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Extractive Machine Reading Comprehension Model with Explicitly Fused Lexical and
Syntactic Features
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'(State Key Laboratory of Communication Content Cognition, People’s Daily Online, Beijing 100733, China)
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Abstract: Language models obtained by pre-training unstructured text aane can provide excellent contextual
representation features for each word, but cannot explicitly provide lexical and syntactic features, which are often the
basis for understanding overall semantics. In this study, we investi‘gafe the impact of lexical and syntactic features on the
reading comprehension ability of pre-trained models by introducing them explicitly. First, we utilize part of speech
tagging and named entity recognition to providé lexical features and dependency parsing to provide syntactic features.
These features are integrated with thé contextual representation from the pre-trained model output. Then, we design an
adaptive feature fusion method based on the attention mechanism to fuse different types of features. Experiments on the
extractive machine reading comprehension dataset CMRC2018 show that our approach helps the model achieve 0.37%
and 1.56% improvement in 1 and EM scores, respectively, by using explicitly introduced lexical and syntactic features at
a very low computational cost.
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Peilge BE RISl i A A
\ TR e 4 . JE RAR DE IR
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IR, G A e o AR 2R A 5 R S L AT I 2R )
Chinese-roBER Ta-wwm-ext #5754 45 F B 7 1 v S
)| 45457 BERT-base-Chinese!®!, %45 B4 AL 15 =
i (masked language model) Il €5 2 W& bb 3 75 # A~
AR By 3 75 BEAS TR ], HASE TR R R A S
TERL, HAEA R T % EA TR AR I,

TAVE H B J5 — J2 5 AR N B R SCR IR RHE,
Aken 25 NV Cai 25 AP 9 T AR B4 BB T 7EHL
e R FLRAT 55 b, BERT Wk 2 10 4 i it e Ay
BT FEE SO B W T - batch size W E N 4, 2
SIFN 3E-5, R 2 2] P S, dropout
BN 0.2, A IIZGERAM ARG, IR FE
13 7 ANE I R HERUR.

PRI 250K BERT Hf 5 SCARRE

I NEATACH. SERCE T 5 LSk, J3 i B R A 1)
SENG, 78RR IR AL by A PEASAE L A 44 Sk
PACREHE R A 53 BT REAE 1 9 565 LA K% b 4 P RFAE 17 52

0. %k 1 .

XF TR S, JAT M E T 5 ASBENLR
1T 2 RESEE, A 5 AN IR BE MR 1 S0 o 14 e 19
FEGE F DL KT ¥ 45 A R AR R S 06 i B 44 45 2R,
DAHERR — LIl o 72 AR BE AL E.

R NIRRT

DR F A RHE
1 BERT (baseline) x
2 BERT+POS \ T TERRAE
3 BERT+NE ' A4 SEARFE
4 BERT+SEP o RAESBTRAE
L Tl P RFAE -+ 48 SEAARFAE 1K
5 BERT+POS+NE+SEP

O HTRE

3

24 LWERSHH

(1) LAY ] R B AR RE 7). TEHESE CMRC2018 F1H
SEaG LR 2, F A IRLAT 2 ) A VAN 0 B A 1 S
S 45 SRS I AR 1 S50 45 2R

F2  EHIEE CMRC2018 _EHSZEEE T (%)

B 5T SUCHRE
(i)
Fl EM Fl EM
BERT (baseline) 85.56 66.84 86.21 67.85
BERT-+POS 85.85 (+0.29) 67.46 (+0.62) 86.39 (+0.18) 68.72 (+0.87)
BERT+NE 85.77 67.13 86.18 68.22
BERT-+DEP 85.61 67.37 86.28 68.58
BERT+POS+NE+DEP 85.91 (+0.35) 68.27 (+1.43) 86.58 (+0.37) 69.41 (+1.56)

T2 BN T EMBE Chinese-roBERTa-wwm-
ext 250 G, s il LLIAF) 86.21% 1K) F1 JU D 2 Al
67.85% F K5 A U AL 8. 76 L BEmE b 20 5 s n ) 4

fiE iy 4 SKARKFAE . ARKAT AR AR AT SE 56, SEHG

gk B R — PR AE 1 @i A 7 R 5 i R AR A (R
37+, BXFF EM ﬁiﬁ@&%%%?ﬁﬂ%% FlfH. 3
F 3] 4R AT A R ARG I SR AT R o B 3, T LA
% F 85.85% (KSEHI F1 UL 2% Fl 67.46% ({17
EM VUG 26, AH 8T B dE AL 2 5 mT LS 0.3% Al
0.6%, T fie L 56 VK I EM AR T S5 HERE R 3 iy 0.87%.
S AA R AAE T AT 43 AT 45 A A ) A5 7 7 AP il A v
FRR AR A 2 A — 8 I 4 i, H B A PR R AE 1T I
ZNTE

[F SR 0 3 TURRAIE i, SEae 285 ST DLk 3] 85.91%
(T4 F1 DL 2R 68.27% (1-F-1 EM VLR, A%
TR 4y B AT DASE = 0.35% AT 1.43%, MET R
Rl BAURRAE () SR BR 25 SR EMBAS 3 7 85 — AN 2

\ B
IR T BT i A% T 86.58% B F1 ILAL
A 69.41% K BM VL, AR T A A A Fiii 2% BERT
TS, 737 R] BT 2] 037% 1 1.56% I3 TT.

o BT BRI S5 R BL R, AT 75 1] BAAE
TRIZRAEAY (¥ 5L i EA5 3 1.5% 754 1) EM ULAC 352
Tk, UEBR TR H 5 A R, JF BLAE 3 AREE D, 1]
VEAREAE B2 00 i 0 45 I B 5 RS R AT . S
FABIGIE T 76 BERT A8 AL R 5| N B R01E =
SRR FRE BE 08 FE DML 43 3047 PSR B, =T EM fH
BTk 2 2, AT AT A B A i = R A 5
A SE I 4 K A (KR, TR L R 5 S8 A 20 3 Bh AL 2%
VA 2 L SRS B T 2 SR AR AR L

(2) 2. BATR S TN EAT B 55 A
BREF AR I PR 5T A A0 T AT B A, AR
S R UL 5 5 AR, LUk % B fE CMRC2018 %
P LR PR SR T 4 L, X LegE R AR 3. o,
B 7R 10 12.
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*3 KTNSO 5 5N BoRTE AR P A 77 12 1 EU

R TR A5 2 53k BN R IE R
HAR 5 rhSC AR B A, UL AR, AT 55 Bt FINRE S5 A)VEE
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