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Context & Research Focus

Context

AI proven successful for most diverse tasks and applications

AI requires high computational capabilities
Application of AI on restricted devices (e.g., IoT) open issue:

Minimize costs
Poor performances
Real-time results

AI in IoT requested for industrial applications

Agiollo (UniBo) AI in Embedded Devices PhD Dissertation 3 / 22



Context & Research Focus

Context

AI proven successful for most diverse tasks and applications
AI requires high computational capabilities

Application of AI on restricted devices (e.g., IoT) open issue:

Minimize costs
Poor performances
Real-time results

AI in IoT requested for industrial applications

Agiollo (UniBo) AI in Embedded Devices PhD Dissertation 3 / 22



Context & Research Focus

Context

AI proven successful for most diverse tasks and applications

AI requires high computational capabilities

Application of AI on restricted devices (e.g., IoT) open issue:

Minimize costs
Poor performances
Real-time results

⇒

AI in IoT requested for industrial applications

Agiollo (UniBo) AI in Embedded Devices PhD Dissertation 3 / 22



Context & Research Focus

Context

AI proven successful for most diverse tasks and applications

AI requires high computational capabilities

Application of AI on restricted devices (e.g., IoT) open issue:

Minimize costs
Poor performances
Real-time results

AI in IoT requested for industrial applications

Agiollo (UniBo) AI in Embedded Devices PhD Dissertation 3 / 22



Context & Research Focus

Research Focus

Goal

Resource-friendly Artificial Intelligence

Goal

Resource-friendly Artificial Intelligence:

less computations

less energy

less data

⇓

Parallel approaches

1 overcome limitations of available efficientisation approaches

2 leverage integration of symbolic and sub-symbolic models (NeSy) to
tackle efficientisation
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Contributions Classic Efficientisation

Efficientisation of NNs

Available approaches to tackle efficientisation of NN models:

Architecturing: identify/search powerful efficient structures [17].

Data coresets: identify few relevant samples to train on [18].

Distributed learning: split learning among several devices [29].

Pruning: remove non-relevant substructures of NN [21].

Quantisation: reduce representation precision [21].

Distillation: couple NNs to force transfer of knowledge from large
model to smaller one [20].
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Contributions Classic Efficientisation

Architecturing : GNN2GNN

Motivations

NAS automatically search optimal NN structures

NAS learn to search rather than to build

NAS lack in flexibility and generality

Contributions

GNN2GNN, the first GNN-based framework to generate powerful NN
architectures, without inefficient search

Show GNN2GNN’s effectiveness over two state-of-the-art datasets,
highlighting flexibility and generalization capability
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Contributions Classic Efficientisation

Architecturing : GNN2GNN Framework

Three-way generative adversarial framework

GENERATOR

Strong

Weak
VALUER

Real

Fake
DISCRIMINATOR

DATASET

LG = λ · log(1− D(G (z)))︸ ︷︷ ︸
standard GAN loss

+(1− λ) · LR(V (G (z)))︸ ︷︷ ︸
reward loss
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Contributions Classic Efficientisation

Architecturing : GNN2GNN Experiments & Results

GNN2GNN vs GANs

Dataset Model Novelty Top-5 Top-10 Top-50 Acc90 |Acc|

NAS101

GNN2GNN 82.60% 45.91% 52.21% 57.37% 81.79% 92.04%
MOLGAN 65.41% 22.63% 27.29% 45.20% 59.71% 89.39%

RNN 96.34% 1.69% 2.32% 4.81% 53.04% 89.32%
Random 51.81% 11.17% 13.74% 28.43% 43.18% 88.54%

Quality Degradation

Dataset N Novelty Top-5 Top-10 Top-50 Acc90 |Acc|

NAS101

10% 82.60% 45.91% 52.21% 57.37% 81.79% 92.04%
20% 83.01% 45.54% 52.32% 58.48% 82.05% 91.98%
30% 83.67% 46.10% 51.07% 57.04% 80.14% 91.68%
40% 84.89% 45.80% 51.03% 58.71% 81.03% 91.55%
50% 85.00% 44.01% 48.81% 56.30% 79.24% 91.33%
60% 84.58% 44.40% 49.12% 57.72% 80.30% 91.30%
70% 84.20% 44.66% 49.38% 56.71% 79.52% 91.37%
80% 84.33% 43.90% 48.27% 55.51% 78.16% 91.27%
90% 85.71% 42.77% 46.70% 55.72% 78.24% 91.22%

Generalisation

Dataset
Novelty Top-5 Top-10 Top-50 |Acc|

Train Test

NATSC10 NATSC10 76.73% 1.65% 3.39% 15.61% 68.91%
NAS101 NATSC10 73.67% 2.64% 5.08% 16.55% 70.25%

NATSC100 NATSC100 71.71% 1.30% 3.28% 13.10% 33.03%
NAS101 NATSC100 72.03% 2.64% 4.82% 16.90% 35.40%

NATSI NATSI 81.03% 0.91% 2.17% 8.42% 16.75%
NAS101 NATSI 82.30% 1.93% 3.64% 11.49% 18.84%

GNN2GNN vs NAS

Model |Acc| Best Acc Best Rank

DARTS [22] 92.21% 93.02% 57079
NAO [23] 92.59% 93.33% 19552
ENAS [26] 91.83% 92.54% 96939

GNN2GNN90 92.04% 94.32% 5372
GNN2GNN60 91.68% 94.18% 7843
GNN2GNN30 91.30% 94.01% 9371
GNN2GNN10 91.22% 93.69% 12570
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Contributions Classic Efficientisation

Data coresets: SAMIS

Motivations

dataset pruning and summarization to identify small subset of highly
informative data to train on [25, 28]

empirical findings suggest relationship between sample complexity and
relevance for data efficiency [27, 19]

Contributions

memorization scores used for data summarization

leverage discrepancy between flat-seeking minimizer and SGD to
approximate memorization

memorization proxies used for data summarization, overcoming
state-of-the-art

Agiollo (UniBo) AI in Embedded Devices PhD Dissertation 9 / 22



Contributions Classic Efficientisation

Data coresets: SAMIS

Motivations

dataset pruning and summarization to identify small subset of highly
informative data to train on [25, 28]

empirical findings suggest relationship between sample complexity and
relevance for data efficiency [27, 19]

Contributions

memorization scores used for data summarization

leverage discrepancy between flat-seeking minimizer and SGD to
approximate memorization

memorization proxies used for data summarization, overcoming
state-of-the-art

Agiollo (UniBo) AI in Embedded Devices PhD Dissertation 9 / 22



Contributions Classic Efficientisation

Data coresets: SAMIS Findings

memorization scores for data
coresets outperform
state-of-the-art

m(xi ) = P
[
hAT (xi ) = yi

]
− P

[
hA
T \i (xi ) = yi

]

minima flatness depends on
data cleanliness

using minima flatness we can
approximate memorization:
SAMIS (SAM - SGD)

SAMIS for data coresets
mimicks memorization and
outperform state-of-the-art
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Contributions Classic Efficientisation

Data coresets: SAMIS Findings

memorization scores for data
coresets outperform
state-of-the-art

minima flatness depends on
data cleanliness

using minima flatness we can
approximate memorization:
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CIFAR100 clean samples
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Contributions Efficientisation via Knowledge Integration

Combining Symbolic and Sub-Symbolic in AI

Idea

Hybridisation of sub-symbolic – e.g., NNs – AI mechansisms with symbolic
a-priori or expert knowledge allows to produce more efficient NNs.

Motivations

logical information complicated to extract, elaborate, treat with NNs

symbolic knowledge is more reliable than data-driven approaches

injecting logical knowledge into NNs removes part of the learning
burden from NNs
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Contributions Efficientisation via Knowledge Integration

Combining Symbolic and Sub-Symbolic in AI

There exist multiple approaches for combining symbolic and sub-symbolic
in AI, with different aims:

Symbolic Knowledge Injection (SKI): integrating symbolic rules into a
NN

Symbolic Knowledge Extraction (SKE): gathering symbolic rules from
a NN
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Contributions Efficientisation via Knowledge Integration

SKI for Efficientisation

Motivations

SKI is most beneficial integration approach for NNs efficiency

no SKI approach study its efficiency benefits

Contributions

definition of Quality-of-Service metrics for SKI

analysis of SKI efficientisation effects using QoS metrics

anlaysis of SKI robustness and resiliency
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Contributions Efficientisation via Knowledge Integration

SKI for Efficientisation: Findings

Quality-of-Service metrics for SKI
memory footprint:

µ(I) = Ψ(N) − Ψ(I(K ,N))

energy consumption:

ε
i(I) = Υi

υ(N,T ) − Υi
υ(I(K ,N),T )

ε
t(I) = Υt

υ,γ (e,N,T ) − Υt
υ,γ (e, I(K ,N),T )

latency:
λ(I) =

1

|T |

∑
t∈T

(
Θ(N, t) − Θ(N̂, t)

)

data efficiency:

δ(I) = ∆π(e,N,D,T ) − ∆π(e, I(K ,N),D′
,T )

our QoS metrics show how SKI brings data efficiency benefits

define SKI robustness metric

robustness metric confirms how SKI brings data efficiency benefits
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Contributions Efficientisation via Knowledge Integration

SKI for Efficientisation: Findings

Quality-of-Service metrics for SKI

our QoS metrics show how SKI brings data efficiency benefits
Dataset Model Set Data efficiency (KB) Energy (mWh) Memory (FLOPs) Latency (ms) Accuracy (% )

BCW

uneducated – – – – 94.53

KBANN
train

35.89
-1.47

3933 -1.70 95.45
test -0.10

KILL
train

4.09
-0.99

0 0.35 94.63
test 0

KINS
train

-9.97
-1.22

-559 -1.41 94.29
test -0.09

PSJGS

uneducated – – – – 93.91

KBANN
train

-4946.81
-4.67

-66944 -2.56 92.84
test -0.22

KILL
train

553.89
-3

0 0.04 94.02
test 0

KINS
train

-954.80
-6.53

-161779 -4.75 93.70
test -0.51

CI

uneducated – – – – 84.63

KBANN
train

1653.79
-1.41

-2468 -0.43 84.78
test -0.02

KILL
train

4016.90
-0.70

4200 0 84.81
test 0

KINS
train

4263.50
-1.41

-6220 -0.44 84.77
test -0.02

define SKI robustness metric

robustness metric confirms how SKI brings data efficiency benefits
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Contributions Efficientisation via Knowledge Integration

SKI for Efficientisation: Findings

Quality-of-Service metrics for SKI

our QoS metrics show how SKI brings data efficiency benefits
define SKI robustness metric

ρN,D (D) =
1

n

∑
∆D∈D

∥∆D∥ ·
π(N∆D ,D ◦ ∆D)

π(N,D)

RN,D (I) =
ρ
N̂,D

(D)

ρN,D (D)

robustness metric confirms how SKI brings data efficiency benefits

Agiollo (UniBo) AI in Embedded Devices PhD Dissertation 14 / 22



Contributions Efficientisation via Knowledge Integration

SKI for Efficientisation: Findings

Quality-of-Service metrics for SKI

our QoS metrics show how SKI brings data efficiency benefits

define SKI robustness metric

robustness metric confirms how SKI brings data efficiency benefits

Dataset
RN,D(I) drop RN,D(I) noise RN,D(I) flip

KINS KILL KBANN KINS KILL KBANN KINS KILL KBANN

BCW 1.0493 1.0318 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 1.0026 1.6749
CI 0.9998 1.0039 1.0043 0.9992 1.0012 0.9965 0.9897 1.1703 0.9815
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Conclusions
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Conclusions

Conclusions

Research findings summary

traditional efficientisation approaches have some issues and limitations

overcome NAS focus on inefficient search via learning to build

leverage NN memorization property help in data-efficient settings

find efficient memorization proxy measuring discrepancy between
flat-seeking and standard optimizers

NeSy techniques may help towards NN efficientisation

SKI brings data efficiency benefits reducing data for train
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