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Requirements

● Laptop with networks

● Attention is all you need



Agenda

● Introduction

● Lecturing: The history of recommendation system

● Break-out: Recommendation system in daily life

● Lecturing: Recommendation as an ML problem

● Lecturing: Evaluate recommendation systems

● Lab: Recommendation system notebook I

10% Discussion60% Lecturing 25% Lab



Introduction



Introduction - AirBnb @ 2008



Introduction - AirBnb @ 2023



Introduction - Pizza Hut @ 2002



Introduction - Pizza Hut @ 2023



Introduction - YouTube @ 2005



Introduction - YouTube @ 2020



Introduction - Steam @ 2004



Introduction - Steam @ 2023



Homepages @ 2023

Everyone gives user recommendations on the first impression!



Introduction

● Every website gives user recommendations right on visiting.
● The recommendation is getting very “aggressive”?

○ 8 videos from 800 millions videos [1] on YouTube (used to recommend categories only)
○ 8-10 cities (and all in CA) from 100,000 cities [2] on AirBnb
○ GTA V from more than 50k games [3]
○ The Big New Yorker Pizza from 10 crusts x 21 toppings x 6 sources

[1] https://www.globalmediainsight.com/blog/youtube-users-statistics
[2] https://www.searchlogistics.com/learn/statistics/airbnb-statistics
[3] https://backlinko.com/steam-users

https://www.globalmediainsight.com/blog/youtube-users-statistics
https://www.searchlogistics.com/learn/statistics/airbnb-statistics
https://backlinko.com/steam-users


Introduction

● Every websites gives user recommendations right on visiting.
● The recommendation is getting very “aggressive”?

○ 8 videos from 800 millions videos on YouTube (used to recommend categories only)
○ 8-10 cities (and all in CA) from 100,000 cities on AirBnb
○ GTA V from more than 50k games
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● What makes them so confident that it is a good suggestion? 



The History of 
Recommendation System



Recommendation and Divination

“I know of no people … that does not consider that future things are 
indicated by signs and that it is possible … to recognize those signs 
and predict what will happen.” 

--- Marcus Tullius Cicero (44 BC)



Divinetech: 1500 BC - 500 BC, China

Oracle bones (Chinese: 甲骨; pinyin: jiǎgǔ) are 
pieces of ox scapula and turtle plastron, which 
were used for pyromancy – a form of divination 
– in ancient China, mainly during the late 
Shang dynasty. Scapulimancy is the specific 
term if ox scapulae were used for the divination, 
plastromancy if turtle plastrons were used.

https://en.wikipedia.org/wiki/Traditional_Chinese_characters
https://en.wikipedia.org/wiki/Pinyin
https://en.wikipedia.org/wiki/Scapula
https://en.wikipedia.org/wiki/Plastron
https://en.wikipedia.org/wiki/Pyromancy
https://en.wikipedia.org/wiki/Divination
https://en.wikipedia.org/wiki/Shang_dynasty
https://en.wikipedia.org/wiki/Scapulimancy


Divinetech: 1400 BC - 800 BC, Delphi, Greece

● Step 1: Journey to Delphi

● Step 2: Preparation of the supplicant

● Step 3: Visit to the Oracle

● Step 4: Return home



Divinetech: 450 BC - Today? 



Divinetech to Recommendation Literature: 1663 AD - 1859 AD

Benjamin Franklin, 1757Cardano, 1663
Samuel Smiles, 1859



Recommendation Literature: 1859 AD - Today

● How to Win Friends and Influence People (1936)
● Think and Grow Rich (1937)
● …
● Oracle of the Coffee House (1972)
● The 7 Habits of Highly Effective People (1989)
● Awaken the Giant (1992)
● Chicken Soup of the Soul (1993)
● …
● The One Minute Manager (2001)
● A Guide to the Good Life (2009)
● Personal Development for Smart People (2009)



Recommendation (System): 1500 BC - Today

● People all over the world seek tools/techniques in their personal quest for 

actionable advice.

● Personalization and quantitative models are introduced. 

● Self-help literature reflect the historical strand of recommendation: Curation.



Recommendation System: Definition? 

“.. is a subclass of information filtering system that provide suggestions for items 
that are most pertinent to a particular user.”  --- Wikipedia

“Recommender systems (RSs) are software tools and techniques that provide 
suggestions for items that are most likely of interest to a particular user. ” --- 
Introduction to Recommender Systems Handbook

“A recommender system can be described as a system which automatically 
selects personally relevant information for users based on their preferences.”  --- 
Intelligent and Relevant 
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First Recommendation System -- Grundy: 1979

Rich, Elaine. "User modeling via stereotypes." Cognitive 
science 3.4 (1979): 329-354.



First Recommendation System Used: 1992, Palo Alto

Goldberg, David, et al. "Using collaborative filtering to weave 
an information tapestry." Communications of the ACM 35.12 
(1992): 61-70.



Collaborative Filtering: More to come after the break



First-generation “Real” Recommendation System: 1992, Palo Alto

Goldberg, David, et al. "Using collaborative filtering to weave an information tapestry." 
Communications of the ACM 35.12 (1992): 61-70.



First-generation “Real” Recommendation System: 1992, Palo Alto

Goldberg, David, et al. "Using collaborative filtering to 
weave an information tapestry." Communications of 
the ACM 35.12 (1992): 61-70.



Earlier Recommendation Systems

● Recommendation system: RS automatically selects personalized information 

based on users’ preferences. 

● Grundy: 
○ Ask user questions and assign stereotype. 

○ Content-based filtering.

● Tapestry: 
○ Find similar users and recommend their choices. 

○ Collaborative filtering.



Backbone of Recommendation System: Not Only the Algorithm



Coffee Break

Take a 10 minute break



Recommendation System 
in Daily Life



Recommendation System in Daily Life

● Q: What is the input/outputs of the system? 

● Q: Why is this useful? 

● Q: Can you guess what’s behind the system? 









Recommendation System in Daily Life: TikTok

● Q: What is the input/outputs of the system? 
○ Input: Historical user behavior (e.g. like/comment/share or not; How long did I stay; Did I finish 

the video)

○ Outputs: Next short video I would like to watch. Or some Ads that I have high chance to spend 

my money on.

● Q: Why is this useful?
○ Well, it helps to.. kill my time more effectively(?). I don’t need to search for videos I am 

interested in. Moreover, I explored my interests in a way I could never think about. 

● Q: Can you guess what’s behind the system? 
○ Hmm. Maybe just like the Grundy example? They assigned me a “stereotype”? 



Recommendation as 
an ML Problem



Recommendation System an ML Problem

● How to model recommendation problem mathematically.

● Classic recommendation algorithms
○ Collaborative filtering

■ Memory-based filtering

■ Model-based filtering

○ *Content-based filtering

● How to evaluate recommendation modeling.



Recommendation System an ML Problem
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Recommendation System an ML Problem
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Collaborative Filtering: Similarity Function

You can calculate similarity in many ways, but the overall problem 

can be defined as follows: Given two items, i1 and i2, the similarity 

between them is given by the function sim(i1, i2).
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Collaborative Filtering: Cosine Similarity

Barbie Oppenheimer

Helle 5 2

Sara 5 3

Therese 1 4



Collaborative Filtering: Cosine Similarity

Barbie Oppenheimer Spider-Man: Across 
the Spider-Verse

Helle 5 2 3

Sara 5 3 4

Therese 1 4 3



Collaborative Filtering: Euclidean Similarity



Collaborative Filtering: Scale-up Similarity Calculation

What if we have 20 million active users? 

Calculate similarities of current user <-> 20 million users? 
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Collaborative Filtering: Scale-up Similarity Calculation

What if we have 20 million active users? 

Calculate similarities of current user <-> 20 million users? 

K-Means Clustering in Python: A Practical Guide: https://realpython.com/k-means-clustering-python/



Collaborative Filtering: Memory-based



● How to model recommendation problem mathematically.

● Classic recommendation algorithms
○ Collaborative filtering

■ Memory-based filtering

■ Model-based filtering

○ *Content-based filtering

Collaborative Filtering: Model-based Filtering



Collaborative Filtering: Motivation of Model-based Filtering



Collaborative Filtering: Factorization



Collaborative Filtering: SVD Factorization



Collaborative Filtering: SVD Factorization



Collaborative Filtering: Model-based



Collaborative Filtering: Funk Factorization



Collaborative Filtering: More about Funk

Netflix provided a training data set of 
100,480,507 ratings that 480,189 users gave to 
17,770 movies

At one point Simon Funk was #3 on the list.
However, Simon is an independent software developer who 
works on Netflix prize in his spare time between his trips 
around New Zealand! 
He freely published his code and ideas – the first top leader to 
do so!

More to read:
https://www.thrillist.com/entertainment/nation/the-netflix-prize
https://sifter.org/simon/journal/20061211.html
https://www.kdd.org/exploration_files/simon-funk-explorations.pdf

https://www.thrillist.com/entertainment/nation/the-netflix-prize
https://sifter.org/simon/journal/20061211.html
https://www.kdd.org/exploration_files/simon-funk-explorations.pdf


Collaborative Filtering: Pros & Cons

● No domain knowledge necessary

● Exploratory

● Sparsity

● Side features

● Cold start

● Gray sheep

● Not using popularity



● How to model recommendation problem mathematically.

● Classic recommendation algorithms
○ Collaborative filtering

■ Memory-based filtering

■ Model-based filtering

○ *Content-based filtering

Content-based Filtering



Content-based Filtering

Example from:
https://developers.google.com/machine-learni
ng/recommendation/content-based/basics



Content-based Filtering: Pros & Cons

● Easy to scale

● Explainable

● Hand-engineered features

● Not exploratory



Recommendation System an ML Problem

● How to 



Evaluate Recommendation Systems



Evaluate Recommendation Systems



Evaluate Recommendation Systems

● Goals and Metrics

● Offline Evaluation

● Online Evaluation



Evaluate Recommendation Systems: Goals

● Accuracy

● Diversity and coverage

● Serendipity

● Scalability
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Evaluate Recommendation Systems: Goals

● Accuracy

● Diversity and coverage

● Serendipity

● Scalability -> More to come tomorrow!



Evaluate Recommendation Systems: Offline Evaluation - Split

Left diagram: 
https://github.com/microsoft/recommenders/tree/main/examples



Evaluate Recommendation Systems: Offline Evaluation - Split



Evaluate Recommendation Systems: Online Evaluation



Evaluate Recommendation Systems: Online Evaluation



Evaluate Recommendation Systems: Online Evaluation



Evaluate Recommendation Systems: Online Evaluation



Reference

PRS IRS RE SERS RST

Related 
Chap.

Chap. 7-11. Chap. 2, 7 Chap. 1-5. Chap. 1, 2, 4. Chap 1-4.

Hao’s 
Rating

5 3 4 2 4



Coffee Break

Take a 5 minute break



Lab Time!



Instruction for running notebooks on Deepnote

Please click on the "Open project" button found in the email 
titled "ICME Summer 2023 - Search and Recommendation 
System - Invitation to Collaborate."

If you don't have a Deepnote account already, you might 
need to sign up for one.



Instruction for running notebooks on Deepnote

Once you have a Deepnote account, create a workspace 
with any name you prefer and duplicate the project to your 
own workspace and run the notebook. 


