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Adaptive Knowledge Selection for Machine Reading Comprehension
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(1. Chinese Academy of Science State Key Laboratory of Pattern Recognition, Beijing 100190, China;
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Abstract : The current research on knowledge-enhancement machine reading comprehension mainly focuses on how to
integrate external knowledge into the existing MRC model, but ignores the selection for the source of external knowledge.
This article first uses the attention mechanism to encode external knowledge, then scores external knowledge from different
sources, and finally adaptively selects the most helpful knowledge for answering the question. Compared with the baseline

models, our method improves the accuracy by 1.2 percent.
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W 17, LA B B AR ] I B AR
SR € M U HE R L R, eI A
AR EIARIN, A RAT A KD IRORIE: WordNet ™
Fl ConceptNet™ . Hr2eia “dinner” [MIAEFE
S N: dinnner B [E M iF /& supper, dinner /&
—Pf “good time to gather”. HI T fH%Z M LEHE
BTN B H s BRI REME, KRBT WordNet (1]
“supper” HHERE R E PR “supper” B
0 E A ORRRE, B MR 5 1R 5 AT I 4%
FHRE 2, Mk BET ConcpetNet B “good time
to gather” 5 IEFAZ % Eo T <517 “ catch up”
B S B AE SO O, BT LIRSS 2 B4 ) T
EAEE.

b, fEEHRES OB, AR
PEHSAE B & H%F 55, W WordNet ) 25 F-d] 15 1 I
AL [F XA, 1T ConceptNet BE AN E -5 ] i
A MES R SIE XY . RN I
WE FEANEL 25 0] [ 25 1) @ 35 B i 2R, e iR
K AT FP RN RN T AR 2 T 5l AR, Xz
M BB R PERE o DR A S EE 5 75 T 4R ey
MR 25 5 SCRSF Il @, [ 3 (1% DG PC %o ] 25 1)
A B EN IR E

S0: David and Sarah were friends during childhood.

S1: When they went to college, each moved to a different town.
S2: Sarah received an unexpected call from David on Friday.
S3: They had dinner and talked about their lives.

‘They had dinner and talked about their lives.

l ’!,.' \
] T

| WordNet: (dinner, synonym, supper)

| ConceptNet: (dinner, type of, good time to gather) ‘

Eo: Sarah was glad they were able to catch up. «

Ey: Sarah and david went to go have supper right after that. ¢

1 WUEREE R HERT BN 28 (R I SR R A 51

ARSCHR T — BT AL A B B AR AT 55
1T B3GR ANERRRIE s K k. H oG, MRPE R
SCXF 2 AN A8 R 2 Sl e 2R R [m] 2 1] AT
REA FEBIRI AR . AR5, FETEERE L 2 345
B EEAN R UE S FBEN R AN ) LR S A .
Ho WLV AT S N R E A

TE AR IR R YR, 13 T Bk 2 ok YR R R RN
M) N fea, KRR H R g b RN S
ARRE R LB R Al SIRE 8 7L
a5 ) 15 PR AT 55 B I8 R 51 N AR i B A BE
A B .
AW EETTRRA =4
1. Fe A NLAS B s B ARAT 45 T B = B & R i
FE AR Y B 1)
2. BF 0T IZ ) AR H 3 T AL A ) sk BR AR AT S5 1 H
TE N AR PR
3. T W AR LA MR E WordNet™ I
ConceptNet'™, 7F ROCStories'"H#E £ 1) 5
G FERREERES T L2 A Ea R

1 #HxIE

TR AL 2% D) 52 B A 78 T LLIB T B 1972
FOMIT NTE BB ER Rk “Toward a
model of children’ s story comprehension”.
P Z G, K 2013 4R H MCTest 4L
E/IE SN ORI SIRE L NI /() SO S s
CNN/DailyMail ™ Bdf 4 L K S5 22 dic iy, el i
AR K% 2016 SEH2 H 1 SQuAD HHE S, 13T
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Z R OO R LB . 2 Bk AR DT )
R

BIF 50 385 AT 0F 5 T L s B 15 B A ) R TR
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TR I B 2K i 44 SEAR TRINAE 5% o 2 AT 5508
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Knowledge-Aware
H Context
: Embedding

~ (F3F 985-9)

[CLS] David and Sarah ... [SEP] Sarah was ... [SEP]

)RR SR RADIRER l
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ATRS | NER

B - 88 =

CLS | External Knowledge Selection

B 2 ETHENMIREEMNERIZERREERE

SCRY AN AR EN AT d b, AT kAR B AR N
W FE ConceptNet H I HTH . Yang ™ 3% H T KT-NET
A, @I FT A L AN L Rl Ak B AR
HIVE WordNet. Nell fUAIH . A —LLpf 55
fEACIZ %% B3T3, Mihaylov' " SR 4E45 5 ]
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B, % B8 AR MR A BT 4T 20 o Sun™ 24840
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LB ARAT 55 58 7 — PP AN R g B A R
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A B A AN AR .

WAL, X AN RR 58 R A 0 TR R R e kR
E M ERLE, WA T RAE SR T

Yk Wang" "N T 784> R WordNet (18 X3 &M,
P TIESCORRBEMM S, A EE BN —Fh
FRIEREN EF3Crhe IUA AR R — R DL g5 i1k
FEAEENR, Pan™ S 4t b 27 458 ) 20 gt 1] 25 4
PE4E ARC 1 OpenBookQA & T —Fh @k & 4hH
SERAENIR I TV, KR B MRS AR oG T S Ak
(1) TG &5 A6 A0 i R SC AR AT Rk AT A B 0k 5 1
MEE.

EFXF ROCStories ##EsE, WL 1HigH
T e R R LS B B B AR AR, LR
TP ZIER BN AR T, AR
)N i 21 i I #4225 . BT ROCStories
FR) 255 58 SCAS AN ae T AT DA A Bl — A 58 B 1) A 0
/N EE, Chen ™ IEAMBAIRIT N =2 BURF
H A EEARFNE RAI I, XX SRR R
AFERES RN . Tian™ 2 H T —FHT SR &%
RN L T532, ARSI N 5 RN B R 4%
LN 2 33 A7 ) 152 38 i 1 > 50 AN T P IR R — A
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Attention-Based Knowledge1 Encoder
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B 3 FIHGIARR

Fi, RSO = or: (—) [
R, () FRGIARIR; (=) FR
MR, Horp, RN GBI R I 2. 2.

bk i) 5 SR G A A B, A< SCR A BERT ™
Ry BN 30 CRBS SO i, Xt
FIARGIAREEL, BATESEMRE L P X ARIES
SCAREAFISNER AR A AR AR, A5
B TE R WU A5 2 RS S0 5 R R IR
N SCg A, A TR ULAC R E E Mk A
FRRIR AR BP0 2 ik bk, A
RN T AR ERRIIR B BN SO GBS A [ R EEAT
T, DLEFmRAESR.

2.1 S 4RG

ASCUATRIN RiE 5 B BERT AE % il &%,
RPN S N S G S S VAN S NV
s={C,,C,,C5,...,Cis..., G }» Horp | IR IZA)FHIK
B, BNZA) T A . BERT A2 (K14 N A
FRFFF A, ENL A R B AR SSh, fNA
[CLS]+qg+[SEP]+d +[SEP] , 3 # [CLS] #n
[SEP] > BERT HHL i N (RS R AL BE - 7F, @ Rom
R, d s SCRY . BERT BEA 4 o bR SCAEA
FAF S L R ) B 2 BRI S (R & A1) A4
RETFTXERmE CRNRRE) . HAKA
W/

c,h=g(s) (1)

Ferbr, g o4 BERT Zfidpsi %, ¢ AR LT

ERMEAEREE, ceRY, hREETFXM
B EFS, heR™, d AKZ4EE.

2.2 FHEIA
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R A BN 34 R A S G B 0T AN [ A 358 R
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B, HIDBRWT.

221 ETEAENNHBRINRMINEMA LT
g
T B SR h R AN A IR gm S K, AR
BB B S gm S O KA (2) (3)
(4 Fizws
a; =hiTkJ. (2)
Horp, kK R BIAME HIRE T AN
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o o WIS KE R R P AR — 0 TR R L
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2.2.2 BETEET 5 BENiEEFEIMBAIR

AR SR PR R A P Rl 5 A I R R
Jrik, BARUE T At

1) BEPEGEFEAM R R R bR ORI AR 8 R
AAR (D), BTaeBEEh Mk 25, FNeeT
DL B E T S04 R 5 B o AR 2 o 8 s
HAeRMGER . "M HRETEARMT:

s=c" c¥ (5)

Hop, s oh—ANbad, 1 c" R C A R
e, c",c“eR?,

%t T % /> 4h ¥ &R FE KBy, KB, ..., KB, |, Il
BB Z ML S, S,y Sy s M AR AMEBEDFE [
0% (OO = o Vavik= JUNLWE$ 5§/ N R M (A A P
YRR G RSO B URIE, A SRR Z I %
FEOME AR, AR

V' =argmax(s,,S,,...,S,) (6)

Hor, VR SRS DGR B 5K 1 A
JEEN 1 1R SCGRAD

2) MRS AIR . X T 2 i = MU A
BB FI R T S, BATTAAT B
XA EN IR AT BE LI TR, 3B AT LUxE HedE 4T 802
K (e S B N B PSPV S0P A S PSR AV 1 8 AN
T, HAXWT:

f(v)=o(wy, (7)

B - mexp(f (Vi) 8)
Zexp(f (Vi)

V= i Bv, (9)

H o & sigmoid BUFH KL, £, BV -+,
m 2 AN EIIR E AN, w25 2] S &,
Vi, W, € RY, V95 B Rl A 1 40 R S
B CGRAG.

2.2.3 RENSMEREDIR

Xt F ik A B A AR gmAS v, 5 AR
(DA BN _EF S gmts h AN 2087 1 Fa e 2 7
TN AENT —EMAEME s . AT

h"=h+Vv' (10)

23 BRERE

KT 2 LRI, — R AE ] R SR e
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dra N AMEIEE R, SRR G NS F
h', Gt )ei i E A Mm% B R8T 4, AR
LU
score, = w,h’ (11)
Hr, w, eR", &R —NSHERE,
score, N AMhrE . BAERBIT A RENER A
ENAERER, HAXT:

a” = arg max(score,) (12)
8,88y

Horf, nogfRik g A4
3 St

3.1 RS E

AR ROCStories" $id e, 1% ¥HE4E
WG BT ANGIER R R iZ5dE 5%
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)1 AR SCARS RN AN ) 4 R, R A
fig ik 4 e mlo e ], HAEnE 1 Fros. H
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Tian" 2% BAHE, X 3742 ANFEGIHEAT FITAC
IR, PEA TR bR AHERZ (Accuracy) .
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ANHON 12, SN 110M, (5B 76 £.
LB R I LA 28 9 Adam™, batchsize BB A
32, WA IZN 0.0001, LAEHES 0. 95 #5812k

3.2.2 INERFAIR FE

WordNet s&—Mia]#L 1R . WordNet Xf44
] NI T AR R R S T — AN
i “dinner” £ “supper” HI[E {7 . WordNet
A FR A% R DA i A BO oy . SEI R A I
WordNet %17 B python £l nltk fH#k1S 2,

ConceptNet & —/NH HHIINE . AFHTF
WordNet, ConceptNet XI#&FfH Rt &ME T —
ANE NN, W “dinner” #iL “type of 7 5
“good time to gather” FHZE#H:. ConceptNet
A EiR s i TR k. ST B 28
SR, ConceptNet JEIXE H K APT 0O
http://api. conceptnet. io/c/en/3REL .

3.3 E&ER

A CHHEAE ROCStories BImAE I idh4T 520
M — RAIBETIAE YRR, e I, FRATH
TH 7T AEREFEMWERTAE, Wk 1PR:

%= 1 ROCStories #iRE SR A M aE

34 LWHERE SR
3.4.1 5 SOTA FAELEEE:

SEEGAE RN 1 R, AR SCEEH ) B R AN
PUEBI TR T SOTA HITERE . AT TT
Et SeqMANN @& HE T 4.9 N E 48 A, X UHH T BERT
PE N Y bt 25 A 3& BRI A e . AT %
tt Concept Mt T 2 ME A, XUl TXHZ
ANGMEBER AT B & SR B E . AR
W77k BERT #2873 7 1.2 NE 4, Lt GPT
T 3 LANES AL RS UHE T HIERIE R
AR AR IEREAT FER BN ZE

3.42 BENHIREFHNARM

AT LR AR, Wik 2 Fros. (DD
“+WordNet” #& H 5] A\ WordNet — /NP AT
BIE1H s (2)“+ConceptNet ”$8 H 5] A\ ConceptNet
S A/ =SS N /= S C N 9 I 51 B2
“+WordNet+ConceptNet ” F§ [E I 5] A WordNet
1 ConceptNet HJZETR HAINIX 435 -+ P ik 3%
WordNet/ConceptNet” & 51 N4 126 8 5 AN H0 30
aoaR O OM m R s+ BOME ik #
WordNet&ConceptNet” 48 5| Ntk £ 15 4> SM 5
KNP ) AR

it T 2% R 2L ER
SeqMANN"" (Li 4%) 84. 7 Rt HET R
GPT™ (Radford %) 86. 5 Bert-base 88. 4
Concept ™ (Chen %) 87.6 WordNet 38,8
BER‘T[Q‘M‘(Devlin &) ‘ _ 88. 4 FConceptNet 38,8
AXTi% (BERT+HIGNATVUER) | 89. 6 +WordNet+ConceptNet 88.3
SeqMANN (Li %%, 2018) : — KM T 27 Sl HIEEIL P 89. 4
BINAMIR AR B, MR kB bRk | WordNet/ConceptNet

FEGIY R B 4 R MR R 89. 6
GPT (Radford &, 2018): — MK MITHYIZIE WordNet&ConceptNet

SR, R ROCStories B4 FiE4T I
I o

Concept (Chen %5, 2019) : —/N5| N Z AR
A, ZAEA G N AN E0 IR E H AT ConceptNet .
BERT (Devlin %%, 2018): —/MTRZRIE S MAL,
ZAEAYLE ROCStories B4 L k4T U .

“+WordNet” & “+ConceptNet” :7E 4 53] A4k
BB AR ZE WordNet F1 ConceptNet HIHIRZ )5,
BRI R A 1 0.4 N E 7 e, XU
TN S A R
“+WordNet+ConceptNet”: 4[a|I} 5] N ZAN4h
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FIVRE R RNR HAINX B, PERE b2 2R A
MRFET 0.1 ANE s, XUl A IEEMTIA
IR T A2 R R M B I 4 2K

“+HE % % WordNet/ConceptNet ”: 24 5] A fgif4:
HERE R AN AR, AR LY SR R B A A LY BERT
R 10 ANE 4o, IX UL EHAE AL 25 ) 152 2L A
158 56 B RGN AN R A 6 B H A R .
“+3R M kP& WordNet&ConceptNet”: 245 N4k
B AN RN, BACE Tt — R,
G 22 AN A1 S SR 1 FR R AT AR A, AT A
WS B AEMI AR . AR BREIRE T, &
P F T RRAE I 2R LR, AT DAEUAS 7 AR
e

3.43 ISR

9T B I B 43 A AR ST ) R ik
B, AT IR HAT T RFE . il 4 B
5 Fun, A B SRR N Rk £ A0 0 AR
4T 5, KA 5 R 5] N AR A58 AL 15 21
IEMAER, R TR NIER ARG
FHRER. WA 4 Pros, KA WordNet [
(hockey, similar to,basebal 1) H$T 4K 0. 06,
SRR R S Nz AR, ) A] AR R AR A R 5
P IRE R Foo K H ConceptNet [ C(hockey,
type of, game) HIFI4r A 0.94, S AT % $
Bl NZHR, BT “game” 1 “competition”
B & RS SO e, AR B4 ) T 1 £ I
%% Eio AT LA HAR Y A S B IR X 43 Ak
R YR R R

FEFRATH R AL FE T, FIFE I 7 — 47
FEG o JE I SRR AR G vt AT R AR A
W R R B AR AE LU LA T, iR 3 R,
Hr P E Ny 200, Hor “ 752 2 4h AR
JR7 oA T BT 22 0 A0 R R PR AT R 5
AARESHIEME R, “TELDBIER” KRk
HREBLSEDRT PR A S IE
M. “H B RonBiAY R AdaE i 51 A\ Hh8 %0
INEHE R R A RS B E A R . WK 5 Br
N, LW HIIAK B AR AR IR AN AR, ERAS
REA R 5l FEAL, R FRAUE R RI . X
Ui IR 75 E i — P R 2 A B A R R
mE 6 s, wRBESREME R, WRREMN

“candy” HEH S| “food” FIER P “kitchen”,
B 78 A58 0 VR YR AN 22 Bk 4 L A DLE N R — 2D i
FUHI T ] o

*x 3 ArEBIERRE G 2

R I A =14
TEE LA ARIE | 44. 5%
B 2 B 36. 5%
He 19%

S1: He borrowed some gear from his friends.
S,: Then he geared up and headed to the rink.
S3: He practiced for days.

[ Neil wanted to play hockey. ]

0.06 {}
[WordNet: (hockey, similar to, baseball)} 0.94

[ConceptNet: (hockey, type of, game) ]

Ep: Neil played baseball. x
E1: Neil played in the competition. «

& 4 IE#AH

So- Neil was visiting the city of Luxor.

Si: He took a tour to learn about Egyptian history.

S,: They learned a lot of facts.

S3: Then they had a picnic lunch on the banks of the Nile.

[ He took a tour to learn about Egyptian history. ]

0.81 {}
[ WordNet: (history, synonym, story) } 0.19

[ConceptNet: (history, type of, humanistic discipline)]

Ep: Neil was not happy about the trip. x
E1: Neil had an amazing educational and cultural experience. J

5 BEEZINBAIRIRA SR
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S0: We decided we would learn to make candy.

S1: We checked out a book on the subject and read up.

S2: Then, we set to work trying.

S3: We realized overestimated how hard it was to make candy.

[ We decided we would learn to make candy. ]

—————

{ WordNet: (candy, hypernym, food) ] $rm

v

[ ConceptNet: (food, made in, kitchen) }

v
X

EQ: We found we made a mess in the kitchen.
E1: We decided to sell our candy to a local boutique.

6 FEZ PR SFH
4 REMRE

A SCE ST 51N AR R R B T L 88 e
PRSI PERE . DO T K2 A TEAIMIX
SIS Z R RIE I 7 2, AR T —F
R b SO AR I R 43 AR N R R R U
%, LEHEXHER SIS EIIR . AT BRAEZ
TERA R, ACAEAFFHHE S ROCStories
Bl e LT TR RIS . SRR AR I
H & S5 N AR5 T TV B A B 1Y 4 T AR
R, SR b, BT — PR R
R S AT 1) O N R B N TV
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