Introduction to How
Recommendation Systems Work

" Al tools filtering vast catalogs to surface
personalized suggestions for you"

» " Netflix: 80% of watched content; Amazon: 35%
of purchases come from these engines"

* " YouTube drives 70% of watch time; TikTok
thrives on algorithm-driven discovery"

» " Core value: saves time, reduces overload,
and tailors each platform to you"

* " Agenda: understand why you see what you
see—and how to influence it"



The Core Problem: Information Overload
Meets Personalization
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® Too many options create decision fatigue;
recommendations solve this paradox

® Users discover relevant items; platforms
gain engagement and retention

® Systems predict preference, click
probability, watch time, or purchase
likelihood

"Missing ratings" act as proxies for
guessing what you'd do next




The Three Major Approaches: An Intuitive Overview

00o o Collaborative Filtering: “People with
tastes like yours also enjoyed this.”

e Content-Based Filtering: “This is similar
I!!—‘ to what you enjoyed before, based on
its characteristics.”

e Hybrid Systems: Combining both
""' approaches to overcome individual
weaknesses, like the cold-start problem.

& e Relatable analogy: a friend’s movie
® o :
- A recommendation vs. a sequel to a book
you loved.




Collaborative Filtering:
Learning from Collective Behavior

e User-user filtering: Recommendations ‘ ! ==

based on tastes of similar people.

o |[tem-item filtering: Finds items !
frequently liked together by the \
same users.

e Explicit signals: Ratings, likes.
Implicit signals: Clicks, watch time,
purchases. ‘

e Cold start problem: New users and
items lack initial interaction data. !




Content-Based Filtering: What the
System Knows About Items ey

® Builds item profiles from
features like genre, keywords,
price, and author

® Creates your taste profile by
averaging liked items, then
matches to new ones

® Easily explainable: "You see
this because you liked similar
item X"

® Risk: filter bubble can trap
you in familiar content, limiting
discovery




Modern Engines:
Embeddings, Deep
Learning, and the Two-Tow

Architecture

Models learn an '‘embedding
space' where users and items
are coordinates.

Embeddings capture learned
preferences: close items appeal
to the same user.

Two-Tower Architecture: separate
neural networks for users and items. =

Two-stage pipeline: fast Candidate =
Generation, then slow, precise
Ranking.



The Data Behind the Scenes:
Signals Shaping Your Experience

Explicit signals: star ratings,
likes, surveys you submit

Implicit signals: clicks, pause
time, scrolls, re-watches,
cart adds

Context signals: time of day,
device, location, session length

Trade-off: richer signals
improve relevance but
increase privacy risks



From Signal to Suggestion: The Recommendation Pipeline
¢ Candidate Generation: narrows
billions of items to hundreds via
user history and embeddings
¢ Scoring: each candidate is scored
for predicted engagement,

' satisfaction, or purchase likelihood
o

e Filtering: removes duplicates,
enforces age-gating, editorial
boosts, and policy overrides

¢ Re-ranking: applies business
rules for diversity, freshness, and
creator fairness




Behind the Curtain:
A Walkthrough of a >
Single Recommendation

@0 OO

User opens app — homepage 2
initiates candidate generation pipeline .- .

Watch history creates user
embeddings, matched against
item embeddings

Candidates scored on predicted
watch time and satisfaction,
not just clicks

Final re-ranking adds explanation:
"Because you watched X"



Measuring Success:
How Platforms Know What Works

Offline metrics (Precision, AUC)
guide training; online metrics
(CTR, dwell time) show

real impact.

A/B testing isolates model
effects: control group vs.
treatment group.

Long-term health tracked via
surveys, 'Not Interested' rates,
and session recurrence.

Business goal: better
relevance = higher engagement,
revenue, and user trust.




The Echo-Chamber
Challenge: Bias,
Fairness, and Diversity

@ Filter bubbles reinforce existing
beliefs and limit exposure to
new perspectives

® Algorithmic bias from skewed
data leads to discriminatory
recommendations

® Mitigation strategies:
determinantal point processes,
calibrated recommendations,
diversity injection

® Al Act (Aug 2026) mandates
transparency audits and clear
disclosure for Al content

Y



" Transparency and

Control: User Tools
in 2026 NS ToPics
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Review major platform controls: H

Netflix thumbs, YouTube 'Not ¥ O 0 @ el
Interested’, TikTok topic tuning. SRR\ \ |
i EXPLANATIONS
* Use 'Why this?' features: Meta, B

Google, and Spotify now explain R @ JHNTHES
recommendations. s =

: - e | USER CONTROLS
EU Al Act (Aug 2026) mandates E L =
clear Al disclosure and = s o erreacss (@)

content labeling.

@ MANAGE VISIBILITY

 California Al Transparency Act
requires latent disclosures and

oL
Al detection tools. YOU’'RE
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» Regularly review and clear
your watch and browsing history

»  Use 'Not Interested' and
platform feedback tools actively

» Adjust topic preferences on
Instagram, YouTube, and TikTok

» Check 'Why this was
recommended?' for
Al transparency



PersonWise.

PersonWise - Al digital-human course platform

Scan the code or click anywhere to watch this course live, with voice Q&A
personwise.ai/t/f878c411/public


https://personwise.ai/t/f878c411/public?entry_surface=public_courseware_pdf

