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Game Theory VS Operation Research
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Nobel Prize in Economics
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Game Theory

Nobel prize 1994
Mechanism Design
Nobel prize 1996

Information Asymmetric Market
Nobel prize 2001

Repeated game
Nobel prize 2005

Myerson’s Lemma
Nobel prize 2007

Matching Theory
Nobel prize 2012

Contract Theory
Nobel prize 2014/2016

Behavior Economics
Nobel prize 2002/2017



A Beautiful Mind
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The Imitation Game
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The Relationships Between Gamers and Computers
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9787302264170 , 2011.

v Reinforcement Learning: An
Introduction, Richard S. Sutton
and Andrew G. Barto, MIT Press,
Second Edition, 2018.
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U Will nodes 33 and 28 become friends in the future?

29

/

L

23

What about nodes
27 and 87

23/
10
2) Does network structure contain
49 3 . . .
s ) enough information to predict what
» 1 ” new links will form in the future?

22

17
18
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» Strong ties JEIEREE
* Surrounded by many mutual friends
* Characterized by lots of shared time together
(A BFE. PR AE -XETHREN, RAMEREELEE
HEWH, X RER
« Weak ties 551&1%
* Have few mutual friends
* Serve as bridges to diverse parts of the network
* Provide access to novel information
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* The Link-Prediction Problem for Social

Networks
(Liben-Nowell & Kleinberg)

* Estimate the likelihood of the existence of a link +200 million protein
between two nodes, based on observed links and structur?lr’l;fdict:ﬁns
. now avallable In the
the attributes of nodes R lhaEold database
. Ri4EiE (exist yet unknown links)

o R3E4EjE (future links)
* Applications

* Biological networks: costly to identify links between
nodes through field/laboratorial experiments

* DeepMind& H TN FE R E“AlphaFold” B K &%

* Online soclal networks: predicting friendship and
recommending new friends



https://mp.weixin.qq.com/s/f_cuZ7XscQjWyNbnud5yFA

TSR

QUIFEIE
~ ; AFIEEIT FERTHAIQQHT 2 » R HiIEY
H 2 W M
i o - 3 (Clied%33) R RN RIQUT B
y P B s Phunware, Inc. p! =
: 2 IEE LE
Kristi E: H.ow to use Mobile & Qi E-B& agif E-BE=E QA - G
ristina bit.ly/1r7asni
@KristinaLerman
Promoted by Phur
TWEETS FOLLOWING FOLLOWERS WimmET s Bl
e iy 7 Expand Qo H-MEF Qo IR AN QO ST
481 122 404
The Economist 0TI Crusader_yu e e
Compose new Tweet... Should people refuse -ladacs e QI %el ¢
= L i
econ.st/TuglcSc

W

Who to follow - refresh - View all

H wnwe Actuate (BIRT) @Actuate O = S
=~ Followed by Big Data Science i =/ B
"g BIRT
2 Follow Promoted {FEIMSNEX 2 A EH 32\ JE PR EIEIR T ,| SRR MR-
i

T Jake Porway [@jakeporway 2

aa e
. ‘J - = . Follow i B4 e 1 0trmail. com

Lee Rainie @ Irainie
Followed by David Lazer an..

+2 Follow
; v ' AR R 0trrail.com
) o

BT Snmephaissiiebi o tmail.com

[«




Review of Graph-UnDirected

Definition: A graph G = (V, E) consists of ¥V, a nonempty set of vertices (or
nodes), and E, a set of edges.

Each edge has either one or two vertices associated with it, called its
endpoints. An edge Is said to connect its endpoints.

v, Ve G=(V, E), where

s i V={v,,vy,..., V-}
; r Vg E:{{VDVZ}a {V19V3}9 {V29V3}
{V3,V4}, {V49V5}9 {V49V6}

V2 V7 {V4,V7}, {V59V6}9 {V69V7}}




Adjacency Matrix SBiEEF4E

v Vs G=(V, E), where

) s V={V{,Vp5..., V}
; r Ve E={{v,vaf, vV, 1vp,Vs)
W3sVats 1VasVsss 1V Vs )

Va V7 {V49V7}9 {V59V6}9 {V6,V7}}
L nd s e |

PEXF

EIBTETE, (8531, Otherwise, {EH0




Adjacency Matrix SBiEEF4E

G=(V, E), where
V={V{,Vp5..., V}
E={{vi,vaof, {viovsf, {vpvs)
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Review of Graph-Directed

* A directed graph or digraph G=(VE) is a set V, of vertices (nodes)
with a set £.c VX V of edges (links)

* Visually represented using dots for nodes, and arrows for edges. Notice
that a relation R/A X'B can be represented as a graph G,=(V/~=AUB, £E;=R)

Edge set £ ﬁrﬂ @B;&*%
Grapch; | (arrgws)G + B ITEX: NRR v, h&RRIA, HER, siskRRE
PR Joe ee——te Susan + BIGIEX: FHIRR v, ERA, ANEB, FSLEk

Fred Mary | susan | May | Saly
Mark\o—»jSally

Fred
Noddeet 7. | Fred

(dots)




Review of Graph-Directed

Graph, {3
D suan | vy | say RENCREN
Toe . . ; Joe e——e Susan
0 1 0 Fred ~>¢- Mary
0 0 1 Mark\o—»jSally
NodeYset Ve
(dots)
FEPFIHIE
- AXIFENE: BEE IR= v, E =HE+AE
- BEEGTsEEXNTREING? - HE=5 i 17hxEZH
=2 « NE=5 i fifpr=22
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SRR RS

R contains edges between all the nodes reachable via 1 edge

R°R = R? contains edges between nodes that are reachable via 2 edges in 7
7 = contains edges between nodes that are reachable via 77 edges In R

R contains edges between nodes that are reachable via any number of edges

(I.e. via any path) in ”

1 0 1 . .
Six Degrees of Separation
M,=0 1 0
11 0
1 0 1] [1 0 1] [2 1 1]
> M =M, xM,=[0 1 0[x{[0 1 0|=[0 1 0
11 0/ |1 1 0] [1 11




Problem Description

* In many networks, people (objects) who are “close” belong to the
same soclal circles and will inevitably encounter one another and
become linked themselves.

* Link prediction algorithms measure how “close” people are

X
y y
Red nodes are close to each other Red nodes are more distant



HEPRFTUN Problem Description

* Un-Directed network ¢ = (V,E)
* Universal set U containing |V |(|V| — 1)/2 possible links
* Objective: Find out missing links in U — E

* Prediction: randomly split E into two sets: training set E',
probe/validation set E”
« £EFis asubsetof U—-E’
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il

We want to use the variables
(Chest Pain, Good Blood 2%
Circulation, etc.)... BF=aEE

Good
Che:st Blood Block_ed Weight I.-Ieart
Pain Circ Arteries Disease

<R

...and predict if
they have heart
disease or not.

Good Blocked . Heart
Blood X Weight :
Circ Arteries Disease

Mlizt/38IIE



HikitE
We could use Logistic ...or K-nearest
Regression... neighbors...

...Or support vector

_ ...and many more
machines (SVM)...

machine learning
methods...




iR SIIE

We could then compare
methods by seeing how
well each one categorized
the test data.




Cross Validation 3 X3&iiF

) . . mEEn EEER * ‘
LB | EEEn Ex
Cross ValidationtZIRotation Estimation, E—F¥
] , - it HitF R EIEE AR R INFERSSAGA
- i @ FIsZ X BIERI B YR T 152 A sefe ER U= E
g2 peas .%J._,ﬁ/‘t K-Fold Cross-Validation
Randomly partition into k subsets
o ininte « Each time one subset is selected as probe set,
the others as training set
» Repeat k times, each with a different probe set

——  Leave one out cross validation
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Has Heart
Disease

Has Heart
| Disease
Predicted

e BM%E(Confusion Matrix)

Actual e E)‘( .
WIRNRERRE, EXRaEEIFNA—FERERS
%ﬁt N&l :::: =, AnfTnFRRERE R
s - T E

| Does Not Have
Heart Disease

« TP = True Positive = Bt

- FP = False Positive = {RfRE
 FN = False Negative = {RB 4t
« TN = True Negative = [



https://www.bilibili.com/video/av70093470

iR51EMF (Confusion Matrix)

Actual Values @ :ﬁﬁ’*c-iﬁim‘ugsgu

« TP = True Positive = EpAM
 FP = False Positive = {BfE4t
 FN = False Negative = {RB 4t

1

% « TN = True Negative = E[B%
£ - IR < ¥
E - HPMY (TP) « fBBAME (FP) « .
GRS | MUYE, KEFEHIE. ¢ | FUHE KEHE. ©
Bt (FN) « HEAfE (TN) « E
FNNE REEDR. © | FAE, R Edisom



https://www.bilibili.com/video/av70093470
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Does Not Have
Heart Disease
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Bi—1N73 iR 0F? Does Not Have
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R—N 7GR F?

Has Heart | Does Not Have
Disease Heart Disease
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PIES

[=1Y3

Accuracy e ?&E&E Sensitivity=’.=.’|§| Recall
T EIPAER, SCRRPEHESRAIch, MR
- | fa N HERSCHAfRAYEES]
Eecall
— @ FrlE Specificity
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T

RERETR/ A SR S A TSI
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RBE Sensitivity=8[8] Recall
- EPAMER, SCRREEMZRGIAR, @B :

epetueieguhid AR
Condition positive | Condition negative ¢ EBE'@’—_‘?:EBH/ (EBH"%E&W@)
Positive predictive value == ngs =
Fecal Du{:jrle True positive False positive =TP /(TP + FP) UE'I.E SpeCIfICIty
oo | Pt T8 L A . ISR SCRROEMESEMIR, AMHRMAILE:
stles Negative predictive value 1‘@;}&“ Hjﬁ%gg;ﬁﬁﬁgﬁg
test c:u:;;[ne False negative True negative =TN /(FN + TN) ° EBE'HEg:EBH/ (EBH +1E§BE)
outcome —_— (FN) =10 (TN) = 1820 = 1820/ (10 + 1820) o
= 99.5% B Precision
e PR |=TN/GPeTN « WIERHI PRSI ST PR AL ]
207G+ 10 |~ 1820/ 120+ 1820 AR Bl B AL
ke R + Precision=EfH/ (EPFH+FFA)

& Accuracy

- {RBBIE==={RFA/ (IRFE+EFH) =1-EEBA{ESR - D EAMERANSBEANEZLL, ZE#S,
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* Accuracy= (EH+ER) / (EEH+ERE+ER+ERE)
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ROC & AUC

G Receiver Operating Characteristic Curve (ROC)

ZLURIEZR (FP_rate) FORMGE (TP_rate) JI4H
AIRRZ:

ROC and AUC, Area Under ROC Curve (AUC)

ROCHAZ - SAATRHEIpKHYERR, EAXNERRAY
FEASKT

Clearly Explained!!!



https://www.bilibili.com/video/av70099611

iB48[E)7 (Logistic Regression)

StatQuest:

Logistic Regression

EX

c BHMIONEMER, HRTEERE—HE
F, TR S5 A

- BE—S4, EREENST RS, MR
ERERBIRARS Tk

2N
- BEEHE (CTR)
- HEE (CA)
. EERS (RS)




HEERFNEGE Similarity based Method

* Assign a score s, to each pair of nodes xand y
* The attributes of nodes are generally hidden

* Thus focus on structural similarity. two nodes are linked If
they have similar network structure

* Similarity indices according to network structure

* Local similarity Indices: only use local information (information
around the nodes), not very accurate but fast

* Global similarity indices: use global information (information
among the whole network), more accurate but costly

* Quasi-local indices: a tradeoff between local and global
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- Local Prediction
* Common neighbors (CN)
 Jaccard (JC)
* Resource Allocation (RA)
* Adamic-Adar (AA)
* Preferential attachment (PA) -

*Global Prediction

e Katz score
* Hitting time
* PageRank -

*Quasi-Local Prediction




Local information based link prediction

* Link prediction algorithms

* Common neighbors (CN)
* Neighborhood overlap

* Jaccard (JC)

* Resource Allocation (RA)

* Adamic-Adar (AA)

* Preferential attachment (PA)
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Local information based link prediction

* Link prediction heuristics

* Common neighbors (CN)
* Jaccard (JC)

* Fraction of common neighbors
* Resource Allocation (RA)

* Adamic-Adar (AA)

* Preferential attachment (PA)
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Local information based link prediction

* Link prediction algorithms
* Common neighbors (CN)
* Jaccard (JC)
* Resource Allocation (RA)
* Adamic-Adar (AA)
* Preferential attachment (PA)
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Intuition: A common neighbor would also be other nodes’ neighbor and contributes for other nodes
 Similarity(x, y) = the amount of resource y received from x through their common neighbors

* X sends some resource to y, with their common neighbors z as transmitters

« Each transmitter z has a unit of resource and will equally distribute it to all its neighbors




Local information based link prediction

* Link prediction heuristics
* Common neighbors (CN)
* Jaccard (JC)
* Resource Allocation (RA)
* Adamic-Adar (AA)

* Number common neighbors, with
each neighbor z attenuated by log
of its degree

* Preferential attachment (PA)
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Local information based link prediction

*Link prediction heuristics
* Common neighbors (CN)
* Jaccard (JC)
* Resource Allocation (RA)
* Adamic-Adar (AA)
* Preferential attachment (PA)

* Better connected nodes are more likely
to form more links

PA
Sy, =k.k,
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Global information based link prediction

* Link prediction heuristics

» Katz score

* Measures number of paths between two nodes,
attenuated by their length

* PageRank
Pros: more accurate than local indices

Cons: 1) time-consuming; 2) global topological
Information may not be available

* Quasi-Local Prediction
Local Path




PageRank
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PageRank

* PageRank
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PageRank

* PageRank
- PR(j)

PR(7) =
D=2~
_ j_EBj J
Oj — Number of outgoing links from page;j (£ &)
— Set of web pages pointing to web page i
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PageRank

* PageRank used bv Gooale

PR(i) = (l_d)m- > —PRU),

i

FBECHEXRMN B ABZHNEF AN
N — Total number of webpages

Oj — Number of outgoing links from page; (£ &)
Bi — Set of web pages pointing to web page i

d — dampening factor (usually set to 0.85)




Experiment: Prediction in social networks

* Collaboration networks of physicists

* Core nodes: authors who published at least 3 papers during the training
period and at least 3 papers during test period

* Training data: graph G(¢,, %) of collaborations during time period
[%,, &'] with V core nodes and £,,, edges

* Test data: graph G(¢;, &) of collaborations during a later time
period £, t'] with V core nodes and £,_, edges

Training Period Core

Authors Articles Collaborations® Authors E,; E.q

astro-ph 5,343 5.816 41,852 1,561 6,178 5,751
cond-mat 5,469 6.700 19,851 1,253 1,899 1,150
gr-gc 2,122 3,287 5,724 486 519 400
hep-ph 5414 10,254 47,806 1,790 6,654 3,294
hep-th 5,241 9.498 15,842 1,438 2311 1,576




Experiment in social networks (cont'd)

* Link prediction algorithm

* Score all the node pairs using an algorithm p
* New links more likely among high scoring pairs

* Each link prediction heuristic p outputs a ranked list L of
new collaborations £, : pairsin VxV-£_,,

* Focus evaluation on new links £, between core nodes
* Performance metric: How many of the top /7 pairs IN
ranked list L are the actual new nodes Iin £,

/76’W




Data Sets for Link Prediction Research

s [N BLERFREML JAZZ: Pablo M Gleiser and Leon Danon. Community structure in jazz. Advances in complex systems, 6(04):565{573, 2003.

« 2] BARRXEMELZ Yeast: Christian Von Mering, Roland Krause, Berend Snel, Michael Cornell, Stephen G Oliver, Stanley Fields, and Peer Bork.
Comparative assessment of largescale data sets of protein{protein interactions. Nature, 417(6887):399{403, 2002.

o [3] EEMBGATT MG Z B ASEIEM 4 Political Blogs: Robert Ackland et al. Mapping the us political blogosphere: Are conservative bloggers more
prominent? Mapping the US political blogosphere: Are conservative bloggers more prominent, in: Presentation to BlogTalk Downunder, Sydney,
Available at:http://inscub.org/blogtalk/images/robertackland.pdj.2005.

o [4] =P ELZIAZMLE Hamster : Hamster friendships network dataset - konect, may. Hamsterster friendships network dataset - KONECT, May, 2015.

« [5] A¥EMAYEE e M4 Router: Neil Spring, Ratul Mahajan, David Wetherall, and Thomas Anderson. Measuring isp topologies with rocketfuel.
Networking, IEEE/ACM Transactions on, 12(1):2 16, 2004.

o [6] BFEEMN—PMHEREZEMEZE FOOD Web: Robert E Ulanowicz and Donald L DeAngelis. Network analysis of trophic dynamics in south orida
ecosystems. FY97: The Florida Bay Ecosystem, pages 20688{20038, 1998.

o [7]MELSHABESONERHNEERH ML World Trade:  Wouter De Nooy, Andrej Mrvar, and Vladimir Batagelj. Exploratory social network analysis
with Pajek, volume 27. Cambridge University Press, 2011.

o [8] = EHIFRIEMMLE Contact:  Jerome Kunegis. Konect: the koblenz network collection. In Proceedings of the 22nd international conference on
World Wide Web companion, pages 1343{1350. International World Wide Web Conferences Steering Committee, 2013.

- [9] EEME ML USAIr: A. Batageli, V. Mrvar. Available at http://vlado.fmf.unilj.si/pub/networks/data/mix/USAir97.net.
« [10] &HMZE ML C.Elegant: Duncan J Watts and Steven H Strogatz. Collective dynamics of ‘'small-world' networks. nature, 393(6684):440 442, 1998.

s [MIAETEENS—IHEEMLE FOOD Web 2 RE Ulanowicz, C Bondavalli, and MS Egnotovich. Network analysis of trophic dynamics in south orida
ecosystem, fy 97: The orida bay ecosystem. Annual Report to the United States Geological Service Biological Resources Division Ref. No.[UMCES] CBL,
pages 98{123, 1998.



Some Basic Simulation Result

Networks CN AA RA R I

Jazz 0.502 0.521 0.533
Yeast 0.139 0.159 0.256
Political blogs 0.178 0.175 0.155 ¢ -
Hamster 0.037 0.038 0.033 t | 1 o
Router 0.018 0.016 0.008 -

Food web 1 0.070 0.072 0.068

40 — T
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World trade  0.402 0.420 0.430 ’ s % % 3 £
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Precision

Precision

Simulation under Different Prob Set Size
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Experiment in scientific/social networks

Metric: AUC (area under the receiver operating characteristic curve)

Each number averaged by 10 implementations 1 ;... PPI NS Grid PB INT USAir
(cross validation)
CN 0.889 0.933 0.590 0.925 0.559 0.937
Real-world networks
PPI: protein-protein interaction Salton 0.869 0911 0.585 0.874 0.552  0.898
NS: co-authorship Jaccard  0.888 0.933 0.590 0.882 0.559 0.901
Grid: electrical power-grid
PB: US political blogs Serensen  (.888 0.933 0.590 0.881 0.559 0.902
INT: router-level Internet
HPI : 911 DH8! 852 552 857
USAir: US air transportation 0868 0.9 0085 0.85 095 0-85
CN and AA have second HDI  0.888 0.933 0.590 0.877 0.559 0.895
best performance LHN1 0866 0911 058 0772 0.552 0.758
PA 0.828 0.623 0.446 0.907 0464 0.886
AA 0.888 0.932 0.590 0.922 0.559 0.925
0.890 0.933 0.590 0.931 0.559 0.955

RA performs the best — RA
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