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TLDR for today
You should be passionate and obsessed with the idea

assume this is your Startup
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WHAT ARE
RECOMMENDER SYSTEMS?

A type of ML system that predicts and suggests items
a user might be interested in, based on thelir
preferences, behavior, or characteristics
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There are too many post to choose from.

Instead, Instagram first predicts which
accounts will be relevant. Then it predicts
the posts

(Also better for applying diversity)
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How much “items” ynet has?
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Evergreen content?




Recsys are ML models that

* Predicts user preferences or interests
* Suggests items tailored to each user
e Learns from user behavior, metadata, and other data

* Discovers new items users were not looking for



Recsys are at the core of the business

 Personalized experience
each user is unique

e Utilize long talil
surface the right items out of millions of options

* Increases revenue
and other KPIs (engagement, stickiness, reduce search time, ...)

24



ChatGPT v T, Share

Do we need a recommender system in the era of lIms?
make sure your answer will fit a single slide in length

Thought for a couple of seconds
Yes — but the role changes.
Why it still matters

» LLMs are great at understanding and explaining content.
e Recommenders are great at deciding what to show next under real constraints:
scale, freshness, business goals, diversity, safety, and latency.

What LLMs improve

e Better semantic matching for cold-start items/users

e Stronger query understanding and conversational preference capture
e Better ranking features from text, images, and metadata

e Natural-language explanations and interactive discovery

What recommender systems still uniquely do

e Optimize for long-term engagement [ conversion / retention

e Learn from implicit feedback at massive scale

e Balance exploration vs. exploitation

e Enforce constraints: inventory, policy, fairness, diversity, budgets
e Operate with low latency and predictable cost

Best view
e Not recommender vs. LLM
e |tisrecommender + LLM
Practical stack

1. Candidate retrieval
2. LLM/embedding-based understanding

g

Ranking with behavioral signals

o

Re-ranking for diversity/safety/business rules

o

LLM explanation or chat interface

Bottom line
In the LLM era, recommender systems are still needed — LLMs become a powerful
component inside them, not a replacement.

6 P &2 v
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Workshop goal

Build your own recommender system

The exact domain, use case and focus are entirely up to you!
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Workshop goal

You should be passionate and obsessed with the idea

assume this is your Startup



How to learn?

< Post
Elon Musk &
@elonmus k

MILKEN

https://x.com/elonmusk/status/1888818629589827943

31


https://x.com/elonmusk/status/1888818629589827943

privilege to teach and learn

failling In this course is not an option.




understanding the motivation

examples before theories



Buzzwords to be covered (tentative)

* General recommender systems
e Content based

* Collaborative filtering

* Hybrid

e Algorithms
e Similarities (cos / jaccard)
 User based / Item based

e Matrix factorization

* Other
* Embeddings
* Vector DB
* LLMs

34



Staff

Dr. Rubl Boim

e boim Al cs.tau.ac.ll

o https://www.cs.tau.ac.il/~boim/

Stav Koren (TA)

e stavk Al mail.tau.ac.ll

35
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Communications

* Course website:
https://courses.cs.tau.ac.il/recsys/

* Moodle
https://moodle.tau.ac.il/course/view.php?id=368356501

36
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https://moodle.tau.ac.il/course/view.php?id=368356501

Course plan (tentative)

e Intro

* Project proposals

* Recsys algorithms
 Mid checkup

* Mid semester presentation

* Final checkup

* Final presentation



Course schedule

https://courses.cs.tau.ac.il/recsys/

38
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Project proposals

* Present / discuss your project
* UsSe Case
* data set

e focus / unique features

e Define modules / sub tasks



Mid semester presentation

15 min presentation in class (in english)
* Live demo (if available)
* Current challenges

* Current road map



Final presentation

15 min presentation in class (in english)

e |Ive demo

e | essons learned

e What worked and what didn’t work



FAQ

* Group size: 4 students

* Languages / platforms / Al agents: no restrictions

* Deployment: no restrictions (local / web)

* Final submission: single GitHub project



Requirements (1)

* Working demo / MVP
* Interesting features

* Learning algorithm (ML)



Requirements (2)

Do NOT develop “high accuracy” algorithm -
instead combine several “simpler” methods /

features
iIn other words, do not try to win the Netflix prize.
but you can use its data for other stuft

* You should have “several / many” modules
most of them won’t be “core recommenders”
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How to choose a project topic?



Choosing a topic

* A domain you're passionate about

e A dataset to work with
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* A domain you're passionate about

e A dataset to work with

(Probably) you need behavioral data



Choosing a topic

* A domain you're passionate about

e A dataset to work with

(Probably) you need behavioral data

Do you know why?




Choosing a topic

* A domain you're passionate about

e A dataset to work with

(Probably) you need behavioral data

User watched a movie

User purchased a product

User rated a song

User clicked on an article




Choosing a topic

A domain you're passionate about

e A dataset to work with

(Probably) you need behavioral data

\

baby-dry” /
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Recommender System types

* Content based
based on semantic / static properties

* Collaborative filtering
based on user behavior

* Hybrid

A mix of the two



Recommender System types

* Content based
based on semantic / static properties

» Collaborative filtering intuition
based on user behavior

because you watch comedy movies
with Adam Sandler here are more
comedies you might like

* Hybrid

A mix of the two
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Recommender System types

 Content based - S - Comecy

¥ - Adam sandler

based on semantic / static properties @l viewnistory: (WS

* Collaborative filtering l

based oNn user behavior Jordan’s Profile: Action: 0.34
Drama: 0.23

Comedy: 0.9
SciFi: 0.3

* Hybrid

A mix of the two

recommendation:
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Recommender System types

* Content based
based on semantic / static properties

Intuition

* Collaborative filtering
based on user behavior Other users who watch “Grown Ups”

also watched...

* Hybrid

A mix of the two
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Recommender System types

* Content based o
based on semantic / static properties @y viow history:

* Collaborative filtering
based on user behavior

some longer than others.

GROWN UPS

* Hybrid

A mix of the two

recommendation:
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Recommender System types

' Ly
pertleS | B view history: ERPK

THIS IS IMPORTANT!

Collaborative Filtering works without
any prior semantic knowledge

You can blend any type of items

together in the same algorithm
(movies, food, books, hotels..)

recommendation: 4156
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Recommender System types

* Content based
based on semantic / static properties

Intuition

° Collaborative filtering Mix the semantics with CF
based on user behavior (there are a lot of ways)

for example, predict new genres the
user might like

* Hybrid

A mix of the two
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Choosing a topic
* You can start your search here for a few examples

https://courses.cs.tau.ac.il/recsys/datasets/



https://courses.cs.tau.ac.il/recsys/datasets/

Ok - we got a topic :) What now?



Project modules / services (example)

Recsys
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Project modules / services (example)

Ul <+t <+—>

Data

Recsys




Project modules / services (example)

Ul

Recsys

Data

-
DB

N—

/ Text files\
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Project modules / services (example)

Ul

L

Serving
(Real-time)

Training
Model
(Offline)

Data

-
DB

N—

/ Text files\

DN
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Project modules / services (example)

Recsys Data
Ul 4+ >
/ : / DB
Serving
(Real-time) /
/ / Text files\
\ Training /
Model
(Offline) /
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Project modules / services (example)

Recsys Data
Ul <4+—>
>
/ _ / DB
Serving .
(Real-time)
2 / / /A/”/ Text files\
/ / \ Training
Training || CF Model CB
Model (Offline)
(Offline) / | /
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Project modules / services (example)

Recsys Data
Ul <4+—>
>
/ _ / DB
Serving .
(Real-time)
2 / / /A/”/ Text files\
/ / \ Training
Training || CF Model CB
Model (Offline)
(Offline) / | /

Recsys (2)
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Project modules / services (example)

Ul

L

Serving
(Real-time)

ST

Data

-
DB

N—

Text files\

\RQ

Recsys (2)

Training
Training | CF Model
Model (Offline)
(Offline) /
—p Data (2)
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Project modules / services (example)

Ul

L

Serving
(Real-time)

ST

Data

-
DB

N—

// s,

Recsys (2)
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Training
Training || CF Model CB
Model (Offline)
(Offline) /
—> Data (2) —>

Web scraper




Project modules / services (example)

Ul

Autocomplete

L

Serving
(Real-time)

ST

Data

-
DB

N—

// s,

Recsys (2)
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Training
Training || CF Model CB
Model (Offline)
(Offline) /
—> Data (2) —>

Web scraper




ChatGPT

Project modules / services (example)

Ul

Autocomplete

L

Serving
(Real-time)

ST

Data

-
DB

N—

// s,

Recsys (2)

/1

Training
Training || cF Model || cB
Model (Offline)
(Offline) /
—> Data (2) —>

Web scraper




Ul

Ch

Start by implementing “simple hello, world” modules
(just connecting different technologies / stacks is not trivial)

It will be easier to divide the work, and to get a clear view of the system

Tip (1)

Recsys (2) | «=————>

Recsys

(2

Data (2)

Project modules / services (example)

Data

-
DB

N—

Text files\

Web scraper




Chat

Project modules / services (example)

Tip (2.1)

You are NOT expected to develop a PRODUCTION system.
You do NOT need to support:

Highly available / Highly scalable

/3

Data

-
DB

N—

Text files\

Recsys (2) | +=——> Data (2) +—p

Web scraper




Chat

Project modules / services (example)

Tip (2.2)

You are NOT expected to develop a PRODUCTION system.
You do NOT need to support:

Synchronization between models and data
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Data

-
DB

N—

Text files\

Recsys (2) | +=——> Data (2) +—p

Web scraper




Chat

Project modules / services (example)

Tip (2.3)

You are NOT expected to develop a PRODUCTION system.
You do NOT need to support:

Automatic model training
(But do address “bootstrapped” user / item)
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Data

-
DB

N—

Text files\

Recsys (2) | +=——> Data (2) +—p

Web scraper




Chat

Project modules / services (example)

Tip (3)

You can use local open source and/or can use online (free) APls
(Do not add a credit card!!!)

For example,
Autocomplete: algolia
Chat: ChatGPT
Embeddings: cohere
Al: Hugging Face

/6

Data

-
DB

N—

Text files\

Recsys (2) | +=——> Data (2) +—p

Web scraper




Tip (4)

Optimize (mostly your time) for experience, not for “optimal”

For example,
If you never used a DB - you do not need to take the BigData course

and learn about schema design / normalization / partitions...
Chat But your solution should work

Recsys (2) | +=——> Data (2) +—p

’r’

Project modules / services (example)

Data

-
DB

N—

Text files\

Web scraper




Chat

Project modules / services (example)

Tip (5)

(Probably it will be easier for you to train the models from txt files you

transformed)

Recsys (2) | «=————>

/8

You can store the data on files, on DBs or both

Data (2)

Data

-
DB

N—

Text files\

Web scraper




Chat

Project modules / services (example)

Tip (6)

Don’t be afraid to use Vector DBs, LLMs, MCP...

Recent trends are cool (!)

Recsys (2) | «=————>

79

Data (2)

Data

-
DB

N—

Text files\

Web scraper




Project modules / services (example)

Data
. 3
Tip (7) DB
To build recommendation model, you can (and probably should) use an _
existing framework Text f"es\

(For Matrix factorization, Item based CF, Clustering or whatever you

choose)
Chat

Recsys (2) | +=——> Data (2) <+—» | Web scraper
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Chat

Project modules / services (example)

Tip (8)

Start by your preferred programming language, and search for (video)

tutorials

Recsys (2) | «=————>

81

How to choose the best framework?
There Is no such thing...

Data (2)

Data

-
DB

N—

Text files\

Web scraper




Chat

Project modules / services (example)

Tip (9)

Start with your idea, and then validate you can get a data set

How to know how to start?

Recsys (2) | «=————>
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Data (2)

Data

-
DB

N—

Text files\

Web scraper




Project modules / services (example)

You should be passionate and obsessed with the idea

assume this is your Startup

Chat

Recsys (2) | +=——> Data (2) <+—» | Web scraper




Move fast and break things



If you want to get inspired



0:07 / 1:15 o)

& 3

"4

e

https://x.com/ajassy/status/18947/87418647339374
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https://x.com/ajassy/status/1894787418647339374

Personalization at Netflix

= EPremium Search Q U

Trends in Recommendation & Personalization at Netflix

No, personalization is hard! \

o Every person is unigue with a variety of interests

... and sometimes multiple people use the same profile

o Help people find what they want when they’re not sure what they want
o Non-stationary, context-dependent, mood-dependent, ...

o Large datasets but small data per member

... and potentially biased by the output of your system
o Cold-start problems on all sides

o More than just accuracy: diversity, novelty, freshness, fairness, ...

-

NETFLIX

.

>

= I = N YN \/
QL& A

1C
HD
| ‘D 3:58 /31:59 - Is this solved yet > o cc] ¢ E - []

Trends in Recommendation & Personalization at Netflix

Scale Al
26.1K subscribers

rH 845 CJ ~» Share 1 Download & clip

https://www.youtube.com/watch?v=IByC2keY3vo
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https://www.youtube.com/watch?v=IByC2keY3vo

Personalization at X

00 README & Code of conduct &8 Apache-2.0 license

X For You Feed Algorithm

This repository contains the core recommendation system powering the "For You" feed on X. It combines in-
network content (from accounts you follow) with out-of-network content (discovered through ML-based retrieval)
and ranks everything using a Grok-based transformer model.

https://qgithub.com/xai-org/x-algorithm
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https://github.com/xai-org/x-algorithm

Personalization at Twitter / X

X Engineering Engineering Insights Infrastructure Open source

Twitter's
Recommendation
Algorithm

Twitter
ex Twitter

https://blog.x.com/engineering/en us/topics/open-source/2023/twitter-recommendation-algorithm
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https://blog.x.com/engineering/en_us/topics/open-source/2023/twitter-recommendation-algorithm

Personalization at Instagram

o0\ Meta

ML Applications

Powered by Al: Instagram’s
Explore recommender system

https://ai.meta.com/blog/powered-by-ai-instagrams-explore-
recommender-system/
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Engineering at Meta

POSTED ON AUGUST 9, 2023 TO ML APPLICATIONS

Scaling the Instagram Explore
recommendations system

https://engineering.fb.com/2023/08/09/ml-applications/
scaling-instagram-explore-recommendations-system/



https://engineering.fb.com/2023/08/09/ml-applications/scaling-instagram-explore-recommendations-system/
https://engineering.fb.com/2023/08/09/ml-applications/scaling-instagram-explore-recommendations-system/
https://ai.meta.com/blog/powered-by-ai-instagrams-explore-recommender-system/
https://ai.meta.com/blog/powered-by-ai-instagrams-explore-recommender-system/

