




PlacestoeatSeehttp://www.ecmlpkdd2012.net/mapformore

Thisisonlyaselectionofplacesclosetotheconferencevenues.Seethemaponthenextpageforlocations.

QuickLunch/TakeAway:Sandwich,drinkandsnacks.Sandwiches≤£5.Noseatingorverylimitednumberofseats.

AffordableRestaurants:Reasonablypricedhotmeals.Seating.Pricerangeforamaindish£5–£10.

Moderate/ExpensiveRestaurants:Moreexpensivemeals.Pricerangeforamaindish≥£10(normallybetween£10and£15).

QuickLunch/TakeawayAffordableModerate/Expensive
1WaitroseSupermarket11Cosmo(PanAsianbuffet)24Oz(TurkishandMediterranean)
2PappaCosta12Wagamama(Japanese)25BrownsBar&Brasserie(Finedining)
3HermanosCafeBar13Pret-a-manger26Jamie’sItalian(Finedining)
4Sainsbury’sSupermarket14Wetherspoons(Pub)27CaféRouge(French)
5Greggs15TheBostonTeaParty28GoldbrickHouse(Finedining)
6CaffèNero16GourmetBurgerKitchen29AskRestaurants(Italian)
7Subway17ToroPanAsianCuisine30MammaMia(Italian)
8CaffeGusto18HKDinner(Chinese)31ZeroDegrees(MicrobreweryandRestaurant)
9Boulangerie19MissionBurrito(Mexican)32HotelduVin(Finedining)
10ChemistryCafe20BristolGuildCafé

21Nando’s(Portuguesefastfood)
22AllInOneBar&Restaurant
23AntixBar&Restaurant

Otherplacesofinterest

•Bootspharmacyismarkedwitha+
•Acashmachineismarkedwitha$.Abankisbetween4and25.

•Ataxirankismarkedwithacar.Orphone01179264001or01179555000.

•Conferencevenuesaremarkedwithflags.

•Parksaremarkedwithtrees.

•2gymsaremarkedwithyellowbubbles:

–AnytimeFitnessoffersafree3-daytrial.Separately,aguestpassis£8.Tobook

aguestpassyoumustring01179277225inadvance.Nextto2.

–CannonsHealthCluboffersafree2-daytrial.Locatednextto1.

•BristolCityMuseumandArtGalleryisjustWestoftheWillsMemorialBuilding.

OpenMondaytoFriday:10am–5pm,Saturday,Sunday:10am–6pm.Freeentry.

•TheRedLodgehistorichouseisbetween30and31andisopenWednesday,Thurs-

day,Saturday&Sunday10:30am–4pm.Freeentry.

•ThebeautifulgardensofRoyalFortHousearea2-minutewalkNorthfrom

Chemistry.(Goupthestairs,turnleftandgoupthesteps.)

MiscellaneousInformation

•Exchangerates:
1pound=1.25euros1euro=0.79pounds

1pound=1.60USdollars1dollar=0.62pounds

•TippingintheUK:

–Bars,cafes,buffetsandcoffeeshops:nothing.

–Taxis:betweennothingand£1.

–Restaurantswithwaiters:10-15%.

•Googlemapshas’WillsMemorialBldg’intwoplaces.Theoneontheleftisactually

theCityMuseum.
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Tutorial:*Advanced*Topics*
in*Data*Stream*Mining

Tutorial:*Advanced*Topics*
in*Ensemble*Learning

Workshop: New 
Frontiers in Mining 
Complex Patterns

Workshop: Instant 
Interactive Data Mining

Workshop: Mining 
Ubiquitous and Social 

Environments

Workshop: Learning and 
Discovery in Symbolic 

Systems Biology
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in*Data*Stream*Mining

Tutorial:*Advanced*Topics*
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Frontiers in Mining 
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Unexpected Results
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Discovery in Symbolic 
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Opening and Awards
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Smyth

Invited talk Padhraic 
Smyth
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Tutorial:*Random*
Projections*for*Machine*
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Tutorial:*PACDBayesian*
Analysis*and*its*
Applications

Workshop: Active 
Learning in Real-world 

Applications

Workshop: Collective 
Learning and Inference 

on Structured Data

Workshop: Community 
Mining and People 

Recommenders

Workshop: Mining and 
Exploiting Interpretable 

Local Patterns

Workshop: Sentiment 
Discovery from Affective 

Data
Workshop: Discovery 

Challenge
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