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* From perceptron to cognition
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Geoffery Hinton
University of Toronto
deep learning

Frank Rosenblatt
Cornell University
psychologist
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[convolution & pooling]
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[recurrent & feedback]
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LeNet/CNN(1998)

60,000 original datasets
Test error: 0.95%
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Yoshua Bengio
University of Montreal
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Dueling Net(2016)

Denosing Autoencoder (2008)
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computer vision

ResNet (2016)
///’ DenseNet (2017)
VGG (2014)
GoogLeNet (2015)

AutoEncoder(1989/2006) VAE(2013)

Variational
Inference [FENLNSEIND
Encoder Decoder —*
i Max Welling
University of Amsterdam
statistical learning
GAN(2014) 1
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Real
ﬁ:i";é""‘ .®E%W DCGAN (2014)
WGAN (2017)
Generator Fake image PGGAN(2017)
Ian Goodfellow
Google Brain
deep adversarial learning
SeqgGAN(2017)
Seg2Seq(2014) LeakGAN(2018)

Character CNN(2015)
self-attention(2017)

Encoder Decoder Je suis étudiant—————————>

DDPG(2015) — A3C(2016)

AlphaGo(2016)

— Alpha Zero(2017)

David Silver
DeepMind
Reinforcement learning




Networked World

* 2 billion MAU

 26.4 billion minutes/day

twitter)

* 320 million MAU
* Peak: 143K tweets/s

(@) Instagram

.........

« 700 million MAU
« 95 million pics/day

{j; snapchat

* 300 million MAU
« 30 minutes/user/day

------- d

gZ/Ahbaba Group
PIEPEER

« >777 million trans. (alipay)
« 200 billion on 11/11

‘ B

weibo.com

* 462 million users
* influencing our daily life

BEAR

* ~1.5 billion MAU
» 70 minutes/user/day

:
-
5- V< WeChat

*QQ: 860 million MAU
« WeChat: 1.1 billion MAU




Many Data are Networks
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Information networks:
Web & citations

1. Example from Jure’s slides

Economic networks
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Machine Learning with Networks

* ML tasks in networks:
— Node classification
 Predict a type of a given node
— Link prediction
* Predict whether two nodes are linked
— Community detection
* |[dentify densely linked clusters of nodes

— Network similarity
* How similar are two (sub)networks?



et = NE&GNN
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Stanford University Antoine Bordes
R Machine learning Facebook
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Review Representation Learning for Graphs

Representation Learning/
Graph Embedding

d-dimensional vector, d<<|V]

& s

0.2|0.3]... |0.0|0.0

Users with the same label are located in
the d-dimensional space closer than those
with different labels

e.g., node classification

label

label1

&7

©
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Why is it hard?

 Modern deep learning toolbox is designed for
simple sequences or grids.
— CNNs for fixed-size images/grids...
— RNNs or word2vec for text/sequences...

» But networks are far more complex!
— Complex topographical structure (i.e., no spatial
locality like grids)
— No fixed node ordering or reference point (i.e., the
iIsomorphism problem)

— Often dynamic and have multimodal features.

12



Recall word2vec for NLP

@ Learning a representation for words:

$:veV—R?

he curtains open and the stars shining in on the barely
ars and the cold , close stars " . And neither of the w
rough the night with the stars shining so brightly , it
made in the light of the stars . It all boils down , wr
surely under the bright stars , thrilled by ice-white
sun , the seasons of the stars 7 Home , alone , Jay pla
m is dazzling snow , the stars have risen full and cold

e cucumber
shining bright trees dark look
stars 38 45 2 27 12

e stars

® sun

@ Ideally, we should have

|p(sun) — ¢p(stars)|| < ||¢(cucumber) — ¢(stars)||

13



Node Embeddings

o How to learn a representation for each node of networks?

o Input: G = (V/, E) or adjacency matrix
@ Problem decomposition:

o how to generate the context for each
vertex?

o how to learn the representation
effectively and efficiently?

o how to incorporate the other unique
network properties?

o how to combine network and content

together?

14
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DeepWalk

Random walk One example RW path SkipGram with
Hierarchical softmax
&v?,\ V4 V4 V3 V4 V5 Vg
&
\o Wey = 4

&/ l \> g 1]{.‘1_}!!‘—!/1.!'_]
Vo R
VG/ 5) mEnE)
1 d
i+w . .
P{vicw: - vipw Nvilo(vi)) = [ P(vI®(v)) . x
j=i—w.j#i TRt L, e ol
Hierarchical og |V log |V ™
. . — . — _¢(Vr')'w(bl) -1.6}
ofmax P10 = T Poie(n) = T] 1/ + ) L

-10 =05 0.0 05 1.0 15 20

B. Perozzi, R. Al-Rfou, and S. Skiena. 2014. Deepwalk: Online learning of social representations. KDD, 701-710.
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DeepWalk

Random walk One example RW path

S Vs

&i\ug Va V3 V1 V5 Ve
N Wa, = 4
V1 Vg 3

| = up 1]1’.1—’!!‘T.!J

VZ& s - BEss
Ve ° b
1 P

P({View: - svirw P\VlO())) = [T P(vl®(v))

J=i—w.j#i

log | V| log | V|

P(vlo(vi)) = [ Pbilo(v)) = [ 1/(1+ e ®t )
I=1 I=1

Hierarchical
softmax

1. B.Perozzi, R. Al-Rfou, and S. Skiena. 2014. Deepwalk: Online learning of social representations. KDD, 701-710.

SkipGram with
Hierarchical softmax

LR
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"
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‘ 3 - w
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Random Walk

o Generate v random walks for each vertex

o Each random walk has length t
o in each random walk step, jump to the next vertex uniformly.

Q Example: Vae — V45 — V71 — Vo4 — V5 — V1 — V17

o Finally, for vertex vq in a network, we have

V71 — VU9q — VUs — Vg 17 — Ugo —

Vg2 — Vo = V3 — U v12 — U3 —
V37 — V34 — Vg — U] V10 — Vg9q —

V73 @ VUgq4a — VU5 — V1 12 — V1 —

N

V75 — Vi4a — Vg — U] v13 — Ul —




DeepWalk

Random walk One example RW path SkipGram with
Hierarchical softmax
&VB\ V4 V4 V3 V1 V5 Vg
)
\\ e |$ Wy, = 4
V1 V5 ¢ 3

&/ l —~ Uy 1]1-";—> imm
V2

i+w

P(vicw: v Pl0()) =TT POylo(w)) =t 5 "" e
jmimw i ol we 0 em ’
Hierarchical log | V| log | V/| 4
1 i = ; = _¢(Vi)'w(bl) —16k
SOftmaX P(VJ|¢(VI)) /I[l P(bl|¢(vl)) H 1/(1+e ) N .

1. B.Perozzi, R. Al-Rfou, and S. Skiena. 2014. Deepwalk: Online learning of social representations. KDD, 701-710. 18



Representation Mapping

o Forapath W,,: va > vz = vi = v5 = vi — w6

o Define a window size w: if w = 1 then
Wy, = 4 V=

d o Map the current vertex v; to its
| 1]y : representation in R

) P o Maximize (skip-gram)

P(v3, vs|p(v1))

19



Random walk One example RW path
&V?’\ Vg Va V3 V1 V5 Vg
&
N Wa, = 4
V1 Vs 3
/ l \\; U 1]0‘,—>ﬁ'J
V2 & = - HH
v6 9 I B
1 ()
i+w
P{icws - i Ao =[] P(yl(w)
J=i—w j#i
Hierarchical log |V log | V1

softmax

1. B.Perozzi, R. Al-Rfou, and S. Skiena. 2014. Deepwalk: Online learning of social representations. KDD, 701-710.

DeepWalk

P(vlo(vi)) = [ Pbilo(v)) = [ 1/(1+ e ®t )
I=1 I=1

SkipGram with
Hierarchical softmax

LR
=06
» 3
"
-0.8 ~. . o® 4
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Hierarchical Softmax

(0,0,0) (0,0,1) (0,1,0) (0,1,1) (1,00) (1,0,1) (1,1,0) (1,1,1)

K
p(vi|G}) H p(dklgk, Ci) = H (O(qk : Ci)l_dk(]_ —o(qx - Ci))dk>
k=1

where o is the sigmoid function, gy is the vector of non-leaf
node on the path from root to word leaf, dj is the
corresponding code of g.

21



Parameter Learning

* Randomly initialize the representations

» Each classifier in the hierarchy has a set of
weights

« Use SGD (stochastic gradient descent) to
update both classifier weights and vertex
representations simultaneously

22



Results: BlogCatalog

Name

BrocCATALOG

V] 10,312

\E 333,983
V| 39

Labels Interests
% Labeled Nodes 10% 20% 30% 40% 50% 60% T70% 80% 90%
DEEPWALK 36.00 | 38.20 | 39.60 | 40.30 | 41.00 | 41.30 | 41.50 | 41.50 | 42.00
SpectralClustering | 31.06 | 34.95 | 37.27 | 38.93 [ 39.97 | 40.99 | 41.66 | 42.42 | 42.62
EdgeCluster 27.94 30.76 31.85 32.99 34.12 35.00 34.63 35.99 36.29
Micro-F1(%) | Modularity 27.35 | 30.74 | 31.77 | 3297 | 34.09 | 36.13 | 36.08 | 37.23 | 38.18
wvRN 19.51 24.34 | 25.62 | 28.82 | 30.37 [ 31.81 32.19 | 33.33 | 34.28
Majority 16.51 16.66 16.61 16.70 16.91 16.99 16.92 16.49 17.26
DEEPWALK 21.30 | 23.80 | 25.30 | 26.30 | 27.30 | 27.60 | 27.90 [ 28.20 | 28.90
SpectralClustering 19.14 | 23.57 | 25.97 | 27.46 | 28.31 | 29.46 | 30.13 | 31.38 | 31.78
EdgeCluster 16.16 19.16 20.48 22.00 23.00 23.64 23.82 24.61 24.92
Macro-F1(%) | Modularity 17.36 20.00 20.80 21.85 22.65 23.41 23.89 24.20 24.97
wvRN 6.25 10.13 11.64 14.24 15.86 17.18 17.98 18.86 19.57
Majority 2.52 2.55 2.52 2.58 2.58 2.63 2.61 2.48 2.62

o Feed the learned representation for multi-label classification

o DeepWalk (vertex representation learning) performs well,
especially when labels are sparse.



Results: YouTube

Name | YOUTUBE
\4 1,138,499
E| | 2,990,443
V| 47

Labels | Groups

% Labeled Nodes 1% 2% 3% 4% 5% 6% 7% 8% 9% 10%
DEEpWALK 37.95 39.28 40.08 40.78 | 41.32 | 41.72 | 42.12 | 42.48 | 42.78 | 43.05
SpectralClustering

Micro-F1(%) EdgeCluster 23.90 31.68 35.53 36.76 37.81 38.63 38.94 39.46 39.92 40.07
Modularity
wvRN 26.79 29.18 33.1 32.88 35.76 37.38 38.2 37.75 38.68 39.42
Majority 24.90 24.84 25.25 25.23 25.22 25.33 25.31 25.34 25.38 25.38
DeEepWALK 29.22 31.83 33.06 33.90 | 34.35 | 34.66 | 34.96 | 35.22 | 35.42 | 35.67
SpectralClustering

Macro-F1(%) | EdgeCluster 19.48 25.01 28.15 29.17 29.82 30.65 30.75 31.23 31.45 31.54
Modularity
wvRN 13.15 15.78 19.66 20.9 23.31 25.43 27.08 26.48 28.33 28.89
Majority 6.12 5.86 6.21 6.1 6.07 6.19 6.17 6.16 6.18 6.19

o Similar results on YouTube

o Spectral Clustering does not scale to large graphs

24



* DeepWalk utilizes fixed-length, unbiased
random walks to generate context for each
node, can we do better?

25



Later...

. . .~ O 8
o LINE[: explicitly preserves both first- © @ , ©
. oo O

order and second-order proximities. O ; O

O
« PTEIL learn heterogeneous text
network embedding via a semi- nlormation 7 label 4

network . S label 2

supervised manner. ord 5 > label

* Node2vecl3l: use a biased random
walk to better explore node’s
neighborhood.

Tang, M. Qu, M. Wang, M. Zhang, J. Yan, and Q. Mei. 2015. Line: Large-scale information network embedding. WWW, 1067-1077.
Tang, M. Qu, and Q. Mei. 2015. Pte: Predictive text embedding through large-scale heterogeneous text networks. KDD, 1165-1174.

1. I
2. 1.
3. A. Grover and J. Leskovec. 2016. node2vec: Scalable feature learning for networks. KDD, 855-864. 26



Questions

* What are the fundamentals underlying the
different models?

or

« Can we unify the different graph embedding
approaches?

27



Unifying DeepWalk, LINE, PTE, and
node2vec into Matrix Forms

Algorithm Closed Matrix Form
DeepWalk log (vol(G) (% Zzzl(D_lA)”) D‘l) —log b
LINE log (vol(G)D™'AD™!) —log b
([ vol( G (D) ™ A (DY) ]
PTE log| | Bvol(Gaw)(DEY,) ™' Agw (D)1 | |- log b
\L ¥ vol(Gw)(Drsy) ' A (D)™ |
node2vec log 21 2 (El(‘;; w%1£53?i1+§:30’u£;’ c’u) —logb

A: A€ RLVlXIVl is G’s adjacency matrix with A; ; as the edge weight between vertices i and j;
D.j: D, = diag(AT e) is the diagonal matrix with column sum of A;
Dyow: Drow = diag(Ae) is the diagonal matrix with row sum of A;

D: For undirected graphs (AT = A), D] = Drow. For brevity, D represents both Do & Drow-
D = diag(ds, - - -, d|y|), where d; represents generalized degree of vertex i;

vol(G): vol(G) = 2; 2 Ai,j = 2j di is the volume of an weighted graph G;

T & b: The context window size and the number of negative sampling in skip-gram, respectively.

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 of May 2019 28



DeepWalk is factorizing a matrix

Matrix

m+ 1

Wit2

DeepWalk is asymptotically and implicitly factorizing

log (

vol(G)
b

(

1

T

T

> (0ay ) o)

r=1

A Adjacency matrix

D Degree matrix

vol(G) = Z ZAU
U |

b: #negative samples

T: context window size
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LINE

Objective of LINE:

Vi |vi

bdid,
L= ZZ( ilogg (@fy;) + i log s (- w?w))-

=1 j=1

Align it with the Objective of SGNS:

2= 25 (o rions (T + EUED g (o)

LINE is actually factorizing

log <V01£G> D_lAD_l)

Recall DeepWalk's matrix form:

log (VOIZ()G) (% 3 (D-lA)’”) D“l) |

Observation LINE is a special case of DeepWalk (7" = 1).

30



PTE

degree document text —— doc_1 Fe‘“ _ —
information . ~> doc_2 information 7 label 1
nodg; network_\ t" t/)vord network g network < 7 label 2
~text
dee" . word word label 3
e /;/ classification
embeddlng classification classification
(a) word-word network (b) word-document network (c) word-label network
Heterogeneous text network
Figure 2: Heterogeneous Text Network.
WWwW WwW
avol(wa)(Daow) 1AWW( co ) 1
W\ — W\ — .
log Bvol(Gyw) (Dlrow) 1AdW(D|co|) 1 log b,
w — W \ —
_ fYVOl(GM)(Drow) A|W(Dcol) _




node2vec: Biased Walks

 Use biased random walks to trade off local and
global views of the network

* Biased walks is a special case of random walk,
thus node2vec is a special case of DeepWalk

1. A. Grover and J. Leskovec. 2016. node2vec: Scalable feature learning for networks. KDD, 855-864.

32



Unifying DeepWalk, LINE, PTE, and
node2vec into Matrix Forms

Algorithm Closed Matrix Form
DeepWalk log (Vol(G) (% Z,ll(D_lA)”) D‘l) —logb
LINE log (vol(G)D™'AD™!) —log b
([ VOl Gura ) (D) Ay (D¥¥) 1]
PTE log| | B vol(Ggy (DY 1Adw(Dcol )L | [-1logb
\L ¥ vol(Giw)(Drg) ' A (D)™ )
node2vec log ( 2r 2 (Zl(l;w;:f:)&u:)f: SC’“ﬁw, C,u) ) —log b

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 of May 2019 33



ProNE: Fast and Scalable Network Embedding

Fast Embedding Initialization

= L

Input: G = (V,E)

Enhance Embedding via
Spectral Propagation

via Sparse Matrix Factorization

J

ProNE

Output: R,

1. J.Zhang, Y. Dong, Y. Wang, J. Tang, and M. Ding. ProNE: Fast and Scalable Network Representation Learning. [JCAI’19.

34



Results

BN ProNE t
LINE

I DeepWalk

Il node2vec

105 ]

104,

103 ]

time (in seconds)

102 ]

101 ]

PPI BlogCatalog DBLP Youtube

* ProNE (1 thread) v.s.
Others (20 threads)

Dataset DeepWalk LINE node2vec ProNE

_ PPI 272 70 828 3

* 10 minutes on Wiki 494 87 939 6
Youtube (~1M nodes) BlogCatalog 1,231 185 3,533 21
DBLP 3,825 1,204 4,749 24

Youtube 68,272 5,890 >S5days 627

** Code available at https://github.com/THUDM/ProNE

35


https://github.com/THUDM/ProNE

Effectiveness experiments

Dataset | training ratio 0.1 0.3 0.5 0.7 0.9
DeepWalk 164 194 211 223 227
LINE 163 201 215 227 231
_ node2vec 162 197 216 231 241 Dataset | tamngrato | 001 003 005 007 009
= GraRep 154 189 202 204 209 DeepWalk | 493 550 571 579 584
HOPE 164 198 210 217 225 LINE 487 526 535 541 545
ProNE (SMF) 15.8 20.6 22.7 23.7 24.2 5 node2vec 48.9 55.1 57.0 58.0 58.4
ProNE 182 227 246 254 259 = GraRep 505 526 532 535 538
(o) (£0.5) (£0.3) (£0.7) (£1.0) (£1.1) A HOPE 52.2 55.0 559 56.3 56.6
DeepWalk 404 459 485 491 494 ProNE (SMF) | 508 549 561 567  57.0
LINE 478 504 512 516 524 ProNE 488 562 580 588 592
node2vec 45.6 47.0 48.2 49.6 50.0 5 (i%? o (1[81 -g) (fg-IS) (1:?-3%) (1:;)-12) (Zg)-gl)
i eepWa . . . . .
= (;Irgll{)%? gg-g gg-g ig-? Zg-? 2(1)-313 2 LINE 332 355 370 382 393
: : : : : 2 | ProNE(SMF) | 365 402 412 417 421
ProNE (SMF) | 476 516 532 535 539 ~ ProNE 382 414 423 429 433
ProNE 473 531 547 552 572 (+0) (£0.8) (£0.3) (£0.2) (£0.2) (+0.2)
(+0) (£0.7) (+£0.4) (£0.8) (£0.8) (+1.3)
DeepWalk 362  39.6 409 414 422
LINE 282 306 332 355 368 * —
=1] _
% node2vec 36.3 39.7 41.1 42.0 42.1 PrON E (S M F) _ PrON E W/ _
S GraRep 340 325 333 337 341 only sparse matrix factorization
bb ~ ~ a ~ 4~ ~ ~
o
a Pro

Embed 100,000,000 nodes by one thread:
29 hours with performance superiority

** Code available at https://github.com/THUDM/ProNE

36
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Representation Learning on Networks

S = f(A) |
[ NetMF ] —> ELN byMatrixl:

@ achieve better accuracy Output:

Input:

~\

A

) s ’ handle 100M graph Z

( | Fast RLN [ ]!

ProNE —> Z=f(Z) |

S offer 10-400X speedups

I
I
I
I
|
I
Adjacency l f ) SpaI’SIfyS 1 1
Matrix ®: NetSMF | —> Scalable RLN | | Vector
I
I
I
|
I
I

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 of May 2019
2. J. Qiu, Y. Dong, H. Ma, J. Li, C. Wang, K. Wang, and J. Tang. NetSMF: Large-Scale Network Embedding as Sparse Matrix Factorization. WWW’19.
3. J. Zhang, Y. Dong, Y. Wang, J. Tang, and M. Ding. ProNE: Fast and Scalable Network Representation Learning. [ICAI’19. 37
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2. Aggregate feature information

from neighbors

Recent GCN Research

2018 GraphSGAN

s FastGCN 2018
2018 © GAT
GraphSAGE ©Q 2017 . )
% ?\
.L CXZ\/F 1

<y

input layer

3. Predict graph context and label
using aggregated information

2017 T GCN

hidden
layers

concat/avg
> /
> R}

output layer
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From Shallow to Deep

« So far we have focused on shallow encoders,
l.e. embedding lookups:

embedding

matrix

\
Z

embedding vector for a
specific node

\
one column per node

Dimension/size
~ of embeddings
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GNN/GCN Model Architecture

o Input: preprocess adjacency matrix A and feature matrix

X ¢ RNX E
Hidden layer Hidden layer
Input ) ® o ® o Output
RelLU RelLU
a(+) o(-)
X = H? 7 — HWN)

HD — 4 (AH“)W(”)
~ ~ 1l e~ 1 e . . .
o where A= D 2AD 2, A= A+ Iy is the adjacency matrix of

graph G with added self-connections and D;; = Zj Ajj



The Core of Graph Neural Networks

hv — f(ha' hb' hC' hd: he)

Neighborhood Aggregation:
— Aggregate neighbor information and pass into a neural network
— It can be viewed as a center-surround filter in CNN---graph convolutions!
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Convolutional neural network

OO

OO

OO00OO0O0O
\Y

\Y
OO00OO0O0

OO

YWX
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GNN: Graph Convolutional Networks

k—1
ha

h = o(W,

)

ueN(v)uv \/lN(u) | |N(v) |

1. Kipf et al. Semi-supervised Classification with Graph Convolutional Networks. ICLR 2017

44



GNN: Graph Convolutional Networks

parameters in layer k

Non-linear activation function (e.g., ReLU)
k—1
hy,

hy = a(W
ueN(v)uv \/lN(u)l |N(v)|

node v’'s embedding at layer k

the neighbors of node v

)
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1.

GraphSAGE Model Arthitecture

o ldea: Node's neighborhood defines a computation graph.

o Learn how to propagate information across the graph to

compute node features

1. Sample neighborhood 2. Aggregate feature information
from neighbors

Hamilton et al. Inductive Representation Learning on Large Graphs. NIPS 2017

7

e

3. Predict graph context and label
using aggregated information
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GraphSage

GCN

h

h;

k —
v_o-

o, Y

ueN(v)uv \/lN(u) | |N(V) |

GraphSage

([Ax- AGG({hE~1,vu € N(v)}), B, hE™1])

Generalized aggregation: any differentiable
function that maps set of vectors to a single vector

1. Hamilton et al. Inductive Representation Learning on Large Graphs. NIPS 2017
2. Slide snipping from “Hamiltion & Tang, AAAI 2019 Tutorial on Graph Representation Learning” 47



GraphSage

GCN
k (W hﬁ_l )
e, S
ueN(v)uv \/lN(u) | |N(V)|

GraphSage Instead of summation, it concatenate
neighbor & self embeddings

h% = o([Ax- AGG({hE~1,vu € N(v)}), Brhk™1])

Generalized aggregation: any differentiable
function that maps set of vectors to a single vector

1. Hamilton et al. Inductive Representation Learning on Large Graphs. NIPS 2017
2. Slide snipping from “Hamiltion & Tang, AAAI 2019 Tutorial on Graph Representation Learning”
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Graph Attention Networks

Realistically, neighbors play different influences

1. Velickovic et al. Graph Attention Networks. ICLR 2018
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Graph Attention Networks

GCN

hk—l
hk = o(W =
7 "ua;)uvﬂzv<u>n1v(v>|)

Graph Attention

RE=a( )y WehE™)
ueN(v)uv

Learned attention weights

1. Velickovic et al. Graph Attention Networks. ICLR 2018

50



GAT Results

Transductive

Method Cora Citeseer Pubmed
MLP 55.1% 46.5% 71.4%
ManiReg (Belkin et al., 2006) 59.5% 60.1% 70.7%
SemiEmb (Weston et al., 2012) 59.0% 59.6% 71.7%
LP (Zhu et al., 2003) 68.0% 45.3% 63.0%
DeepWalk (Perozzi et al., 2014) 67.2% 43.2% 65.3%
ICA (Lu & Getoor, 2003) 75.1% 69.1% 73.9%
Planetoid (Yang et al., 2016) 75.7% 64.7% 77.2%
Chebyshev (Defferrard et al., 2016) 81.2% 69.8% 74.4%
GCN (Kipf & Welling, 2017) 81.5% 70.3% 79.0%
MoNet (Monti et al., 2016) 81.7£05% — 78.8 = 0.3%
GCN-64* 814+£05% 709 +05% 79.0+0.3%
GAT (ours) 83.0+0.7% 725+0.7% 79.0+03%

Inductive
Method PPI
Random 0.396
MLP 0.422
GraphSAGE-GCN (Hamilton et al., 2017) 0.500
GraphSAGE-mean (Hamilton et al., 2017) 0.598
GraphSAGE-LSTM (Hamilton et al., 2017) 0.612
GraphSAGE-pool (Hamilton et al., 2017) 0.600
GraphSAGE~* 0.768
Const-GAT (ours) 0.934 + 0.006
GAT (ours) 0.973 + 0.002




« Again, what are the fundamentals underlying
the different models?

 GNN: Over-smoothing, Overfitting, Non-
robust
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GCN can be viewed as multi-layer graph
convolution network

 with the following propagation rule

g+1) _ G(M(l)w(l))

~~ 1

where A = D"2A D2 is the normalized adjacency
matrix, H?® is the DY-dimensional hidden
representation 1n the / layer.
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Graph Convolutional Networks as Signal
Rescaling

« Neighborhood aggregation in GCN:
Node status

H 2 o (AHOWO)

* Neighborhood aggregation in CN (for node i): influence
g

— P and Q: diagonal matrix, node ranking-aware rescaling
— O0i :node ranking-aware encoder

— Pii, Qii, and o; are adaptively adjusted according to the network ranking
of node i

Hi(l+1) — O.i(l) [ rP(l

Network dynamics are driven by nodes’ status
and influence




Graph Convolutional Networks as Signal
Rescaling

« NRGCN layer:

H, = o;[(PAQHW);]

* Multi-head Propagation mechanism:

K
H; = || o{91(p*)AQ® HW)),]
k=1

e Multi-hop variants:

H, = o;[(PAF QHW);]
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Generalization to Graph Attention

 When P normalizes signals in different range, the model can
function as node, edge, and path attention mechanisms

(Node attention)

(§ =AQ

pi =Pi; =

\

(K-hop edge attention)

(s =AkQ
< S 1
\p_ST

1

-

q'1

(Edge attention)
(S =AQ

(Path attention)

(S =AQkAQk-1...AQ;

< 5 1
P=—7=
\ S1

GAT can be considered as a special case of NRGCN
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GCN, GAT

« GCN Rescale

H = o(LHW) Re-normalize
e GAT Propagate

(H =0 (N (PL+ LQ)HW)

L=A+ Iy

M —

N (-) = SparseRowSoftmax(LeakyReLU(-))
\P'i'i — (mez 3 Qii — (HW@g

 ASGCN




GraphSAGE, FastGCN
 GraphSAGE

(H' =0 (N (L6 Q)HW)
L=A+In

NM) = D_lMa D;; = Z M.

J

| {QilAi; # 0} ~ Sample (deg(i), 1)

N

* FastGCN
(H =0 (N (LQ) HW)
(N (M) = %M

\ {Q(UI)QII, Q(U'Q)QQQa t aQ(un)an} ~ Sample(N, tl)
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Graph Convolutional Networks as Signal
Rescaling

Table 1. GCNs as Signal Rescaling (Note that P, Q, N (-) are
model specified).

Methods Rescaling and Propagation Rules
vanilla GCN H =0 (LHW)
GAT =oc(N(PL+ LQ)HW)
GraphSAGEean H =0(N(L5Q)HW)
FastGCN = o (N (LQ)HW)
ASGCN =0 (N (LQ)HW)
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-

Category

Method

Citeseer

Cora Pubmed
2 MLP 55.1 46.5 71.4
£ ManiReg 59.5 60.1 70.7
§ SemiEmb 59.0 59.6 71.1
6 LP 68.0 45.3 63.0
O DeepWalk 67.2 43.2 65.3
g ICA 75.1 69.1 73.9
“~ Planetoid 75.7 64.7 77.2
Chebyshev 81.2 69.8 74.4
GCN 81.5 70.3 79.0

MixHop 81.9+04 71.4+0.8 80.8+0.6

S FastGCN* 80.0+0.6 69.5+0.6 77.8+0.4

= ASGCN* 78.5+0.5 689+0.5 75.5+04

E GAT 83.0+0.7 72.5+0.7 79.0+0.3

é GAT-SR** 83.4+04 724+0.6 78.7+0.4

< GAT-16** 83.4+04 72.3+0.6 78.84+0.3

5‘3 SRGCN 84.1+0.5 73.4+0.7 79.5+04

SRGCN (Pre) 83.8+0.6 73.2+0.6 79.3+0.6

SRGCN (Post) 84.1+0.5 73.3+0.7 79.4+0.5

SRGCN (1/2) 83.9+0.6 73.3+0.9 79.3+0.6

SRGCN (1/4) 84.0+0.6 73.0+0.9 79.0+0.8

SRGCN (1/8) 84.0+0.6 725+14 77.5+1.3

p-value (SRGCN vs. GAT-16)  5.8e-21 1.4e-25 5.1e-29

60



N 7 N N ’ / N ™N
Input [CLS] W my dog is ( cute W [SEP] he { likes W play W ##ing W [SEP]
Token
Embeddings E[CLS] Emy Edog Eis Ecute E[SEP] Eh E| k Eplay £ ng E[SEP]
+ + + + -+ + + =+ L -+ -+
Segment
Embeddings EA EA EA EA EA EA EB EB EB EB EB
=+ -+ + =+ + + =+ =+ + + +
Position
Embeddings EO E1 E2 E3 E4 E5 E6 E7 E8 E9 E10

 Pre-train
 Fine tune

« Beat all state-of-the-arts on 11 NLP tasks in 2018
« BERTology: XLNet, Roberta, ALBert, TinyBERT, etc.



Contrastive Learning: MoCo, SImCLR, etc.

% Supervised ...~ %SimCLR (4x)

g ~_*SimCLR (2x)
§ e eCPCv2-L
£ 70 MoCo (4x
= *SimCLR oCMC ¢ ,( )
Q oPIRL-c2x
< AMDIM
~- 65 2 eMoCo (2x)
Y QCPCVZ PIRL-ens.
- PIRL oBigBiGAN
g, 60 *MoCo
S LA
&
£ eRotation

o9 elnstDisc

25 50 100 200 400 626
Number of Parameters (Millions)

« Simplified contrastive learning framework

* Qutperform previous self-supervised and semi-
supervised methods on ImageNet

https://arxiv.org/abs/2002.05709
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Challenges

* How to combine Graph with Pre-Training
(BERT/CL)?

* GNN: Over-smoothing, Overfitting, Non-robust
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Let us start with a challenging question
—Multi-hop Question Answering (QA)
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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?

Quality Café

The Quality Cafe is a
now-defunct diner in
Los Angeles, California.
The restaurant has
appeared as a location
featured in a number of
Hollywood films,
including Old School,
Gone in 60 Seconds, ...

Old School

Old School is a 2003
American comedy film
released by Dream
Works Pictures and
The Montecito Picture
Company and directed
by Todd Phillips.

Los Angeles

Los Angeles is the most
populous city in
California, the second
most populous city in
the United States, after
New York City, and the
third most populous city

in North America.

Todd Phillips

Todd Phillips is an
American director,
producer, screenwriter,
and actor. He is best
known for writing and
directing films, including
Road Trip (2000), Old
School (2003), Starsky
& Hutch (2004), and
The Hangover Trilogy.

Alessandro Moschitti

Alessandro Moschitti is

a professor of the CS
Department of the
University of Trento,
Italy. He is currently a
Principal Research
Scientist of the Qatar
Computing Research
Institute (QCRI)

ey N
;'fw N
Q @ ;?ji
Qi

WIKIPEDIA

N

The Free Encyclopedia

Tsinghua University

Tsinghua University is a

major research university in

Beijing and dedicated to

academic excellence and

global development.

Tsinghua is perennially

ranked as one of the top

academic institutions in 3
China, Asia, and

worldwide... V .
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Modeling Layer

yyyyy
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y

Query2Context and Context2Query

Hik

fr: EREREANE, MANNES
151)-5,“\&;%2.7—%”1/\

h, hy u
L] ] e
= [} O =} O O
R s [ | (- O =
Xp X7 Qqq q

lllllll

yyyyy

K

BERT

CRYHEIE RE

Start/End Span

Query2Context . . .
i () ) ) ()
Context2Query BERT

------ o] ) &
h

Word  Character L=l =1 =1
ggggggggggggggggggg

Question

Paragraph

BIDAF, BERT, XLNet

=11

N

mem @ x5

~ EL

XLNet

= X3 X4

Factorization order: 4 > 32> 1 > 2

67



bk

R 5 A

jﬁﬂlﬂu?

- M
- ﬁl 1

ﬁm_hi F' AJ MLII
- R E FE

- B

BMEET

o] 25 0 SCAY
’“"%‘EIZIKE% (EXEFEIEAE)

=LA HE

FXSECHY 3

Lfth ] gE

L A R
MHABEEEMES:

B ZEZRIXT5E

2 \Iﬁ}

ﬂl% Im?
A

T’E IR

68



WHIEVE . AR, I

1TLd

FUR TR

Question: Who is the director of the 2003 film which has scenes
in it filmed at the Quality Cafe in Los Angeles’7

Quallty Cafe
(jazz club)

— =
—
-— -
-
e

~
~
~
~

S
Los Angeles

restaurant and School

WIKIPEDIA

Hollywood films,

» o«

jazz club... econds ...

Los Angeles
officially the City

cluding "Old of Los Angeles
one in 60 and often known
S by its initials

The Free Encyclopedia

LA.,..

Quality Cafe was a
» 1-hop historical

Todd correct

3-hop Phillips / answer

N\ T
Gone in 60 Seconds

Gone in 60 Seconds is a
2000 American action heist
film...

directed by Dominic Sena.
1

7N\
{ Dominic \
\' Sena !
\ /
~ 7

e
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R 4
System 1 System 2
Intuitive Analytic

~

J

N

Dual Process Theory (Cognitive Science)
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SYSTEM 1 VS. SYSTEM 2 COGNITION

2 systems (and categories of cognitive tasks):

System 1

* Intuitive, fast, UNCONSCIOUS,
non-linguistic, habitual

e Current DL

% oMila

1. From Bengio’s NIPS’2019 Keynote

THINKING,

FAST..SLOW

A —
DANIEL

KAHNEMAN

Manipulates high-level /
semantic concepts, which can
be recombined

combinatorially |

System 2

» Slow, logical, sequential, CONSCIOUS,
linguistic, algorithmic, planning, reasoning

* Future DL
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Reasoning w/ Cognitive Graph

« System 1.

— Knowledge expansion by association in text
when reading

¢ System 2:

— Decision making w/ all the information

N

System 1 System 2
Intuitive Analytic

|

—_
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CogQA: Cognitive Graph for QA

* An iterative framework corresponding to dual process theory
¢ System 1

— extract entities to build the cognitive graph

— generate semantic vectors for each node
¢ System 2

— Do reasoning based on semantic vectors and graph

— Feed clues to System 1 to extract next-hop entities

[ System 1 ] e"ffacf Question Cognitive Graph
Input Quality café Los Angeles
...location feat 'ed in a number of l‘
Hollywood film | i6bURfg Old School, Y
Gone in 60 Se| dnds... Old school Gone in 60 seconds
input \ \
[Systemz] — Domini
Todd PAillips ominic Sena
predict



System 1: BIDAF, BERT

* reading comprehension: target at understanding
the whole paragraph

BiDAF BERT XLNet

Start/End Span

Start End Query2Context . ' .
................. q 5
"""" [ e ][ T, ] [ T ][ TlSE”l ][ T, ] [TM ]
""""""""""""""""
h, h, hy
9 9;
¢ Context2Query B E RT
‘‘‘‘‘‘‘‘‘‘‘‘‘‘‘‘‘‘‘‘‘‘‘‘‘‘‘‘‘‘‘‘ ttittt
nnnnnnn .HO‘. o‘
hooh by H } il }
Contextual SRS SRs SRe Sme Sne S)
s | OO0 0 a0 688 Eas ||_E; Ey || Een || E E,
h; h, h
ddddddddd 1 12 T
o o o= [ (] ] —
— Word ~ Character U U —u— —I_I—
aaaaaaa
eeeeeeeeee o o o == = = Embedding Embedding ©
S q. Tok Tok Tok Tok
— ea |() - (C](een (] (]  mem L - - .
eeeeeeee
Factorization order: 4 > 32> 1 > 2
Question Paragraph

1. Rajpurkar, Pranav, et al. "SQuAD: 100,000+ Questions for Machine Comprehension of Text." EMNLP. 2016. 74



Cognitive Graph: DL + Dual Process Theory

s Tl o = —
- o o o o e o e e o

/
\\ y
R R R N R R R R R R R R R R R—N————————— -
|Name of entity “Next”| |Possible answer “Ans” |
PR - il il Gl G N el <
' T q4r q%r 13 qdr qdr "

N - (o ) [Toen) (@ ] - v @) [
b -{semiz, Q. cue] System 1 (BERT)
: ,
1
1
1

- e e e e o e = o

EicLs) E, .es En Eiskp E; .. . e Ejy
_ﬁ ES S S =S )
L L L L LJ
[CLS] Tok, . Tokn [SEP] Tok} . ven e Tok),
\ N -~ J N — >4
\ Question + clues[x,G] Paragraph[x] _ /
T o e o e o o o o e O S R S S R S S B S S R S S B S S S M S B S S S S S S e S e e

1. M. Ding, C. Zhou, Q. Chen, H. Yang, and J. Tang. Cognitive Graph for Multi-Hop Reading Comprehension at Scale. ACL’19.

System 2:
explicit
decision

System 1:
implicit
knowledge
expansion
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System 2: Reasoning, and Decision

Question: Who is the director of the 2003 film which has scenes

— =
-_—
- \\\
—_— ~
~
~

<
uality Cafe . . o
Q_ ¥ Quality Cafe (diner) Los Angeles
(jazz club)
Los Angeles
Quality Cafe was a location featured i a number of officially the City
> 1-hop historical cluding "Old of Los Angeles
W A restaurant and one in 60 and often known
IKIPEDI jazz club... N by its initials
. ~N
The Free Encyclopedia - LA.,..
u :
Gone in 60 Seconds
Gone in 60 Seconds is a
2-hop 2000 American action heist
film...
directed by Dominic Sena.
1
/7 N\
Todd correct { Dominic \
3-hop - |
Phillips / answer \" Sena ,
N ~ 7

- -
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Cognitive Graph: DL + Dual Process Theory

Cognitive Graph G
Before Visiting x

System 2 (GNN)

J
e e _ -~ K ” N -
> oD ’ N Pass clues A 1 Results of The
‘/‘/2 | INext! to “Next”“Ans” I Ans ! Step of
X[x] \ 7 | | S e
s e > ~ - . ——a Visiting x
| N N
| L L
: \ L ) Hop span Ans span /7
W m= == == == — T e e mm = fEr—————— — — — — — -
|
: |Name of entity “Next”| |Possible answer “Ans” |
P iR Y il - G Gl e e - o
'/ TP q4r 9t 4> 1F_1r
| 4 | I L 7 N\
=) - e ) - (2] - (3] - (2] [=
1]
|
ll__.-~[sem T clues ]
i (2, Q, clues] System 1 (BERT)
: ElcLs) Ey - En Eisep E; . . . B,
| ;ﬁ ES S S =S )
I L L L LJ L
I [CLS] Tok, . Tokn [SEP] Tok} . ven e Tok),
\ N -~ J N — >4
\ Question + clues[x,G] Paragraph[x] _
T o e o e o o o o e O S R S S R S S B S S R S S B S S S M S B S S S S S S e S e e

M. Ding, C. Zhou, Q. Chen, H. Yang, and J. Tang. Cognitive Graph for Multi-Hop Reading Comprehension at Scale. ACL’19.

— o o o o o o o = -

7

- e e e e o e = o

System 2:
explicit
decision

System 1:
implicit
knowledge
expansion
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System 1: the BERT Implementation

' Hop span Ans span
Negative e e P —
threshold |Name of entity “Next”| |Possible answer “Ans” |
~ % {9 9% S . .
KR IEN N e [ [ ]
Initial
xra) o (el @ clues] System 1 (BERT)
Eicrs) Ey ves Ex Eisep) E; ‘e ves e Ey
> P SN ~
L] L L1 L1 L]
[CLS] Tok, - Tokn [SEP) Tok) . . "o Tokhy,
Question +vclues[x,G] Para;;aph[x]
(_—)Sans'Ti
. Y y Jues|z SEP Paralz Pst,art [Z] — g
lCLb] Question [SEP) clues([z,G] | ]/ - (1‘1(1.[.1]1 ans | 3 oSansT;
W NV J -
Sentence A Sentence B .
. e v . ndf :
endy, = arg max P&:;.,:- [.] ]

start, <j<startp+maxlL

« Extract top-k next-hop entities and answer candidates respectively
» Predict the start and end probabilities of each position

 (Generate semantic vectors for entities based on their documents

« Take the 0-th probability as negative threshold
» Ignore the spans whose start probabilities are small than the negative threshold



System 2: the GNN implementation

N

System 2 (GNN)

Cognitive Graph G
Before Visiting x

sernLr,CQ,clues]’

At each step, hidden representations X
for nodes are updated according to the

propagation rules:
A = o((AD HT o (X))
X' =o(XWy + A)

p,
-~ ’, \A - —
o L[/Q dIIIID 7 X Pass clues r 1 Results of The
Initial - | ‘\Neattl to “Next”“Ans” IAns: Step of
X[x] X[ZL’] <=7 !____. Visiting x
N
L ﬁ y L] L]
Hop span Ans span

Predictor # is a two-layer MLP,
which predicts the final answer
based on hidden representations X:

answer = argmax JF(X|z])
answer node x
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Performance

* HotpotQA is a dataset with leaderboard similar to SQuUAD
* CogQA ranked 1st from 21, Feb to 15, May (nearly 3 month)

Model Ans Sup Joint
EM Fy Prec Recall | EM Fi Prec Recall | EM Fi Prec  Recall
Yang et al. (2018) 239 329 349 339 5.1 409 47.2 40.8 2.5 17.2 204 17.8
Yang et al. (2018)-IR | 24.6 34.0 35.7 34.8 109 493 525 52.1 52 21.1 227 23.2
Dev BERT 2277 31.6 334 31.9 6.5 424 546 38.7 3.1 17.8 243 16.2
CogQA-sysl 336 450 476 45.4 23.7 583 67.3 56.2 12.3 325 39.0 31.8
CogQA-onlyR 346 46.2 48.8 46.7 147 482 564 47.7 83 299 36.2 30.1
CogQA-onlyQ 30.7 404 429 40.7 234 499 56.5 48.5 12.4 30.1 352 29.9
CogQA 376 494 52.2 49.9 23.1 585 64.3 59.7 12.2  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 40.2 - - N/A N/A - - N/A N/A - -
GRN 273 36.5 - - 12.2 48.8 - - 74  23.6 - -
CogQA 37.1 489 - - 22.8 57.7 - - 124 349 - -

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

** Code available at https://github.com/THUDM/CogQA



https://github.com/THUDM/CogQA

Reasoning Power

CogQA Performs much better on question with more hops'!

0.6 o— CogQA 3.2
w M= C0gQA-onlyR
0.5 - «&= « Yangetal. (2018)-IR 3.0
Yang etal. (2018)
*» Average hops
0.4 2.8
o )
o (@
®)
© 0.3 26 2
:
£ 0.2 24 5
9) = <
0.1 i 2.2
0 2.0
“ema\'\\le ge(\e(a\ \N‘(\'\C\‘ \N‘<\3‘ Wno 0\‘(\3‘ \N\ge‘e \N\(\e“
5\

Question type
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Case Study

Q: Ken Pruitt was a Republican member
of an upper house of the legislature with
how many members?

l

Ken Pruitt was a ) ... previously a
Republican Ken Pruitt member of the
member of the / Florida House of
Florida Senate ... \ Representatives.
¥ N
Florida Florida House of
Senate Representatives
| |
The Senate has The House is composed
40 members... of 120 members...
\/ \/
40 120

\/ (1) Tree

* Tree-shape Cognitive
Graph

» Users can verify the
answer by comparing it
with another possible
reasoning chain.

» “Upper House” in the
guestion is similar to
“Senate” not “House of
Representative’
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Case Study

Q: What Cason, CA soccer team
features the son of Roy Lassiter?
+ DAG-shape Cognitive
X Graph

He is the father
¢ LA Gal Roy Lassiter . .
of LA Galaxy « Multiple supporting facts

E:se.; eArf_'e' \ provides richer

Lassiter. A information, increasing

L assiter the credibility of the
answer.

...he had signed

LA with LA Galaxy...

Galaxy

(2) DAG
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Case Study

Q: What Lithuanian producer is best
known for a song that was one of the
most popular songs in lbiza in 20147

| .
v (Retrieved)
.. IS a song Walking with
by Lithuanian Elephants

producer Ten
Walls. / \
\ / ...best known for

his 2014 single

Ten Walls “Walking with
Marijus J Elephants”.
Adomaitis ... l
his stage name
Ten Walls. Marijus
Adomaitis

(3) Cyclic Graph

« CogQA gives the answer
“Marijus Adomaitis” while
the ground truth is “Ten
Walls”.

* By examining, Ten Walls
IS just the stage name of
Marijus Adomaitis!

* Without cognitive graphs,

black-box models cannot
achieve it.
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Summary

* lterative Framework --> Myopic Retrieval

« Cognitive Graph

--> Explainability

« Dual process theory --> System 2 Reasoning

Cognitive graph

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

\

Quality Cafe (diner)

Quality Cafe

Los A |
(jazz club) os Angeles

Los Angeles
officially the City
of Los Angeles

location featured in a number of
Hollywood films, including "Old
School”, “Gone in 60
Seconds”...

Quality Cafe was a
1-hop historical
and often known

by its initials
LA...

restaurant and
jazz club...

P

Old School (film)

Gone in 60 Seconds

Old School is a 2003

Gone in 60 Seconds is a

2—h0p American comedy film... 2000 American action heist
directed by film...
Todd F:hillipg. directed by Dominic Sena.
777N
3-hop Todd correct { Dominic \
Phillips / answer \\ Sena /'
~ - — rd

CogQA framework

System 2 (GNN)

Cognitive Graph G
Before Visiting x

X[Preuvs)
@[ b D e
Wi
P ~————~m::|:|:>——¥
X[Prev,]

|Name of entity “Next”|

N
[ -< Nap — —
> QD ,7~¥  Pass clues Aar 1 Results of The
M/ 2 C '\]Vea:tl to “Next”“Ans” : Ans : Step of
_____________________ »l X[T] ~-7 C——a Visiting x
LJ LJ
Hop span Ans span

|Possible answer “Ans”|

S5 S L SP S NP WE 5'
(o) (o) (3] o (2] - (2] = [ (&)

System 1 (BERT)

H/_} E R S
L L L L
(CLS) Toky ‘[SEP‘ Tok,

—_—

Question + clues[x,G]

Paragraph[x]
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More Applications: KG completion

« Completing knowledge graph with cognitive graph

One-shot Training Instance

Michael AthletePlaysIinGame | 1992
Jordan | Olympics

— e — — — — — — — — — — — — — — — — — — —- — — —- — — — —

Reasoning Process | Abstracting | | Reasoning ettt
Module .+ Module

_| Representation |
Output >

PlaySports _
Burak Y---"" "
Yiimaz

Inferred Facts

Neighbor

|
|
|
|
|
Aggregate B |
|
|
|
|
|

|
|
| System 2
. Athletel : ,

vy . _V\\ ~ _ _
Current ( tA \ | Next |

State 9 s | )

-~ -=== System 1




Mint(e%
ELCLIN =3




FE=RALEEHEREFR

FAE20155, KBS 25 = AN T8 ek R AT ;
2017EDARPAJEXAITH , MW AN 72 R G AL
L H AL R R OB I = AN, AT R R
Al R G T 5T

20184, IEXAFIREF=RANLTERIERIERER

— TR, BRI TR REELR AT

- RIERA. Wk, WERTY RO A

— HEBh A L RE RIS A

FLR S % 2k &
— SIRRERS, KRS R M TR RS o
— B SRRSO TR RS 5 - om ;‘m
B = AR N TR R P2 7 [ P A i
KRG 2R ) i

—

I8 t7<s
119.5.6

88



Edward Feigenbaum
Turing Award Winner

Big Data

S RS S

NI SHEE

—Trillion-scale common-sense knowledge graph

-

Knowledge

* Al = Knowledge + Intelligence

1. J.Tang, J. Zhang, L. Yao, J. Li, L. Zhang, and Z. Su. ArnetMiner: Extraction and Mining of Academic Social Networks. KDD’08. pp.990-998.

-

Intelligence

Tim Berners Lee
Turing Award




graph_net
* By DeepMind

Box 3: Our definition of “graph”

vz, M
'VSk'_>‘V’I"k'

edge k. To be more precise, we define these terms as:

Attributed : edges and vertices have attributes associated with t
Global attribute : a graph-level attribute.

interested in modeling, including physical systems, molecules, images

Attributes

H B BN

« ~O | e
)

Here we use “graph” to mean a directed, attributed multi-graph with a global attribute. In our
terminology, a node is denoted as v;, an edge as ey, and the global attributes as u. We also use
s, and 7 to indicate the indices of the sender and receiver nodes (see below), respectively, for

Directed : one-way edges, from a “sender” node to a “receiver” node.
Attribute : properties that can be encoded as a vector, set, or even another graph.

hem.

Multi-graph : there can be more than one edge between vertices, including self-edges.

Figure 2 shows a variety of different types of graphs corresponding to real data that we may be

, and text.

https://arxiv.org/abs/1806.01261
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REALM: Retrieval-Augmented LM

BERT : p(y|z)

REALM : p(y|z) = Zp (y|z, z)p(z|z)
2€Z

* where Z is the supporting set.

B tuiuir il Pre-training -~ “sample Supervised
.-~ sample .-~ sample
v---Unlabeled text --------------- Caaaaanans P . corpus (X)) -~ Input query ------------- ,p

E The [MASK] at the top of the pyramid (1) ' . what’s the angle of an equilateral triangle? (1):
l retrieve I : retrieve LU=iTel
[Neural Knowledge Retriever (())] ——————— knowledge ' Neural Knowledge Retriever () <-=---"- knowledge
* l corpus (Z) ; corpus (Z)
(z,2) (z,2) /
\\»[Knowledge-Augmented Encoder (o)] \[Knowledge-Augmented Encoder (o)]
7= Answer----Z--c-ooooooo- : -~ Answer """"‘.
: [MASK] = pyramidion (y) ' 60 degrees (y) !

_____________________________________________
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Graph Embedding&GNN: A Quick Summary

B Cognitive Graph
00 o [|mmmuonsee B
s ‘E‘w B =i . ProNE, GATNE, BurstGraph
@ @ (] .. /7.7. "= =i
A N .' | " FastGCNs, Graph attention
e NetMF & NetSMF

Neural message passing, GraphSage

Gated graph neural network
structure2vec

Graph convolutional network
PTE, metapath2vec
LINE, node2vec

DeepWalk
Spectral graph convolution

word2vec (skip-gram)

Graph neural network

Spectral clustering

Spectral partitioning

2019:
2019:

2018:
2018:

2017:

2016:
2016:

2015:
2015:
2015:

2014:
2014:

2013:

2005:
2000:

1973:

Ding et al., ACL’19

Zhang et al., [ICAI’19; Cen et al., KDD’19; Zhao et al., [JCAI’19

Velickovic et al., ICLR’18, Chen et al., ICLR 2018
Qiuetal., WSDM’18 & WWW’19

Gilmer et al., ICML’17; Hamilton et al., NIPS’17

Lietal., ICLR’16
Dai et al., ICML’16

Duvenaud et al., NIPS’15; Kipf & Welling ICLR’17
Tang et al., KDD’15; Dong et al., KDD’17
Tang et al., WWW’15; Grover & Leskovec, KDD’16

Perozzi et al., KDD’14 . e
Brunaetal., ICLR’14 || E
Mikolov et al., ICLR’13 S RI RN s=2 BANS
Gori et al., JCNN’05 SA) A
Ng et al. & Shi, Malik

Donath & Hoffman

utpl




-

N\

Storage &
Computing

~

J

g Network A
embedding,
GCN, GNN,

N knowledge )

[=]TA Z0FYGNN

* From perceptron to cognition

-

reasoning, A

planning,
logical,

expression y

HE

AN

Stochastic vs Deterministic
Uncertainty!
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Jie Zhang, Yuxiao Dong, Yan Wang, Jie Tang, and Ming Ding. ProNE: Fast and Scalable Network Representation
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Yukuo Cen, Xu Zou, Jianwei Zhang, Hongxia Yang, Jingren Zhou and Jie Tang. Representation Learning for Attributed
Multiplex Heterogeneous Network. KDD’19.
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Qibin Chen, Junyang Lin, Yichang Zhang, Hongxia Yang, Jingren Zhou and Jie Tang. Towards Knowledge-Based
Personalized Product Description Generation in E-commerce. KDD'19.

Yifeng Zhao, Xiangwei Wang, Hongxia Yang, Le Song, and Jie Tang. Large Scale Evolving Graphs with Burst Detection.
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Yu Han, Jie Tang, and Qian Chen. Network Embedding under Partial Monitoring for Evolving Networks. IJCAI'19.
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Jiezhong Qiu, Yuxiao Dong, Hao Ma, Jian Li, Chi Wang, Kuansan Wang, and Jie Tang. NetSMF: Large-Scale Network
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Jiezhong Qiu, Jian Tang, Hao Ma, Yuxiao Dong, Kuansan Wang, and Jie Tang. Deeplnf: Modeling Influence Locality in
Large Social Networks. KDD’18.

Jiezhong Qiu, Yuxiao Dong, Hao Ma, Jian Li, Kuansan Wang, and Jie Tang. Network Embedding as Matrix Factorization:
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For more, please check here http://keg.cs.tsinghua.edu.cn/jietang
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http://keg.cs.tsinghua.edu.cn/jietang

Thank you'!

Collaborators:

Jie Zhang, Ming Ding, Jiezhong Qiu, Qibin Chen, Yifeng Zhao, Yukuo Cen, Yu
Han, Fanjin Zhang, Xu Zou, Yan Wang, et al. (THU)

Hongxiao Yang, Chang Zhou, Le Song, Jingren Zhou, et al. (Alibaba)
Yuxiao Dong, Chi Wang, Hao Ma, Kuansan Wang (Microsoft)

Jie Tang, KEG, Tsinghua U http://keg.cs.tsinghua.edu.cn/jietang
Download all data & Codes https://keqg.cs.tsinghua.edu.cn/coqgdl/
https://github.com/THUDM
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