
DISIT Lab, Distributed Data Intelligence and Technologies

Distributed Systems and Internet Technologies

Department of Information Engineering (DINFO)

http://www.disit.dinfo.unifi.it

1DISIT lab, NeSyAIatScale 2025-26DISIT lab, NeSyAIatScale 2025-26 1

Paolo Nesi, paolo.nesi@unifi.it 
Marco Fanfani, marco.fanfani@unifi.it 

NeuroSymbolic Artificial Intelligence at Scale

Parte: 4 (2025-26)

https://www.disit.org/  

Powered by

mailto:paolo.nesi@unifi.it
mailto:marco.fanfani@unifi.it
http://creativecommons.org/licenses/by-nc-nd/3.0/
http://creativecommons.org/licenses/by-nc-sa/3.0/
https://www.disit.org/


DISIT Lab, Distributed Data Intelligence and Technologies

Distributed Systems and Internet Technologies

Department of Information Engineering (DINFO)

http://www.disit.dinfo.unifi.it

2DISIT lab, NeSyAIatScale 2025-26

Neuro-Symbolic Artificial 

Intelligence

16/06/2026

2

TOP

P4: Deep Reinforced Learning and Symbolic at Scale
• multi  agent Deep reinforced learning
• RL and simulation



DISIT Lab, Distributed Data Intelligence and Technologies

Distributed Systems and Internet Technologies

Department of Information Engineering (DINFO)

http://www.disit.dinfo.unifi.it

3DISIT lab, NeSyAIatScale 2025-26 3

Enrico Collini 

enrico.collini@unifi.it
Corso: Neuro-Symbolic Artificial Intelligence at Scale
P4: Deep Reinforced Learning and Symbolic at Scale

multi  agent Deep reinforced learning
RL and simulation

Link: Neuro-Symbolic Artificial
Intelligence at Scale | Disit

TESTO CONSIGLIATO 
Reinforcement Learning: An Introduction di Sutton e 
Barto
(https://web.stanford.edu/class/psych209/Readings/
SuttonBartoIPRLBook2ndEd.pdf)
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The Urban Congestion Problem
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• Increasing urban populations (expected to reach 68% globally by 2050) and 
heavy reliance on private transport have intensified traffic congestion

• Congestion leads to significant economic costs, environmental degradation 
(CO2 emissions), and reduced quality of life due to increased travel times and 
fuel consumption

• Traditional manual "trial-and-error" analysis is resource-intensive because the 
search space for infrastructure changes is mathematically vast

• For instance, choosing just 5 lane changes out of 100 roads involves 75 million 
possible combinations

• Data-driven strategies are required to navigate this huge combinatorial space 
and find suboptimal or optimal solutions



Limitations of Conventional Approaches
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Where State-of-the-Art falls short:

• No physics-grounded traffic simulation models

• Synthetic data inputs reduce real-world applicability

• Missing urban environmental KPIs evaluations via fuel 
consumption and CO2 emisisons

• Operational constraints and road regulations not enforced in 
simulation



Constraint-Aware Infrastructure Modification
• Actionable Changes via lane reversals

• Operators define a maximum number of allowable changes, 
keeping solutions economically and operationally realistic for 
near-term deployment.

• Roundabout configurations, required connectivity, and regulatory 
constraints are enforced (the network always remains fully 
traversable)

• Road creation/removal, speed limits, and turn restrictions remain 
under expert control via the Scenario Editor
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A Neuro-Symbolic Deep-RL-GNN Framework
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A Deep Reinforcement Learning and Graph Neural Network 
framework for scalable, constraint-aware, multi-objective 
optimization of smart city mobility systems.

Road Network 
graph

encoding

DRL-GNN for 
actions

proposal

Simulation
engine on 

modified urban 
graph

Multi-KPI 
urban mobility

evaluation
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Manual mode enables operators to define road 
subgraphs, apply modifications interactively, and 
compare KPIs against a baseline origin–destination 
scenario.

Automated mode 
delegates exploration to 
the RL agent, which 
proposes feasible 
infrastructure modifications 
and iteratively improves 
solutions through 
simulation-grounded 
feedback

Scenario Editor

Area specification

KPI Calculation

Manual changes proposals

Evaluation

Optimization
on Constraints

with Discriminator

Proposed
Changes

Activation and 
Constraints

SUMO Simulation

Comparison

Original Case Evaluation

ODM demand

ODM Scenario

ODM

System Architecture
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Enables urban scenario definitions. 
Allow to represent the Digital Twin of the urban 
road infrastructure.

Scenario Editor and infrastructure data model

Enables what-if-analysis
Integrated with simulation engines and 
decision support data driven analysis

The road graph models road elements extending the model 

of OSM and providing road categories (Primary, Secondary, 

Tertiary, Residential, pedestrian, cycling, etc.), number of 

lanes, direction (one-way/two-ways), restriction at the 

crossroads, start node and end node of the element, etc

ODM

SUMO

Urban KPI estimation
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Enables urban scenario definitions. 
Allow to represent the Digital Twin of the urban 
road infrastructure.

Infrastructure data model
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Use Case

Frequently congested urban area in Florence

ODM estimated at 09:00
and 19:00 of the 2023-09-28SUMO traffic simulation

Urban KPI estimation

DISIT lab, NeSyAIatScale 2025-26
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Use Case

Frequently congested urban area in Florence

ODM estimated at 09:00
and 19:00 of the 2023-09-28SUMO traffic simulation

The ODM used for scenario_1 

included a total of 1946 flows 

across 77 road elements (65 

origins and 61 destinations). 

The corresponding road 

graph has 1811 road 

elements and a total of 399 

distinct roads

Via Duarouter traffic flow 

is generated from the 

ODM data. The simulation 

runs for 1 hour

DISIT lab, NeSyAIatScale 2025-26
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Urban KPI

network-wide 
travel time

To obtain a network-
level travel time 
indicator, the segment 
travel times are 
aggregated by 
weighting them 
according to the 
corresponding traffic.

𝐾𝑃𝐼𝑡𝑖𝑚𝑒 = ෍

𝑒

𝑇𝑒𝑁𝑒

Where 𝑁𝑒 refers to the number of vehicles traversing road 
segment e during the observation window, segment travel time 𝑇𝑒 
which is computed for road segment 𝑒 with length 𝐿𝑒 and mean 
speed 𝑉𝑒, as:

𝑇𝑒 =
𝐿𝑒

𝑉𝑒

where: 𝐿𝑒 is expressed in meters, and 𝐿𝑒 and 𝑉𝑒 in meters per 
second

DISIT lab, NeSyAIatScale 2025-26
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Urban KPI
fuel 
consumption

captures the quantity 
of fuel consumed (in 
liters, assuming fossil 
combustion) by the 
estimated number of 
vehicles in the scenario 
if they travel the 
segment they were on

𝑓𝑢𝑒𝑙100𝑘𝑚𝑒 =

128 +
800

8 𝑉𝑒
2  𝑖𝑓 𝑉𝑒 < 10 𝑘𝑚/ℎ 

7 +
90

𝑉𝑒
 𝑖𝑓 𝑉𝑒 ≥ 10 𝑘𝑚/ℎ

The amount of fuel consumed in the segments is computed by the:

𝑓𝑢𝑒𝑙𝑒 =
𝑓𝑢𝑒𝑙100𝑘𝑚𝑒

100
𝐿𝑒 𝑁𝑒  [liters]

On this basis, the total amount of fuel consumed in the whole 
scenario KPI can be estimated by:

𝐾𝑃𝐼𝑓𝑢𝑒𝑙 =  σ𝑒 𝑓𝑢𝑒𝑙𝑒                    [liters]

DISIT lab, NeSyAIatScale 2025-26
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Urban KPI
CO2 
emissions

computes the amount 
of CO2 in 𝑡𝑜𝑛 
generated by the 
vehicles in the scenario 
in traveling the 
segments of the 
scenario over time 
considering the 
conditions of fluid flow 
and heavy traffic/stop-
and-go are estimated 
(emission factors). 

𝐶𝑂2𝑒 =  ቊ
272 𝜌 1000  𝐿𝑒 𝑖𝑓 𝜌 < 𝜌𝑐

496.3 𝜌 1000  𝐿𝑒 𝑖𝑓 𝜌 ≥ 𝜌𝑐

On this basis, the total amount of CO2 emissions for the scenario 
KPI can be computed as:

 𝐾𝑃𝐼𝐶𝑂2 =  σ𝑒 𝐶𝑂2𝑒                       [𝑡𝑜𝑛]

The traffic condition on each road segment is 
determined by comparing the estimated traffic 
density 𝜌 with the corresponding critical density 𝜌𝑐. 

(Free Flow: 𝜌 <
1

2
𝜌𝑐), yellow (Fluid Flow: 

1

2
𝜌𝑐 < 𝜌 < 𝜌𝑐), 

orange (Heavy Flow: 𝜌𝑐 < 𝜌 <
3

4
𝜌𝑐), and red (Very Heavy 

Flow: 𝜌 >
3

4
𝜌𝑐) 
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Symbolic Discriminator
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Formal filter that ensures every infrastructure change proposed by the Deep GNN adheres to legal regulations, physical 

feasibility, and urban constraints.

Feasible Action Selection The discriminator identifies the set of feasible actions by 
evaluating potential road direction changes against predefined rules:

• Non modifyable edges via SE City operators can designate specific road segments as non-modifiable 

(e.g., critical arterials or roundabouts) due to safety or high intervention costs

• Topological Constraits ensure the road network remains functional, the discriminator prevents "impossible 

intersections"—conditions where an intersection has only incoming or only outgoing roads

For every non-terminal node v∈V+, after an action a is applied to reach a new graph state G′, the 
following must hold for the node's in-degree (D − ) and out-degree (D + )

𝐷− 𝑣 > 0 𝑎𝑛𝑑 𝐷+ 𝑣 > 0

DISIT lab, NeSyAIatScale 2025-26



NEURO-SYMBOLIC OPTIMIZATION

Operator

Symbolic Discriminator

Action Selection

Parameters

Repeat C times

Scenario Editor

Deep 
GNN

Model

Static road 
features

Reconstruction
features

Static modified
road features

Area specification
with datetime and 
constraints Reconstruction

features

Deep RL

SUMO 
Simulation

KPI evaluation
module

G(V,E)

ODM

Deep-RL-GNN Optimization 

schema in inference/execution. 

Informed graph is elaborated 

via the DRL module composed 

by a GNN that estimates the 

utilities of changing the 

direction of the road which the 

road segment is part of. A 

symbolic discriminator 

elaborates the feasibility of 

actions based on constraints. 

The policy for action selection 

is repeated C times to limit 

changes at C.

DISIT lab, NeSyAIatScale 2025-26 18



NEURO-SYMBOLIC OPTIMIZATION

The solution is grounded on Deep-RL and GNN to explore the space of road traffic infrastructure 

configurations, and conditions in terms of ODM on the basis of selected KPIs to identify the best road graph 

configuration taking into account the imposed symbolic constraints 

RL approaches are 

based on an agent 

which interacts with 

an observed 

environment to decide 

actions/changes 

Agent

Environment

state

𝑠𝑡

action

𝑎𝑡

reward

𝑟𝑡+1

road graph traffic infrastructure + ODM

state, a 

configuration 

(of the road 

graph)

RL 

algorithm 

may identify 

a set of 

possible 

actions 

(road dir 

changes)

reward is 

estimated via 

mob KPIs
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NEURO-SYMBOLIC OPTIMIZATION

Agent

Environment

state

𝑠𝑡

action

𝑎𝑡

reward

𝑟𝑡+1

road graph traffic infrastructure + ODM

state, a 

configuration 

(of the road 

graph)

RL 

algorithm 

may identify 

a set of 

possible 

actions 

(road dir 

changes)

reward is 

estimated via 

mob KPIs

a policy strategy can be adopted 

to improve the condition/status. 

In the process of improving, a 

value function includes the 

prediction of the next status and 

action on the basis of current 

status, policy, and action. 

In order to perform predictions on the 

environment, the RL needs to have an 

environment model which is a Digital Twin, on 

which the exploration of changes should be 

possible and realistic, for example by performing 

simulation. 

The best actions should be 

exploited to achieve the highest 

rewards

Simulated Dataset
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NEURO-SYMBOLIC OPTIMIZATION

On the basis of the 

simulation, it is possible 

to estimate the 

Temporal Difference, 

TD, between predicted 

and actual rewards. The 

learning is introduced 

within the Q-learning 

DISIT lab, NeSyAIatScale 2025-26 21



Dataset

For the training of the Deep GNN model, a specific dataset has 

been generated starting from the city area on which the 

optimization activity is performed. 

From the initial 𝑆0, 30 different changes have been generated 

(avoiding performing unacceptable configurations for 

constraints and rules) by using the Symbolic Discriminator.

The process of generating configurations for the training has 

been repeated until the max depth has been reached (in our cases 

limited to 5 since 4 is the max number of accepted changes on 

So by the operators)

DISIT lab, NeSyAIatScale 2025-26 22



GNN configuration
Deep GNN in the proposed Deep-RL-GNN 

system is used to predict the Q-value for 

every future possible action a’ on G’: 

𝑄 𝐺′, 𝑎′  based on the TD between estimated 

and actual rewards. 

During the training of the Deep GNN 

Model both positive and negative 

feedbacks are important towards the 

development of a model capable of 

assessing the expected utility of actions

𝑟 =
𝐾𝑃𝐼 𝑆𝑛 − 𝐾𝑃𝐼 𝑆𝑛+1

𝐾𝑃𝐼 𝑆𝑛

DISIT lab, NeSyAIatScale 2025-26 23



GNN configuration
Deep GNN in the proposed Deep-RL-GNN 

system is used to predict the Q-value for 

every future possible action a’ on G’: 

𝑄 𝐺′, 𝑎′  based on the TD between estimated 

and actual rewards. 

During the training of the Deep GNN 

Model both positive and negative 

feedbacks are important towards the 

development of a model capable of 

assessing the expected utility of actions

𝑟 =
𝐾𝑃𝐼 𝑆𝑛 − 𝐾𝑃𝐼 𝑆𝑛+1

𝐾𝑃𝐼 𝑆𝑛

Single-KPI

The Deep GNN (DGNN) was trained using a Q-learning–based 

approach with experience replay. In the case of multi-objective 

optimization, the model produces the Q-values of the respective 

three KPIs and the loss exploits Multiple-Gradient Descent 

Algorithm (MGDA) aiming towards reaching a Pareto-optimal 

solution for the KPIs. 
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Experimental Results
Assessing Deep-RL-GNN on Scenario 1

1) Deep-RL-GNN on Scenario 1 on travel time,

The Deep GNN in the proposed Deep-RL-GNN solution has been 

trained on the data regarding 𝑠𝑐𝑒𝑛𝑎𝑟𝑖𝑜1 considering ODM of time 

window (t1) 2023-09-28 at 9:00 for 60 minutes duration. 

As a reference metric for the KPI to estimate the rewards in this 

experiment has been used the travel time, 𝐾𝑃𝐼𝑡𝑖𝑚𝑒.

effects have been also reported in terms of improvements 

%:

Δ%
𝐾𝑃𝐼𝑖 =

𝐾𝑃𝐼𝑖 − 𝑖𝑛𝑖𝑡𝑖𝑎𝑙𝐾𝑃𝐼𝑖

𝑖𝑛𝑖𝑡𝑖𝑎𝑙𝐾𝑃𝐼𝑖
∗  100

where i refers to one of the 3 considered KPIs on time, fuel 

and CO2. On the basis of defined KPIs, the Deep-RL-GNN 

proposed effective changes with a mean delta improvement 

% across the defined KPIs of -8.22% computed by:

Δ%
𝑚𝑒𝑎𝑛 =

σΔ%
𝐾𝑃𝐼𝑖
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Experimental Results
Assessing Deep-RL-GNN on Scenario 1

4) Multi Objective Optimization Deep-RL-GNN on Scenario

In the multi-objective setting, where the model outputs a vector of 

Q-values (one for each KPI), action selection is performed by 

identifying the set of Pareto non-dominated actions. If a single action 

dominates all others, it is directly selected. Otherwise, among the 

Pareto-optimal actions, the final choice is made by selecting the one 

closest to the ideal point in the objective space. 

Transferability Deep-RL-GNN actions on 

different traffic ODM conditions
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CONCLUSIONS

The proposed neuro-symbolic optimization framework (Deep-

RL-GNN) supports transportation operators in improving urban 

mobility by automatically proposing feasible road infrastructure 

changes (lane reversals/road direction changes), while enforcing 

operational constraints and traffic regulations through a 

Symbolic Discriminator.
The approach is integrated with the Snap4City 

Scenario Editor and a SUMO-based 

simulation loop to compute and compare 

network-wide KPIs

Experimental validation has been conducted 

Florence urban scenarios to identify small-scale 

intervention towards producing measurable 

improvements across the selected KPIs. 
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