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(a) A risky traffic scene. (This illustration was cited from kik (1999).)
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Baseline Car will stop X X
Proposed1 Car will change lanes v X
Proposed2 Car will change lanes v v
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“was developed by the” /\

developer field of work

/ % Machine Learnin
." /used for ‘ g
‘\

\

used for
“leverages”

\
\

“_i_s developed by” "'------>‘ PFN

Chainer
(1) B81%/ X developer/field of work /' used for ZZE LT L)
(2) “is developed by” = developer, “leverages” ~ field of work
Z EMVS <Chainer, used_for, Machine Learning> 73




T3 DS

kX — X J2ITTIEFRMNDMESHURVERIRE
Google Brain ‘II ‘I I S
“was developed by the” WIKIDATA ImpﬂTﬁ
developer field of work
TensorFlow "7 /used for : gk‘ Machine Learning
used_for )
“leverages”
developer \
Chainer “is developedm PFN
#EmDEIRTE © Universal Graph L T®DVector Based Model
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Universal Graph Embedding: Universal Graph L C®D
Vector Based Model
Google Brain |I I

”‘— ‘II
-
-
-
”
R

WIKIDATA WIKIPEDIA

was developed by the el oF ek The e Eneyclopedia

[]//I developer []

TensorElow Machine Learning

__used_for —
g ] .

s‘feﬁ\ 4

(19

was
developed
lensorFlow by the”  field of work ML
NI)LF7RW JTranskE n - "
[Guu+'15, Lin+'15] D E] E] ~ []
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:RZ8 : Textual RelationZ ED KD ICINRNT NLICTBIH ?

“was developed by the”

i

Bad: —DDORIRIC—DIDART NILEEIDH TS
- BRZEERIEIEXRIAIIZE
e X)\—RXATEEERRIREFZETEIRL)

« AW : SEB/EFITCI>I—R
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=EESIL

was developed by the
0 0 0 0

| EZEEFIL |
F f 1

was developed by the

o KRR (BTFHAXD) 7+FXAKI—/)XXTE

SEETIL ANRNZE LI DA - NI>O—5

€5 )L %ZE

B[S

BFE55
\t/—

U, XPDRERERHIRITTIT7A>F 21— 9 DA HRIT

« E5JLAI : ELMo, BERT, GPT-2, GPT-3, ...

o BRDEF(CHITBVGGNet, ImageNet’R & (CHHH

- HEESOREHMbEs & U CHIAERIEE

| SEEFTIL
f f ?

was developed by the
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Universal Graph Embedding®DF & & & 1> IR—R > hD%E|

TensorFlow  “was developed by the”  field of work ML

i NI
"\

[ FFNN ] KG relation;: —DMDRIR

(C—DDORT ) L=E|
=EES)L (BILSTM) 05T

t 1 1 1

was developed by the
2 €7 )L : textual relationZ EBDOHFR TORBTENRFKRIR (CEHE
BRI (C Tz BEFRZ R I textual relation MUz NLICTRD C
&z HATF
« FFNN : SEDOHEFR TODBIERI/RFRIRZ MG\ — ADFRIR (CEHA
« Textual relation®I > 0— REERDART NLHY, ENEATZELR
72 9 KG relationDRT N AT CEIR2 SN D EZHRfF

« “was developed by the" = developer

|
[}

2021-01-25 BImYXAEES 46



AREmSLDResearch Questions

O FBEDI\NG DR : ERDHECTI>O— RESNEBFRONRT ML
DEFEZ EDXD(TINSAEEDIN?

Q@ FEHYEBE : textual relationZFEZ T A TILOFRTEDKIDITFE DT
W< ?

o _JA>Z—/textual relationZz JJ)LICES IEEE T TRV ?

EEETIVDEMFESE . T+ X TERINIZEEZR (textual relation)
ZEBRHICEEITDINRIIHDIN?
«  (KG relation: %I\ — X TCFHERNIZER)
o BlJzEk%A IR I textual relationdDRT N UIEFHLUTNBINRE

« "was developed by the” = “is developed by”

@ RIWFIRYITFEE : M#T S T & (FHEBNE/R D Universal GraphT
DYIVFRY TZB(IRRNH DN ?

2021-01-25 BT amYAERES 47



BEERAST : Toutanova+'15

- 77J0O—F : Universal Graph L T®D Krovledge Bas

vector based model (Universal Graph ety Horos— et
Embeddlng) (;E;’Zé gigk ‘;:;::;’ ~ Freebase
o fER  FEEN— T DIEREZE T F e
Z I\b\j _X I\ Textual Mentions
o ANIAFTRDRQANDEF(IIRLN SO uanes
e O EBREDI\SUR O m e has sheaye s, &FLemur

. F—IEMIDEFHSF
. @ FEBE

< TR L
. @ SEEFNOEHTE

- IFEEETIL @ @ @ T
« CNNICKDI>O—K h o=t
- @VINFRYIES P e e e
« >0)LiRy D
« Toutanova+'15LAB%, Universal g 2o 09009

Graph Embedding(CE8 9 DAL (377
EAOZAN A

AIAFT : Universal Graph Embedding\MDik 4 72 (BHENR) SRROIRHE

2021-01-25 BImYXAEES

48



EXPERIMENTS

2021-01-25 BImYXAEES

49



Universal GraphDi&E

o EWIEF RAA > OREEANR—X (UMLS) EFF X hO—/(X
(MEDLINE) H‘5Universal GraphZ #&22

« UMLS : BRRERI#MEESDIHTILIIT GRXSHE
#9303 {Bl0DKG relation

« MEDLINE : A ILA YD ENIEHHAR—X EDOT>F414 T4 %D
13 <textual relationdD =3

#5000 5 {ElDtextual relation

“is deeply associated with”
Alzheimer’s =~ "=l

5 -~
disease <~ —————— a- synuclem
51 associated_with e
2/ S\ “has been identified as
] . .
may—treat ° \\ \| a causative mutation
P, / in hereditary”
’ . may_treat -
apomorphme — Parkinson
_________ disease \
/ lS used for improving” \ N\
/ “. [Apo;norphine] is used for improving [I;arkinson disease]
/
T~ apomorphine Parkinson
) may_treat disease [Alzheimer’s disease] is deeply associated with [a-Synuclein]
has_mec?amsm\ \
-2 dopamine_agonists / “... [Alpha-Synuclein] has been identified as a causative
- \ mutation in hereditary [Parkinson disease] or ...
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SRS — 4 LEHE T — S DI El

ST —4 Google Brain

was develop?’d by the meld_of_wor'k
[:]/// developer &[:]
! Machine Learning

TensorFlow i __used_for —

] ¢ 1 i

KZE R — X DRI V25 i — 5 & UTES
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SRS — 4 LEHE T — S DI El

=4k Google Brain

-
—"—
-
-
-
’/
R4

was developed by the field of work

4
/
/
U
U
U
U

/
/
I

TensorElow ! Machine Learning

1 i

HsE R\ — X DRFRIC T =25 i —F E U TEDS
(45 : <TensorFlow, developer, Google Brain> & <TensorFlow,
used_for, Machine Learning> Z5Hii>—4 (29 D)
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SRS — 4 LEHE T — S DI El

=i Google Brain
developer
TensorFlow " used for — @ Machine Learning

] * 1 i
AR — X DR RIS T Z > —45 & U TED

« Textual relationZZIENIDIBEHRE U TEXNITER 2h ? ZHEH D

« {5l : Textual relationZ{#£ X CTLVIRL\ZE, <TensorFlow,
developer Google Brain>MDFAIFEH L ED
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s E - 7 — LA

T=IVI2T47T«4 RV B
Google Brain 5.0 1
<Chainer, developer, ?> » vV PFN 3.1 2
Tohoku University 1.5 4
Chainer 2.6 3

o INTCDIZTATAICDWNWTRIOTMFT
 Transk: —||lh + 1r — t||

« A=Y RNI2T 4T+ DIELLICEDLNCEH
« EHEAI (Mean Rank; MR)
« EIEAI (Mean Reciprocal Rank; MRR)
o 10fiZARDEIE (Hits at 10; H10)
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AR FIY—0F -1y hOBE

UMLS &EMEDLINEDNSHEE U ZUGHOY Ttzw | !
 Synthetic—% Gt

S TN TOHEAIRDKG reIation(C, &R “is treatment for”
Dtextual relationN" N IFET D] BT LD T
(Ci)7z it e d e2

o [X&IrBtextual relationZlF UK IT>J—RT may_treat
STCL\BIN? ] ZHEHNSDD

« Natural>=—%
 Synthetic—ADERMATHZHMEB LIc1E, TD
Universal Graphh'5 S >4 IS0 7Z381
« [Textual relation &KG relationZfBAHENEEY
JLF Ry THESRINTEDIN ? | ZHEHNDD
| & | ||  #Train #Valid #Test
Ika 2.137 31 2,280 281 253

Synthetic =% o= ° 5137 17,716 18,498 0 0
. T 988 25 2382 294 264
Natural—==% o="" 715 20663 21,595 0o 0
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FEBRD/I\ADY>TYUDTEE

KG-single (Ks): KGh\5= > J)Likwy T)\R%&EH>T)L

o BE O —AHTDKTE E[E—

KG-multi (Km): KGH'5> > J)Likw T)IR EXILFIR
w T)I\RZ2T> T

 [Guu+'15] ER—DE%E

UG-single (Us): UGH'52 > J)Likw T )\RZ2H>T)L
« [Toutanova+'15] &[E—DE%TE

UG-multi (Um): UG5 > T )Likw T)IR EXILFIR
w T)I\RZ2T> T

o KRIAFTHAHEHT
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AREmSLDResearch Questions

O FBEDINF>OR : ERDHECIO— RESNZBFRORT ML
DEFEZEDL DTS A=EDIN?

Q@ FEHEBE : textual relationZFEZ T A TILOFTEDKIDITE DT
W< ?

o _JA>Z—/textual relationZz JJ)LICES IEEE T TRV ?

EEETIVDEMFESE . T+ X TERINIZEEZR (textual relation)
B CEBIDINRIEHDIN ?
e (KG relation: HI:#NR— X TFHESE =NTZE1R)
o Bk ZE K I textual relation®RT NLIZFHUTNDINE

« "was developed by the” = “is developed by”

@ RIWVFRYITFER : AT S T E(FHEBHE/R D Universal GraphT
DYIVFRY TZB(IRRNH DN ?
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RQ1: FEEXRD/\SZ> X

* Max-margin loss:
N

L@=) »  maxOfy+f -1

i=1t;eN (h;p;)
f_ — f(hi' bi, tik; 9): f+ — f(hi; pi, Li; @)
BaHlo X377 [EFID 77

s yUN—>
« EFI)ILHFE I BIEHI EEaflorOs/IN\DiEEE

R12BTETHEESNEAT M) wﬂa\g ~

DIEXZZ(TED
=> 2T —)LEEDERITNIEEBERAR
BEICIRD
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AT =)L ENDERVGE (UG-single)

@ : textual relation
X: KG relation

Textual relation®/XZ7 N)LUHYKG relationDAMAIT K= <IREN =Rl TD
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WCZKG

=5 )LODERD Z & (THIl 2 DFJEAF B R =

XKG

-

\

“was developed by the”

~

PIN

[ FFNN |

rE/E’EﬂE?“)I/ (Bim

t t t 1

was developed by the

~

_J

field of work

"\

KG relation: —DMDFRIR
(C—DDONRD N ZE|
NHTD

I
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v

AT —)LZENTEBCETEZBHIETFEIL

@ : textual relation
X: KG relation

x w MRR

10* 0.184 + 0.161
10° 0.256 + 0.104
107'  0.319+0.010
1072 0.329 + 0.039
1072 0.291 +0.023

: wDAE (ESyntheticT-— 4~ THEE

VRQ1: FBEDI\S>RAXETDFT—HEY b - SRETHE
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AREmSLDResearch Questions

O FBEDINF>OR : ERDHECIO— RESNZBFRORT ML
DEFEZEDL DTS A=EDIN?

Q@ FEHEBE : textual relationZFEZ T A TILOFTEDKIDITE DT
W< ?

o _JA>Z—/textual relationZz JJ)LICES IEEE T TRV ?

EEETIVDEMFESE . T+ X TERINIZEEZR (textual relation)
B CEBIDINRIEHDIN ?
e (KG relation: HI:#NR— X TFHESE =NTZE1R)
o Bk ZE K I textual relation®RT NLIZFHUTNDINE

« "was developed by the” = “is developed by”

@ RIWVFRYITFER : AT S T E(FHEBHE/R D Universal GraphT
DYIVFRY TZB(IRRNH DN ?
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RQ2: Natural>-—~ COFZEKEZDEER

o Textual relation(d /1= —

s XHICHETBIZDDI 2T+ T+ (39 UL EDERIEZ
AN A

« ZDDI>T+ T+ MMBARKIC T B/ZIFTUniversal Graph(ZiB
jijl

« B : Universal GraphMS5AKFEMNCFH U4, Knowledge Graph
THaidsAREzZ UTZEShREED

o T DOOHBEZ EBRAY (CLEER

* Noisy-to-clean: [UG -> KG] DIE(CFEZESHD
» Clean-to-noisy: [KG -> UG] DIEICEB =D D
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RQ2: Naturalo-—4~ COFBEKEZDEERFLE R

RE il RQ2: FEHEE(IZhRB D
Model LM-pret MR MRR H10 MR MRR H10 « [UG->KG]| DEICFE
Noisy-to-clean ZEDHDZET—EUT
Um 102.6 0.089 0.162 96.1 0.061 0.148 | 4 EE% i E
Um-Us 738 0150 0313 824 0104 0258 | . Knowledge GraphB{A7/2
Um-Us-Km 55.2 0.164 0.389 58.8 0.127 0.328 2T 3 LNEEK
Um-Us-Km-Ks 55.8 0.166 0.383 59.8 0.129 0.337 SRR AS < 123
Um v 91.8 0.089 0.184 84.1 0.075 0.184 o
Um-Us v 71.9 0.150 0.313 65.0 0.119 0.267
Um-Us-Km v 57.4 0.168 0.379 53.8 0.131 0.331 MR MRR HIO
Um-Us-Km-Ks v 58.7 0.169 0.405 55.1 0.139 0.345 1159 0123 0.255
Us v 75.,5 0.155 0.330 77.8 0.122 0.273
Us-Km v 61.2 0.173 0371 627 0137 0318 | . _. 5 5rELnk
Us-Km-Ks v 63.1 0.178 0.374 63.2 0.139 0.331 ML E DS, [
Clean-to-noisy BEE-JrA(>F1—_
Ks 1159 0.123 0.255 106.8 0.115 0.267 201 INSA A OV
Ks-Km 76.6 0.140 0274 70.6 0.126 0.267 NR—AIEHIAHDEF T
Ks-Km-Us 773 0.145 0301 753 0.115 0.265 EBNTHBC EmRE
Ks-Km-Us-Um 76.9 0.144 0.298 749 0.115 0.263
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RQ2: Naturalo-—4~ COFBEKEZDEERFLE R

i G
Model LM-pret MR MRR HI0 MR MRR HI10

Noisy-to-clean

Um 102.6 0.089 0.162 96.1 0.061 0.148

Um-Us 73.8 0.150 0.313 824 0.104 0.258

Um-Us-Km 55.2  0.164 0.389 58.8 0.127 0.328

Um-Us-Km-Ks 55.8 0.166 0.383 59.8 0.129 0.337

Um v 91.8 0.089 0.184 84.1 0.075 0.184

Um-Us v 71.9 0.150 0.313 65.0 0.119 0.267

Um-Us-Km v 57.4 0.168 0.379 53.8 0.131 0.331

Um-Us-Km-Ks v 58.7 0.169 0.405 55.1 0.139 0.345

Us v 755 0.155 0.330 77.8 0.122 0.273

Us-Km v 61.2 0.173 0.371 62.7 0.137 0.318

Us-Km-Ks v 63.1 0.178 0.374 63.2 0.139 0.331

Clean-to-noisy . "

Ks 1159 0.123 0.255 1068 0.115 0.267 [Noisy-to-clean] Hili(
Ks-Km 76.6 0.140 0274 70.6 0.126 0.267 I PANEEIRS)

Ks-Km-Us 77.3 0.145 0.301 75.3 0.115 0.265 > UGD_J A X D=L (%
Ks-Km-Us-Um 76.9 0.144 0298 749 0.115 0.263 AT )
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AREmSLDResearch Questions

O FBEDINF>OR : ERDHECIO— RESNZBFRORT ML
DEFEZEDL DTS A=EDIN?

Q@ FEHEBE : textual relationZFEZ T A TILOFTEDKIDITE DT
W< ?

o _JA>Z—/textual relationZz JJ)LICES IEEE T TRV ?

EEETIVDEMFESE . T+ X TERINIZEEZR (textual relation)
B CEBIDINRIEHDIN ?
e (KG relation: HI:#NR— X TFHESE =NTZE1R)
o Bk ZE K I textual relation®RT NLIZFHUTNDINE

« "was developed by the” = “is developed by”

@ RIWVFRYITFER : AT S T E(FHEBHE/R D Universal GraphT
DYIVFRY TZB(IRRNH DN ?

2021-01-25 BImYXAEES 66




\Y|
AY|

'I:III|I

RQ3: EFEEET/ILDOERIFE

« MEDLINEOD'SESNT=100kDtextual relation TEZEET )L =R

=&t
Synthetic DERIEE Natural
FEE B rwalk FTA
Model LM-pret MR MRR HI10 MR MRR  HI10 Model LM-pret MR MRR H10 MR MRR HI10
Ks 287.3 0.167 0.311 305.1 0.155 0.300 Noisy-to-clean
Km 956.3 0.178 0.342 265.0 0.160 0.330 Um 1026 0.089 0.162  96.1 0.061 0.148
o ST 0385 0690 513 0316 06l Um-Us 738 0.150 0.313 824 0.104 0.258
Um-Us-Km 552 0.164 0.389 58.8 0.127 0.328
Us 4 430 0377 0698 459 0.342 0617 Um-Us-Km-Ks 558 0.166 0.383 59.8 0.129 0.337
Um 65.7 0.368 0.683 61.2 0.338 0.638
Um v 70.5 0.357 0.694 66.3 0.305 0.642 Um v 918 0089 0.184 841 0075 0.184
Um-Us v 719 0.150 0.313 65.0 0.119 0.267
Natural Um-Us-Km v 574 0.168 0.379 53.8 0.131 0.331
P Py Um-Us-Km-Ks v 58.7 0.169 0.405 551 0.139 0.345
Us v 755 0155 0.330 77.8 0.122 0.273
Model LM-pret MR MRR HI0 MR MRR HIO Us-Km v 61.2 0.173 0.371 627 0.137 0.318
Ks 1159 0.123 0.255 106.8 0.115 0.267 Us-Km-Ks v 63.1 0.178 0.374 63.2 0.139 0.331
Km 76.7 0.141 0.274 70.6 0.125 0.269 Cloan-to-motey
Us 731 0138 0282 735 0.118 0.261 Ks 1159 0.123 0255 106.8 0.115 0.267
Us v 75.5 0.155 0.330 77.8 0.122 0.273 Ks-Km 76.6 0.140 0274 70.6 0.126 0.267
Um 102.6 0.089 0.162 96.1 0.061 0.148 Ks-Km-Us 773 0.145 0.301 75.3 0.115 0.265
Um v 91.8 0.089 0.184 84.1 0.075 0.184 Ks-Km-Us-Um 76.9 0.144 0.298 749 0.115 0.263

Luu

SEETI/ILOFEFIFBOEE _C‘"%}'h Y | dESZESY VAN
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alill

RQ3: EBET/LDSEHIFEBDEIRDFNR

- Bdffkmay_treatmZK 9 textual relationd/\T ~)LD “troats”
Eﬂ(i’ﬂ%tﬁ@b\ﬁij _Cb\éb\ “is tr‘eaEr_r_lent for”
- M : B3fRmay_treat & X &7k Btextual o d -

relationMARJ NLENZENICH L, BN N
I NLZ10FES. €D D 5AF i may_treat '
EXF(CIRD TV DEISDFITZE

SEETI UGDEE Acc

SpIFE
0.117
v 0.149
v 0.201
v v 0.201

S ETI/LDOERIFEZ (CIE—EDMRENRBHSNDEDD,
Z D DUniversal GraphDFE M\ ZECHY
=> Textual relationDTz(CERETSNTE T I—FIHRE
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AREmSLDResearch Questions

O FBEDINF>OR : ERDHECIO— RESNZBFRORT ML
DEFEZEDL DTS A=EDIN?

Q@ FEHEBE : textual relationZFEZ T A TILOFTEDKIDITE DT
W< ?

o _JA>Z—/textual relationZz JJ)LICES IEEE T TRV ?

EEETIVDEMFESE . T+ X TERINIZEEZR (textual relation)
B CEBIDINRIEHDIN ?
e (KG relation: HI:#NR— X TFHESE =NTZE1R)
o Bk ZE K I textual relation®RT NLIZFHUTNDINE

« "was developed by the” = “is developed by”

@ RIWVFRYITFER : AT S T E(FHEBHE/R D Universal GraphT
DYIVFRY TZB(IRRNH DN ?
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RQ4: Y I)LFHRw T

Synthetic

WRGE EY ]
Model LM-pret MR MRR H10 MR MRR HI10
Ks 287.3 0.167 0.311 305.1 0.155 0.300
Km 256.3 0.178 0.342 265.0 0.160 0.330
Us 51.6 0.383 0.699 54.3 0.346 0.617
Us v 43.0 0.377 0.698 45.9 0.342 0.617
Um 65.7 0.368 0.683 61.2 0.338 0.638
Un Vv 70.5 0.357 0.694 66.3 0.305 0.642
Natural

MG LA
Model LM-pret MR MRR HI10 MR MRR HI10
Ks 115.9 0.123 0.255 106.8 0.115 0.267
Km 76.7 0.141 0.274 70.6 0.125 0.269
Us 73.1 0.138 0.282 73.5 0.118 0.261
Us v 75,5 0.155 0.330 77.8 0.122 0.273
Um 102.6 0.089 0.162 96.1 0.061 0.148
Um v 91.8 0.089 0.184 84.1 0.075 0.184

2021-01-25

- FBIF(CKnowledge Graph/ZlF
WS\ &EH> T > 0935
&, NIVFRYITEB(SEEER
i ol P =1/

« Textual relation(&fE1D730)

e [Guu+'15, Takahashi+'18]7: & &
—B 9 DR
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RQ4: Y I)LFHRw T

\Y|
AY|

Synthetic

MREF FLA
Model LM-pret MR MRR H10 MR MRR HI0
Ks 287.3 0.167 0.311 305.1 0.155 0.300
Km 256.3 0.178 0.342 265.0 0.160 0.330
Us 51.6 0.383 0.699 54.3 0.346 0.617
Us v 43.0 0.377 0.698 459 0.342 0.617
Um 65.7 0.368 0.683 61.2 0.338 0.638
Um v 70.5 0.357 0.694 66.3 0.305 0.642
Natural

FRETE A
Model LM-pret MR MRR H10 MR MRR H10
Ks 1159 0.123 0.255 106.8 0.115 0.267
Km 76.7 0.141 0274 70.6 0.125 0.269
Us 73.1 0.138 0.282 73.5 0.118 0.261
Us v 75.5 0.155 0.330 77.8 0.122 0.273
Um 102.6 0.089 0.162 96.1 0.061 0.148
Um v 91.8 0.089 0.184 84.1 0.075 0.184

2021-01-25 BraXAERES

B (CUniversal Graphh'5)/(
AT TITF 355, ¥
IVFRY ITEB(IEERELICE
BR L0

=> Universal Graph®_/J -1 XD

B/ %BB
/':I_"/ =
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Universal GraphD~JLFRw T dD_J A X

o 1> REAIR%E, IET—F COFRERISRICE DUV TCHEE
e BDOFEC EICMRRZEH

RS R
Model LM-pret 1 2 3Dk
Ks 0.175 0.184 0.041
Km 0.205 0.220 0.038
Us 0.226 0.149 0.041
Us v 0.256 0.179 0.037
Um 0.130 0.096 0.043
Um v 0.123 0.102 0.048
Um-Us-Km-Ks v 0.292 0.162 0.041
Us-Km-Ks v 0.317 0.157 0.040

o BRIERIEEMNIULEDZE, £FEBRFHNTEEL)
« Textual relation/m=DiERXDFIENRHEZL)

« Textual relation€DEDD ) A X &, YILFRYIT(CLBDOAT
+2 NDRROI, HsH TEHRIESE

o => JIADEREABEPCO > TFA Mo O—/VULICETE T 21448
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B4 EDEEFRE ESD

Universal Graph Embedding & UL\ D#HEA D R — A e DAEE [ _E
(CERTHDC Ez=BEE (Toutanova+'15&—E&)
U DdResearch Questions(C A —7RX%&dH Tl
- @ FEBRDI\Z>R
« EFILDERDEDICERDVEAEBRZINTE I DHEENER)
« 2CHT—HFtY hTRHRBDD
. @ FTEHEE
« [Noisy-to-clean| BkBEZH\5HEREH D
o [BRIFE-IJ7A>F1——_>7] I\SHALDOD—DERDBC
ENTES
o SEETINDOEMFEE
- BE(CEENGRZEZIR SN0
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Key idea

Combine logical inference and physical simulation

Logical Inference N e R

(apply symbolic rules to a scene description and R ‘
. : 2 X does not recognize me.
infer new facts) s 2

explains

via (a)

BDllevel

representation | representation

8 % There is a ball Y. S
é W Fr— X will rush out.
[Armand+ 14, Inoue+ 15, Mohammad+ 15, Zhao+ 15, etc/] =

PROS: Easy to take causal chain into account E e o |
u i
PROS: Can combine human writing knowledge **~— = potential isk.
E -Descﬂplion wall of(Now, Wall, Me), ...

CONS: The prediction is not based on a precise [Inoue+ 15]
physical prediction
L Other car

v

Physical Simulation

(simulate a scene and detect future collisions)
[Broadhurst+ 05, Althoff+ 09, etc.]

PROS: Precise prediction grounded in physical | P
quantities R

CONS: Difficult to take causal chain into account Stochastic reachable set < 09]
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Key idea

Combine logical inference and physical simulation

Logical Inference e .
ol Complementary |2

[Armand+ 14, + 15, N ) it

PROS: Eas el ® How tocombine the two
PROS: Can bine components? M ) |zpoiomainec |
CONS: Theliictio *  NoO previous work addresses |
oiyeleE| n this issue

Physical Simulation

(simulate a scene and detect future collisions)
[Broadhurst+ 05, Althoff+ 09, etc.]

PROS: Precise prediction grounded in physical
quantities ' —

CONS: Difficult to take causal chain into account Stochastic reachable set < 09]
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Evaluation | Models 1/3

Compare three models

Baseline (SVM):

Directly models between scene
description and a risky
entity-action pair

Trained by using ranking-SVM
[Joachims 02]

Proposed1 (Inference):

Uses only qualitative information

Given

/

Scene
Description

/

Enowledge Bag_’

Quantitative

Data

[~

Given

Proposed2 (Inf+PhySim):

The full model

12/09/16

ML-based
Ranker

/

Explanations
of the Risks

/

Output
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Evaluation | Models 1/3

Compare three models Given
/ Scene /
Baseline (SVM): Description
* Directly models between scene l
des.criptio.n and.a risky Logjical
entity-action pair Knowledge Base Inference
 Trained by using ranking-SVM
[Joachims 02]
Proposed1 (Inference): Quantiative /_>
* Uses only qualitative information e |
Proposed2 (Inf+PhySim): Explanations
e The full model of the Risks
Output
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Evaluation | Models 1/3

Compare three models Given
/ Scene /

Baseline (SVM): picdil el
* Directly models between scene l

des.criptio.n and.a risky Logjical

entity-action pair Knowledge Base Inference
 Trained by using ranking-SVM l

[Joachims 02]

. Quantitative Physical

Proposed1 (Inference): o /—> ST .
* Uses only qualitative information e l
Proposed2 (Inf+PhySim): Explanations
« The full model of the Risks

Output
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Quantitative evaluation

Test

Model Acc@]1 Acc@3 Acc@5
Baseline (SVM): BASELINE  55.6 (40/72) 77.8 (56/72) 93.1 (67/72)
) INFERENCE ~ 58.3 (42/72) 77.8 (56/72) 91.7 (66/72)
- Directly models between scene INF+PHYSIM _58.3 (42/72) 77.8 (56/72) 91.7 (66/72)
description and a risky
entity-action pair . . .
e Trained by using ranking_SVM ¢ Addlng adeCtlve reaSOnlng
[Joachims 02] and physical simulation has
Proposed1 (Inference): not yet affected prediction
 Uses only qualitative information accuracy positively
Proposed2 (Inf+PhySim): + Future work: improve the
* The full model daCcuracy
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@ Modified SGD (Separated Learning Rates)

Our strategy
Different learning rates for different parts of our model
Modified
. Different parts in a neural network
Rationale . :
may have different learning rates
NN usually can be decomposed NkE
into several parts, each one is agp(Tr) = T P At
. KB7*KB *r
convex when other parts are fixed
TIAE
l aAE(Tr) =

1+ NapAagTy

NI Jlalint €2 Graning) O iy nkg: 1 for KB-learning objective

simple convex models
l

Natural to assume different
learning rate for each part

nag: 1 for autoencoder objective
Axg: A for KB-learning objective
Aag: A for autoencoder objective

T,.. counter of each entity e

7,.. counter of each relation r
July 18, 2018 82



@ Other Training Techniques

+2.6
in Hits@10
on FB15k-237

Normalization

normalize relation

matrices to ||M,.|| = Vd
during training

Regularization

push M, toward an
orthogonal matrix

Initialization

initialize M,- as (I + G) /2
instead of pure Gaussian
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What Does the Trained Autoencoder Look Like?

M, M

-
- k. T
_—‘— N
- -~
- [
e -~
) -~
_——— -~--

e =
currency_of country -
currency_of company - .
currency_of university -
currency_of film_budget -

currency_of film_budget -
release_region_of_film -

Dimension 12 strongly
correlates with currency

corporation_of_film -
producer_of_film -

writer_of film -
1 1 | I | I I B R | 1 1 1 1 1

Dimension 4 strongly
correlates with film

2 4 6 8 10 12 14 16

« Sparse coding of relation matrices

 Interpretable to some extent

July 18, 2018
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KG relation 2257425 V7w TINA

KG relation 25725 Y IVF KRy T)RA
Textual relation 25785 V7 )IViEy FTI/NA
Textual relation Z &IV F Ry T/NA
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