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1.  History & foundations (50 mins) 

2. Feed experiments using middlewares (50 mins) 

3. Hands-on tutorial (1 hour) 
- Modify feeds with a browser extension 
- Build your own BlueSky feed

Plan for today



Part 1: 
History & Foundations of 
Feed Ranking Algorithms
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Martin Saveski



World Wide Web  
• Invented in 1989 (37 years ago) 

MySpace 
• Created in 2003 (23 years ago) 

Facebook 
• Created in 2004 (22 years ago) 
• Introduced the Like button in 2009 (17 years ago) 
• Introduced an Algorithmic Feed in 2011 (15 years ago) 

Twitter/X 
• Created in 2006 (20 years ago) 
• Introduced an Algorithmic Feed in 2016 (10 years ago) 
• “See what’s happening — right now”

Algorithmic feeds in historical context



Before the feed



Facebook introduces the News Feed

“Facebook Gets a Facelift”: https://www.facebook.com/notes/263466884972254/ 

September, 2006

https://www.facebook.com/notes/263466884972254/


Facebook introduces an algorithmic feed

“Interesting News, Any Time You Visit”: https://web.archive.org/web/20111005000735/http://blog.facebook.com/blog.php?post=10150286921207131 

September, 2011

https://web.archive.org/web/20111005000735/http://blog.facebook.com/blog.php?post=10150286921207131


Goals of a feed algorithm

https://engineering.fb.com/2021/01/26/ml-applications/news-feed-ranking/ 

https://engineering.fb.com/2021/01/26/ml-applications/news-feed-ranking/


Facebook’s first feed ranking algorithm (2011)

https://perma.cc/CY4N-9NJV 

score(user, item) =
affinity(user, poster) * Weight[item.type]

item.age

affinity(user, poster):  
How much the user cares about the poster (manually crafted) 

Weight[item.type]: 
How engaging different type of content are 

item.age: 
Posts scores decay over time

https://perma.cc/CY4N-9NJV


Modern feed ranking algorithms

Eckles, “Algorithmic transparency and assessing effects of algorithmic ranking”, Testimony before the Senate Subcommittee on Communications, Media, and Broadband (2021)

Score =  
     wlike × P(like) +  
     wcomment × P(comment) +  
     ... +  
     whide × P(hide)



Facebook’s (recent) feed ranking algorithm

https://engineering.fb.com/2021/01/26/ml-applications/news-feed-ranking/  &  https://transparency.meta.com/features/ranking-and-content/ 

https://engineering.fb.com/2021/01/26/ml-applications/news-feed-ranking/
https://transparency.meta.com/features/ranking-and-content/


Facebook’s (recent) feed ranking algorithm

 https://transparency.meta.com/features/ranking-and-content/ 

100s of prediction models based on 1000s of signals 

Four main categories of predictions: 
1. Actions you’ll take on the post 
2. How you’ll spend time viewing the post 
3. Your interest in the post or person, Page or Group that shared 

the post 
4. How others will interact with the post if you take a certain action, 

such as commenting or sharing a post

https://transparency.meta.com/features/ranking-and-content/


Facebook’s “Meaningful Social Interactions”

December 2017 internal Facebook memo titled “The story of deriving Meaningful Social Interactions metric weights” published by Wall Street Journal; 
Borrowed from: Narayanan, “Understanding Social Media Recommendation Algorithms” (2023)



Twitter/X’s “For You” algorithm, 2023

Based on the 2023 open-sourced version of the code. 
https://web.archive.org/web/20260212232943/https://blog.x.com/engineering/en_us/topics/open-source/2023/twitter-recommendation-algorithm  
https://github.com/igorbrigadir/awesome-twitter-algo 

Candidate Sourcing
In-network posts (~50%) 
• Recent posts by users you 

follow 

Out-of-network posts (~50%) 
• Posts users you follow recently 

engaged with 
• Posts & users are similar to 

your interests

Ranking
Light Ranker 
• Fast Logistic Regression 

model (faster) 

Heavy Ranker 
• ~48M parameter neural 

network (slower) 

Both designed to predict 
engagement 

Heuristics & Filters

• Author Diversity: Avoid too many 
consecutive posts from a single 
author. 

• Content Balance: balance of In-
Network and Out-of-Network posts 

• T&S Safety Filtering: remove 
spam, violence, etc. 
 
…..

https://web.archive.org/web/20260212232943/https://blog.x.com/engineering/en_us/topics/open-source/2023/twitter-recommendation-algorithm
https://github.com/igorbrigadir/awesome-twitter-algo


Twitter/X’s “For You” algorithm, 2026

Based on the May, 2026 open-sourced version of the code. 
https://github.com/xai-org/x-algorithm 

Candidate Sourcing
In-network posts (~???%) 
• Recent posts by users you 

follow 

Out-of-network posts (~???%) 
• Embedding-based retrieval 

model, considers all recent 
posts 

Ranking
Phoenix Scorer 
• Grok 1 based transformer 

model that predicts  
p(like, report, reply, etc) 

Weighted Scorer 
• Combine predictions into 

a final relevance score

Heuristics & Filters

• Author Diversity: Avoid too many 
consecutive posts from a single 
author. 

• Content Balance: balance of In-
Network and Out-of-Network posts 

• T&S Safety Filtering: remove 
spam, violence, etc. 
 
…..

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


Twitter/X’s “For You” algorithm: Weights

https://github.com/twitter/the-algorithm-ml/blob/main/projects/home/recap/README.md 

Type of engagement 2023 
 Weight

Probability the user will like the tweet 0.5

Probability the user will retweet the tweet 1.0

Probability the user replies to the tweet 13.5

Probability the user opens the tweet author profile and likes or replies to a tweet 12.0

Probability (for a video tweet) that the user will watch at least half of the video 0.005

Probability the user replies to the tweet and this reply is engaged by the tweet author 75.0

Probability the user will click into the conversation of this tweet and reply or like a tweet 11.0

Probability the user will click into the conversation and stay there for at least 2 minutes 10.0

Probability the user will react negatively  
(requesting “show less often” on the tweet or author, block or mute the tweet author) -74.0

Probability the user will click report tweet -369.0

https://github.com/twitter/the-algorithm-ml/blob/main/projects/home/recap/README.md


Twitter/X’s “For You” algorithm: Weights

https://github.com/twitter/the-algorithm-ml/blob/main/projects/home/recap/README.md 

Type of engagement 2023 
 Weight

2026 
 Weight

Probability the user will like the tweet 0.5 ???

Probability the user will retweet the tweet 1.0 ???

Probability the user replies to the tweet 13.5 ???

Probability the user opens the tweet author profile and likes or replies to a tweet 12.0 ???

Probability (for a video tweet) that the user will watch at least half of the video 0.005 ???

Probability the user replies to the tweet and this reply is engaged by the tweet author 75.0 ???

Probability the user will click into the conversation of this tweet and reply or like a tweet 11.0 ???

Probability the user will click into the conversation and stay there for at least 2 minutes 10.0 ???

Probability the user will react negatively  
(requesting “show less often” on the tweet or author, block or mute the tweet author) -74.0 ???

Probability the user will click report tweet -369.0 ???

https://github.com/twitter/the-algorithm-ml/blob/main/projects/home/recap/README.md


Social  
Behavior

Adaptive 
Algorithm

Complex feedback loop in feed algorithms



MisinformationPolitical 
polarization

Online 
harassment 

Mental 
health risks

Are feed algorithms to blame?
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Science: Special issue on social media and elections

https://www.science.org/toc/science/381/6656 

Big collaboration 
between Meta and 
external researchers

https://www.science.org/toc/science/381/6656


Algorithmic vs. Chronological feeds Interventions Reducing Polarization



Algorithmic vs. chronological feed, Meta in 2020

Moving to chronological feed: 

• Decreased time spent on the platform 

• Decreased rate of likes and comments

Guess et al., How do social media feed algorithms affect attitudes and behavior in an election campaign?, Science (2023)



Algorithmic vs. chronological feed, Meta in 2020
Moving to chronological feed:

• ⬆︎ exposure to political content 

• ⬆︎  exposure to untrustworthy content 

• ⬇︎ exposure to like-minded sources 

Guess et al., How do social media feed algorithms affect attitudes and behavior in an election campaign?, Science (2023)



Algorithmic vs. chronological feed, Meta in 2020

No significant changes on issue 
polarization, affective 
polarization, political knowledge, 
or other key attitudes during the 
3-month study period

Guess et al., How do social media feed algorithms affect attitudes and behavior in an election campaign?, Science (2023)



Algorithmic vs. chronological feed, X in 2023

Gauthier et al., The political effects of X’s feed algorithm, Nature (2026)

Chronological 
Feed

Algorithmic 
Feed

Treatments: Algorithmic => Chronological
Chronological => Algorithmic



Algorithmic vs. chronological feed, X in 2023

Gauthier et al., The political effects of X’s feed algorithm, Nature (2026)

No effects

Algorithmic  
=> 

Chronological

Chronological 
=> 

Algorithmic 

Increase in engagement

No change in polarization

More conservative attitudes



Algorithmic vs. Chronological feeds Interventions Reducing Polarization



Reduced exposure to like-minded sources, Meta in 2020

“… content from ‘like-minded’ sources constitutes the majority of what 
people see on the platform, although political information and news 
represent only a small fraction of these exposures”

Field experiment on 
Facebook reducing 
exposure to content from 
like-minded sources 
(n=23k) 

Nyhan et al., Like-minded sources on Facebook are prevalent but not polarizing, Nature (2023)



Reduced exposure to like-minded sources, Meta in 2020

The intervention had  
no measurable effects 
on eight preregistered 
attitudinal measures

Nyhan et al., Like-minded sources on Facebook are prevalent but not polarizing, Nature (2023)



Reranking anti-democratic attitudes using LLMs, X in 2024

Key idea: Reranking content that is likely to polarize (anti-democratic 
attitudes and partisan animosity)

Piccardi et al., Reranking partisan animosity in algorithmic social media feeds alters affective polarization, Science (2025)
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Reranking anti-democratic attitudes using LLMs, X in 2024

Key idea: Reranking content that is likely to polarize (anti-democratic 
attitudes and partisan animosity)

Piccardi et al., Reranking partisan animosity in algorithmic social media feeds alters affective polarization, Science (2025)
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Design space that platforms 
are comfortable to explore

The real design space 
is much bigger! LLMs →



Opportunities for research

Design space that platforms 
are comfortable to explore

Articulate new visions for how 
these platforms could operate

Test bold ideas that platforms 
cannot try

The real design space 
is much bigger!

Researchers can…



Parting Thoughts

• Feed ranking algorithms have a lot of power:  they control 
what we see and how we see it 

• Feed ranking algorithms are a “recent” invention 

• They are very malleable 

• Lots of opportunities to make positive change!

“We shape our buildings; thereafter they shape us”  
Winston Churchill 



5-minute break

Next:  
Feed experiments 
using middlewares
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