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A RecommenderSystem




Another...




Yet another...




Flavors of recommendersystems

Content-basedtering

Tom likescomedymovies,sorecommend he Maskto
him.

Collaboratve ltering

PeoplewholikedthemoviesTomlikedalsoliked The
Mask sorecommenadt to him.



How doescollaborative ltering

work?
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Will Tomlike The Mask?



Pathsfrom Tomto The Mask
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An alternative approach
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ltem basedCF

The Matrix
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Collaborative Itering in detall

Form similarity neighborhoods
of usersor

of items

Find nearesheighbors

above de®nedthresholdor

top-N
(Weighted)Aggregateratings

by nearesheighborsor

of nearesheighbors



Userbasedcollaborative ltering

De ne similarity
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ltem-basedcollaborative ltering

De ne similarity
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Evaluating arecommender

Multiple metrics
Coverage

Predictve accurag
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Our goals

Whatmakesarecommendesystenwork?

Which arethe goodratings?bad?indifferent?

How canwe...
situateuseran betterneighborhoods?
bettertarmgetitems?
monitortherecommendeandits community?

preventshilling attacks?



Our approach

Disaggrgateglobalrecommendesystem
performancemetrics

formulatethreerolesplayedby ratings
de®necontrikutionsfor eachratingin eachrole

tracktherolesandtheir evolution



Basicldea

The Matrix

Tom@E--- - —-------—- The Mask

Star Wars



Basicldea

The Matrix

Tom@E--- - —-------—- The Mask

Star Wars

Rolesalong(pi; p2; p3)

Theratingp; (Tom! Star Wars) isascout.



Basicldea

The Matrix

Tom@E--- - —-------—- The Mask

Star Wars

Rolesalong(pi; p2; p3)

Theratingp; (Tom! Star Wars) isascout.

Theratingps (Jef! The Mask) is apromoter



Basicldea

The Matrix

Tom@K-----------—- The Mask

Star Wars

Rolesalong(pi; p2; p3)

Theratingp; (Tom! Star Wars) isascout.
Theratingps (Jef! The Mask) is apromoter

Theratingp, (Jef! Star Wars) is aconnectar



Differ ent roles,differ ent ratings

My Cousin Vinny

Jim
Jurasic Park
Tom
The Matrix
Jeff
The Mask
Jerry

Star Wars



Our studies

Focusonitem-basedCF

trackitem neighborhoodsisrecommendesystemcommunitygrows

For eachprediction
®nd theaccurayg of the prediction

apportionblame/credito every walk usedin the prediction



Credit assignmentfor rating walks (1)
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Credit assignmentfor rating walks (2)

If all usersratei and) identically
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Role valuesfor predictive accuracy

Find errorin prediction
= jpui Tuil
Map to acomfortlevel 7! M (e)
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Role valuesfor rank accuracy

A pair (i; j ) is concordan{with error ) if:
If (ry;i < lu;j ) then(py; Puj < );
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if (ru;i = ryj)then(jpui  Puj) ).
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Experimentation

MovielLensmillion ratingdatasef{time stamped)
6040users
3952movies

Methodology
procesgatingsin arrival-timeorder(®rst 200, 000)
assessatingrolesat 10; 000ratingintervals

assessatingrolesusingrandomlyselected0% of unseerdata



Performance of item-basedCF




Inducing goodscouts

Sampledistribution of scoutvalues



Is "Scoutness= Popularity?




Bestscouts

BestScouts Conf. | Pop.
BeingJohnMalkovich (1999) 1.00 | 445
StarWars: EpisodelV - A New Hope(1977) 0.92 623
Princes®Bride, The (1987) 0.85 477
Sixth SenseThe(1999) 0.85 617
Matrix, The (1999) 0.77 | 522
Ghostlusterg1984) 0.77 441
Casablancé1942) 0.77 384
Insider The (1999) 0.77 235
AmericanBeauty(1999) 0.69 | 624
Terminator2: JudgmenDay (1991) 0.69 503
FightClub (1999) 0.69 | 235
ShavshankRedemptionThe (1994) 0.69 445
RunLola Run(Lolarennt)(1998) 0.69 220
Terminator The (1984) 0.62 450




Worst scouts

WorstScouts Conf. | Pop.
Midnight Cowboy (1969) 0.38 | 137
To Kill aMockingbird(1962) 0.31 195
Four Weddingsanda Funeral(1994) 0.31 271
Good,TheBadandTheUgly, The(1966) 0.31 156
It'saWonderfulLife (1946) 0.31 146
Player The (1992) 0.31 220
JackieBrown (1997) 0.31 118
Boat, The (DasBoot) (1981) 0.31 210
Manhattan(1979) 0.31 158
Truth About Cats& Dogs,The (1996) 0.31 143
Ghost(1990) 0.31 | 227
Lone Star(1996) 0.31 125
Big Chill, The(1983) 0.31 | 184




Inducing goodpromoters

Follows scoutpatterns



Inducing connectors

A goodconnectois inducedwhen...
auserwith high promotervaluerates
movie with ahigh scoutvalue

A badconnectois induced...
In morethanoneway

Remaing badconnectors

Improves10%in precisionwithout muchlossin recall



Monitoring the evolution of rating roles

Bin [S, C, P] valuesasdiscretetriples
[0:1;0:001; 0:01]7! [scout+, connectolO, promoter |

Powver law behaiors galore
Smallnumbersof ratingsprovide bulk of contrikutions

e.g.,only 1:7% of ratingsaregoodscouts put hold 79%of all
positive credit

e.g.,only 1:4% of all ratingsarebadscoutshold 82%of all discredit



Monitoring the evolution of rating roles




Characterizing neighborhoods

Studyagroupof 561 users

476 userswereinactve; scoutvaluesnggligible

Of theremaining

bad good
neighborhood| neighborhood
badscout 6 24
goodscout 29 26




Conclusionsand futur e work

Finegrainedcharacterizatioof ratings
disaggrgateglobalmetricsdown to individual ratings

assesselatve contributionsacrosghreeroles

Recommendesystemhealth
primitivesto trackrecommendesystemusage
drive improvementsn algorithms

detectandpreventshilling attacks



Opentheoretical questions

New randomgraphmodels
to modelrecommendationetworks
New metrics

e.g.,connectvity asafunctionof hammockwidth

Engineeringof coverage

Givenapower-law ratingdistribution anda desirechammockwidth,
how mary moviesshouldeverybodyrateto obtainatargetcoverage?



Questions?

For more detalls,see:

B.K. Mohan,B.J.Keller, andN. RamakrishnanScouts Promoters,
andConnectorsThe Rolesof Ratingsin NearesNeighbor
Collaboratve Filtering, to appeain Proceeding®fthe ACM
Confeenceon Electronic Commece, Ann Arbor, MI, June2006,to
appear

http://people.cs.vt.eduharen



