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Think : Data won’t tell the full story
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Qutline

Inspired by two articles ... I’'m going to preach!

-That’s what “seniors” do!

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

- The | (in Al) does not stand for “Intelligence”...




But then ...

I’lL (try) to show how exciting these times can be ...
why everybody should appropriate the “Al”

and how | am contributing to put the “I” back on Al !

...In a journey with truly Intelligent students and colleagues

e

Gabriel Manuel
Moreira Marques



But then ...

I’lL (try) to show how exciting these times can be ...
why everybody should appropriate the “Al”

and how | am contributing to put the “I” back on Al !

Because ...

Gabriel Manuel
‘ Moreira Marques

... that’s what people my age like to do'!

A guy 10 months junior!



| am a vision...ist!

1987

Vision guided this vehicle since. ...




Boomers had self-drive long time ago!

My last “classic” !

Depth image 20

]

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 ,

| “lived” with excitement

Prof. Takeo Prof.Joao
Kanade Sentieiro

| ICCV #1 in London
1987




40 years of “Al” when Al was called...Signal Processing

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




How did | land in Transport/Mobility... dealing with people

]
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How did | land in Transport/Mobility... dealing with people

Traffic & Cities —2012-
2018

The “human factor” pops up! 2016




How did | land in Transport/Mobility... dealing with people

Traffic & Cities —2012-
2018

The “human factor” pops up! 2016

Why so few bikes, what to do?




How did | 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”

HYBRID FACTORIZATION Probabitie

[R Cabral, F De la Torre, JP Costeira, A Bernardino, ICCV 2013]

Bilinear factorization (hard):
in f(X -UVT
l'}l‘.l\lll i ) Nuclear norm regularization (soft): bosadshe
mzinf(x —Z)+ \|Z|.
/ Feedforward Nx
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subject to &, =1
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X >0,

rank(X) =1,




A bit of both!

Tech: How it is done!

* Neural Networks (i.e.) Signal Proc. In City Traffic
* Transformers, LLM’s and (damn) GPT!

* Representations: Can 't think without one!



A bit of both!

Tech: How it is done'! Humans: What is tech for !
* Neural Networks (i.e.) Signal Proc. City Traffic * What data says about people
* Transformers, LLM’s and (damn) GPT ! * Rationality is overrated !

* Representations: Can 't think without one! * Modelvs data and the role of language



Opportunities created by data availability

- for the first movers -




The NYC camera network

2013-2018
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Images are “just numbers”: map it to density!

0.10.10.1

. 0.10.20.1
5 I0:110:10.1




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
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Training Data: Annotation vs “car density”

Face: [South | Date: |2016/ 4/29 _vj Time: ]18:00:21% Weather:[Cloudy ~| View:[Normal v| Fow: [Horzonti »| [ | D [ Type [Dire... [ Previ..[
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Learning to count

density




Learning to count by (linear) regression

density




Infer counting

density A

L




Algebraic solution — Large Scale Low Rank Regression

Block-level regression with rank constraint.

Embed road geometry in the weight matrix.

Facing North ~Tefeaie@iaitaie) 01 PM
‘,J‘ e [ wj I x| =

rank (W) <K



Optimization : Density estimation by LOow Rank Regression

Vehicle Density

|,|
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m Results of FCN-rLSTM for the downtown cameras

Camera 410

Original Image

Estimated Density Map
g

ng;‘_‘
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Estimated vehicle count for different time and conditions

Camera 511

Original Image Estimated Density Map

Estimated vehicle count for different time and conditions
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BTW, can count people too ! It’s the DATA !

m Results of FCN-rLSTM for the parkway camera 691
Original Image Estimated Density Map

Estimated vehicle count for different time and conditions MAE =167
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Regression with Deep Neural Networks

Lp(©) = TT |F (Xi(p):©) — E(p)ll;

=1 p=1
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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
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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

Visual Census: Using Cars to Study People and Society 5.3

Timnit Gebru' Jonathan Krause' Yilun Wang' Duyun Chen' Jia Deng? Li Fei-Fei' ' 4 - — N X l"//
IStanford University 2University of Michigan ke | (L 5 /{i.‘
.\. ) . S ""J{
RESEARCH ARTICLE | COMPUTER SCIENCES | OPEN ACCESS fVYineE= :: . : ' T A e & .\3;\
Using deep learning and Google Street View R . DU | o
B < /
to estimate the demographic makeup of I [ L s
neighborhoods across the United States 8 e Gl o Lo
Timnit Gebru &, jonathan Krause, Yilun Wang, | +3 , and Li Fei-Fei Authors Info & Affiliations a‘ ) 3{ * } 50,000,000 Images
November 28, 2017 114 (50) https://doi.org/10.1073/pnas. 1700035114 r"_ ' ) .
-
22,000,000 Cars Analyzed

200 cities

50 million images from Google Street View

2657 Car Categories

v

US census e
e Make: Nissan Make: Ford Make: Honda Make: Honda
Model: Sentra Model: Econoline-Cargo Model: Accord Model: Civic
Year: 2006 Year: 2003 Year: 1994 Year: 2004
Body Type: sedan Body Type: van Body Type: sedan Body Type: sedan
Trim: 18s Trim: e-150 Trim: Ix Trim: ex
Price: $5417 Price: $3,778 Price:$3.591 Price:$8,773




Source: Google Street View

A Home! @ /Aboutt | 9 Avenida de Madrid N ; Instant Google Earth (' |  § W &

r:j av madrid, lisboa




t car catalog in 2657 Classes

Make

2657 Car Categories

L J
Make: Nissan Make: Ford Make: Honda Make: Honda
Model: Sentra Model: Econoline-Cargo Model: Accord Model: Civic
Year: 2006 Year: 2003 Year: 1994 Year: 2004
Body Type: sedan Body Type: van Body Type: sedan Body Type: sedan
Trim: 185 Trim: e-150 Trim: Ix Trim: ex
Price: $5.417 Price: $3,778 Price:$3.591 Price:$8,773




Data representation

LAY Ty e Y In each neighborhood/county
Mgyl iy count vehicles per class

22,000,000 Cars Analyzed /
=
=

2657 Car Categories
@ Make: Nissan Make: Ford Make: Honda Make: Honda
Model: Sentra Model: Econoline-Cargo Model: Accord Model: Civic
Year: 2006 Year: 2003 Year: 1994 Year: 2004
Body Type: sedan Body Type: van Body Type: sedan Body Type: sedan
Trim: 18s Trim: e-150 Trim: Ix Trim: ex
Price: $5.417 Price: $3,778 Price:$3 591 Price:$8,773




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

- Republican

- Democrat

+———————————Make

3 Series 5 Series —Model \ v . % .
L J
@ /\ N
@ _ - 2657 Car Categories
? S e 7 ' v v v
g : <==Body Type \
99 v = —o Make: Nissan Make: Ford Make: Honda Make: Honda
o s Model: Sentra Model: Econoline-Cargo Model: Accord Model: Civic
e ams, ; Year: 2006 Year: 2003 Year: 1994 Year: 2004
® [ \ (o= w=Year | Trim Body Type: sedan Body Type: van Body Type: sedan Body Type: sedan
/ \ Trim: 185 Trim: e-150 Trim: Ix Trim: ex
\_Class2_/ Class1_ Price: $5.417 Price: $3,778 Price:$3,591 Price:$8.773




A

- Republican

. Democrat

e (M 2 K @

3 Series 5 Series Se—Model

B Find the
© >, H H 2657 Car Categories .
o0e v Sl «-=Body Type ;./ Make: Nissan Make: Ford Make: Honda Make: Honda d Iffe re n C e

Model: Sentra Model: Econoline-Cargo Model: Accord Model: Civic
X Year: 2006 Year: 2003 Year: 1994 Year: 2004
w=Year | Trim Body Type: sedan Body Type: van Body Type: sedan Body Type: sedan
/ Trim: 185 Trim: e-150 Trim: Ix Trim: ex etwe e n
\_Class2 _~/ \_Class1_/ Price: $5.417 Price: $3,778 Price:$3 591 Price:$8,773

estimated and
real.



Are Humans “low rank” ?
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Income, education, ethnicity ... all regressed from cars!



Our model detects strong associations between vehicle distribution and disparate socioeconomic
— —

—

trends. For instance, several studies have shown that people of Asian descent are more likely to drive

e,

Asian cars

, a result we observe here as well: the two brands that most strongly indicate an Asian
[ g

neighborhood are Hondas and Toyotas. Cars manufactured by Chrysler, Buick and Oldsmobile are

™ s e
positively associated with African American neighborhoods, which is again consistent with existing
— —

research ™. And vehicles like pickup trucks, Volkswagens and Aston Martins are indicative of
A

mostly Caucasian neighborhoods. See Fig.

‘/‘\/—\

In some cases, the resulting associations can be easily applied in practice. For example, the

vehicular feature that was most strongly associated with Democratic precincts was sedans, whereas

Republican precincts were most strongly associated with extended-cab pickup trucks (a truck with
———

rear-seat access). We found that by driving through a cityJfor 15 minutes while counting sedans and

pickup trucks, it is possible to reliably determine whether the city voted Democratic or Republican:

if there are more sedans, it probably voted Democrat (88% chance)| and if there are more pickup

trucks, it probably voted Republican (82% chance)| See Fig. [3(a)iii.




Humans are indeed

“low rank” ... and itis good ©

Remember. CAMBRIDGE ANALYTICA

Digital
footprints

Facebook LikelDs

Facebook statuses

profiles

. - BIGs Personality
¢ Intelligence

. :-UhSaﬂshcﬁon
' . Political Views

|| f==

{ Sl s
. Relationship status

Netflix

User-rankings matrix
https://www.netflix.com
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Movies

Users

Low Score Trait High Score

Openness
O (imagination, feelings,
actions, ideas)

Conscientiousness
C (competence, self-discipline,
thoughtfulness, goal-driven)

E (sociability, assertiveness,

emotional expression)

Agreeableness
A (cooperative, trustworthy,
good-natured)

', Neuroticism
A N (tendency toward
A unstable emotiol




Low Rank Models for Recognition (2010-2016)

‘;

i

a ~ X For GenZ’s

£

User-item Interaction Matrix User Matrix Item Matrix
(R) (@ (P)
mzin f(X —17) mzin f(X—=Z)+ \r(Z)

For Boomer’s subject to rank(Z) = k,

HARD-RANK CONSTRAINT! SOFT-RANK CONSTRAINTS



SV normalized value

[CABRAL ET AL. NIPS 2011, PAMI 2014]

CLASSIFICATION AS MC

0 0.2 0.4 0.6 0.8
% of Singular Values (SV)

SAME CLASS HISTOGRAMS
YIELD LOWER RANK MATRICES



[CABRAL ET AL. NIPS 2011, PAMI 2014]

CLASSIFICATION AS MC

We can estimate the representative histogram for each class
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(a) Training (b) Testing



The best of its time

Ricardo Silveira Cabral @ - st
Al Agents @ NVIDIA

Zurich, Zurich, Switzerland - Contact info

Experience

Distinguished Research Scientist
NVIDIA - Full-time

Aug 2025 - Present - 2 mos

Zurich, Switzerland

Applied research into Al Agents.

Meta
5 yrs 7 mos

Director of Engineering, GenAl
Full-time

Mar 2024 - Aug 2025 - 1 yr 6 mos
Zurich, Switzerland

Good jobs are waiting for those who ... “think”
Well, at least for those who represent ©

TECNICO LATmeKis
Mellon
LISBOA University
UNIVERSIDADE DE LISBOA
INSTITUTO SUPERIOR TECNICO

CARNEGIE MELLON UNIVERSITY

Unifying Low-rank Models for Visual Learning

Ricardo da Silveira Cabral

Orientadores
Professor Joao Paulo Costeira
Professor Alexandre Bernardino
Professor Fernando De la Torre

Tese aprovada em provas publicas para obtengao do Grau de Doutor em
Engenharia Electrotécnica e de Computadores

Qualificagao atribuida pelo Juri: Aprovado com Distingao e Louvor

Juri
Presidente: Presidente do Conselho Cientifico do IST
Vogais: Professor Mirio Figueiredo
Doutor Andrew Fitzgibbon
Professor Aswin Sankaranarayanan



Key Issues

* How is the space organized ?

* What is the “hidden” representation ?

where is the car, the sky, what can | say about them ?

* Representations don’t hide !



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

A Typical Convolutional Neural Network (CNN
Output
Convolution Pooling Convolution Pooling - E .
¥ == \ .o,z
- L -
S a = 0.
; = [ - XX 0
"EE_ -;.J Er . v,}.'l
=2 - »e K IXX
v 'l— . 7 .OJ
Kernel . L/
Input Image Featured Pooled Featured Pooled Flatten )
ﬂ n 2 maps Featured maps maps Featured maps  layer .
“ > < -
‘ ™ ' . 0 ° . Feature Maps Fully connected layer
ol
‘/ ’ < Feature Extraction Classification Probabilistic
- — — = Sl distribution
L A = X
5 »
¥ N A Gutput probabilites
A 4
User-item Interaction Matrix User Matrix Item Matrix Decoder
Q

Explicit “generative”(model)

Multi-head
Attention

&
Masked Multi-head
Aftention

Input sequence Target sequence



Our friend GPT explained by Wolfram

What Is

ChatGPT

Doing...

...and Why Does It Work?

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

assigned interpreted
discuss ask deny . > ,* —agreed
admission . °" ':0)' = recognized
iti i S o o
i - e % ,. i L% ..’ ®e, .\' authorized
. e L ¢ e © %
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Sure...Euclidean embeddings are the go-to approach to represent similarities:



Language is ... less “cognitive” than we thought

The word with the highest
P(‘ol:ablf}‘ty is The Snal output
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Language is ... less “cognitive” than we thought

The word with the highest
p(‘oboxbif]‘ty is The Snal output
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Language is ... less “cognitive” than we thought
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Can it “think” (relate, infer, hierarchize...
concepts...like we do?
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How can we represent hierarchies and logical composition with
Euclidean embeddings?
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Subspace Embeddings

We replace single vectors by subspaces, which allow for intersections
(conjunction), sums (disjunction) and complements (negation).

Subspace dimension is a natural measure of generality.

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




What about the two inspiring papers ?

Outline

Inspired by two articles ... I’'m going to preach!

-That’s what “seniors” do!

Q

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

- The | (in Al) does not stand for “Intelligence”...
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thinking. We begin by introducing the brain network that supports linguistic ability
inhumans. We then review evidence for adouble dissociation between language Name ?
and thought, and discuss several properties of language that suggest that it is

optimized for communication. We conclude that although the emergence of

language has unquestionably transformed human culture, language does not appear

tobeaprerequisite for complex thought, including symbolic thought. Instead,

language is a powerful tool for the transmission of cultural knowledge; it plausibly

co-evolved with our thinking and reasoning capacities, and only reflects, rather than

givesrise to, the signature sophistication of human cognition.
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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...
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What about language ? ...2022) F
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Imbecility is myopic !

Market cap history of Farfetch from 2018 to 2024
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Main floor of the bookshop
* 29tables with approx. 30 books each

Table
 Tables display “recent books/editions” Recent books
* 100 thousand+ titles in shop “storage”

* 1000 customers/day Long term storage in other floors

* Open 7 days/week (9AM-11PM)
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Depth Camera 1
Counting incoming/outgoing costumers




Tvnical shonning dav ...BC. (Refore Corona!)
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era 2: New releases'!

RGB image Depth image

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

| ‘”A PM} :

e

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
Recommendatio

S
* We randomize book placement on the table across E]rows and 6 columns

* Atcycle 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

Column Incoming books
1 2 3 4 5 & —A=(1,2,...,29,30), 1AI=30—]
51 251 26427, 28129 | 30 241171141 .12 1 6 126
LT, S s R R A
- """'.T_:_-I___I___T__ :'_'::-'l:h_‘ ;
44191201 21122123 124 L
e R RET S SEE

131 14 %16 16117

418

&
AR
B SYWIRDAY T - =
" o & R -
N - Vi — <
‘ b0
v , il
R 2 9\
e ;
et Carmelos 1
X
4 =T O
WA fa X A Row
‘

[ [
10,’1,1,-:"12

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

Control group: books in the center positions



Pick Pn-l-f\ lsvr DAaAiFiArnaAa IaAarnAann] AN

6 7.66 0.43 0.43 1.06 2.98 4.26
5 2.55 3.19 2.98 0.85 1.91 4.26
4 2.55 0.85 1.06 1.28 1.06 3.61
3 1.70 1.06 1.28 1.49 1.06 1.06
2 2.77 2.13 1.06 2.98 2.13 1.70
1 5.96 3.40 2.55 6.81 3.83 5.53
Left/Fro |1 2 3 4 5 6

nt

Pick Rate > 4

Pick Rate < 2




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
\

In perspective

‘ president’s MIESSAGE

2008-2009 SPS President

What Is Signal Processing?

am returning to this perennial ques-

tion that, in some sense, I already

touched on in my March 2008 col-

umn. [ am sure we are all often con-

fronted with explaining signal
processing to others, including nonex-
perts or the public in general. We may
choose to explain it by what we and our
colleagues do, as exemplified by the
diversity and richness of the work of the
IEEE Signal Processing Society’s (SPS)
technical committees and the topical
coverage of our numerous solely spon-
sored or cosponsored conferences, work-
shops, and publications. Alternatively, we
might turn to the cyber age oracle
(Wikipedia) for an intuitive description
(I suggest you read it).

T rhallended twn former SPS nresi-

societies). I am writing this in August,
with you reading it in November; thus, I
cannot predict whether or not all inter-
ested parties will converge.

Now, back to the challenge. The cur-
rent state of our discussions (I want to
acknowledge my five comrades in
“crime”: Leah Jamieson, Rich Cox, Mos

THE CURRENT STATE OF
OUR DISCUSSIONS ARE
CENTERED ON TWO
OBVIOUS QUESTIONS,
“WHAT DO WE MEAN BY
SIGNAL?" AND “HOW DO
WE DEFINE PROCESSING?"

Kaveh Rav Lin and Merev Kowalezvk

José M.F. Moura

j.moura@ieee.org

cal, chemical, molecular, genomic,
medical, musical, data, or sequences of
attributes, or numerical quantities; the
list goes on.

As for processing, it comprises opera-
tions of representing, filtering, coding,
transmitting, estimating, detecting,
inferring, discovering, recognizing, syn-
thesizing, recording, or reproducing sig-
nals by digital or analog devices,
techniques, or algorithms, in the form of
software, hardware, or firmware (Did we
leave out other important techniques?).

So, putting it together, can we say
that signal processing is an enabling
technology that encompasses the
fundamental theory, applications, algo-
rithms, and implementations of pro-
ressing nr transferring informatinn

https://www.researchqgate.net/publication/224586627 What is sign

al processing President%27s Message

n
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Artificial Intelligence—The Revolution
Hasn't Happened Yet

by Michael I tnrdnn
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Stop Calling Everything Al,
Machine-Learning Pioneer Says

We should embrace the fact
that we are witnessing the

creation of a new branch of e v T A
engineering... a human-centric S
engineering discipline S
;
:

-

Recent success deflect
attention from key (open)
problems:

Explainability, causality,
tractability

https://hdsr.mitpress.mit.edu/pub/wot7mkc1/release/10
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