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. . | know?
* algoritmi per computare =
— predizioni, classificazioni, dihogéd:v;
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L . 1 What will . et
e X prendere decisioni e migliorare le \ hopen W
operazioni e pianificazione. Predictive
_ V"’/hy did ;t Analytics
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— Prescription

— ottimizzazioni alvtics
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* Artificial Intelligence usually also includes
— Code, learn and reasoning
— Semantic computing, Knowledge Bases
— Neuro-symbolic reasoning
— Decision Support Systems
— Problem solving

* Machine Learning usually includes datascience deep leaming
— Learn without coding
— Predictions, decisions (classifications)
— Supervised or not data
— NLP, vision, pattern recognition analytics

* Deep Learning usually includes

— Capability to learn complex patterns on huge
amount of data

— Specialized ML solutions

artificial
intelligence

machine learning
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e Controlling Status: management, and operational
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o Monitoring via KPI
o Computing predictions data from the field and KPl &=
o Anomaly detection ‘
o Early warning on critical conditions _ |
e Making plan: tactic and strategic, medium and long range .. ™
o Optimisation: Prescriptions, suggestions
o Risk assessment

* Big picture and Long-term focused (2 to 5+ years)
= Vision, Mission, Why, Policies and Direction

* Executive-management

* What is the right direction for the company?

o What-if analysis on scenarios

o Simulation and predictions

+ Short-term focused (3 months to 2 years) Rerop t(&renze 7
ofe Tactical = Focused on specific business department fmeri pucci
o Resilience O . Wit mamssomet

* What activities to be planned in strategic alignment?

* Be ready for Unexpected
Unknows £ Operational

Slidp<4LiLy \\), Ividy Zuz4
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e Controlling Status: management, and .
operational \ Monitoring
o Monitoring via KPI KPI
o Computing predictions vs KPI ‘ J )
vl
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m
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. Digital Twin
o Anomaly detection Models & Predictions,
o Neuro-Symbolic analysis Data =—— Ahomaly Detection,
O R|Sk assessment econ A naly5|s, Assessment
o Early warning on critical conditions {>uPportsyste

" Warning
e Making plan: tactic and strategic, Scenari
medium and long range, micro/macro

o Simulation & predictions

o Generative Al Prescriptions, scenarios
o Resilience to Unexpected unknows

o What-if analysis wrt scenarios

Generative Al
einforced Al

What-If
Analysis

Snap4City (C), May 2024



Available Al Solutions at DISIT Lab

https: .snap4city.org/997
s://www.snapAcity.org/997 | ~

* Mobility and Transport

* Environment, Weather, Waste, Water
 City Users Behaviour and Social analysis
* Energy and Control, Security, .....

* Tourism and People

* Industry applications

 Security and Safety

* Decision Support Solutions

» Asset management https://www.snap4city.o

* Resilience and Risks Analysis rg/download/video/DPL
https://www.snap4city.org/download/video/course/p4/ SNAP4SOLU.pdf

Snap4cCity (C), February 2024 6
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Identification of Process goals and Planning (problem definition)
— Which goals
— How to compute, which language
— Which environment, which libraries
Data Discovery and Ingestion (from the general life cycle)
— Data Collection, Data Preprocessing if needed
Data Analysis: feature engineering, feature selection
— Data ethics assessment
Data review and preparation for the model, splitting, encoding
Model Identification and building: ML, Al, etc....
— Model Training
— Tuning hyperparameters when possible
Model Assessment and Selection (Evaluation)
— Validation in testing

— Assessment on a set of metrics depending on the goals: global relevant
and feature assessment

— Assessing computational costs
— Impact Assessment, Ethic Assessment and incidental findings
— Global and Local Explanation via Explainable Al techniques
Model Deploy and Final Validation
— Optimisation of computation cost for features, if needed reiterate
— Solution on Production (security, scalability, etc.)
Monitoring and Maintenance on production
Documentation, incremental documentation

¢“SNAP/crry

- -
Model Assess. Models
& Selection Identification
VL4 A

Data review

el DRy and preparation
M N
. Data Analysis,
Final - =
o Feature
Validation Engineering
b/ ;1
Solution on Data Discovery,
roduction Data Ingestion

Identification of
Process Goals

S
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e Computing predictions
— Why?

— They can be always computed?
* Time series, time trends, seasonality, etc.

— Which data are needed?
— Precision needed and precision which can be obtained?
— Computational costs?

_ Management
* Technically: T cti
— Time range, in most cases they are defined such as: actl cs/strategy
* Short: 5-15 Minutes; Mid: 30-45 minutes;
* Long: 1 day, week; very long: weeks / months / years

— Computational Model needed ?

Snap4City (C), February 2024
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Short-Term Prediction of City Traffic Flow 1

via Convolutional Deep Learning

SUSTAINABLE CITIES
AND COMMUNITIES
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200

400

500



UNIVERSITA
DEGLI STUDI

FIRENZE

DINFO | DISIT

DIPARTIMENTO DI DISTRIBUTED SYSTEMS
INGEGNERIA AND INTERNET
DELL'INFORMAZIONE TECHNOLOGIES LAB

Deep |

- —

2 - ]— 57 -
>_}_. ‘é.' '-' e "“?

— &) &= P
S
. 2 N

»

Parking
data

4
-

Traffic sensors data

|
|
|
|
|
|
|

Aug 14 Aug 15 Aug 16 Aug 1208 18 Aug 19.Aug

averageVehicleSpeed
vehicleFlow
averageVehicleTime -

vehicleConcetration -

freeParkSlots

temperature
humidity
dayWeek

13

3 2

CLIMATE
ACTION

S0D -

HHHHHHHHH

Step input

-

Snap4City (C), February 2024

.
: o ‘ §
|

| 16

N Je-adP
~Conv1D+AvPoolinglD BI-LSTM

—>

Multi-step

Predictions

10



.

A
A

Weather_sensor

AlrTemperatureAverage2HourF
lorence

PM25 Heatmap

GRAL Heatmap

A

e ke ke

e k

ki

Accident Heatmap

prova hres fipili 2k

prova hres fipili 4k

prova hres fipili 8k

Traffic Flow Manager on multiple cities

Sun 2 May 231631
= \ N

GRALheatmap

\
]

Heatmap Controls:
Max Opacity: ¢ co———f) > 063
|

<Prev | 2021-05.02 23:00:00 ['Next> |

Palazzo
loniatowsky
Staziene Froe stroet
Leopolda
Fhuid traffic

Heavy traffic

0-10 e A \ =0 34 oo : l—v:ey heavy i

11-25 O e G . B . -~ all 4 i : Sensor position ;&
26-35 : S g . |
36-60

61-75 ‘ : / ! FirenzeFIPILITrafficRealtime
76-90 Bt Traffic Heatmap Controls:

91-105 o CH . " Max Opacity: ¢ c——{

106-125 [ <prev | 2021-05-02 22:51:00
126-150 ——

= EEFIPILI Traf

METRO588 - averageS » (<]

5797

I I I I I I I I I [
10:00 11:00 1200 13:.00 14:00 15:00 16:00 17:00 18:00 19:00 20:00 21:00 22:00 23:00

?iddasboard=MzEyN



https://www.snap4city.org/dashboardSmartCity/view/index.php?iddasboard=MzEyNg==

brov s DINFO - DISIT B Q15

2 ¢“SNAP/ciry ;}:

base value
0.4311
2 ) ) ) )

MaxTemperature Humidity Day3 MaxTempSIR Vel

DIPARTIMENTO DI DISTRIBUTED SYSTEMS AND
F I RE N Z E INGEGNERIA INTERNET TECHNOLOGIES LAB
DELL'INFORMAZIONE DISTRIBUTED DATA INTELLIGENCE
AND TECHNOLOGIES LAB

Hf gic f"fu ond slides
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E. Collini, L. A. I. Palesi, P. Nesi, G. Pantaleo, N. Nocentini and A. Rosi, "Predicting and Understanding Landslide Events with
Explainable Al," in IEEE Access, doi: 10.1109/ACCESS.2022.3158328. _
https://ieeexplore.ieee.org/abstract/document/9732490 Snap4cCity (C), February 2024 12
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Predicting EC’s KPl on NO2 months in advance
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Explainable/XAl - CNN-LSTM (SHAP)

Explanation of prediction generated by model for fault
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base value f(x)
0.8809 0.8814 0.8819 0.8824 0.8829 0.8834 0.8839 0.8844 0.8849 0.88540.89 0.8859 0.8864
>>»»,’//!!_—€«
S4304 3S871 S854 RedoxFeCl3Pot diff _S904B diff_ S854 S484 S851

Explanation of prediction generated by model for normality

higher — lower

base value f(x)
0.2628 0.2728 0.2828 0.2928 0.3(0.30 0.3128 0.3228 0.3328

B ————————— e

KOH_2 charge KOH_1_charge RedoxFeCI3Pot diff_ S904B potFerricChloride diff _S484 S484 diff_S857 diff _S4304 S851 S487 diff _S904D

0.2428 0.2528

S904C S871

S h a p h iSto ry Mon 23 Aug 09:54:43

Dranizat’ sn.iotol sf:Ma«~intPredHistory - pre siction

1 Feb

30 Jan  31.3Jan

25.Jan 26 Jan 27.Jan 28 Jan 29 Jan

21 Jan 22 Jan 23.Jan 24 Jan

an 18.Jan 12.3Jan  20.Jan

! !il " = ",;.; Wil
PO e

W

n3an 13 3an

Snap4|ndum,‘eﬁe-t1w 2023

= Jan s Jan 7.3an = 3an




UNIVERSITA
DEGLI STUDI

FIRENZE

e
/
DISTRIBUTED SYSTEMS - P > - - v OC
AND INTERNET / p P
TECHNOLOGIES LAB / . - / / CI Ty

e Controlling Status: management, and

DINFO

DIPARTIMENTO DI
INGEGNERIA
DELL'INFORMAZIONE

operational Monitoring
o Monitoring via KPI > -
o Computing predictions vs KPI
o Anomaly detection Digital Twin Y z)

Models & redictions,
o Neuro-Symbolic analysis / Data <—_An ection,
Decision Anatysis, Assessment

o Risk assessment :

; s S Support System Warning
o Early warning on critical conditions PROTL 5y . .
Simulations

e Making plan: tactic and strategic, = ScenariZGenerative Al
medium and long range, micro/macro Reinforced Al

o Simulation & predictions /
o Generative Al Prescriptions, scenarios Ul
N Analysis
o Resilience to Unexpected unknows
o What-if analysis wrt scenarios

Snap4City (C), May 2024
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What don’t
I know?

Wwhat Cognitive/Self
should we Learning Analytics

do aboutit?

e creates new samples based on
learned patterns from existing data

* Techniques:

— Generative Adversarial Networks: a

— Variational Autoencoders_generate samples in the compresse

— Transformers: mainly to generate coherent sequences of elements / text
* GPT: Generative Pre-trained Transformer = ChatGPT
— Recurrent NN, as LSTM: generate predictions of sequences, use in text and music

——

* Applications can be:
— Text generation, Code Generation, ...
— Pattern generation: images, sequence of images, time series, etc.

Snap4City (C), May 2024
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e Content Generation.....

* Product Design and Prototyping: suggesting innovative designs.

* Art and Media Production: generating music tracks, visual effects, and even entire scenes for
movies and games.

* Virtual Reality and Augmented Reality: generate realistic textures, environments, and
characters, enhancing the overall experience.

°/ Drug Discovery and Material Science: accelerate the drug discovery process and the
development of advanced materials.

* Supply Chain Optimization: generating demand forecasts, designing efficient transportation
routes, and optimizing inventory management strategies.

* Natural Language Processing (NLP) Applications: legal, and healthcare, generative Al can be
used for generating responses, drafting legal documents, medical diagnosis

* Creative Collaboration Tools: generating ideas, concepts, and designs, in brainstorming sessions
and design reviews.

Snap4City (C), May 2024
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* Combine NN and Symbolic approaches

— Refinement, counterpart, etc. S,
/ } %; Observations,
(e ‘ o(t)

raffic Flow
Reconstruction,

* Symbolic/Hybrid
— May provide hints/discriminatory rules on

patterns and models Generation

Traffic Flow

— Are providing

 Math models, equations and thus solutions, ...

* Logic solutions, including experts systemes, o erveons
grounded on knowledge base and ontologies

ML(case i) R(t)

Snap4City (C), May 2024
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Solve complex fluid-dynamic problems based on partial differential equation (PDE) using

neural networks
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