
Thank&you&for&coming&to&my&talk.&We&will&include&some&notes&on&the&slides&here.&
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In&this&talk,&we&connect&two&things:&The&first&is&Structure&Analytics&which&means&basic&graph&
structure&counting&problems.&For&example&finding&the&Pagerank of&each&vertex&on&the&graph&or&
counting&the&total&number&of&triangles&in&the&graph.&Some&of&these&measurements&produce&a&
single&number&for&the&whole&graph&and&some&others&a&number&per&vertex&(or&edge).&

The&second&aspect&are&various&machine&learning&problems&on&graphs.&For&example&Graph&
classification:&you&are&given&a&bunch&of&graphs&and&a&label&for&each&one.&Example:&for&a&chemical&
compound&we&extract&a&graph&indicating&its&structure&and&we&have&a&label&if&it&is&cancerogenic or&
not.&There&are&a&few&standard&datasets&like&that.&For&graph&classification&problems&someone&gives&
us&a&new&graph&and&we&need&to&classify&it&as&cancerogenic or&not.&

A&classification&problem&can&apply&to&vertices&of&the&graph,&not&the&whole&graph.&For&example,&
the&facebook graph,&is&this&particular&user&a&real&user&or&a&fake&profile.&
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In&this&overview&talk&we&will&see&how&structure&analytics&can&relate&to&ML&problems&on&
graphs.&
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I&have&three&things&I&would&like&you&to&walk&out&with:

1. For&some&problems,&the&graph&may&not&be&obvious.&
I&will&show&two&types&of&examples&for&this&in&a&bit.&

2. Counting&the&number&of&triangles&in&a&graph&may&sound&like&a&useless&thing&to&do.&
I&will&argue&that&structure&analytics&(like&triangle&counts)&&can&be&used&as&features&for&vertex&or&
graph&classication tasks.&
They&are&basically&features&that&capture&the&local&geometry&of&a&graph.

3. In&my&lab,&our&research&project&focuses&on&quickly&approximating&structure&analytics&for&big&
graphs&and&showing&they&are&useful&as&features.
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Lets start&with&our&first&point:&

The&graph may&not&be&obvious&in&two&ways:
1a:&You&may&want&to&use&the&graph&to&assist&the&parallelization&of&your&computation,&even&if&there&
is&no&obvious&graph&in&the&original&problem.&We&will&see&an&example&of&that.&
1b.&The&graph&may&be&something&you&create&as&a&data&scientist,&i.e.&be&part&of&the&modeling&
process.&We&will&see&an&example&of&that&also.&
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Lets&see&an&example&of&1a.&
Lets&remember&how&lowRrank&matrix&completion&(aka&Collaborative&filtering) works&for&
recommendations,&in&this&simple&example:
We&have&a&matrix&of&users&by&movies&(or&more&generally,&items&to&recommend).&&
Our&friend&Claude&here&liked&the movie&‘Minority&report’&since&he&gave&it&a&score&of&4/5.&We&
would&like&to&predict&if&would&like&the&movie&‘Top&Gun’.&

Unfortunately&we&do&not&have&this&observation.&
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Fortunately&this&other&user,&Richard&has&watched&both&‘Minority&report’&and&Top&Gun&and&he&liked&
both.

The&key idea&in&all&missing&data&approaches&is&to&extrapolate&from&similar&users.&

LowRrank&matrix&approximation&does&this&in&a&principled&way.&
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Here&is&the&idea:
We&will&try&to&find&a&vector&for&every&user&and&a&vector&for&every&movie.&These&vectors&will&live&in&
some&lowRdimensional&space,&say&5&dimensions&only,&in&this&example.&
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Our&goal&is&to&find&such&vectors&so&that&the&dot&product&of&these&two&vectors&produces&the&correct&
rating,&for&all&the&ratings&we&observe.&

We&are&therefore&trying&to&map&users&and&movies&to&vectors&so&that&the&ratings&are&the&inner&
products.&In&our&example,&the&inner&product&(aka&dot&product)&of&
[0,1,R7,10,R9]&,&[R1,3,0,7,0&]&=&0*1&+&1*3&+&0*(R7)+&10*7&+&(R9)*0&=&73.&We&just&multiply&every&
coordinate&with&its&corresponding&one&and&add&the&result.&

Why&is&this&model&reasonable?&For&every&user,&their&vector&represents&how&much&they&like&
different&‘dimensions’&of&the&movie.&For&example,&for&Richard,&&the&first&coordinate&may&represent&
how&much&he&likes&comedies&(0,&so&doesn’t&care)
the&second&may&be&SCIRFIRness&(1&so&he&likes&SCIRFI&a&bit),&etc.&The&fourth&coordinate&may&
represent&how&much&he&likes&Tom&cruise&in&his&movies,&and&10&is&a&lot.&
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On&the&movie&side,&every&coordinate&tells&us&how&much&this&dimension&is&present&in&
this&movie.&So&Minority&report&has&R1&on&comedy&(so&it&is&not)&,&3&on&SCIRFIRness&which&
is&somewhat,&and&a&7&on&its&TomCruiseness dimension.&
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There&are&two&magical things&about&this&lowRrank&matrix&model:

1. We&do&not&have&to&know&these&magical&dimensions.&
2. the&optimization&algorithm&will&discover&them&automatically,&by&trying&to&fit&vectors&that&

explain&the&ratings&(TomCruiseness is&certainly&one&of&them).&

3. It&actually&works&really&well&with&very&few&dimensions.&

4. Most&of&us&think&we&have&unique&taste&in&things.&However,&&20&or&30&numbers&can&fully&
describe&our&taste&in&movies&(and&predict&if&we&would&like&any&movie,&surprisingly&well).&
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So&we&have&a computational&problem&that&is&written&in&this&compact&linear&algebra&way.&Every&
observated rating&R(u,v)&should&be&approximately&equal&to&the&dot&product&of&the&row&pu and&the&
column&qv.&This&means&we&are&trying&to&approximate&this&incomplete&ratings&matrix&R&by&a&matrix&
or&rank&K.&We&can&write&a&nonRconvex&optimization&problem&for&this&and&approximate&its&solution&
using&alternating&minimization&or&gradient&descent.&

Alternating&minimization&says:&if&I&fix&one&of&the&two&factors&(say&Q),&what&is&the&optimal&P?&We&
are&typically&choosing&here&to&approximate&each&entry&in&squared&error&i.e.&&(&R(u,v)&– pv*&qv&)2
and&we&sum&all&these&errors&for&all&our&observations.&If&you&think&about&it,&finding&the&optimal&P&
for&a&fixed&Q&is&a&least&squares&problem.&This&is&because&R(u,v)&and&qv&are&fixed&and&these&are&just&
noisy&linear&equations&in&the&entries&of&P.&
So&we&find&that&P,&fix&it,&and&optimize&over&Q.&We&then&repeat&this&process&and&hope&it&converges&
to&a&good&answer.&This&answer&will&discover&TomCruiseness and&all&the&other&factors&hidden&in&our&
ratings.&&
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This&is&all&great,&but&what&does&this&have&to&do&with&graphs&?&

Well&this&computational&problem&can&be&very&naturally&written&as&a&graph&problem&in&a&language&
like&Pregel or&Graphlab.&

We&create&a&bipartite&graph&with&one&vertex&per&row&of&P&and&one&per&column&of&Q.&The&state&of&
each&vertex&is&the&vector&in&K&dimensions&that&we&are&looking&for.&
Each&observation&R(u,v)&corresponds&to&an&edge&on&this&graph.&We&can&initialize&the&q’s&randomly&
and&with&a&vertex&program&update&each&pu to&approximately&explain&its&observations&(edges).
This&is&one&least&squares&problem&for&each&pu.&

This&will&naturally&parallelize&this&computation&over&a&graph&framework.&

So&the&point&(1a)&is&that&the&graph&is&created&here&to&express&the&computation&of&the&ML&problem&
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in&hand&and&make&parallelization&and&scaling&easy.&

This&is&true&for&several&ML&problems&when&there&is&sparsity.&
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We&will&now&show&an example&for&point&1b.&How&a&graph&can&be&the&part&of&a&modeling&process.&
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We can&recommend&a&hotel&using&its&high&pagerank in&graph&of&preferences.&

This&preference&graph&is&something&we&chose&to&create.&

This simple&method&works&quite&well&because&Pagerank will&prefer&vertices&(hotels)&with&a&lot&of&
incoming&vertices,&i.e.&a&lot&of&people&preferring&them.&Further,&If&someone&preferred&hotel&X&over&
a&good&hotel,&
this&is&a&stronger&signal&that&hotel&X&is&great&(and&this&is&also&captured&by&Pagerank:&your&
importance&is&how&many&people&point&to&you,&and&the&more&important&they&are&,&even&better).&
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We&now&move&to our&second&point.&How&to&use&structure&as&features.&
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A&fake&profile&participates&in&fewer&triangles&compared&to&a&real&user.

This&is&because&your&friends&are&quite&likely&to&know&each&other,&but&a&fake&user&typically&just&
sends&out&random&invitations&to&people&that&are&more&likely&unconnected.&

So&the&local&triangle&count&of&a&vertex&is&a&useful&feature&for&that&vertex.&

Obviously,&we&will&have&other&nonRgraph&features&like&how&often&people&login,&their&Ips etc and&
these&can&be&more&useful.&But&the&point&is&that&structure&features&can&be&useful.&

How&can&we&get&more&geometrical&structure&information&other&than&triangle&counts&?&

I.e.&Some&people&who&are&hubs:&connect&different&cliques,&versus&people&who&are&just&part&of&
one&big&group,&versus&other&types&of&geometry&in&the&neighborhood&of&a&vertex.&
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This&may&be&useful&in&node&classification&problems for&ad&placement,&biology&
applications&etc.&
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We&will&now&introduce&the&3Rprofile of&a&graph.&
Lets&consider&all&possible&graphs&on&3&vertices.&H0&will&be&called&the&‘empty’,&H1&the&‘edge’,&H2&the&
‘wedge’&and&H3&the&’triangle’.&

Certainly&H2&can&be&rotated,&but&it&would&be&isomorphic.&So&we&consider&nonRisomorphic&graphs&
and&these&four&are&everything.&
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The&3Rprofile of&a&graph&is&a&vector&of&4&numbers&counting&how&many&times&each&such&subgraph&
appears&in&the&big&graph.&
n3&is&just&the&triangle&count&of&the&graph&so&the&3Rprofile&is&a&generalization&of&triangle&counting.&
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For example&lets&find&the&3Rprofile&of&K4,&the&complete&graph&on&4&vertices.&
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check&that&you&see&why&it&is&[0,0,0,4]&
i.e.&4&triangles&and&no&other&subgraphs.
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For&the&C5&(cycle on&5&vertices)&the&profile&is&[0,5,5,0].&
Sanity&check:&The&sum&is&5+5=10&which&is&5&choose&3&,&i.e.&all&triplets&on&5&vertices.&
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Now&the&interesting&question&is&to&compute&for&every&vertex&of&the&graph,&its&local&3Rprofile,&i.e.&
how&many&subgraphs&it&participates&in.&

This&captures&the&local&structure&we&wanted.&
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Many&thanks!
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