i 12t International Conference
s on Transport Survey Methods
C

Travel Survey and Big Data: how to make the
best of both worlds
March 20-25

Computer Vision Technologies
and the Citizen

How visual sensing is changing “how we see ourselves”

Joao Paulo Costeira

Signal and Image Processing Group

TECN ICO Institute for Systems
W LISBOA IS?and Robotics SIPG

Lisboa



My “vision”




A
How | got here ...

Transportation & Cities

The human factor gets in

... perplexity by human
decision-making




The main message
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Docker container

TagMyOQutfit

L
Tag-My-Outfit is a classifier that predicts the category and the attributes of a piece of clothing viewed in a given image. It is containerized and gRPC
enabled so that it can be used standalone or in a pipeline using AI4EU experiments platform. read more

Docker container

Yolo V5 - Object Detection

YoloV5 model released by Ultralytics for object detection. The component takes one image as input and outputs the coordinates of the bounding boxes of all
objects detected in the image. read more

Docker container

Openpose

This asset implements Openpose, a widely used open-source human pose estimation algorithm, as a containerized gRPC service. read more
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Eyes on the infrastructure
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The City Scape Cameras
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T
From images to traffic understanding

Deep understanding of urban traffic
Extracting vehicle counts from streaming real-time videos

captured by multiple low-quality city cameras.

Traffic Velocity
Facing South ~-12/24/2015 033990 EM Trafficd ensity

How many vehicles in
the yellow region?

Traffic Flow

Vehicle Type




Count by Density !

Mapping pixels to vehicle density sguy)-1

Zd(x,y)=1



Images are “just numbers”




Training Data: Annotation vs “car density”

Face: [South v| Date: {2016/ 4/29 ~| Time: [18:00:21 — Weather:|Cloudy »| View:[Normal ~| Fiow: [Horzontz |
Facing South 2016-04-29 18:0

D | Type | Dire... | Previ..
1 Mni.. Down O
2 Medi.. Down 0
3 Back Down O
4 Other Down 0

HEEE

v Show annotation MD_J 1 First I Previaus‘ Nextl End 1 I




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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Learning to count by (linear) regressinon




e
Algebraic solution — Large Scale Low Rank

Regression

Block-level regression with rank constraint.

Embed road geometry in the weight matrix.

- ' x| =
Facing North ~Tefedfeliaiai2n .01 P
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Optimization based vehicle density estimation

Traffic density

. _| Block-Level
AN |
_ Regression

1 1 cars/50m °
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Deep Neural Nets, a new level in performance
Inspired by how the brain works

hidden layer 1 hidden layer 2 hidden layer 3

input layer

Early Flight

SILENT FOOTAGE




Regression with Deep Neural Networks

2VE:E:IIF 0) — E(p)ll;
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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

True Count
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m Results of FCN-rLSTM for the downtown cameras

Camera 410 Camera 511

Original Image Estimated Density Map Original Image Estimated Density Map

[+]

YHdHR

Estimated vehicle count for different time and conditions Estimated vehicle count for different time and conditions
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AT IS
Can learn to count anything! It's the data ...

Original Image Estimated Density

Estimated Pedestrian Count MAE=
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A
The pulse of the city
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Main Avenue vs Highway (Tallin

200 — 14 - sat
— 15 - suUn
16 - mon
150 — 18 - wed
19 - thu
2 N
§ s 20 - fri
g 21 - sat
L
% — 2D - SUN
=
23 -mon
— 24 - tue
s 25 - wed
26 - thu
27 -fri
Time (Hours) =T
Density == Detection
100
75
@
=5
3
(8] 50
@
e
k3
=
25
o]

Time (Hours)




References

1. Shanghang Zhang, Guanhang Wu, Jodo Paulo Costeira, José M. F. Moura, “Understanding
Traffic Density from Large-Scale Web Camera Data,” IEEE Conference on Computer Vision
and Pattern Recognition (CVPR), Hawaii, USA, July, 2017

2. Shanghang Zhang, Guanhang Wu, Jodo Paulo Costeira, José M. F. Moura, “FCN-rLSTM: Deep
Spatio-Temporal Neural Networks for Vehicle Counting in City Cameras,” IEEE International
Conference on Computer Vision (ICCV), Venice, Italy, 2017.

3. Han Zhao - Shanghang Zhang - Guanhang Wu - José M. F. Moura - Joao P Costeira Geoffrey
Gordon, “Adversarial Multiple Domain Adaptation, Conference on Neural Information
Processing Systems (NIPS) 2018, Montreal, 2018

4. US Patent ; 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.



A. Zisserman (Univ. Oxford

Task | Task Il - From s(p) Task Il
Labels for segmentation] Labels for density Labels for uncertainty

It and dot-annotations

-

Segmentation map s(p} Density map A(p) Uncertainty map u(p)




AT IS
Density-based counting

still an open problem

CNN-based Density Estimation and Crowd
Counting: A Survey

C h a I I e n g e S (trai n | n g ) Guangshuai Gaol2, Junyu (j;:;biiuﬁrgzMZﬂ?u :},foErfg \%?ngé:gzL;z;wnfg?r IEEE, Qi Wang?, Senior
Adapt to multiple domains IDDA: a large-scale multi-domain dataset for autonomous driving
Pose Emanucle Alberti*!, Antonio Tavera™!, Carlo Masone? and Barbara Caputo!
Geometry
Environment

Training with Simulator Data

https://www.aideurope.eu/research/ai-catalog/gta-dataset



Citycam Dataset

b CityScape Cameras

# woue O musucanows K oamser

A large annotated public dataset
Download our CityCam dataset
60.000 frames with 900.000 vehicles fully annotated

60 miffion images for testing

chack on the download menu

LICENSE AND CITYCAM RELEASE AGREEMENT

The goal of the CityCam database is to provide a versatile platform for a wide range of computer vision research topics related to traffic videos. Therefore,
the CityCam database is now made available for research purpose anly. CMU serves as the technical agent and reserves the ultimate interpretation right
for distribution of the database.

This dataset is released under the C ributin 4.0 License and researcher(s) agrees to the following restrictions on the CityCam
database:

1The is available for research

2 All images of the obtained from the. are not property of GMU. CMU is not respansible for the content nr the.

meaning of these imsges.

2.Yeu agres nat to reproduce, duplicate, copy, sell, rads, resell or explait for any commercial purposes, any partion of the images and any partion of
desived dats.

4.You sgree not to further copy, publish or distribute any portion of the CityCam dstabase. Except, for intemal use st a single site within the same
arganization it s sllowsd to make copies of the dstabase.

5.CMU resenves the right to terminste your scoess fo the dstabase

©.All submitted papers or any publicly available text using the CifyCam database must dite the following paper
Shanghang Zhang. Guanhang Wu, Jodo P. Casteira, and José MF Mours, from Large-Seale. Dats.” In IEEE
Conference on Computer Vision and Patiern Recognition (CWPR), 2017, pp. 4284-4273.

7.The ultimate explanation of this agreement refers to CMU.

any time.

REGISTRATION AND DOWNLOAD

To download our full dataset please fill the form below. A download link will be sent to the email. By submitting this form researchers agree with our
license and user agreement. All published material with CityCam data must eite article

Shanghang Zhang, Guanhang Wa, Jodo P. Costeira, and Jasé MF Moura, U
Conference on Computer Vision and Patter Recognition (CVPR), 2017, pp.

jeb Camera Data, In IEEE

Traffic Dens

citycam

To download the citycam dataset please fill the form below. A
will be sent to your email.

Inicie sess30 N0 Google para Quardar o seu progresso. Saiba mais

*Obrigatorio

Name *

A sua resposta

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



What do cars tell about people !

a case of proxy-sensing

Visual Census: Using Cars to Study People and Society

Timnit Gebru' Jonathan Krause' Yilun Wang! Duyun Chen'! Jia Deng?
!'Stanford University 2University of Michigan
RESEARCH ARTICLE | COMPUTER SCIENCES | OPEN ACCESS fYyinm &

Using deep learning and Google Street View
to estimate the demographic makeup of
neighborhoods across the United States

Timnit Gebru &, jonathan Krause, Yilun Wang, | +3 |, and Li Fei-Fei Authors Info & Affiliations
November 28,2017 = 114(50) | https/dolorg/10.1073/pnas. 1 700035114

200 cities
50 million images from Google Street View

US census

Make: Nissan Make: Ford Make: Honda Make: Honda
Model: Senira Model: Econcline-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: 1.8s Trim: e-150 Trim: Ix Trim: ex

Price: $5.417 Price: $3,778 Price:$3,591 Price:$8.773

22,000,000 Cars Analyzed

2657 Car Categories




A
Source: Google Street View

A Home @/Abolit I QFAVenidal delMadrid ’ . Instant Google Earth (2! | f v 3
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~.,-l av madrid, lisboa




1997-2004 Dodge Dakota

2008-2010 BMW 1-Series

extended-cab sport

convertible 135i

What people drive ...

edmunds @ = G Donicslist . ¥ Google Street View

o DU




Split in 2657 Classes

Make

5 Series S lodel

P

~_ Class
‘\'“"ﬂ- —

Year | Trim

y,
-

<+—=Body Type

2657 Car Categorles

A4
Make: Missan 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: 55,417 Price: 53,778 Price:$3,591 Price:58,773




Data representation

2657 Car Categories

v

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: 33,778 Price:$3,591 Price:$8,773




B Republican
- Democrat

. 50,000,000 Images
b

22,000,000 Cars Analyzed

‘/@\.—Mﬂ.

3 Series 5Series s Mo de|

.
2657 Car Categories
v
«—Body Type
Make: Nissan Make: Honda Make: Honda
p— Model: Sentra Model: Accord Model: Civic
= N Year: 2006 Year: 1994 Year: 2004
— +Year / Trim Body Type: sedan Body Type: sedan Body Type: sedan
Y. Trim: 185 - Trim: Ix Trim: ex
/’ Price: $5.417 P!icl $3,778 Price:$3,591 Price:$8,773




B Republican
- Democrat

‘/@\.—M.

3 Series 5 Serles s Mode |

Loxingion, K

Bemnghar, Alabama

~ W

Qavland. Texas

s

Oltot, Ak

zz,nw,n?n Cars Analyzed tf*

. 50,0000,000 Images
b

2657 Car Categories
v
7. 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




Humans are *

i. White (Seatile, Washington) ii.Black (Seattle, Washington)

actual predicted pradicted

actual

iv. Less than High school (Milwaukee, Wisconsin)

: .-

predicted

4%

o%

actual actual

predicted

low rank” ?

iii.. Asian (Seattle, Washington)

Y

predicted

W Tain
I Test

actual

predicted




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

N,

Asian ears ™, a result we observe here as well: the two brands that most strongly indicate an Asian
-\ ——

neighborhood are Hondas and Tovotas, Cars manufactured by Chrysler, Buick and Oldsmobile are
C—

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
T

mostly Caucasian neighborhoods. See Fig, 5‘2}.

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

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

Republican precinets were most strongly associated with extended-cab pickup trucks (a truck with
e

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

pickup trucks, it is possible to reliably deterinine 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% (:hauu':c)l Sce Fig. n)iii.




Let's put people in the equation

Photo by Pavel Danilyuk from Pexels




LARSYS ' | Pl Institute for Systems
Laboratory of Robotics and Robotics | LISBOA

B|ke Monltor

Find which streets you were -
. stressed

CIENCIA' 16 | | - FCT

Fundagio para a Cidncia ¢ a Tecnobogia
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Our first encounter with “transportation’

Jodo Paulo Cardoso

&

LASORATORO MADOHAL
CF PNGE=AL OV

Carlos L. Azevedo

0BSa808 - [og

INTELLIGENT TRANSPORTATION SYSTEMS LAB

1 Filipe Moura

w TECNICO LISBOA




Why are there so few bikes ?
s Jodio Paulo Crdoso
£ -
Conflicts

*  Cyclists vs Cars
e  Cyclists vs Pedestrians




The textbook solution ?
e

Conflicts o
e Cyclists vs Cars

e Cyclists vs Pedestrians \/

N
"o P
¢ / \/
Surveys ‘

* |Imprecise

e Subjective I |

* People forget

* Hard to process



Where It all started

Manuel Marques  Pedro Vieira Jo3o P. Costeira Susana Brandio

SMARTcycling: Assessing cyclists' driving experience

P Vieira, JP Costeira, S Brandao, M Marques
2016 IEEE Intelligent Vehicles Symposium (IV), 2016

Smartphone App(2015)

Bike Monitor

GPS Coordinates
Acceleration on 3 axis (Accelerometer)
Rotation (Gyroscope)
Image (Camera)
Date

Heartbeat



https://scholar.google.com/scholar?oi=bibs&cluster=546334212740948732&btnI=1&hl=en

Data | - Images

Spatial context from video

Left/Frontal/Right obstacles

Vehicles overtaking

Pedestrians

Road condition



Videos/rolling shutter.mp4

Data |l - accelerometers

» Ground irregularities (Pavement cracks, bumps

etc..)
Acceleration on x
1ok
st
N*'Elu w—\ﬁa-a——vx\/\jv\/ ®
sk
</

. . . A . . : | , .
150 180 170 180 180 200 210 220 230 240
Frame




Who needs accelerometers if you have a
camera 7?7

» Ground irregularities (Pavement cracks, bumps
etc..)




/]
Data llI- Heart Rate Mesurements

Heart monitoring chest strap:

ECG record

2

HRV
(Heart Rate
Variability)

Stress




Everything georeferenced

I
Y e i A A
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& Filmar

inqueira (Centro
ongressos)




Image Descriptor
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Image descriptor
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Angle fract)

0

Angin (rach)




Image descriptor
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The whole visual pipeline

- I

Cyclist stopped;

Cyclist moving forward
with no obstacles;

Cyclist being overcome
by its left side;

Cyclist turning right;

Cyclist turning left

Cyclist passing through
ground irregularities;




Evaluating “Stress”(HRV)

ECGDATA
|
il




Evaluating “Stress”




Evaluating “Stress”

Low Frequencies !
0.1 : e
R-R High

= Frequencies
Intervals L 00 T

E

3

o

o@D

0 0.05 0.1 0.15 0.2 0.25 03 0.35 0.4 0.45 0.5

Frequéncia {Hz)

(ULL el P Sympathetic Stimulation (Stress)

| 0.15-0.4 Hz | Parasympathetic Stimulation

36




Measuring “Stress”

ECG o4

R-R
Intervals

77 Sympathetic > LF/
: Stimulation HE

P3D ims2iHz)

o 0.0s o 015 0z 025 03 0.35 04 045 05
Frequéncia (Hz)

"\\L'w’
* V| sympathetic Stimulation (Stress)

| 0.15-0.4 Hz | Parasympathetic Stimulation
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Not that stressfull

Distribuicao geografica do Ratio LF/HF
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Risky business

~
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R. Epifanio



It's not your heart that tricks you...

* Assumptions without data are usually
wrong (adoption)

* First person vision is crucial

* Doing good surveys is really difficult



_ desde 1957
| ,‘oie e amanha

aqui i
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vevise o om0 [l +  One of Lisbon’s historical bookshops

Sacavem

. * located in the new expanding areas of the 40’s

[E] PARQUEDAS

M * Since the 50’s became a central “upper-middle
@5 Avenida doRoman class?/affluent/ residential and shopping area.
£ —risbon * Bloody expensive these days ©
Alfama +
RiDTap -
Google

— Jé587€ Booale - Map Data | Tarms of Use



A special Bookshop with a special history

Founded by Antdnio Barata in 1957 under the dictatorship

e originally a very small space selling magazines, newspapers and stationary
* “hidden in the back” was one of Lisbon’s largest supply of clandestine books

... bought “under the counter” the book of Mao-Tse-Tung,
Henry Lefebvre and Garaudy...

Livraria Barata awarded “Medal for Municipal Merit”




Essays on Consumer Switching and Search Behavior TEcNico | Carnegie
Qiwei Han w LISBOA %ﬁ}!%'ﬁsi‘y
PhD in Engineering and Public Policy March, 2017

Jodo Paulo Costeira, IST Pedro Ferreira, CMU EPP/Heinz (advisors)

The Effect of Product Placement on Shopping Behavior at the Point of Purchase: Evidence from a
Randomized Experiment Using Video Tracking in a Physical Bookstore,

Qiwei Han, Pedro Ferreira, Jodo Paulo Costeira,

Conference on Digital Experimentation (CODE), MIT Sloan School of Management, Cambridge MA,
October, 2016

The Effect of Product Placement on Shopping Behavior at the Point of Purchase: Evidence From
Randomized Experiment Using Video Tracking in a Physical Bookstore (November 21, 2018). Available
at Social Science Research Network: https://ssrn.com/abstract=3288604



https://ssrn.com/abstract=3288604

- 1he experimental site

Books(stable titles)

ML) | l.ﬂ.._! mﬂ.ﬂjﬁ«u,.q A
FOm T N T ¢ i

o T L IHE TR ul ik il [gh
rP— l.i-: 1 LR ‘ | “u, Tl
gl 1 LS A1

Main floor of the bookshop
* 29 tables 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)



/]
Other sections

Pocket editions (foreign)

Magazines/newspapers



Depth Camera 1
Counting incoming/outgoing costumers




T
Typical shopping day ...BC (Before Coronal!)

Data: 5/1/2016
10 T T T

ent/min
entr/15min | _|
saida/15min

Daily Traffic Volume

=000 B Incoming
B Cutgoing
1500
1000
. “ H H “‘
D I

ot ﬂn.il“ .ﬂﬂ.il':" ﬂﬁilﬁ .ﬁ«.{'&“ RS 11_«.1"&“ ﬂq,fl“ %afl“ﬁ::.flﬁ RSC ,ﬁc:.



.
Camera 2: New realeses !

RGB image Depth image

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

| “f.;ﬁ. ’3.-.5,} '

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

Column Incoming books
1 2 3 4 5 8B +—A=(1,2,...,29,30), |Al=30—m

5251 2642728129 130

S il e el il sy TP
1 ' | y

48191201 21122423 1 247§ |

-- -l-——+——_—I;_—..—.}-—-—"F_'§_'_¥'.-
313! 14%i61 1611718
I 1 N 1] *

]

| T i :_/ T
2|78 4L-"sa | 1011112
AT ~-% Cycle 0
S S
Fris S | > Cyole 1
]
i

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

Control group: books in the center positions
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Pick Rate by Positions (sample)

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
il 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




AT IS
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



Conclusions/policy

We show that books placed at the edge of the table are more likely to
be picked and taken than those placed at the center of the table.

we also show that conditional on being picked, shoppers are equally
likely to take books placed at the edge and at the center of the table.

Moreover, we demonstrate that the book placement on the table essentially
resembles the display recommendations that online bookstores are heavily
in use today.

So:

bookstore manager has incentives to place books with higher margin at the
edge of the table for longer time, as she knows that this may incur higher
sales.

To this end, consumer welfare is likely to decrease because consumers tend
to purchase books that do not give them the highest utility, as a result of search
cost obfuscation.



Unless you shop at Livraria Barata!
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Coffee chat ...

Armchair P§ychologist

HOW TO Turn
a Baseline Knowledge
of Freud into an Opinion
on EVERYTHING

DEPRESSION?
YEAH, MY EX
HAD THAT

MENTAL
PROBLEMS?
PROBABLY
SOMETHING
TO DO WITH
YOUR
PARENTS

Just
Pull Your
SOCKS Up

READING
TOO MUCH
INTO DREAMS
A Guide

DON'T GO TO
YOUR DOCTOR

THEY JUST GIVE
YOU PILLS

IT ALL GOES BACK
TO WHEN WE
LIVED IN CAVES
Revisionist

Approaches to
Gender Difference

30 ¥ou BEAD Tt BARCODET
THES TELLS ME A LOT ABGUT YOU

L L]



About Human Decision-Making

 Rationality is overrated : we decide then find a rational explanation ?
* Information is vital : made me a better consumer (at least in books)
« Cognitive overload (choice)

« Limitations to cognition (hardware!)



The Thatcher effect!




Different machinery for different tasks

B

The impact of stimulus size and orientation on individual face coding in monkey face-selective cortex

Jessica Taubert, Goedele Van Belle, Rufin Vogels Bruno Rossion , Nature, Scientific Reports volume 8,
Article number: 10339 (2018)



https://www.nature.com/articles/s41598-018-28144-z#auth-1
https://www.nature.com/articles/s41598-018-28144-z#auth-2
https://www.nature.com/articles/s41598-018-28144-z#auth-3
https://www.nature.com/articles/s41598-018-28144-z#auth-4
https://www.nature.com/srep
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Can be fair and still increase revenue!




In summary




&he New York Eimes

A.l./REAL LIFE

‘No-Code’ Brings the Power of
ALl to the Masses

A growing number of new products allow anyone to apply
artificial intelligence without having to write a line of computer
code. Proponents believe the “no-code” movement will change
the world.
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Al4EU

BUILDING THE EUROPEAN Al ON-DEMAND PLATFORM

This project has received funding from the European Union's Horizon 2020 research and innovation programme under grant agreement No 825619



Al4EV

& Desideratum: a European Al on-demand platform

 THE Central access point: a shared resource for Europe
* Integrate tools and resources

« Offer solutions and support to all users of Al to integrate Al into applications, products and
services

* Mobilisation of the community

e Catch phrase: “democratise Al”

- 2018: Call ICT-26 (Apr 2018) E— A"EU

* Large project: 20M€
e Cascade funds: 3M€

* 80 partners, 21 Countries

BUILDING THE EUROPEAN Al ON-DEMAND PLATFORM



http://aideurope.eu

A ’} !:' ) Al Commumnity Business & Industry Research Education Ethics Services News & Events Q

The European Al on Demand

Platform

AI4EU is a one-stop-shop for anyone looking for Al knowledge,
technology, tools, services and experts.

48
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http://aiexp.ai4europe.eu

HOME MARKETPLACE

https://github.com/ai4eu/tutorials

ON-BOARDING MODEL DOCUMENTATION

SGNIN | sisnupNow (D)

AI4EU Experiments June Release

The June Release greatly streamlines the onboarding process and adds support for shared
folders and the protobuf stream keyword. It also features the training pipeline example.
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VIDEO ANALYTICS

ANOMALY DETECTION
NETWORK SECURITY
THREAT PREDICTION

CLASSIFICATION CLUSTERING AGGREGATOR
REGRESSION

Explore the AI4EU Experiments Marketplace

it's easy to discover, download & deploy




Al Pipelines: nttps:/aiexp.ai4europe.eu
The Marketplace
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€& My MODELS
ON-BOARDING MODEL
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BROWSE BY Show All

Search here Q
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Data Sources

Prediction
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Tags Q

Training  planning  deep leaming
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knowledge representation  owl
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Explainable Al similarity

Showing -
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Sentiment Analysis

SentimentAnalysisModel
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"One Shot" Interface
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LionForests
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Al4EU Sudoku Tutorial
Component:

Design Evaluator

Authol
Peter Schiller, TU Wien
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https://acumos-int-fhg.ai4eu.eu/

Al4EU Al Platform: The Design Studio

Q ]'9 @ PhysicalAl

{ar HOME Acu-Compose BETA

Home / Design Studio

] MARKETPLACE

Marketplace — Probe: @ Delete | «f Clear Save =]
.
an q
o MY MODELS Solutions Models Properties Matching Models

Link Name:

7=] ON-BOARDING MODEL empty

& Classification ~

< Al-Panel (1.0.0)

IZT EEENEHED Source Node Name:

«< AudicPunctuationEnglish (1.0.0) AudioSegmentation1
=5 AudioPunctuationGerman (1.0.0)

Target Node Name:
@j‘] QAND A < AudioSegmentation (1.0.0) o

| AudioSpeechToTextEnglish1
AudioSegmentationl .—5

«< AudioSpeakerRecognition (1.0.0)
INTERFACES < AudioSpeechToTextEnglish (1.0.0)
«¢ AudioSpeechToTextGerman (1.0.0) ~

AudioSpeechToTextEnglish1 ’

Data Transform Tools

=5 aideu-icd-10 (1.0.0)
« aidindustry-gui (1.0.0)
<} aidindustry-planner (1.0.0)

< aidindustry-skillmatcher-dummy
(1.0.0)

My Solutions
<5 AlA-obfuscation (1.0.0)

Data Sources

< AudioFileBroker (1.0.0)

< databroker-houseprice (1.0.0)
<5 edm-env (1.0.1)

< edm-env (1.0.3)

= edm-env (1.0.0)



Al4EU Al Platform: MarketPlace + Design Studio
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= edm-env (1.0.0)



Al4EU Al Platform: MarketPlace + Design Studio
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Almost there !

Orchestrate &Deploy
(distributed)
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Al is a commodity ... and big business !

The Marketplace for Al models

wMoELS

L3

Machine Learning

\ 1 ‘ for Free on AWS
‘ Free offers and services you need to build, deploy, and run machine
Vi

learning applications in the cloud

PointRend (Wild) Cotton Classifier Sign Language Face Mesh
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What'’s included in Vertex

Data Featuro Traini
Resciness P Engineering P HP-T

Al?
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AutoML

( ata Labeiing Prodiction J( Hyoiga

Explainable Al

The more ineficient the market is ...the better  Google Cloud
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“two weeks old”!

We gratefully acknowledge support from
the Simons Foundation and member institutions

Search Al fields Search

Help | Advanced Search

ornell University

V > cs > arXiv:2202.12566

Computer Science > Artificial Intelligence Download:
[Submitted on 25 Feb 2022] « PDF )
Composing Complex and Hybrid Al Solutions « Other formats
Peter Schiller, Jodo Paolo Costeira, James Crowley, Jasmin Grosinger, Félix Ingrand, Uwe K&ckemann, Alessandro Saffiotti, Martin Welss Current browse context
cs.Al
< prev next =

Progress in several areas of computer science has been enabled by comfortable and efficient means of experimentation, clear interfaces, and interchangable

components, for example using OpenCV for computer vision or ROS for robotics. We describe an extension of the Acumos system towards enabling the above new | recent | 2202

Change to browse by:

features for general Al applications. Qriginally, Acumos was created for telecommunication purposes, mainly for creating linear pipelines of machine learning
cs

components. Our extensions include support for more generic components with gRPC/Protobuf interfaces, automatic orchestration of graphically assembled

anlitinng inclidina enntrol lnnns cibh-enomnnnent tonnloaies and evant_haced eommimicatinn and nrovicinne for accamhblina enliitione which cantain neer intarfarac

6.3 Real time object detection in networked cameras

using the AI4AEU Ex-

Developing a system for Urban Analytics in 10 minutes

periments Platform.
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It will have impact

* The way we teach!
e With whom we collaborate !

 Less conflicts with NDA's and “borrowing/sharing data”

Collaboration with industry

* Focus on “your thing” ...



121
Al4EV

&€ How you can join, use and contribute to the platform

1. Publish your contents > ( 2

* reviewed by an open editorial team

2. Contribute to further develop the portal

* reviewed by an inclusive technical board

3. Create and run “Al experiments”

* and put your assets in the Experiments Marketplace Martin Welss

Peter Schuller

BUILDING THE EUROPEAN Al ON-DEMAND PLATFORM



Conclusions

A 4 E' ] Al Community Business & Industry Research Education Ethics Services News & Events Q » =

A paradigm shift in ICT’s is underway

It is critical that we appropriate the F
technology —DOITand JOINIT The European Al on Demand

Platform

AI4EU is a one-stop-shop for anyone looking for Al knowledge,
technology, tools, services and experts.

Unskilled “consumers” will be
empowered

The Al technology of highly skilled

_ _ http://aideurope.eu
producers will “reign”



Thank you !



