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e AR - Architecture and Organization

e (N - Computational Science

e DS - Discrete Structures

e GV - Graphics and Visualization

e HCI - Human-Computer Interaction

e IAS - Information Assurance and Security
e IM - Information Management

e IS - Intelligent Systems

e NC - Networking and Communications

e OS - Operating Systems

e PBD - Platform-based Development

e PD - Parallel and Distributed Computing
e PL - Programming Languages

e SDF - Software Development Fundamentals
e SE - Software Engineering

e SF - Systems Fundamentals

e SP - Social Issues and Professional Practice
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BEFARE (1)

Network

A collection of individual or atomic entities
Referred to as nodes or vertices (the “dots” or “points”)

Collection of links or edges between vertices (the “lines”)
Links can represent any pairwise relationship -

lhﬂ* d.‘ - - -
. . . Yilatr »==° . . feo
Links can be directed or undirected Vet work exist in th€
. . . ?
Network: entire collection of nodes and links world

For us, a network is an abstract object (list of pairs) and is
separate from its visual layout

that is, we will be interested in properties that are
invariant

— structural properties

— statistical properties of families of networks
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BEFARE (2)

* Network size: total number of vertices (denoted N)
«  Maximum number of edges (undirected): N(N-1)/2 ~ NA2/2

* Distance or geodesic path L between vertices u and v:
— number of edges on the shortest path from u to v
— can consider directed or undirected cases
— infiniteifthereisnopath fromuto v
* Diameter of a network
— worst-case diameter: largest distance between a pair
— Diameter: longest shortest path between any two pairs
— average-case diameter: average distance

+ If the distance between all pairs is finite, we say the network is
connected; else it has multiple components

* Degree of vertex v: number of edges connected to v
* Density: ratio of edges to vertices
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. Graph Theory Network Theory
Mathematics of graphs « Relate to real-world phenomena
— Networks with pure structure — Social networks
with properties that are fixed _ Economic networks
over time
— Energy networks
— Focus on syntax rather than : :
semantics * Networks are doing something
+ Nodes and edges do not — Making new relations
have semantics — Making money
. Eg A n9de C!OGS not have —_ Producjng power
a social identity Are d ,
— Concerned with re dynamic
characteristics of graphs — Structure: Dynamics of the network
— Proofs — Agency: Dynamics in the network

Are active, which effects
— Individual behavior
— Behavior of the network as a whole

— Algorithms
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Figure 1.3. Real social networks exhibit clustering, the tendency of two

individuals who share a mutual friend to be friends themselves. Here, Ego has
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Figure 1: Human
Network
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Router G
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Router E

Router B
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Router €
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Router D

Network Measures

14 paths of length 1
42 paths of length 2

56 geodesics in network

Physical Links 7
Average Path Length  1.750
Longest Path 2 hops

Network Centralization  1.000 (maximum)
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- —
Router G

Router A

Router E

- 7
Router C

Network Measures

16 paths of length 1
16 paths of length 2
16 paths of length 3
16 paths of length 4

(4 geodesios in netwoik
Physical Links 8
Average Path Length  2.500
Longest Path 4 hops

Network Centralization  0.000 (minimum)
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Figure 4: Routers in Full
Mesh Topology

Network Measures

56 paths of length 1
56 geodesics in network

W=, Physical Links 28
“~ . Average Path Length  1.000
, W% Longest Path 1hap

%

outer C  Network Centralization 0.000 {minimum)

Router E
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Figure 5. Routers in
‘artial Mesh Topology

Router A

Routor F Router D

Router E

Network Measures

24 paths oflength 1
48 paths oflength 2

72 geodasicsin natwork

Physical Links 12
Average Path Length 1,667
Longest Path 2 hops

Network Centralization  0.000 (minimum)
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19894:NSFnet

-igure 6: NSFnet in
1989
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1989+

“NSFnet[()i%

IR

4k

Number of Longest Average
. .. Network Path
Scenario Geodesicsin e s Path
Centralization Length
the Network (hops)
(hops)
Original Design 200 0.062 4 2.370

(Figure 6)

1) Node failure: 180 0.208 5 2.689
NCSA

2} Node failure: 180 C.083 4 2.48%
MID

3)  Node failure: 148 0.046 4 2.324
JVNC

4) Link failure: 230 0.167 6 2.974
NCSA-PSC

5)  Linkfailure: 212 0.123 5 2.660
USAN-MID

6) Link failure: 192 0.069 4 2.458
MERIT-JVNC
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Figure 1.11: When people are influenced by the behaviors their neighbors in the network, the
. - . . o ) adoption of a new product or innovation can cascade through the network structure, Here,
Figure 1.7: From the social network of friendships in the karate club from Figure 1.1, we e-mail recommendations for a Japanese graphic novel spread in a kind of informational or

can find clues to the latent schism that eventually split the group into two separate clubs social contagion. (Image from Leskovec et al. [268].)
(indicated by the two different shadings of individuals in the picture).

World Trade 1994
Residuals Model 1

Figure 1.9 In some sottings, soch as  this map of Modieval trade routes,  phy
ical  petworks  comstrain the  patterns  of  intesaction,  giving  certain  participant

an iotrinsde  ecoomomic  advantage  bosed  om their network  pesition. (lmage  frod

bttp:/ fupload wikinedi fwikipediz/ fo /o1 / Lastin Mexliovad Traco Routes. jpg. )
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(a) standard table: variables in columns indexed with unrelated entities

Data formats distinguished by the structure of the domain.
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e
f /
d

c D X

/ (a.f) | 1
b (d e) S
(b,c) | 3

(b) dyadic: variables in columns indexed with unrelated pairs of entities

Data formats distinguished by the structure of the domain.
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D |«x x(D)|a b ¢ d e f
(a,b) | 0 al- 0 1 0 1 0
(a,c) | 1 b(0O - 1 2 . .
(a,d) | 0 c(l1 1 - 0 2 0
(a,e) | 1 dj{o 2 0 - 1 4
. (a,f) | 0 e |l 2 1 2
(b,c) | 1 f10 0 4 2 .
(b,d) | 2
(c,d) | 0O

b

(c) network: variables in columns indexed with incident pairs of entities, or in matrices

Data formats distinguished by the structure of the domain.
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= Node classification
= Predict a type of a given node
= [ Ink prediction
= Predict whether two nodes are linked
= Community detection
= |dentify densely linked clusters of nodes

= Network similarity
= How similar are two (sub)networks

@  CRLET R U
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o
Machine
Learning

Example: Node Classification

Many possible ways to create node features:

= Node degree, PageRank score, Motifs, Degree of
neighbors, Clustering, ...
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Graph Regularization, Graph
convolutions e.g., dropout convolutions

Activation
function

Predictions: Node labels,
New links, Generated

Input: Network graphs and subgraphs
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= Modern deep learning toolbox is
designed for simple sequences or grids

= CNNSs for fixed-size images/grids....

il

= BRNNs or word2vec for text/sequences...

&

& ®
1 [ 1
Wo— .
W OO0 A Ledsgl A
1 [ [ i
@ ® &

@ PaMTRXSy



R L 5 > AE [ TN AT 55 6 RT3

But networks are far more complex!

= Arbitrary size and complex topological
structure (i.e., no spatial locality like grids)

Text

= No fixed node ordering or reference point
= Often dynamic and have multimodal features
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We have a graph G:

= I/ Is the vertex set

= A is the (binary) adjacency maitrix

= X € R™WVlis a matrix of node features

= Meaningful node features:
= Social networks: User profile

= Biological networks: Gene expression profiles,
gene functional information

& ranvixy
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Idea: Node’s neighborhood defines a
computation graph
| ], —

Determine node Propagate and
computation graph transform information

Learn how to propagate information across
the graph to compute node features

The Graph Neural Network Model. Scarselli et al. IEEE Transactions on Neural Networks 2005
Semi-Supervised Classification with Graph Convolutional Networks. T. N. Kipf, M. Welling, ICLR 2017
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s
TARGET NODE s “. )
-+ D P— 4'.
a @l g
INPUT GRAPH ~@

Each node defines a computation graph

= Each edge in this graph is a
transformation/aggregation function

Inductive Representation Learning on Large Graphs. W. Hamilton, R. Ying, J. Leskovec. NIPS, 2017.
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TARGET NODE

i
‘.A ——rn - .

INPUT GRAPH

Neural networks

Intuition: Nodes aggregate information from
their neighbors using neural networks

Inductive Representation Learning on Large Graphs. W. Hamilton, R. Ying, J. Leskovec. NIPS, 2017.
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Intuition: Network neighborhood

defines a computation graph

Every node defines a computation
graph based on its neighborhood!

o o * ¢ . °©
N o wn @ %.ﬁ.:uf. ny L S %
®o0 e o o0 Q ® o ® o
f ) o ~ . T un®, = . . LA
[ Y. - < [ Sy ® - - - % oo > &
°° %0 .00. .0 ;. e ® ’ L TY ) ®e0p °*® ®es ° !

Can be viewed as learning a generic linear combination
of graph low-pass and high-pass operators

@ rawrexs



Graph SAGE

d(v_ (h))

... combine ‘ ® XA
TARGET NODE ¥ |
ey /Q\ ¥-.. aggregate | h( 1)0 ®x C
0\ 1 B ™ »
,ﬁ—_*‘“.\ @) . 13’:) . ®
/ / hy ' ®— ¢ Y 7 o
/ \ h(l) - (1) ‘
> / a N(A) z he ®
N
Update for node A: by A
(k+1) _ k)3, (k) k) 3, (k)
hy, ~ =a(W®R, |4 o (QW h)
H_/ \ v J XEN(A) \ v )
k + 15t level Transform A’s own Transform and aggregate
embedding of node A embedding from level k embeddings of neighbors n

= h{9 = attributes X, of node 4
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Graph SAGE j)I| %

=  Aggregation parameters are shared for all nodes
= The number of model parameters is sublinear in |V|
= (Can use different loss functions:

= Classification/Regression: L(hy) = |lys — f (hA)||2

= Pairwise Loss: L(hy, hg) = max(0,1 — dist(hy, hg))

B shared parameters i
O 1 U ———— AR’
i oo0 WUOY 4 o
. o ‘ i ‘ shared parameters ﬁ i
.’/ . ........... .‘f ......... bt ® cesetscssasessesstesnnenatsatessasnnssnsanarsasasiosdundunaarasnnsanssasens . . ©
INPUT GRAPH Compute graph for node A Compute graph for node B
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Don’t just embed individual nodes. Embed the
entire graph.
Problem: Learn how to hierarchical pool the
nodes to embed the entire graph
Our solution: DIFFPOOL

= Learns hierarchical pooling strategy

= Sets of nodes are pooled hierarchically
= Soft assianment of nodes to next-level nodes

Hierarchical Graph Representation Learning with Differentiable Pooling. R. Ying, et al. NeurlPS 2018.

@ rawrexs




Graph SAGE®) DiffPool ZE#

A different GNN is learned at every level of abstraction

Original Pooled network Pooled network Pooled network Graph
network at level 1 at level 2 at level 3 classification

i Oy
e g
Py .35’.."-.: /

Our approach: Use two sets of GNNs

= GNNT1 to learn how to pool the network
= | earn cluster assignment matrix

= GNN2 to learn the node embeddings

Hierarchical Graph Representation Learning with Differentiable Pooling. R. Ying, et al. NeurlPS 2018.
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Task: Recommend related pins
o~ Task: Learn node
= -y embeddings z; S.t.

4
&'«' T aa
. d (ankelr ankez)

SUCCESSFUL

e »;‘& / RECOMMENDATION < d(zcakel’ steater)
‘ \ 0.4

Source pin

—
BAD RECOMMENDATION \
R N

0.3

0.2

0.1

0
;00

®O$ Q’\“) o\"b

&

Mean Reciprocal
Rank

* Challenges:

= Massive size: 3 billion nodes, 20 billion edges
= Heterogeneous data: Rich image and text features

Graph Convolutional Neural Networks for Web-Scale Recommender Svstems. R. Yina. et al. KDD. 2018. _
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= Task: Given a pair of drugs predict
adverse side effects

46% of people ages 70-79 take >5 drugs
= Link prediction on a multimodal graph

§ a {rp. 13,14} A

A 36% improvement
N AP@50 over

£ state of the art

Modeling Polypharmacy Side Effects with Graph Convolutional Networks. M. Zitnik, et al. Bioinformatics, 2018.
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Goal: Generate molecules that optimize a
given property (Quant. energy, solubility)

Solution: Combination of
= Graph representation learning
= Adversarial training

0.1 | Step reward
0 | Final reward
E 0.1 | Step reward
at L1 reward
(d) Dynamics
(a) State — G, Scaffold —C  (b) GCPN — my(a,|G, UC) (c)Action —a,~mtgy  p(Gyyy|Ge.ay) (e) State — G,,, (f) Reward —r,

Graph Convolutional Policy Network for Goal-Directed Molecular Graph Generation. J. You, et al., NeurlPS 2018.
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HiRE ¢ (Knowledge Graph

INTERACT . X

7 types of X

- physical binding DISEASE
- CO-BXDYESSION

n = 1TAGT n 1 1,080
catalysis

-m\m.bn
- nfbition. 29rypesatx
- cardovascular
HAS_FUNCTION TARGET TREAT - reproductive
- cognition, edc.
IS_A INTERACT X
O

ROCESS SIDE EFFECT < CAUSE DRUG
n = 44,639 n = 10,184

PROTEIN - S850C

n

C7.3P : assoc(d,, P) A Assoc(dy, P) A TARGET (P, C?)

“Predict drugs (v that might target proteins that are
associated with the given disease nodes d, and d;

da
P Cr
dy
........ &
A G
@ ASS0OC c;

C2.3P : TARGET(C?, P) A ASSOC(P, d2) A ASSOC(P, d2)
Input query
dz
& C,
dy
Query DAG
Nearest neighbor lookup
to finds nodes that
satisfy the query
...
ST
“e
: P
i vy ..
P e
Zd2 ll..'.. ‘

Operations in an embedding space

Embedding Logical Queries on Knowledge Graphs. W. Hamilton, et al. NeurlPS, 2018.
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Graph SAGE #4E

= Graph Convolution Networks
= Generalize beyond simple convolutions

= Fuses node features & graph info

= State-of-the-art accuracy for node
classification and link prediction.

= Model size independent of graph size;

can scale to billions of nodes
= |Largest embedding to date (3B nodes, 17B edges)

= |_eads to significant performance gains

& Pateixs



55

Results from the past 2-3 years have shown:

= Representation learning paradigm can be
extended to graphs

= No feature engineering necessary

= Can effectively combine node attribute data
with the network information

= State-of-the-art results iIn a number of
domains/tasks

= Use end-to-end training instead of
multi-stage approaches for better performance
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Code:

. hitp://snap.stanford.edu/graphsage
http: //snag stanford. edu/decam

https //qithub comvwiliamiait/graphgembed

https://github.com/snap-stanford/GraphRNN




