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Question: Who is the director of the 2003 film which has scenes
in it filmed at the Quality Cafe in Los Angeles?

7 e
R
WIKIPEDIA
The Free Encyclopedia
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Question: Who is the director of the 2003 film which has scenes
in it filmed at the Quality Cafe in Los Angeles?

Document A
Old School is a 2003 American comedy film released by DreamWorks
Pictures and The Montecito Picture Company...

Document B
Many directors shoot scenes in Hollywood, Los Angeles, which is
notable as the home of the U.S. film industry.
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Question: Who is the director of the 2003 film which has scenes
in it filmed at the Quality Cafe in Los Angeles?

~

< S~
uality Cafe . . o
Q. Y Quality C&fe (diner) Los Angeles
(jazz club)
Los Angeles
: Quality Cafe was a location featured i a number of officially the City
o historical cluding "Old of Los Angeles
‘ )( £ restaurant and one in 60
IKIPEDIA = o and often known

jazz club... < by its initials

L.A.,...

The Free Encyclopedia

Gone in 60 Seconds

Gone in 60 Seconds is a
2000 American action heist

&~
&~

film...
Todd Ppillips. directed by Dominic Sena.
| 1
27N
3—ho Todd correct | Dominic \
— P Phillips answer \" Sena /’
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1. Jonathan St BT Evans. 1984. Heuristic and analytic processes in reasoning. British Journal of Psychology, 75(4):451-468.
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Algorithm Closed Matrix Form
DeepWalk | log (vol(G) (% ZLI(D_IA)’) D_l) —log b

LINE log (vol(G)D™*AD™!) —log b
([ VOl (G (DEE) " A (D¥¥) 1]

PTE log| | B vol(Gay)(Diow) " Adqw(DI¥)~! | | —log b
\[ ¥ vol(Giw)(Drg) ' A (D)™ )

( % Z:r'];=1 (Zu stugc w u+2u Xc,ugw c u)
s <) | ~log b
(Zu Xw,u)(Zu Xc,u)

node2vec log

1. Qiu et al. Network embedding as matrix factorization: unifying deepwalk, line, pte, and node2vec. WSDM’18. The most cited paper in WSDM’18 as of1 lé/lay 2019
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BiDAF BERT XLNet

Start/End Span

Start End Query2Context M
s LSTM + Softmax L = D

Output Layer

T R GG 6

Modeling Layer

BERT

g 92 9r
A“‘*‘t“‘)” Flow Query2Context and Context2Query
SYEL Attention 13— u
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Contextual
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Word Embed
Layer

Word Character
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Factorization order: 4 > 32> 1 > 2
Question Paragraph
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GNN/GCN Model Architecture

o Input: preprocess adjacency matrix A and feature matrix

Hidden layer Hidden layer
Input . ® e = . Output
- @ @ 7
» RelLU RelLU
o " —e_ —e_S e ¢
® : a(-) : o(-) .
X = HO Z=H"

HD — 4 (AH(I)W(I))

~

o where A= D"2AD"z, A=A+ Iy is the adjacency matrix of
graph G with added self-connections and D;; = Zj Ajj
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Recent GCN Research
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e density gaps i o ©
i Ya FastGCN
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GraphSAGE ©Q 2017

pal -

7~ [iabel

2017

1. Sample neighborhood 2. Aggregate feature information 3. Predict graph context and label
from neighbors using aggregated information

GraphSGAN

2018

concat/avg /7,
> R}

GCN

ﬁ :
hidden | %
layers

@ <

output layer

input layer
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' Hop span Ans span
Negative

threrkeld |Name of entity “Next”| |Possible answer “Ans” |

o T S S S
] - () - () - 5] - (2][=
Initial

e | CETORT) System 1 (BERT)

fe] 2] - [ El ] - - - =

WP NEEPON PSSP oN o
L L L L L
o] [m] - [ [ (] e e e [
Question +V§lues[x,G] Paraé:;ph[x]
y ; Sans'Ti
; - . star _

\[C’LS] Question [SEP] clues(z, G| [.SEPl Paralz] ‘ P 1] = Z - p—
=5 ——
Sentence A Sentence B

endy = arg max P4

starty <j<startp+maxL

© JERETCN AL, FFONESRES
. ERSHREIE X AR
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Cognitive Graph G
Before Visiting x

System 2 (GNN)

-~ P clues \Ar——1 £ Th
Initial . W2 | oD lz\fext\l to ?;th"”Ans" I Ans ! ResuSlttesp oof e
X[x] X[QZ] ¥ i .___J Visiting x
N
- ) || [
sem/|x, Q,clues]] Hop span Ans span
At each step, hidden representations X for Predictor F is a two-layer MLP, which
nodes are updated according to the predicts the final answer based on
propagation rules: hidden representations X:
_ —\T /.
A =o((AD™7) o(XW7)) answer = argmax JF(X][z])

X! = J(XH/Q 4 A) answer node x
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Algorithm 1: Cognitive Graph QA

Tor S
SyEter;l 1 model &1, System 2 model Sa, —_ )Eﬁ *W*ﬁﬂ IE @E* -LE’TEJL;_TZI_(—*DA

Question @, Predictor F,Wiki Database W
1 Initialize cognitive graph G with entities mentioned in % 1[5%]\_
() and mark them frontier nodes

> VAN
z regf)?)ta node x from frontier nodes _ 7"'2;] 5\% %]] ﬁl:l S

4 | collect clues|z, G] from predecessor nodes of
// eg. clues can be sentences where x is mentioned

s | fetch para[z] in W if any

6 | generate sem|x, Q, clues] with Sy // initial X [x] ° .

7 | if x is a hop nEode then | (SyStem 1) |

8 find hop and answer spans in para|xz| with &3

9 for y irfhop spans dop i o —I— EJL1i§ EFD 1 5'[_' ¢HEIHR
10 ify ¢ Gandy € W then

1 \ create a new hop node for y

12 if y € G and edge(x,y) ¢ G then

13 add edge (z,y) to G ° )
14 mark node y as a frontier node it

15 end e

16 for y in answer spans do ﬁ % T2 = Tﬁ /)I-”J

17 | add new answer node y and edge (z,y) to G

18 end

19 | end
20 | update hidden representation X with Ss

21 until there is no frontier node in G or G is large enough;
22 Return arg max F(X[z])

answer node x 22
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* HotpotQA (ZK{USQUADEY— N E)EN J”C*)‘(?E’E)
* CogQA A3 B IR Bl ARIFHER B —

Niadal Ans Sup Joint
EM Fi Prec Recall | EM Fi Prec Recall | EM Fi Prec  Recall
Yang et al. (2018) 239 329 349 33.9 5.1 409 47.2 40.8 20 17.2 204 17.8
Yang et al. (2018)-IR | 24.6 340 35.7 34.8 109 493 525 52.1 52 21.1 227 23.2
Dev BERT 227 316 334 31.9 6.5 424 546 38.7 3.1 17.8 243 16.2
CogQA-sysl 336 450 476 454 23.7 583 67.3 56.2 12.3 325 39.0 31.8
CogQA-onlyR 346 462 48.8 46.7 147 48.2 564 47.7 83 299 36.2 30.1
CogQA-onlyQ 307 404 429 40.7 23.4 499 56.5 48.5 12.4 30.1 35.2 29.9
CogQA 37.6 494 522 49.9 23.1 585 643 59.7 122 35.3 40.3 36.5
Yang et al. (2018) 240 329 - - 3.86 37.7 - - 1.9 16.2 - -
Test QFE 28.7 38.1 - - 142 444 - - 8.7 23.1 - -
DecompRC 30.0 40.7 - - N/A  N/A - - N/A  N/A - -
MultiQA 30.7 402 - - N/A N/A - - N/A N/A - -
GRN 273 36.5 - - 12.2 48.8 - - 74  23.6 - -
CogQA 37.1 489 - - 228 S1 - - 12.4 349 - -

Table 1: Results on HotpotQA (fullwiki setting). The test set is not public. The maintainer of HotpotQA only
offers EM and F7 for every submission. N/A means the model cannot find supporting facts.

** https://github.com/THUDM/CogQA

23
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IR =
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= A== C0gQA-onlyR
0.5 = «#= =« Yangetal. (2018)-IR
Yang etal. (2018)
» Average hops
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Edward Feigenbaum
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Tim Berners Lee
Turing Award Winner
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6,000 Conference \ / \

‘ 3.2M Publications 110M Autner s i S
‘ ' + 700K Researcher Profiles Dpen_ e . — 8 R
mAMIner - zocounie B i ¢ ac
. 200K Access Logs/Day fap 1.1 Billions I
@ I Citations
N
155M Academical Paper Metadata Open -
~ Academic -+ -
A~ ~~ A~ A~ A~ Society 20K Institution g BOK Venue
Title Author Conference Year Abstract , 50K Field of Study
~— ~— ~— ~— ~— \
/
Tsinghua University AMiner

Microsoft Academic Graph

Linking large-scale heterogeneous academic graphs

1. F. Zhang, X. Liu, J. Tang, Y. Dong, P. Yao, J. Zhang, X. Gu, Y. Wang, B. Shao, R. Li and K. Wang. OAG: Toward Linking Large—scale Heterogeneous Entity Giaghs. KDD’ 19.
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Table 1: Results of linking heterogeneous entity graphs. indicates the method does not support the entity linking.

Methods | Keyword | SVM | Dedupe | COSNET | MEgo2Vec | LinKGe | LinKGy | LinKG
Preg. 80.15 81.69 84.25 84.67 91.16 91.16

Venue Rec. 83.76 83.45 80.92 = = 85.81 87.58 87.58
F1 81.91 82.56 82.55 85.23 89.33 89.33

Prec. 99.57 87.73 99.30 96.60 89.85 96.70

Paper Rec. 25.31 85.42 87.09 = - 94.55 89.71 94.70
Fi 40.36 86.56 92.80 95.57 89.78 95.69

Prec. 44.48 84.70 50.65 91.73 91.03 81.30 84.92 95.37

Author Rec. 80.63 92.22 85.46 85.33 90.82 84.95 94.75 93.48
Fl 57.33 88.30 63.60 88.42 90.92 83.09 89.57 94.42

Pigg, 80.22 86.54 82.26 91.73 91.03 91.06 88.19 96.11

Overall Rec. 45.71 87.70 86.38 85.33 90.82 91.05 91.38 94.11
Fi 58.23 87.12 84.27 88.42 90.92 91.05 89.76 95.10

30



OAG: Open Academic Graph

https://www.openacademic.ai/oag/

6,000 Conference

/

160M Publication

Bl . 5t | e B—
saMiner - e T BEEE W, 05 ¥
95/Day @ Citations m
155M Academi:kjaper Metadata Acgg:r:lic ,—T—l R @
A~ A~ A~ A Society = 0
A:t-h/ur Cun\fe-rfn:e !F-E/F Ab\slrjct \ 50K Field of Study
Tsinghua University AMiner \" Microsoft Academic Graph
Data set #Pairs/Venues Date
Linking relations 29,841 2018.12
AMiner venues 69,397 2018.07
MAG venues 52,678 2018.11
Table 1: statistics of OAG venue data
Data set #Pairs/Papers Date
Linking relations 91,137,597 2018.12
AMiner papers 172,209,563 201901
MAG papers 208,915,369 2018.11
Table 2: statistics of OAG paper data
Data set #Pairs/Authors Date
Linking relations 1,717,680 2019.01
AMiner authors 113,171,945 2018.07
MAG authors 253,144,301 2018.11

Open Academic Graph

Open Academic Graph (OAG) is a large knowledge graph unifying two billion-scale
academic graphs: Microsoft Academic Graph (MAG) and AMiner. In mid 2017, we
published OAG v1, which contains 166,192,182 papers from MAG and 154,771,162
papers from AMiner (see below) and generated 64,639,608 linking (matching)
relations between the two graphs. This time, in OAG v2, author, venue and newer

publication data and the corresponding matchings are available.

Overview of OAG v2

The statistics of OAG v2 is listed as the three tables below. The two large graphs are
both evolving and we take MAG November 2018 snapshot and AMiner July 2018 or

January 2019 snapshot for this version.

[1] F. Zhang, X. Liu, J. Tang, Y. Dong, P. Yao, J. Zhang, X. Gu, Y. Wang, B. Shao, R. Li and K. Wang. OAG: Toward Linking Large-scale Heterogeneous Entity

Graphs. KDD’ 19.
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https://www.openacademic.ai/oag/

Tsinghua University AMiner

|y A~ N P A Society 20K Institution e 80K Venue
. / N\ | Title Author Conference Year Abstract \ 50K Field of Study |
~ \ ~— s ~ ~— ~— \ /
Z \—— c P " // N . . o

Microsoft Academic Graph

Data set #Pairs/Venues Date
Linking relations 29,841 2018.12
AMiner venues 69,397 2018.07
MAG venues 52,678 2018.11
Table 1: statistics of OAG venue data
Data set #Pairs/Papers Date
Linking relations 91,137,597 2018.12
AMiner papers 172,209,563 201901
MAG papers 208,915,369 2018.11
Table 2: statistics of OAG paper data
Data set #Pairs/Authors Date
Linking relations 1,717,680 2019.01
AMiner authors 113,171,945 2018.07
MAG authors 253,144,301 2018.11
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