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Introduction

Narrow Al Broad Al

Single task,
Single domain,
High accuracy,

Speed for certain
tasks

Multi-domain,
Multi-modal,
Distributed Al,
Explainable

o

D’ou venons-nous  Que sommes-nous

David Cox, Neurosymbolic Al (2020), ; 2v=



https://www.youtube.com/watch?v=4PuuziOgSU4

The path to General Al

. New disciplines
o Explainable Al (XAI)
o Trustworthy Al (TAI)

. New legislations

o Right for Explanation
o Al Act
o Al in the EU Green Deal

Researchers are exploring new techniques and pathways to
create more reliable and efficient Al systems.
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A Wellness Chatbot Is Offline After Its
‘Harmful’ Focus on Weight Loss

Stanford University

Algorithms do nottreat everyone equally. Black Americans are more likely to be denied loans, jobs, and more when using
some Al systems.
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Fake cases, judges’ headaches and new
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., Neuro-Symbolic (NeSy)

\\ // Learning and Reasoning integration
n MIT-IBM Al Watson Lab* -

n Neuro Symbolic Learning and Reasoning (ANSR)? project.
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https://mitibmwatsonailab.mit.edu/
https://www.darpa.mil/program/assured-neuro-symbolic-learning-and-reasoning

Scope and Research Flow

Hybrid agent and multi-agent systems
Foundation y g g y
(RQ1) (RQ1)
Taxonomy
Y N (RQS5)
g o Integration Mechanisms Metrics
Applications R
(RQ2-RQ4) ® [ufl
Vo | S
(RQ2) (RQ3) (RQ4)
Collaborative Knowledge Dynamic Evaluation
— MR Injection Agents
Validation E g Kax
(RQ5) S =0
Agent Training Adaptive
Heterogeneity Enhancement Learning
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Taxonomy

’LQ>>_<‘

Which kind of interactions and translation mechanisms can be

adopted ?

Translation Mechanisms

s

Ly

Methods used to integrate sub-symbolic and symbolic components.

Constraining

Affects training through
mechanisms like loss
functions and embeddings.

Encoding

Transforms output of sub-
symbolic models into
symbolic form.



Which kind of interactions and translation mechanisms can be

Taxonomy adopted?

Foundation Interaction

Consecutive Concurrent Cyclical
Interaction Interaction Interaction
Information flows in one Components operate fterati | " for

direction, with simultaneously, era |\{e (;yc es atOV;l
components operating enhancing parallel core |n‘emen o
in sequence. processing. systems.
[ ] [ J
[ 1 [ |
[ |
[ I ]




How to integrate heterogeneous agents in multi-agent

ollaborative systems?

N etwo rks » Leverage learning and reasoning in a MAS.
Applications
«  When agents have the same knowledge, skills, or way of thinking

o Groupthink
o Limited problem-solving
o Lack of innovation

«  The benefits of diversity:
o In psychology, researchers refer to cognitive diversity.




Enhanced Reasoning
(Learning for Reasoning)

« Incorporates the output of sub-symbolic systems into logic programs or
knowledge graphs.

« Translation: encoding sub-symbolic representation into a symbolic one.

« Interaction: one-way flow of information, consecutive interaction.

SYSTEM A SYSTEM B

(Sub-symbolic) (Symbolic)
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Hybrid MAS for Flooding Events

mﬁ Ce
o—
AN . Neural Agent encodes images to logic descriptions.
o Logic Image Descriptor (LID)
Neural Agent Weather Agent

. Perceptor Agent determines flooding.

C :’ E . Weather Agent provides weather information making

SYSTEM A
(Sub-symbolic)

use of an API.
-------- pree - Lp L e s Weather ) ) . .
; ; ;;22:22?: ;;: Information . Alert Agent, examines all the information and, if
4 atfacentis, 6). A
1 needed, provide alert levels.
SYSTEM B |
(Symbolic) ' Flood Alert
] Event
: —_— _
Perceptor Agent Alert Agent
Neural-logic multi-agent system for flood event d ion, A. lli, S. C ini, G. De Gasperis.
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Neural Agent

Experiment Results

1 - dynamic region/4.

2 region(e, 1, 15.81868131868132, 18.905494505494506) .
3 region(1, 4, 125.15170278637771, 19.60061919504644).
4 region(2, 4, 249.5071942446043, 11.720863309352518). 3 3 :
5 region(3, 5, 349.2767857142857, 50.330357142857146). Train Validation Test
6 region(4, 6, 12.10117838277123, 113.6176351076798).
7 region(, 6, 187.05168765367708, 205.03677073243423).
8 region(s, 7, 13 2.11 16).
9 region(7, 7, 381.81188118811883, 13.386138613861386). ici 570 589 589
10 region(s, 7, 375.913612565445, 95.30366492146597). Precision % % %
1 :- dynamic adjacent/2.

LID 2 adjacent(o, 5).
3 adjacent(1, 5).
4 adjacent(1, 6). Recall 83 % 77 % 73 %
5 adjacent(2, 5).
6 adjacent(3, 5).
7 adjacent(3, 7).
8 adjacent(3, 8).
9 adjacent(s, 5).

water (Region) :- region(Region,3, , ).
flooded (Region,Label) :- region(Region,Label, , ),
(Label \= 7),

Perceptor Agent fmdall(AdjacenF, (adjacent (Region,
Adjacent) , water (Adjacent) ) ,

Adj ions), length(Adj ions
N), N>= 2.

has_flooded regions :- flooded(_, ).

Ph.D. Dissertation, 15t February 2025, Pisa



https://github.com/andrearafanelli/MAS_Py_FLOOD

Knowledge

<
Injection

How to use symbolic knowledge to improve agent training?

Needs huge datasets to generalize well.

Training is slow and resource-intensive (days, weeks, even months).
“Training large systems can result in hundreds of metric tons of CO2 emissions” .
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https://www2.deloitte.com/content/dam/Deloitte/us/Documents/consulting/us-nvidia-gpu-vs-cpu.pdf

Guided Learning
(Reasomng for Learning)

Use symbolic representations to guide the sub-symbolic learning process
(symbolic knowledge injection).

Translation: constraining of symbolic knowledge into sub-symbolic
model.

Interaction: symbolic component interacts with the sub-symbolic
component in real-time as it operates, i.e. concurrent interaction.

SYSTEM B SYSTEM A

(Symbolic) (Sub-symbolic)
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(A) Learning to Search (faster)

The agent can choose from 3 discrete action primitives:
¢ Rotate left by a fixed angle
** Move forward by a fixed distance.
** Rotate right by a fixed angle.

The symbolic module overrides the neural controls
when needed:

o If Obstacle detection
Then avoid collision

o If Room Lingering
Then towards door

Ph.D. Dissertation

Reward
State
SYSTEM A >
(Sub- Symbolic) Action

obtstacleE(D) :> direction(D),
right (D), rotateA(left_angle);
left(D), rotateA(right_angle);

SYSTEM B
(Symbolic)

seen_door(D) :> direction(D),
rotateA(D), forwardA(1).

Experimenting an approach to neura

ini, G. De Gasperis.
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Experiment Results

+  The room change rate (left) quantifies the agent’s « Non-logic agent scored zero in more than 80% of
exploratory drive. episodes.

«  The RL agent lingered in the same room (> 85% of all «  The hybrid agent scored zero in 60% of episodes .
episodes).

Room change percentage Score percentage
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Room changes Score
i/Neural-Logjc-Rej -Learning
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https://github.com/andrearafanelli/Neural-Logic-Reinforcement-Learning

(B) Learning to Substitute (efficiently)

Approach: Substitution Example:
+ Agent to learn interactively from a few examples.
Training Set a Dataset “What can I use instead of butter, for this cake recipe?”
Substitution Example o .
Evaluate “ Query:
Validation Set Performance i
> Recipe
Query: ¢= (R, s) Target : ¢ --f;;ééxé)

Queries n > Source Ingredient

Suggest

Substitutions

“You can use gjl”

LS Target:

> Substitute Ingredient

SYSTEM B SYSTEM A
(Symbolic) (Sub- Symbolic)

“Stop replacing salt with sugar!”: Towards intuitive h igent hing. N. idis , A. lli, 1. Tiddi, A. ten Teije, F. van Harmelen.
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Substitution Query Representation

Recipe Ingredients:

Salted Butter
Almond

Almond extract
Powdered sugar
Vanilla extract
Salt - (To Replace)
Flour

Query
Perception Semantic Ingredient Representation
1-hot (6,632) FoodOn (3,463)
Interpretable Query
’ e Ty 5 2 .5 2y
Representation s 8 58 S 5§58 58 5§
¢ @ sJEEE FsiHE
wa I < a S % <Ia
~90% «—— igan 10 0 0 .. 14 18 0 0
i USalted Butter © 1 0 0 .. 0 0 14 0
L Almond 00 1 0 .. 0 0 0 14
LAlmond Extract ¢ 0 0 1 .. 0 0 0 14
Powdered Sugar
Wanilla Eatract
§ = 09006001001 .. 022 0.11 001 0

Product

1 hop
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Learning to Substitute

Recipe Ingredients:

«  Salted Butter
« Almond
«  Almond extract

+  Powdered sugar

+ Vanilla extract

« Salt - (To Replace)
+  Flour

Query
Perception Semantic Ingredient Representation
1-hot (6,632) FoodOn (3,463)
Interpretable Que .0 T .
Reprpesenlation ((?)l L 88 28z - z §§§§§~
Fis&cq 585858 &F
0% «—— igat 10 0 0 .. 14 18 0 0
iSalted Butter 0 1 0 0 0 14 0
% Almond 0o 0 1 o0 o o 0 1
Almond Eatract 0 0 0 1 o 0o o 1
“Poudered Sugar
"Wanilla Extract
* 1 Flour

q: 0.9 0.06 0.010.01 ... 0.22 0.11 001 0

2—(h0p5+1)

FoodOn

Chloride

rdfs:subClassOf

1 hop
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Learning
Provided an example where \ Method
Lime Juice can be used as

substitute:

Learning by Updating

aunsti
Substitute Representation (Esubstitute)

t Lime Juice = tLime Juice + 4

Scorecandidate = 4 * tCandidate

Inferring Scores

16



Experiment Results

hit@1 (%) hit@10 (%) MRR (%)
— Balanced | Accumulative | 1-hot &FoodOn — Accumulative | Lhot = Balanced | Accumulative | 1-hot & FoodOn = Accumulative | 1-hot = Balanced | Accumulative | 1-hot & FoodOn = Accumulative | 1-hot
== Accumulative | 1-hot & FoodOn == Random | Accumulative | 1-hot & FoodOn == Random | Accumulative | 1-hot & FoodOn

100 Examples 10k Examples
Learning | Ingr. Representation Hit@l Hit@l0 MRR | Hit@l Hit@l0 MRR
Accumulative | 1-hot 3.07 6.72 4.56 16.32 41.80 24.87
Accumulative | 1-hot & FoodOn 3.82 10.49 6.25 16.90 45.52 26.43
Balanced| Accumulative | 1-hot & FoodOn | 10.99 20.82 1459 | 18.97 51.19 29.67

httos: Aopen.science/r/intujtive-h t-teaching/README.md
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https://anonymous.4open.science/r/intuitive-human-agent-teaching/README.md

How to create agents that adapt dynamically?

L
Dynamic
Agents

Adjusts to new inputs, and improves over time.

. Adapts responses: human centered [Akata, et al.]

As we integrate knowledge, we need to ensure our agents can continuously adapt

and refine their understanding.

Initial Enhanced
Knowledge Understanding

Continuous Refinement
Adaptation Process

A research agenda for hybrid intelligence: augmenting human intellect with collaborative, adaptive, responsible,
and lainable artificial i i Akata, et al.




Iterative Refinement
(Learning - Reasoning)

. Translation: from symbolic to sub-symbolic, and vice versa.

. Interaction: bi-directional, iteratively improving and updating each
other, cyclical interaction.

Ph.D. Dissertation, 15t February 2025, Pisa 19



A proposal for human-Al teaming

Agent

SYSTEM A SYSTEM B
(Sub-symbolic) (Symbolic)

« Sensor

+  Sub-Symbolic module for emotion detection

+  Abehavior tree (BT)

¢
1 “ ! : Knowledge Graph
1 1

1 g i i—> W 1

1 1 I

+ User information

Emotion +  Domain Knowledge
- — = _ Reaction
. ¢ A Y
Action

NEMO - A neural, i 1 archi e for hi i i 8. C ini, P. Dell’Acqua, G. D. Gasperis, F. Gullo, A. Rafanelli.
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How to define metrics for hybrid systems?

*
Metrics
Value of Added Knowledge :

Validation Performance with Knowledge = Performance without Knowledge

« Agents in resource-constrained environments
«  Optimize for minimal energy and computational use.
« Agents in sensitive domains

« Prioritize and maximize robustness.

Memory Footprint

‘ Latency ‘

Robustness

Data Efficiency Energy Consumption

EFFICIENCY QUALITY

Towards quality-of-service metrics for lic k ledge injection. A. Agiollo, A. Ili, and A. Omicini.




Experiment Results

Dataset Model Set  Data efficiency (KB) Energy (mWh) Memory (FLOPs) Latency (ms)
. Data efficiency gain. KBANN | train —1.47 170
B test —0.10 :
trai —~0.99
KILL A 1.09 0
. Energy and latency test 0
train _ —1.22
are almost the same. KINS test —9 —0.09 —30 L
trai —167
KBANN | T8 —1946.81 i —66944 —2.56
test —0.22
P! i -
SIGS KILL train 0
test
KINS | tram —954.80 —161779 —4.75
test
KBANN | &n —2468 —0.43
test
CI train —0.70
KILL
s ” [Cazo0 ] 0
trai —141
KINS i ; —6220 —0.44
test —0.02
hitps://github.com/pikalab-unibo /ski-gos-i g imen(s-2022
- bolic k ledg meets agents. A. Agiollo, A. Rafanelli, M. Magnini, G. Ciatto, and A. Omicini
(=]
==l
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https://github.com/pikalab-unibo/ski-qos-jaamas-experiments-2022

Quality Metric

Robustness i.e, how much the predictor is affected by perturbations in the training dataset;

. Alter the dataset by adding, removing, or editing its entries denote the perturbed
dataset.
. Take into consideration also the magnitude of the perturbation.

1 TI'(NAD,DOAD)
pn,p(D) = = > [|AD] ——

N ADeb (N, D) 4
+.007 x =
PR D (D)
RN ,D (I ) = e .
pn,p(D) = noise e
“panda” gibbon”
. . . 577% fid 993% fid
Ry p(Z) > 1 indicates the symbolic knowledge create a more coneenee SRS
robust predictor.
An empirical study on the rob of k ledge injecti i against data degr ion. A. Ili, M. ini, A. Agiollo, G. Ciatto, and A. Omicini.
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Experiment Results

°t G

Data drop Noise addition Label flipping
agent lacking training data. data acquisition process affected by error. data labelling process affected by error.
S Ry .p(Z) drop Ry.p(Z) noise Ry.p(T) flip

KINS KILL KBANN | KINS KILL KBANN | KINS KILL KBANN

BCW  ||[L0493]11.0318] [1.0382] 0.9960 0.9985 [1.0109]| 0.9994 [1.0184] 0.9520
PSJGS || [1.0045] 0.9968  0.8425 | 0.9950 0.9984 [1.0145]| 0.9962 [0026] [1.6749
CI 0.9998 [1.0039 0.9992 1 0.9965 | 0.9897 [1.1703] 0.9815

https://github.com/pikalab-unibo/ski-data-robust g iment
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https://github.com/pikalab-unibo/ski-data-robustness-experiments

Conclusion

Learning and reasoning integration help training with

less data
less time / energy to spend

Importance of considering efficiency

symbolic knowledge injection brings data efficiency benefits
reducing data for train

+ robustness

« and data efficiency metric

[> Learning Efficiency

The ability to learn from minimal
data inputs

D Energy Efficiency

Reducing energy consumption in Al
processes

[> Human Adaptability
Al systems adjusting to human
needs

[> Interpretability

Making Al decisions
understandable
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