing the accuracy of question answering
tasks. Therefore, this paper designs a question answering system model that integrates text and knowledge graph,
in which the text retriever can fully mine the semantic information of questions and texts to improve the quality of
retrieval and the accuracy of query subgraphs. The knowledge mixer can combine knowledge from text and

knowledge bases to build fusion representations of knowledge. The experimental results show that the proposed
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model has certain advantages in performance compared with the comparison models.

Keywords: question answering system; knowledge graph; external knowledge; text retrieval; fusion representation

T 4 3s§ ) 25 V5 Bk B SR OE  IT R A IR)AG X  A FE . MRTTE UE  ME R T
i 1006 T A RN TR R AR ST T > A PR PR 08 FIUASE 18 AN 2 AR A 0 601 Jal ) 28 2R 490 1) M — R TR TR, AR 58
VBRI RGO RE o A I R 25 2 R I s i B T ke B 22 4 A R, DR 25 R K SO 1
TE R, PR S UK 2 5 B SOAR TR 5 A TE BRI . — T, LA A 0 R K 5
J7L O MR B 25K s 55— i, HE R Ll e AR A R TR A R T EAL Y T A i A 4 R TR TR
o P, SCRTEBHE TR S 58 8 F1R PR 9 S0 ERA5 B AN 78, 5 TR 2R A 45 6 1 Sy FF 0800 88 18] 24 3% 2 1 R
U8 o 1SR T o 0128 J0 3k 4 RN TR vh R 3] 25 2 1 ) R G B 485 G AR S M A SO B & 1)

[ N A — BB B 98 38 BE T T 45 A A0 SCAR A R PR T 40 1) 2 FR 4, B AR B — SE U L (L))
FEFEI L, S BOCR AR BN . P A4S DR R SO 7 R 8 W B 7 18 U B, RO R By SeAR
HH P B R A, JC ¥ 78 4342 4 SCAS v i 2 5 5 ) A G IS B, R i 5 R R M o B0 Sun T Xiong
S FH RIS BR 3R SCAS AR WS B SUAR U 5 2) UL TR T A A SR A R 7 22 S Ak AR A R e L
OB T A RS, e DL A 7 H AR A S . il an, BB BUR 28 ) 2% (graph convolution network,
GCN) I Xof 25 161 - [R5 1 1 200 45 15 0 2E A7 45 FR AR AR A ol FH AR [ 7 AR

What team did Kobe Bryant play for first?

Kobe Bryant is an NBA basketball player playing in  Kobe Bryant people.person.profession basketball player
the league since 1996. In 1996, the Los Angeles Kobe Bryant sports.pro_athlete.career_start 1996

Lakers acquired the draft rights to high school Kobe Bryant people.person.date_of_birth 1978-08-23
player Kobe Bryant from the Charlotte Hornets by

trading established center Vlade Divac.
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Kobe Bryant was picked by Kobe Bryant became a professional
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Fig.1 An example of a question from the WebquestionsSP dataset
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Fig.2 Framework of the model
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Table 2 Comparison of the results of the proposed model and comparison models under the WikiMovies-10K dataset
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e
KB KB+Text KB KB+Text KB KB+Text
KV-EF 15.8/9.8 53.6/44.0 44.7/30.4 60.6 /48.1 63.8/46.4 75.3/59.1
SG-KA 19.1/13.4 49.4/37.8 47.5/37.4 71.7/53.4 66.5/53.9 80.6/66.7
GN-LF 19.7/17.3 74.5/65.4 48.4/37.1 78.7/68.5 67.7/58.1 83.3/74.2
GN-EF 19.7/17.3 75.4/66.3 48.4/37.1 82.6/71.3 67.7/58.1 87.6/76.2
PullNet — — — — 65.1/— 924/ —
Ours 203/17.5 77.6 / 65.8 48.1/37.2 83.3/74.8 68.4/60.2 93.1/78.6
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Table 3 Comparison of the results of the proposed model and comparison models under the WebQuestionsSP dataset

10% 30% 50%
2
KB KB+Text KB KB+Text KB KB+Text
KV-EF 12.5/43 24.6/14.4 25.8/13.8 27.0/17.7 33.3/21.3 32.5/23.6
GN-LF 15.5/6.5 29.8/17.0 349/20.4 39.1/259 47.7/34.3 46.2/35.6
GN-EF 15.5/6.5 31.5/17.7 349/20.4 40.7/25.2 47.7/34.3 49.9 /34.7
SG-KA 17.1/7.0 33.6/18.9 35.9/20.2 42.6/27.1 49.2/33.5 52.7/36.1
PullNet — — — — 50.3/— 51.9/—
Ours 17.0/ 8.6 35.1/20.4 36.1/20.6 43.2/27.8 49.6/35.2 53.9/37.6
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Fig. 4 Experimental results of the proposed model and comparison models under the WikiMovies-10K dataset
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Fig.5 Experimental results of the proposed model and comparison models under the WebQuestionsSP dataset
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