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Abstract

EXRBE R, FiDZARNERAEERK, A
MEZ—BFRAZHRMSRTIZA ToyLE, oo T
BaE, BB, TS GIZRRN. 5 —F
0, MAREG TGS, ABRREFITEARIEZL
AR E S, AR T X Reay K ah, BAT
RA, AR AR E A T R BT

AT ARG B ey e R AR A, RINE
R LA LAREFP) AL, LA E AR, R RZIE
| iy AR & L.

MTFRMERNRR, ST AX, KIMK
AT VAREE 3] ARkt AT 4R 5iE IR EA A
ERARE . RNEANET 0iRE, RBRITT 5
&, EXEAEA T jieba 4-38vA & A Lucene ¥4 4o
REAEET], AR BM25 8RB X # AT
KB &A% A Embedding sk 4t 5, it GRU #4742
It B4 A4S BV Bk IR T A LB R R R A4 4 A
ATt e KAVEA T CNN 2 AT4F FEF2 UL R )
softmax #EATIT — AT, KATAGAER A& a9 & T M
KELAFE) T A A3, LG T AR 0y S, 3
J .

KB Foif . FeiRte k. FoiRidiE. GRU. &
A4 CNN

In the era of big data, the demand of intelligence-
read-system is growing up. We need this system to
help our lives w.r.t reading e-book, instruction reading,
etc. On the other hand, with the big data to training
deep learning models, and the trend of deep learning in
Natural Language Processing, this system gains much
improvement.

For the intelligent reading model system given in

this contest, we redefine the problem of text matching.

Given two sections of text, the model should correctly
judge whether the text is matched.

For the complex requirements of the competition
and the changeable environmental sentence pattern, we
have adopted a model based on deep learning and based
on the dual visual angle of knowledge and semantics.
We first built the knowledge base, then carried out the
knowledge retrieval, used the Jieba participle, and built
the index with the Lucene knowledge base, and used
the BM25 matching method to calculate; then we used
the Embedding mapping, and we extracted the tem-
poral feature information by GRU, and weighted the
difference by using the attention mechanism. Finally,
we use CNN to extract feature and normalize it with
softmax.Our model has been verified in the constructed
offline test set, and it also shows the robustness and
practicability of the model.

Key words: knowledge base, knowledge retrieval,

knowledge filtering, GRU, attention mechanism, CNN.
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