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Outline

- How ”AI” works   (and why it can be dangerous for you !)

- The I (in AI) does not stand for “Intelligence”…

Inspired by two articles … I’m going to preach ! 
     -That’s what “seniors” do! 



But then …
I’ll (try) to show how exciting these times can be … 
    why everybody should appropriate the “AI” 
    
    and how I am contributing to put the “I” back on AI !

   …in a journey with truly Intelligent students and colleagues



But then …
I’ll (try) to show how exciting these times can be … 
    why everybody should appropriate the “AI” 
    
    and how I am contributing to put the “I” back on AI !

   …in a journey with truly intelligent students and colleagues
Because … 

… that’s what people my age like to do !

A guy 10 months junior !



I am a vision…ist !

Vision guided this vehicle since …

1987



Boomers had self-drive long time ago!

Prof. João
Sentieiro

Prof. Takeo
Kanade

1987

I “lived” with excitement

My last “classic” !

Gabriel Moreira, Manuel Marques, J. Costeira ,Rotation Averaging in a Split Second: 

A Primal-Dual Method and a Closed-Form for Cycle Graphs, IEEE International 

Conference on Computer Vision, ICCV 2021, 



40 years of “AI” when AI was called…Signal Processing

http://printart.isr.ist.utl.pt/citycam/

http://physicalai.isr.tecnico.ulisboa.pt/

http://ai4eu.isr.tecnico.ulisboa.pt/pivision/

http://users.isr.ist.utl.pt/~manuel/FeedBot/

http://www.isr.ist.utl.pt/~manuel/smartbike



How did I land in Transport/Mobility… dealing with people

Traffic & Cities – 2012-
2018
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How did I land in Transport/Mobility… dealing with people

Traffic & Cities – 2012-
2018

The “human factor” pops up! 2016

… perplexity by human 
decision-making (until today!)



Curiosity and Discovery
Decision is a costly process !

Tech: How it is done ! Humans: Understanding “us”



A bit of both!

• Neural Networks (i.e.) Signal Proc. In City Traffic

• Transformers, LLM’s and (damn) GPT !

• Representations: Can´t  think without one !

Tech: How it is done !



A bit of both!

• Neural Networks (i.e.) Signal Proc. City Traffic

• Transformers, LLM’s and (damn) GPT !

• Representations: Can´t  think without one !

• What data says about people

• Rationality is overrated !

• Model vs data and the role of language

Tech: How it is done ! Humans: What is tech for !



Opportunities created by data availability
- for the first movers -



The NYC camera network
    

Jose’ Moura  CMU, 
Shanghan Zhang CMU/IST

2013-2018



Images are “just numbers”: map it to density!
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CityCam Dataset 
➢ 60,000 annotated frames with around 900,000 labeled vehicles

➢ Rich annotations: vehicle count; type; bbox; re-id; orientation; time; weather

➢ 60,000,000 images for testing

http://printart.isr.tecnico.ulisboa.pt/citycam



Training Data: Annotation vs “car density”



density

image

Learning to count



density

image

Learning to count by (linear) regression



density

image

Infer counting



Algebraic solution – Large Scale Low Rank Regression

Block-level regression with rank constraint.

Embed road geometry in the weight matrix.



Optimization : Density estimation by Low Rank Regression





BTW, can count people too ! It’s the DATA !



Regression with Deep Neural Networks 

33million vars

PCT Patent No: PCT/US18/26341; Filed: April/5/2018 
Title: Deep Learning Methods for Estimating Density and/or Flow of Objects, and Related Methods and Software  
Applicants: Carnegie Mellon University and Instituto Superior Técnico



The pulse of the city

Estimated Count for different days Isomap of vehicle density for different days

Normal 
Monday

Independence Day

Normal 
Friday



It’s end-to-end ! Fantastic … no need to know!

Tracking 3D reconstruction



How data reveals Human behaviors…indirectly ! 



What cars tell about people !
a case of proxy-sensing

200 cities

50 million images from  Google Street View

US census



Source: Google Street View



Split car catalog in 2657 Classes



Data representation

In each neighborhood/county 
count vehicles per class



From a subset of cities regress a model for voting decision from car counts



Find the 
difference 
between 
estimated and 
real.



Are Humans “low rank” ?

Income, education, ethnicity … all regressed from cars!





Humans are indeed
 “low rank” … and it is good ☺

Remember.  CAMBRIDGE ANALYTICA



Low Rank Models for Recognition (2010-2016)

For GenZ’s 

For Boomer’s 







The best of its time

Good jobs are waiting for those who … “think”
Well, at least for those who represent ☺



Key Issues
• How is the space organized ?

• What is the “hidden” representation ? 
                     where is the car, the sky, what can I say about  them ?

• Representations don’t hide !



In a nutshell : NN’s map input space to 
“embedding” space (vector space).

Explicit “generative”(model)



Our friend GPT explained by Wolfram

It’s Just Adding One Word at a Time



Meaning Space and Semantic Laws of Motion

We discussed above that inside ChatGPT any piece of 

text is effectively represented by an array of 

numbers that we can think of as coordinates of 

a point in some kind of “linguistic feature 

space”. So when ChatGPT continues a piece of text this 

corresponds to tracing out a trajectory in linguistic feature space. 

But now we can ask what makes this trajectory correspond to text 

we consider meaningful. And might there perhaps be some kind of 

“semantic laws of motion” that define—or at least constrain—how 

points in linguistic feature space can move around while preserving 

“meaningfulness”?



How words corresponding to different parts of
speech get laid out:

Sure…Euclidean embeddings are the go-to approach to represent similarities:



Language is … less “cognitive” than we thought

“The best thing about AI is its ability to”
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Language is … less “cognitive” than we thought

“The best thing about AI is its ability to”

Log(p)



Can it “think” (relate, infer, hierarchize... )  
concepts…like we do?



The “hottest” thing of the moment … ☺





Give me an X-Ray of W that does not have Y



What about the two inspiring papers ?



What about the two inspiring papers ?

Name ?



What about the two inspiring papers ?

Name ?



What about the two inspiring papers ?

11 names for colors in English
-colors that everybody knows-



What about the two inspiring papers ?



What about the two inspiring papers ?



Conclusions

• To reason and retrieve efficiently (to think ☺ we must represent (explicitely)

• Most “cognitive” activity … is not that cognitive…it’s “automatic” (namely writing!)

•  LLM’s (for now) have no explicit representation of … anything ! It’s all DATA

So … 



Modeling is crucial…
And some models, like the low rank 

factorization…



Modeling is crucial…
And some models, like the low rank 

factorization…

Last forever …





What about language ? …(2022)

https://farfetch-chat-rd.github.io/

https://farfetch-chat-rd.github.io/
https://farfetch-chat-rd.github.io/
https://farfetch-chat-rd.github.io/
https://farfetch-chat-rd.github.io/
https://farfetch-chat-rd.github.io/


Imbecility is myopic !

https://farfetch-chat-rd.github.io/
                   1.5 Million€

https://farfetch-chat-rd.github.io/
https://farfetch-chat-rd.github.io/
https://farfetch-chat-rd.github.io/
https://farfetch-chat-rd.github.io/
https://farfetch-chat-rd.github.io/


The experimental site

Main floor of the bookshop
• 29 tables with approx. 30 books each
• Tables display “recent books/editions”
• 100 thousand+ titles in shop
• 1000 customers/day 
• Open 7 days/week (9AM-11PM)

Technical
Books(stable titles)

Table
Recent books

“storage”
Long term storage in other floors



Other sections

Pocket editions (foreign)
Magazines/newspapers



Depth Camera 1
 Counting incoming/outgoing costumers



Typical shopping day …BC (Before Corona!)



Camera 2: New releases !

Monitor the area close to the table of new books using 3D information

Depth imageRGB image

Detect and follow shopper in real-time using 3D
representation of the space



3D View of the Scene



Count Pick and Take



Randomized Experiment on Book Placement
Recommendations

• We randomize book placement on the table across 5 rows and 6 columns
• At cycle 0 we randomly shuffle the books already on the table. Then, each

cycle we generate a random sequence of numbers between 1 and 30 and
place the incoming books accordingly

Treated group: books in edge positions (first row and left/right most columns)

Control group: books in the center positions



Pick Rate by Positions (sample)



Empirical Results
• Books placed at the edge of the table are picked 102% more often and taken 77% more

often per day than those at the center of the table

• However, conditionally on picking the book, shoppers are equally likely to take books
placed at the edge and at the center of the table

• Book placement recommendations affects consumer choice through its effect on the
search process but not through its effect on the consideration process

• The bookstore manager may maximize profit by placing books with higher margins at 
the edge of the table



Putting it in perspective ... 

https://hdsr.mitpress.mit.edu/pub/wot7mkc1/release/10
https://www.researchgate.net/publication/224586627_What_is_sign

al_processing_President%27s_Message

https://hdsr.mitpress.mit.edu/pub/wot7mkc1/release/10
https://www.researchgate.net/publication/224586627_What_is_signal_processing_President%27s_Message
https://www.researchgate.net/publication/224586627_What_is_signal_processing_President%27s_Message
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