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John Riedl
• Co-Inventorr off Recommenderr systems
• PhDD att Purduee University
• Professorr att Univ.. off Minnesota
• ACMM Softwaree Systemm Awardd – GroupLens System
• Diedd off cancerr inn 2013

• Quotee fromm hiss sonn aboutt John:
“Hee oncee lookedd into howw likelyy peoplee aree too followw 
yourr bookk recommendationss basedd onn howw manyy 
bookss youu recommend.. Wee wentt too hiss talkk att thee AHH 
Conferencee inn whichh hee describedd thee answer.. Itt 
turnss outt thatt iff youu recommendd tooo manyy bookss too 
people,, theyy gett overwhelmedd andd aree lesss likelyy too 
followw yourr suggestions.. Ass hee toldd uss inn hiss talk,, thee 
optimall numberr off bookss too recommendd turnss outt too 
bee aboutt two.. Thenn hee proceededd too recommendd 
eightt bookss duringg thee talk.”
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U is for …

• URL
• https://duke.edu

• Usenet
• Original source of FAQ, Flame, Spam, more

• UI and UX
• User is front and center
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Interested in being a UTA?

• Enjoyy Compsci101?

• Wouldd likee too helpp otherss learnn it?

• Considerr applyingg too joinn thee team!

• https://www.cs.duke.edu/undergrad/uta

• Applyy soon
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Announcements
• APT-77 duee Thursday,, Aprill 7

• Assignn 66 – Recommenderr out,, duee 4/19

• Labb 111 Fridayy – noo Pre-lab

• APTT Quizz 22 – Aprill 7-10

• Examm 44 – inn onee week,, Aprill 13
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PFTD

• APTT Quizz 2

• Examm 4

• Sortingg Review

• Recommender

• Recommendations big picture

• Assignment big picture

• Simple recommendation example

• Actual recommendation assignment
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APT Quiz 2 April 7-10
• Openss 4/77 11:30amm 

• Closess att 11pmm 4/100 – mustt finishh alll by thiss time

• Theree aree twoo partss basedd onn APTs 1-7

• Each part has two APT problems

• Each part is 22 hours– more if you get 
accommodations 

• Each part starts in Sakai under tests and quizzes

• Sakai is a starting point with countdown timer that 
sends you to a new apt page just for each part

• Could do each part on different day or same days

• Putt upp problemss todayy fromm ann oldd APTT Quizz soo youu 
cann practicee (nott forr credit)) – onn APTT Page
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PTsTsTTsTsT 1-7

ems

t

2 hours 
each part!

APT Quiz 2
• Iss yourr ownn work!

• No collaboration with others!

• Use your notes, lecture notes, your code, textbook

• DO NOT search for answers!

• Do not talk to others about the quiz until grades are 
posted

• Postt privatee questionss onn Edd Discussion

• We are not on between 10pm and 8am!

• We are not on all the time

• Will try to answer questions between 8am – 10pm

• Seee 1011 APTT pagee forr tipss onn debuggingg APTs
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Protect your APT Quiz 2!

• Be defensive in both directions!
• Reduce risk others will see your code

• Complete it in your dorm room, alone
• Lock the door!
• Do not do it in a public space

• Reduce risk you will see/know other’s answers
• Do not ask others about the quiz
• Do the quiz alone

• Can’t ask for help if there’s no one around
• If your code is suspiciously similar to another’s, both of 

yyou are in trouble
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Exam 4 – in person – Tues, April 12

• Exam is in class on paper – 10:15am
• Need pen or pencil
• Closed book, closed notes, no electronics
• Do not talk to anyone about the exam until 

it is handed back!
• See materials under 4/12 date 

• Exam 4 Reference sheet - part of exam
• Covers 

• Lectures: through today
• APTs through APT7
• Labs through Lab 10
• Assignments through Assignment 5
• Sakai Quizzes through 3/31
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Exam 4 Topics
• Everything from Exam 1 -3
• Sets
• Dictionaries
• Sorting

• sort() vs sorted()
• Stable sorting
• Lambda functions
• Sorting on multiple criteria

• Problem solving 
• Given a problem, what do you use?
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WOTO-1 Review Sorting
http://bit.ly/101s22-0405-1

4/5/22 Compsci 101, Spring 2022 12



Recommendation Systems: Yelp

• Aree alll userss createdd equal?

• Weightingg reviews

• Whatt iss aa recommendation?
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Recommendation Systems: Yelp
https://www.youtube.com/watch?v=PniMEnM89iY
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Recommender Systems: Amazon
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• Howw doess Amazonn createe recommendations?

Recommendation Systems: Netflix

• Netflixx offeredd aa prizee inn 2009

• Beat their system? Win a million $$
• http://nyti.ms/sPvR
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Compsci 101 Recommender

• Doesn'tt workk att thee scalee off thesee systems,, usess 
publiclyy accessiblee data,, butt ...
• Movie data, food data, book data

• Makee recommendations
• Based on ratings, how many stars there are
• Based on weighting ratings by users like you!

• Collaborativee Filtering:: math,, stats,, compsci
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Where to eat? Simple Example
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• Rate restaurants on a scale of (low) -5 to 5 (high)

• Each row is one user’s ratings

• But a zero/0 means no rating, not ambivalent

• What restaurant should I choose to go to?

• What do the ratings say? Let’s take the average!

Tandoor IlForno McDon Loop Panda Twin
0 3 5 0 -3 5
1 1 0 3 0 -3

-3 3 3 5 1 -1

Calculating Averages

• Whatt iss averagee ratingg off eateries?

• Tandoor:: (1 + -3)/2 = -1.00
• Don't count rating if not rated

• Ill Forno::    (3 + 1 + 3)/3 = 2.33
• Wheree shouldd wee eat?? What'ss thee bestt average
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Tandoor IlForno McDon Loop Panda Twin

0 3 5 0 -3 5
1 1 0 3 0 -3

-3 3 3 5 1 -1

Python Specification
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• Items:: listt off stringss (headerr inn tablee shown)

• Valuess inn dictionaryy aree ratings:: intt list
• len(ratings[i]) == len(items)



Recommender averages

• def averages(items,ratings):

• Input: items -- list of restaurants/strings
• Input: dictionary of rater-name to ratings

• ratings: list of ints, [1,0,-1, ... 1]  --
parallel list to list of restaurants 

• kth rating maps to kth restaurant
• Output: recommendations

• List of tuples (name, avg rating) or (str, float)
• Sort by rating from high to low
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WOTO-2 Averages
http://bit.ly/101s22-0405-2
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Drawbacks of Averaging, Instead …

• Are all user’s ratings the same to me?
• Weight/value ratings of people most similar to me

• Collaborative Filtering
• https://en.wikipedia.org/wiki/Collaborative_filtering

• How do we determine who is similar to/"near” me? 

• Mathematically: treat ratings as vectors in an N-
dimensional space, N = # of items that are rated
• a.k.a. weight has higher value closer to me
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Determining "closeness"
• Calculate a number measuring closeness to me

• The higher the number, the closer to me
• I’m also a rater, "me" is parameter to function

• Function:
• similarities("rodger", ratings)

• Return [("rater1", #), ("rater2", #), ...]
• List of tuples based on closeness to me
• sorted high-to-low by similarity
• “rodger” should not be in that list!
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Determining "closeness"
• Calculatee aa numberr measuringg closenesss too me

• The higher the number, the closer to me
• I’m also a rater, "me" is parameter to function

• Function:
• similarities("rodger", ratings)

• Returnn [("rater1", #), ("rater2", #), ...]
• List of tuples based on closeness to me
• sorted high-to-low by similarity
• “rodger” should not be in that list!
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Same as before, dictionary 
of rater to ratings

What's close? Dot Product

• https://en.wikipedia.org/wiki/Dot_product
• For [3,4,2] and [2,1,7] 

• 3*2 + 4*1 + 2*7 = 6+4+14 = 24
• Howw closee amm II too eachh rater?
• Whatt happenss iff thee ratingss are

• Same sign? Me: 3, -2 Other: 2, -5
• Different signs? Me: -4 Other: 5
• One is zero? Me: 0 Other: 4

• Whatt doess itt meann whenn ## is…
• Big? Small? Negative?
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Writing similarities
• Givenn aa namee andd aa dictionary,, returnn listt off tuples

• Whatt iss thee ## here?
• Dot product of two lists
• One list is fixed (name)
• Other list varies (loop)

• Think:: Howw manyy tuples
aree returned?
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def similarities(name, ratings):
return [('name0', #), ...('nameN', #)]

Collaborative Filtering
• Oncee wee knoww raterss "near"" me?? Weightt them!

• How many raters to consider? 1? 10?
• Suppose Fran is [2, 4, 0, 1, 3, 2]

• Whatt iss Sam’ss similarityy too Fran?

• 2*0 + 4*3 + 0*5 + 1*0 + 3*-3 + 2*5 = 113
• Sam’ss ratingss [0, 3, 5, 0, -3, 5] * 13
• Sam weighted: [0, 39, 65, 0, -39, 65]
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Tandoor IlForno McDon Loop Panda Twin
Sam 0 3 5 0 -3 5
Chris 1 1 0 3 0 -3
Nat -3 3 3 5 1 -1



What is Chris’s similarity and weights?
• Suppose Fran is [2, 4, 0, 1, 3, 2]
• Chris’s similarity is: 

• 2*1 + 4*1 + 0*0 + 1*3 + 3*0 + 2*(-3) = 3

• Chris’ weighted ratings:

• 3 * [1, 1, 0, 3, 0, -3]
• [3, 3, 0, 9, 0, -9]
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Tandoor IlForno McDon Loop Panda Twin
Sam 0 3 5 0 -3 5
Chris 1 1 0 3 0 -3
Nat -3 3 3 5 1 -1

Steps for Recommendations

• Start with you, a rater/user and all the ratings
• Get similarity "weights" for users: dot product

• Calculate new weighted ratings for all users
• [weight * r for r in ratings]

• Based on these new ratings, find average
• Don't use zero-ratings

• Check recommendations by … (not required)
• Things I like are recommended? If so, look at 

things I haven't tried!
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Recommendations

• Get new weighted averages for each eatery

• Then find the best eatery I've never been to
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Sam:13
Nat:12

Chris:3

def recommendations(name,items,ratings,numUsers)
return [('eatery0', #), ...('eateryN', #)]

Fran gets
a recommendation
(considering numUsers raters)

rc = recommendations("Fran",items,ratings,3)
#use this to provide evals to Fran

Similarities Summarized

• How do we get weighted ratings?
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def similarities(name,ratings):
return [('name', #), ...('name', #)]

weights = similarities("Fran", ratings)

Tandoor IlForno McDon Loop Panda Twin
Sam 0 3 5 0 -3 5
Chris 1 1 0 3 0 -3
Nat -3 3 3 5 1 -1
Fran 2 4 0 1 3 2



Making Recommendations

• How do we get weighted ratings? Call average?
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weights = similarities("Fran", ratings)
weights = #slice based on numUsers
weightedRatings = {}. # new dictionary
for person, weight in weights:

weightedRatings[?] = ?

Tandoor IlForno McDon Loop Panda Twin
Sam 0 3 5 0 -3 5
Chris 1 1 0 3 0 -3
Nat -3 3 3 5 1 -1
Fran 2 4 0 1 3 2

Tandoor IlForno McDon Loop Panda Twin

Sam 0 39 65 0 -39 65
Chris 3 3 0 9 0 -9
Nat -36 36 36 60 12 -12
Total -36 75 101 60 -27 53
Avg -36 37.5 50.5 60 -13.5 26.5

Calculating Weighted Average

recommendations("Fran",items,ratings,2)
• Make recommendation for Fran? Best? Worst?

• Fran should eat at Loop! Even though only using Nat’s rating

• But? Fran has been to Loop! Gave it a 1, … McDonalds!!!! ??
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WOTO-3 Sims to Recs
http://bit.ly/101s22-0405-3

• From Similarities to Recommendations
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Assignment Modules
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RecommenderEngine
1.averages(…)
2.similaries(…)
3.recommendations(…)

MovieReader
1.getdata(…)

BookReader
1.getdata(…)

RecommenderMaker
1.makerecs(…)

TestRecommender



Function Call Ordering

• Some_Reader_Module.getdata(…)

• RecommenderMaker.makerecs(…)

• RecommenderEngine.recommendations(…)
• RecommenderEngine.similarities(…)

• RecommenderEngine.averages(…)
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