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Automatic Expansion of ConceptNet by Using Neural Tensor Networks
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ABSTRACT

ConceptNet is a common sense knowledge base which is formed in a semantic graph whose nodes represent concepts and edges show
relationships between concepts. As it is difficult to make knowledge base integrity, a knowledge base often suffers from incompleteness
problem. Therefore the quality of reasoning performed over such knowledge bases is sometimes unreliable. This work presents neural
tensor networks which can alleviate the problem of knowledge bases incompleteness by reasoning new assertions and adding them into
ConceptNet. The neural tensor networks are trained with a collection of assertions extracted from ConceptNet. The input of the networks
is two concepts, and the output is the confidence score, telling how possible the connection between two concepts is under a specified
relationship. The neural tensor networks can expand the usefulness of ConceptNet by increasing the degree of nodes. The accuracy of the
neural tensor networks is 87.7% on testing data set. Also the neural tensor networks can predict a new assertion which does not exist in
ConceptNet with an accuracy 85.01%.
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Fig. 1. Examples of Connection Between Two Nodes
in ConceptNet
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Table 1. The Relations in ConceptNet, With Example

Sentence Frames[1]

Relation Sentence pattern
IsA NP is a kind of NP.
UsedFor NP is used for VP.
HasA NP has NP.
CapableOf NP can VP.
Desires NP wants to VP.
CreatedBy You make NP by VP.
PartOf NP is part of NP.
Causes The effect of VP is NP |VP.
HasFirstSubevent| The first thing you do when you VP is NP |VP.
AtLocation Somewhere NP can be is NP.
HasProperty NP is AP.
LocatedNear You are likely to find NP near NP.
DefinedAs NP is defined as NP.
SymbolOf NP represents NP.
ReceivesAction | NP can be VP.
HasPrerequisite | NP |VP requires NP |VP.
MotivatedByGoal | You would VP because you want VP.
CausesDesire NP would make you want to VP.
MadeOf NP is made of NP.
HasSubevent One of the things you do when you VP is NP |VP.
HasLastSubevent | The last thing you do when you VP is NP |VP.

22 XAl Hjo|]agl Xts FE

[19] AT A dolze] AARS Ad A5 F
%

22 NESRY

T oo 2
ot
T

B O

=
Qi AF F2 dpor A7 W

p

Zoh 43 A3 WordNet= 355 a

92 86.2%, Freebase: 90.0%9 A%< Hth
89 AF=

[4]9] A+ 235 7)oz FYEAr 1

A 2 Aol v A4 ol Aol [4]914



b

P Az FAEE s O At ol %
AT}, AT A o]s) 2

of HFHES mAe S

2 3 A4] wlo]~ WordNeto]H} Freebaseol ®|3]| 7
o

& A4Sl 54 shop

A A4 Hjo] &

g(el,X,ez) UXf I/V{l ”62"' V. [ }‘H’X) (1

VV{l k] e pdxdxk o]
= kel &Eefel2= E“*i ASS ZES o
h+ Equation (2)¢} Zt}.

g4 f= B]AE kel tanho| 1L
RF=

h,= el Wile, (0 <i< k) 2)

1)

A

A3

ofh
» o
ol

o

A

of

To

N
>
ofo ot

oj
O -

R
A @

e
=<
M

[eX

ve Rk‘><2d7 ve Rk,bERk

Fig. 3& k = 2¢ W, Equation (1)& @ o2 %33+ Aot}

Neural Tensor Layer

Linear Slices of Standard Bias

Layer Tensor Layer Layer
ff———m— - — = Y

-
@& | aooe o CEEEEDE E @
L === = ol

=

f ! + 282288 + 8
e~ T o

[LCL L YT E | -

-

A7 AN sge Aokl (Max-margin g %7

Emax(o,lfg(Tm)ﬁLg(Yfl N+AIQIZ (3)

g HMZE 0lss YU

py
>

S =% 551

AT E A ZF FAvi SHAA 4214 EIA
TS FEEYT. F =E el, e20] B XE 53 A
Ao Qgog FojAW Equation ()& E3 T8l
A7t Eow AAELE o] Fho] #A X9 A7 wAT
o] QIAFEY AW =T el8} 2+ A XE dZo] 7%
shchal deksic

32 =E9| oo &3
[4]9] At A Equation (1)9] == el, e29] A=t
E 0 =EE ¥ 9ol e #he AREsiTh e
‘/} wE=7b g A3 o o] dolR FAE ] gle wol
o7 thofo] e ghe] A3 WS e sfof gt
oA A TR AN w=E oF 80%7F Tl
T/AR o]Folx gtk g B dAFdME =5 74
sk /A ouE Adste WS T MR U] A
L Bz doh A /- EdhE do] dwge] 3
ik AFESHd] SR/ do] dMdS AlF A8 Rec
urrent Neural Network)[7]¢] 8oz Fo] &8 IS Al
A=

e
=

o[-}

N{N‘

= BA=

&3t} o5 Z7+9] Fig. 49} Fig. 59 AHEF4 (‘stand_in_
line’, ‘MotivatedByGoal’, ‘purchase_ticket)E <oA= 3}
=2 8}sh el

Confidence for Triplet

T

Neural
Tensor

R MNetwork
@] (@] @ [ ] [ ]
Averag H H Average
) — 1 e2 = &
stand in line MotivatedByGoal purchase ticket

Fig. 4. Semantic Representation of the Node 1[4]

Confidence for Triplet
Neural

Tensor

R Metwork

el e2
MotivatedByGoal

stand in line ticket purchase

Fig. 5. Semantic Representation of the Node 2

2 FI} Ho|g

Oﬂ’ﬂ% Agulel B F, AAJNAR Ve S
SAFF(VP) Atolo Al dAE 4= 9le #

Ass A ﬁH’?}Qi o}Fux} st} & Table 19

=

=]
7

)



552 HEMEISSl=2Al/AZER0] H HOIH &% MoH Mi1=(2016. 11)

Aol #Ae] ¢ & =2 ¥ SAF 7hed #
ASs A3 ddez Ak ofgd 443 olf= (SAt
T WA, AR AMEFES Aoz TlERs | o
2 o7l RtE u Ae x36aL Qe 58 JHE
HotAl Ha B2 FHE FAsts AHEFEES T B
Fele] AEFEE ks ARy oHE AR i
of dolfe Aol ¥ W& Aoz Ay mEolt

~

7] g EE BAl= F 670(‘Causes’, ‘HasPrerequisite
‘MotivatedByGoal’, ‘HasSubevent’, ‘HasFirstSubevent’, ‘Has
LastSubevent)¢1d], o] %, ‘HasFirstSubevent' ¢} ‘HasLastS
ubevent'= tlo]E F7} F-Fato] AgA ALt

47 #A g A3 'AES FE3] s g A
%, 37F delg FA4L2 Table 29} ) shy dlolE &
407227019 &7 dolElvre® FAE o] Qa1 By Al 9
o] w=E Adste] wiyl 54 volgE AAsAT) A
3 F7bel= 1000709 T4 dolget glee] wrE A
g3le] THE 1000702 H4 dlolHE gate] 2000702
olg7t 747} AREH AT dlolEe xFE k=9 JiFE
24,6447) o] t}.

Table 2. Train/Validation/Test Dataset

Table 3. Experimental Results of Model

Model| Random | Pretrained | Random | Pretrained
Relation - Mean | - Mean - RNN - RNN
Causes 75.94% 85.29% 87.710% 88.50%
HasPrerequisite | 77.51% 85.29% 87.89% 90.66%
HasSubevent 78.73% 79.03% 85.09% 81.99%
MotivatedByGoal | 79.21% 87.62% 91.09% 91.83%
Average 77.95% 83.75% 87.60% 87.7%
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we_have_to_rest, rest, have_energy_after_rest, have_to_stop_for_rest,
have_asthma®, have_skate®, have_dinner", have_peace’, have_cold", have_clue*

‘have_rest’
RNN

we_have_to_rest, rest, feel_rest, have_energy_after_rest, more_rest, stop_to_rest,
feel_more_rest, take_rest, should_rest, become_rest

go_to_cinema”

you_go_to_party, go_to_dinner_party, go_to_birthday_party, that_you_go_to_party,
Mean go_to_war", go_to_court”, go_to_theatre*, go_to_grocery", not_to_go_to_jail",

‘go_to_party’

invite_person_to_your_party, have_party

you_go_to_party, that_you_go_to_party, go_to_dinner_party, go_to_birthday_party,
RNN invite_person_to_party, party, wake_up_ready_to_party, be_invite_to_party,
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Table 7. Example of the Results of the R-Linkable

(watch_film, Causes, laugh),
(violin, HasPrerequisite, learn_how_to_play_violin),

(kill_person, Causes, prison), (relax, HasPrerequisite, lie_down_in_your_bed),

(bath, HasPrerequisite, turn_on_water),

(a)

(death, HasSubevent, stop_breathe),

), (bath, HasSubevent, that_you_get_wet),

), (war, HasSubevent, kill_enemy),

(bath, MotivatedByGoal, it_make_you_smell_nice), (exercise, MotivatedByGoal, maintain_muscle_strength),
(join_army, MotivatedByGoal, battle)

(b)
(c)

(death, Causes, get_cold), (view_video, Causes, go_to_sleep), (relax, HasSubevent, you_have_more_energy)

(violin, Causes, break_something), (win_baseball_game, HasPrerequisite, write_music)
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