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Abstract: Question understanding is one of the important tasks of question answering over knowledge graph, where
semantic parsing is the mainstream approach for understanding question utterance. The most significant challenge in this task
is to understand the implicit entities , relations and the utterances of complex constraints such as time,ordinal ,and aggregation
in the question with the context of knowledge graph. In this paper,we propose graph-to-segment,a semantic segments based
semantic parsing framework for question answering over knowledge graph. Our semantic parsing model integrates both rule-
based and neural-based approaches to parse the semantic segment sequences and constructs the semantic query graphs with
high accuracy and coverage. These semantic segment-based semantic query graphs,which consist of the semantic segments,
are used to represent the utterance of questions. Question semantic parsing is modeled as a sequence generation task, where
an encoder-decoder neural network is used to generate the semantic segments from natural language questions. Additionally,
with the context information of knowledge graph,a graph neural network is used to learn the representation of questions to
improve the effect of semantic parsing on implicit entities or relations. Experimental results show that our model achieves
good performance on the two datasets.
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T 2.5, 4F ATIS B4 T 1 0.7. N2 T LA
it s ) 1 O T SR ST AT A AL A5, 1T ATIS H
£ S PR A AR g b BT LA &5 SR 04 R 0 A L
GEO BRAER/IN. [FIIT il &5 nT LABA D826 B i 1 SC B
REHS IF B 41 %6 i AR 4.

4.4 SLIESHT

KR ZR 2 PRR T 515 LA
AL ERTRKE, AT LA X SeqAct ™ R
BIENVERE 9K 2 (GEO 1 18.2, ATIS 4 25.8) 5 ¥dli 4k
BRI P FIHC B (GEO iy 28. 2, ATIS 24 28.4)
T S Hen] A R RS ) H AR5 0 B G2S i Bk
P B R GEO £t 2 I XY 10.3% , J& Seq2 Act
TE GEO LK Y 15.9% , /& ATIS ¥ 2 . XK
21.5% ,J& Seq2Act 1E ATIS | K FEHY 23.6%. ¥ 9K
4T A X R T T %) o 0 A e R i [ s A R
I8 T3 R s 1 5 A=
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@1 52 B3 B4 E>=5
(a) GEO

T A A AR 3 SR AR 2R SR 4 A 1
BLANE 4 (a) F0 4 (b) BT, WEH A IE BT LA 1
GEO $di 45 vh i 18 LB BE £ B4 A 78 2 1 3, 53X A~
B BRI o5 A BE 1Y 76. 9% , 1T ATIS Bl 4 v i)
TS B R AE 4 ~ 6,3 = AN K BE A B0 4
TR 78. 6% . K 4 (o) 1 LHBE ) A K, 52
AR RN G ZR A5 2 5 A B 19 38 40 1 AR =
GEO 4 64.5% ,ATIS WK E T 82.3% , BRIt Z 5k, GEO
B A b B 2 R R A R HE P R (31.4% ),
ATIS Fi A bl 2 DL SRl 32 (15. 7% ) , Bl
BOHE S A S T A [] 401 48K 7] A5 4 45 .

P o 220 P 245 . 38 3o 47 ] A0 DA T ) O ik A 3 4o 2
W2 ef Al U 22 19 R SO B, SRR Y A A
AR BRI T, FRATE A T W Fp E A 3 1 7 X
B RN 4 3% . Bl X 4 Oy 3 0B R R A i)
LS5 04—~ a) g 7 % G R T A 3% B2 O S0 In) R A
ANA) 5 G Y B A TR ST O &R A ) S 6 I T
Fofi 7 =0 S B0 25 I RZ i N K.

4.5 $RIROW

FAD i B W R AT BEAT T 40 HT, 1 ST
AT IR EZL A LRI,

F R A EUE X1 AN % e 55 0,
S BGE]E R AT I R T e 2. AN AE SR 4 A — |
TRMENL T TE RS R T £ Z W which border texas”
Fbig” A EAT I B 45 S i Bk e T [n) R I Ak —
R, w2 AL 25 B0 b e R A e X A T AR
U] D — A ff e s [

T SCHE AR T GEO AL ATIS Y8R A X 4%
AN, R AE I R AR 2 AR AE I R AR v oK i A B 3] s
PRI 9, (A5 R R T (1 235 57 Hh P 22, AR 6 4 R i
B =FE B, B how many” 2 3% ) B v] 45 2] 1E 7 25
W — P 7 IR AE A T R B SCAR KR b2 ) B
HRA, SR R AR ) 0 B i) i 993011 & 1 i, B3 Ay A

Bl B2 ®3 B4 @5 @6 7
(b) ATIS
K14  GEORIATISE 5 H 5 S8 L G A s SCHUR I P SI BE AR IR I, 18] () J s LU e i B L 1 o A 5

60.00%
50.00%
40.00%
30.00%
20.00% =GEO
10.00% I I- J mATIS
0.00% n
8 w9 P
(c) 18 X HAE A

UEPVITEZ N
R4 —LERRSWTO, SNROSEEA RESEMRATN

EOEES
FEBRIGA AN
[7)/4] . what are the populations of states which border texas?
LaE S
FJe[m] | literal ( population , ;state) relation ( state ,next_to, ; state) en-
WU L | tity (state,id, ‘ texas’ )
T E e
literal ( population, :state) entity( state, id, ‘ texas” )
[A]4] : how many big cities are in pennsylvania ?
S8
ager( count, ;city) join(intersection, :city, ;city) entity ( cit-
EKIA] |y, major, 1) relation ( city, loc, : state ) entity ( state, id,
E X | ¢ pennsylvania’ )
T e
aggr( count, ;city) relation( city,loc, :state) entity( state,id,
‘ pennsylvania’ )
[A] %] ; give me the number of rivers in california.
Py
s aggr( count, ;river) relation (river, loc, :state) entity ( state,
e jg‘ lifornia )
1 california
filsR |
T E e
literal (len, : river) relation ( river, loc, : state ) entity ( state,
id,  california’ )
Ay
5 &g

AR SR T — Tl R R 3 R A Y T SR BT AE
ZR——G2S 255 1 i ST Hh T R UL £ o it 2 T
TR ) W BE S B2 TR i 2% JE ORI AT 3% A9 1T SO
B H TR RUR) T SCAR AT S A8 g PR B 37 ) 2 ) - T
AL S5, T LR AT AN AR T 1) 25 i 1 ) a2 SR 5
HATRER 4 18 RLPE. FATTTE P Hd 4 L 96 T AE 2R
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BRI AT, SR 4 R AR IR B T R4 AYRCR.

N2 O T R R T SO THE LA A R
FeANTHER B i 2 G Bk | ook ROk 3
SCRERTIY S IR RN, O 1 A o I iRl A 2 B TR
AR S5 MRS B> P 38 T 1 450 A
FIE TR RE A Shar A 3h A S A TR i id 22 7
UL A] DA 2R A8 U Ll MR A TR T PRig it
I B S T R PR 335 1 () 25
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