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Executive Summary

5St AGSNIo0fS 5padH NI L] Nibdthe3ecdhdhalf ohttie QrajecF singel f 2 d:
April 2024)on scalability and verification techniques for online nesganbolic learning and
reasoning in realime streaming settings. It consolidates methods, tools, and-azse
FLILX AOFGA2ya | RRNBaaAy3a GKS LINR2SOGQa O2NB C

The scalability of EVENFLOW is based on two pillars. Stream synopses and parallelism. On the
stream synopses side, a synopdis/en optimization paradigm is introduced for continuous
learning. The SuBIiTCHramework operationalizes the principle that training must adapt to
stream dynamics by jointly optimizing (i) synopsis/compression configuration, (ii) training
duration (e.g., epochs), and (iii) neural architecture, explicitly searching for strong accuracy vs
training-time trade-offs and presenting thesehoices through supporting tooling. Parallelism
cooperatively workswith synopses through parallel synopsis maintenance and through a
data-driven synchronization protocol suite that reduces coordination and communication
costs in distributed learners. These components are integrated in Distribuito SuBIiTO,
combining parad#ll synopsis derivation, smart synchronization, and batched/parallel inference
to increase throughput. In parallelthe NeuroFlinkCEFframework delivers scalable
neurosymbolic Complex Evenggdgnition by integrating neural simp&vent inference with
symbolic, Apache Flink CEP pattern matching, supported by logipalsical workflow
optimization and monitored deployment across clgedge/loT environments.

Scalability grounds these techniques in three vertical use cases via: SSTRESSED for Industry
4.0 simple event detection, RATS+ for personalized medicine with traesigring elements,

and infrastructure monitoring via reverse random hyperplane projecptus uncertainty

aware synchronization.

On the verification side, the deliverable defines an EVENFLOW verification stack that spans:
() formal neural network verification, (ii) probabilistic netspmbolic verification, and (iii)
temporal verification for streaming neursymbolic pipelines wherneural perception feeds
symbolic automata.

For neuresymbolic (NeSy) pipelines, where neural outputs feed symbolic arithmetic circuits,
we foundexact verificationto be intractablein our evaluation. Thereforeslaxationbased

and hybrid pipelinesvere proposedio balancecompletenesswith scalabilityrequirements
These constituteabstract verification techniquesnd enable usto achiewe robustness
guarantees for NeSy system@iso usingCNN networks.

The contributions include Spatibemporal Bound Propagation (STBP) and S{Jaoporal
shared IBP (@BP) These arenybrid schemes that solve MILPs for the first layer under
structured (shared / fixed / bounded) perturbation constraints, then propagate tight tayer
bounds forward with efficient interval or linear relaxations. The work also develops
probabilistic veriication via PAdhterval estimation (LipPOT): a targeted Ad&wmbol
sampling engine plus Extreme Value Theory (POT/GPD) constrained byddR&nce
bands to produce higlsonfidence upper bounds on local Lipschitz constants. For parallel
verification, SCANNYV applies Bayesian optimisation (with transfer learning anestéllity
grey-box signals) to find input splits that reduce wellbck \erification time.
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Experiments on synthetic MNIST addition, R&AButonomous driving, temporal compiex
event traces, and medical/video benchmaréisow STBP and PAC methods substantially
improve certified robustness and runtime compared to vanilla IBP and naive solver
approaches, aa marginakost of additional MILP or sampling overhead.

Verification is further grounded in EVENFLOW use cases through aSynbolic robot
navigation/collisioravoidance scenario, where robustness is assessed across multiple
perturbation levels and validation splits. We discuss routes to improve guaraifiemeiss
through stronger bound methods and robustnessare training.
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1 Introduction

1.1 Project Information

EVENFLOW develops hybrid learning techniques for complex event forecasting, which
combine deep learning with logltased learning and reasoning into netsymbolic
forecastingmodels. Thispproachcombinesneural representation learning techniquésat
construct everddriven features from streams of perceptidevel datawith powerful
symbolic learning and reasoning toalgichutilize such features to synthesize hidgvel,
interpretable patterndor forecastingcriticalevents.

To deal with the brittleness of neural predictors and the high volume/velocity of temporal
data flows, the EVENFLOW techniques rely on novel, formal verification techniques for
machine learning, in addition to a suite of scalability algorithmdréoning based on data
synopsisfederated training and incremental model construction. The learnt forecasters will
be interpretable and scalable, allowing for explainadohel robustinsights, delivered ia
timely fashion and enabling proactive decision making.

EVENFLOW is evaluated on three use cases related to (1) oncological forecasting
in healthcare, (2) safe and efficient behaviour of autonomous transportation robots in smart
factories and (3) reliable life cycle assessment of critical infrastructure.

Tablel: The EVENFLOW consortium.

Numbert Name Country Short name
1 (CO) NETCOMPANXTRASOFT Belgium INTRA
1.1 (AE) NETCOMPANKXTRASOFT SA Luxemburg INTRALU
2 NATIONAL CENTER FOR SCIENTIFIC RE: Greece NCSR
"DEMOKRITOS"
3 ATHINAEREVNITIKO KENTRO KAINOTON Greece ARC

STIS TECHNOLOGIES TIS PLIROFORIAS.
EPIKOINONION KAI TIS GNOSIS

4 BARCELONA SUPERCOMPUTING GENTE Spain BSC
CENTRO NACIONAL DE SUPERCOMPUT.
5 DEUTSCHES FORSCHUNGSZENTRUM F Germany DFKI
KUNSTLICHE INTELLIGENZ GMBH
6 EKSO SRL Italy EKSO
7 (AP) IMPERIAL COLLEGE OF SCIENCE TECH United ICL
AND MEDICINE Kingdom

1CO: Coordinator. AE: Affiliated Entity. AP: Associated Partner.
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1.2 Document Scope

This document provides the advancements made within the scope of EVENFLOW with special
emphasison the time period betweenM19 (April 2024)to M39 (December 2025)It
elaborates on thedeveloped algorithms and prototypes that serve as scalabdity
verification pillars for the project. It als@xplainsthe way they are applied in real world
scenariosoth derived from EVENFLOW use camed broader application domains and/or

on standardbenchmarks and testbeddt also reports on the evolution of Scalatiland
Verification Toolkit as exploitable assets of the project. In that, it describesutemmes of
high-quality research in EVENFLOW with anticipated highly impactful software modules.

1.3 Document Structure

This document is comprised of the following chapters:
Chapterl presents an introduction to the project and the document.

Chapter 2 summarises the main advancements till M18 of the project as reported in
Deliverable D5.1

Chapter 3 emphasizes on thecalability aspects by means of data stream synopses and
distributed/parallel learning and inference presenting the developed prototypes.

Chapter 4 discusses scalé neurosymbolic CER over IoT platforms pushing the
developments on scalability made throughout the project, not only at the ckidd but
across the cloud to edge continuum.

Chapter 5presents the currentopen-source contributions of the scalability approaches
developed throughout the project.

Chapter6 emphasizes omise casespecificadaptatiors of the generic techniques described
in Chapters3-4 to EVENFLOW use casesl novel scalable techniques for these specific
application fields.

Chapter8 discussegechniques forimprovingscheduling and augmenting parallelization of
verification frameworks, such as Ventis; enhanced scalability ineural network veriers
upon being treated as black or grey boxes

Chapter7 introduces the foundational concepts of formal verification for neural networks,
outlining core technigues and discussing their applicability to neyrabolic architectures.

It further examines methods for verifying complex temporal events within neumbsyic
systems.

Chapter8 extends these verification techniques to spatenporal models. It presents hybrid
approaches that combine linear programming with interval bound propagation, enabling
robustness analysis for highmensional perturbations and larger neural network
archtectures.
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Chapter 10 explores verification through probabilistically approximately correct (PAC)
bounds. It evaluates the tightness of PAC intervals and assesses their suitability for providing
reliable robustness guarantees in comparison to deterministic methods.

Chapter11 applies these verification techniques to the EVENFLOW Industry 4.0 use case,
demonstrating endo-end verification of a neurosymbolic system deployed in an industrial
robotic environment.

Chapter12 presents the current opesource contributions of the verification approaches
and the toolkits developed for verification of the EVENFLOW Industry 4.0 use case.
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2 Overview of Progress till M18

2.1 Recap on Scalability AspecstEVENFLOW

As documented in Deliverable DSBEVENFLOW training and inference pipeltagget three
types of scalability: (a) horizontal scalability, i.e., scaling with the volamdevelocityof the
incomingdata streams, (b) vertical scalability, i.e., scaling with the number of processed
streams and (c) federated scalabilitye., scaling the computation in (ggdistributed
environments by reducing the amountiwnsmitted data to preserve bandwidth and reduce
network latencies.

The focal point of developingffective and efficient training and inference pipelines in
streaming settings revolves around thkallenge of achieving appropriate balartcade-off
between accuracy and training timin streamingsetups,the statistical properties and the
distribution of incoming streams are highly volatiléonsequently a neural model that is
currently suitable for inference purposes may quickly become obsolé&teerefore, the
training process evolves continuously and on par with the predititderenceprocess As
soon as an upo-date trained model becomes available, it should be directly deployed on the
prediction pipeline to maintain high quality inference, not only at the current time imatst
importantly, in the long run.Figurel illustratesthe evolution of training and prediction
pipelines, instantiated using state-the-art frameworks for stream ingestion (i.e., Apache
Kafka) and neural learning (PyTorch). The architectural scheme though is independent of the
underlying technologies.

NN Wt1
Weight |w?
PYTORCH Updates

earner I W

wt,
[E=E=Em|

Labeled Training Streams

B35 E IS WS O Q0T OOHI OOL 03951 vesoed [k

L

PYTORCH e
Predictor - Labeled |&
Streams |\& &=

\_____/
§3 kafka

g ana

Prediction

Unlabeled Application Streams . . .
—— Training Pipeline

T — Prediction Pipeline

Figurel: Streaming Training and Inference Pipelines operating amtbasne anothefREF
01].

The main pillars for achievirsgalability in EVENFLOW invdlagdata streams synopsegb)
parallelisn? distribution of computationand (c)optimal (or preferable)resource allocation
for the involved neural, symbolic or neurosymbdgheSy}asks.

The use of synopses is motivated by the fact thatestablish accurate and rapid training
pipelines, it is important to train overrepresentative, good quality dataThis does not
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necessarily include théot of training data strears that may reach a training pipeline.
Therefore, by presenting a carefully crafted data summary in the training pipehragcurate
model can be continuously producesimultaneously avoidingxacerbatedraining times.

However, synopses alone do not suffice for scalable processing.édviest,if synopses do
manage tocontrollablyreduce the portion of streams that are ingested in a training pipeline,
data summaries can still h®luminous. For instance, a recent stream of 10GB reduced by an
order of magnitude stilyieldsa trainingvolume of1GB which may entail important training
latency for deep neural network architectureéSecond, synopses caeducethe burden in

the training pipelineonly. Theprediction/inference pipeline still needs to operate on the
entire stream because client applications do not have the liberty of choosing to apply
predictions and forecasts only to a subset of the ingested, unledbedtreams For these
reasons, besides synopses, parallelism on the training and prediction pipelines is the second
scalabilitypillar of EVENFLOWigure2 enhances the streaming architecture ligurel with
parallelismacross the involved training and prediction pipelines.

Labeled Streams @ Partition 1

BT a6 SN 0N8 S OIS 0001 O%SL g unksown)

Ve
"PYTORCH

| Learner 1

Global Model
Parameter

Learner 2 Updates

- ~ NN
Labeled Streams @ Partition N ’ | PYTORCH
Lear.:rern W8|ght ,
i Sl i s s Local Models on local streams / Updates th
W
Parameter tohts
Server Topic
!
r i n Predictors
Topic Streams
Unlabeled St Partition 1
nlabeled Streams @ Partition PYTBRCH kafka
L L 466 MR 0N 00T 00019 00001 Q8L
Unlabeled Streams @ Partition P

Figure2: Parallel Streaming Training and InfereRigeeline$REFO1].

The thirdscalabilitypillar related to resource allocation in EVENFLOW comes in two forms.
First incontinuouslyconfiguringthe degree of parallelism, thsize of the synopses, the size
of the neural network and the duration of the training process so ttiet aforementioned
accuracy vs training time tradeffs and the preferable combination of such parameters
ensure high quality models in an online réiate fashion. Secondnodels deployed on
parallel predictorscan be assigned not only parallel threadsbeing executed ompowerful
clouds, but also across devices lo¢ ttomputing continuumn loT settings.

The progress achieveth EVENFLOWY M18, as reported in Deliverable D5.tan be
summarized as follows:
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EVENFLOWproposed and developed the Synopsesa-Service paradigm(Figure 3)
introducing a stateof-the-art stream summarization engine implemented on Apache Flink
[REFO3].

§€ kafka )
Filter

Output
Topic

federator

register FlatMap

Request

To geo-
FlatMap dispersed
Union Topic Union k kafka
Topic
—Data Path ——Requests Path _Shﬁg%i?:le
Estimation

Figure3: Synopses Data Engiasa-Service (SDEaaS) Paradigm in EVENBY®WB[REF
02].

The Synopsesbased Training Optimization Paradigm was introdycethich leveraged
Bayesian Optimizatioto continuouslyprescribepreferable configurationgor (a) the size of
synopses, (b) the number of training epochs for the training pipelifeesa fixedg a priori
defined¢ neural network architecture.

BO Performance Modeler

Benchmarked Neural Network
= EEe BO (GPR) Model

Eca -t e O O=_0— Statistics © Completed micro- o
A | =y © OZZ0 Collector g | oerehmankgs,

= SEE—— . &
. S heos ¢ . i o
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- Time, [ " - '
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Acquisition Function 3 - r » pevlan

Scoi

» o
-mwm ;‘7
T M g o @ BRSO : e oo
Figured: Synopsebased Training Figureb: Demo prototype of Synopses
Optimization by M18 based Trainin@ptimizationby M18

For parallel trainingpreliminary protocols and experimentationane presentedto overcome

the limitation of the vanilla synchronous and asynchronous protocols of the Parameter Server
paradigm The basic idea behiride proposed, preliminarprotocols wago define a concept

drift based on any givetiresholdedfunction applied on neural networobal (accumulated

in a Parameter Serveryeights.Decompose this global concept drift trigger to local filters
installed on parallelearnersand trigger a synchronization only wheome learneffindsits

local filter violated based on a geometric monitoring criterion.
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2.2 Recap on Verification AspedtsEVENFLOW

Deliverable D5.1 describes the verification approach for the EVENFLOW project in which we
mention about the need for formal verification, the scalability challenges of verification and
the approaches for verification of Neurosymbolic systems.

Modern neural networks (NNs) power critical Al applications but remain highly vulnerable to
adversarial perturbations small, often imperceptible input changes that can lead to
catastrophic misclassifications. This raises significant safety concerns,allgpectiomains

such as autonomous driving, robotics, smart manufacturing, healthcare diagnostics, and
decisionsupport systems. Due to their black box behaviour and high input dimensionality,
understanding and guaranteeing NN behaviour is extremely cigitlg. Formal verification
aims to deliver provable guarantees about system behaviour by mathematically ensuring that
certain properties primarily robustness hold for all inputs within a perturbation set.

‘Dog’
even in
the
worst
case

Figure6: Perturbations on the input should not affect the classification.

Adversarial attacks in both 2D and 3D settings show the extent of NN fragility. Methods such
as adversarial image noise, poitibud manipulation, and mesh perturbation can reliably fool
state-of-the-art models without visibly altering the input, strengthieg the need for scalable
verification tools.

Decision Boundary

X*
fr<o f*>0
fl
0 X
Label flipped, 0 Provably 0
not robust! robust! »
Class +1 3 .
fix) >0 ‘ G

Figure7: Formal Verification as an Optimization problem.

Verification seeks to determine whether the NN satisfies a desired property (e.g., robustness)
over an input region. This can be expressed as an optimization problem that checks whether
GKS ySUg2N] Qa YAYAYdzy € 23A0 Yl bebBaryirbatitBsY | A y &
Exact verification approaches (MILP, SMT) are complete but computationally infeasible for
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large networks. In contrast, incomplete or relaxatibased methods (IBP, LP relaxation,
CROWN) scale better but provide weaker guarantees due toap@ioximation.

A central challenge stems from nonlinear activations such as RelLU, which must be
approximated using linear inequalities when the activation is unstable. These relaxations
allow propagation of lower/upper bounds but accumulate approximation errors as depth
increases.

Neural Network Verification

Safe
Error
Input Set Classifications
NP-Hard! Property is satisfied

Figure8: Neural Network Verification.

Exact verification is NRard and rapidly becomes intractable for deep networks or high
dimensional data. Nonlinearities, combinatorial explosion of ReLU states, and large input
spaces limit realorld applicability. This motivates abstractidased techrgques, which
replace nonlinear functions with sound convex relaxations, enabling propagation of
approximate bounds while maintaining efficiency. However, these techniques often yield
overly loose bounds, particularly in architectures with attention mechasisr heavy matrix
multiplications.

Neuro-symbolic systems combine neural perception modules (CNNs, MLPs) with symbolic
reasoning engines such as Deterministic Finite Automata (DFAs). This decomposition reduces
architectural complexity and allows verification at two separate levels:

1. Neural level:Obtain probability intervals for simplevent detectors using relaxation
methods such as IBP.

2. Symbolic level: Propagate these intervals through DFA transitions to produce
lower/upper acceptance probabilities for temporal patterns.

This approach allows the verification @mplex temporal eventsy combining probabilistic
bounds from multiple simple events. Experiments on MNi&ged sequence tasks show that
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NeSy models drastically reduce the verificabrO OdzNJ O& 3| LJ 0 Xw> 0> RSY?2
verifiability compared with monolithic temporal models.

EIEIEnn

\ - (even » larger than 6) - (odd # (<larger than 6)) - (smaller than 3)
| start ,'/Q\ even ~ larger than 6 ; \.‘ odd & f-largerﬁthanﬁ)‘/fs?\ smaller_than 3 f// /_‘k\\

LR e B ©

Figure9: MNIST based sequential model for sequence classification

Verified Training: Combining Adversarial and Formal Objectives

A major challenge is training models that are bethpirically robustandformally verifiable.
Standard adversarial training improves empirical robustness but degrades verified
robustness. The report discusses two new expressive loss functiodBRCEITUBP) that
jointly optimise adversarial and verified objectives. These losses achieveottidue-art
trade-offs on datasets such as CIFAR TinylmageNet, and ImageNet64, enabling models
that are more suitable for deployment in safetyitical settings.

CC-1IBP
2 4
x L(-[1-a) +a AJ,y)
—
MTL-IBP

(1 - O‘)ﬁ(f(oa xa.dv), y) + o £Ver(f(eax)z y)

FigurelO: Convex combinations between adversarial attacks and IBP bounds
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3 Scalable Neural Learning and Inference over Data Str¢

3.1 LeveragingSynopsesfor Training Optimizationg The SuBiTO
Framework

The SuBiTO Framewortteveloped in EVENFLOWbmMes in three different versian The
synopsesgdriven SuBiTO frameworfREFO3] for synopseshased training optimization. The
NeSy SuBITO preof-concept for supporting entire NeSy pipelines and the DistribBuBiTO
which leverages both synopses and parallelism across atcititectural components. In this
section we initially focus othe synopsesiriven SuBiTQREFO3], which we will henceforth
term as simply SuBiTGection3.1.2 presents the NeSy SuBiTO and Sec8dhdetails
Distribuito SuBITO.

3.1.1 The SuBIiTO Architecture

The architecture of the SuBiTO framework is illustrated-igure 11. Compared to our
discussion in Sectio.1, SuBiTOperforms Neural Architecture Search (NAS) besides
configuring the size of ingested stream synopses and the number of epnchat,{ dz. A ¢ h Qa
functionality is severely enhanced because it can examiwale variety of additional options

that may involve deeper neural networks with highly compressed streaming input or
shallower networks with greatemumberof ingested streams being processédiditionally,

the upto-date neural models that are produced by the training pipelines are directly
delivered via Kafka to a Prediction Pipelinedaline, realtime inference purposes.

As shown inFigurell, SuBiTO is composed of three architectural elements. The training
pipeline, the prediction pipeline and the SuBiTO Optimizer.

The Training pipeline (middle &figurell) receives labelled streams and trains a neural
model, for a number of epochs using only a fraction of the labelled streams specified by a
stream compression ratio. These are specified by the SuBiTO Optimizer every time a concept
drift is detected.

The SuBIiTO Optimizer (top Bfgure1l) runs every time a concept drift if detected. It
accumulates a recent portion of the labelled stream and performs a number of Bayesian
Optimization[REFO4][REFO5] trials to learn the accuracy vs training time tradffs under
different {stream compression ratio, neural architecture, number of epochs} configurations.
At the end of the optimization process, it devices the optimal such tripsied on a scoring

function, currently | @€ O QU D OOO 1 GWOAT-E—— p is the
default,which is deployed in the Training Pipeline.

The Prediction Pipeline processes unlabelled streams. It continuously receivesttie afe
neural model produced by the Training Pipeline and deploys it for inference purposes.
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Figurell: SuBiTO Framework ArchitectfR&F03]. SuBiTO Optimizer, Training and
Prediction pipelines. NAS along with configuring synopses compression ratio and number of
epochs as supported participating in the examined todfie
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Figurel2: The SuBiTO DashbofREEFO3]. The SuBIiTO Optimizer levised three
alternative Neural Network Architectures along withopses compression ratios and number
of training epochs. The user has not picked any of the devised options, therefore the training
latency (ight middle part of the dashbogris in the order of tens of seconds.
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3.1.2 The SuBiTO Dashboard

The SuBiTO Dashboard, implemented on stredniitillustratedin Figure12. The vertical
middle of the dashboard displays the SuBiTO Optinoperation and suggestiongfter a
concept drift or a manuallyriggered optimization cycle, the optimiz@resentsthe top-3
training configurationgneural network, compression ratio, number of epochgsed on a
scoring functionltalso plostheir expectedraining accuracy and loss. To further aid the user
cherry-pick among the toprated alternatives, it also plots thexpectedaccuracy, training
time trade-offs of eachAs soon as the user activates one among the suggested alternatives,
the training pipeline is accordingly renewexs long as it finishes the current training round.

The upper right of the dashboaid devoted to the Training Pipeline.sthows the currently
deployed neural network architecture, the devised compression ratio andntiraber of
training epochs. Moreover, it plots thactualtraining accuracy, loss as well as the training
latency throughout the training processhe lower right of the dashboard ploéshistogram
on stream label frequencies

Finally, at the vertical left part of the dashboasdpanel is available for the user to specify

the parameters of the available search space to be taken into acchurimg explorationThe

user can configure the stream train size, stream test size, default numbers of convolution,
pooling, dense or other types of layers, plus the learning rate and batch sittee BuBIiTO
dashboard the usectanalsochoose the SuBiTO train and test sigaartion of stream to be
collected during the optimization proces#le compression ratio range (low/highfhe range

on the number of epochand the petlayer search ranges for architecture components:
number ofconvolution layers (low/high), pooling layers (low/high), dense layers (low/high),
as well as LSTM, GRU, vanilla RNN counts (each with low/high), and the dropout range
(low/high).

3.2 A NeSy SuBiTRYootof-Concept

The NeSy SuBITO pramffconcept accept®NIST images as inputs and attempts to pinpoint
temporal sequences of numeric symbols on them. In particular, a positive sequence is one
where an even number larger than 6 is observed, followed at some point by an odd number
X cX F2ff 26 SR Expiessdd asyadRégularNEXprEssNmID]*8[0-9]*[135][0-
9]*[0-3][0-9]*$

Concretely, the automaton encodes:
1 f(1,2):Sljdzt £t a6S@Sy>sm0us SljdzZfao3adgcIimod® M a
1 f2,3):Sljdzr f 8a62RREM0 X Sljdzl f a6f SljycImOd M €I
 f(3,4):Sljdzt t a6t SljgoImO® I fFGSNI &aSS I RAIA
1 Seltloops/backoffs keep the automaton in the same state when a guard is not met.

So the symbolic part is monitoring the temporal patte¥n: ™y 6 S@SYy 3 Hc O I X
M X [band aoepts sequences reaching state 4.

2 https://streamlit.io/
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Figurel3: Forward paséblue arrowsand backpropagatiofred arrows¥or the NeSy SuBiTO

proofof-concept.

During the forward pass, images arrive as short sequences and are processed by a

convolutional neural network (Convolutional Neural Network, CNN). The network produces,
for every time step, a vector of class probabilitigs K S
likelihood of each digit. In parallel, the rules you wrote in Answer Set Programming (ASP) are
compiled once into differentiable logic. Concretely, the ASP program is turned into circuits in

dazvTi

aevyozeac

Negation Normal Form (Negation Normal Form, NNF) by the Bagité®ecision Diagram
builder, and those circuits are then executed as a Symbolic Finite Automaton (SFA). The fusion

step ties these two sides together: a labelling function maps each symbolic variable in the

automaton to the corresponding slice of the EIgrobability tensor, and the SFA evaluates
the sequence to produce a single acceptance score that reflects whether thelefied
pattern is present. That acceptance score is optionally clamped and lelegttyed and then

compared with the groundruth sequence label inside the loss and metrics block, where the
loss used is binary cressitropy (BCE). For online use, the prediction pipeline simply runs
CNN to SFA to acceptance score.

During backpropagation, gradients originate at the loss and flow first into the fusion step.
From fusion they pass into the Symbolic Finite Automaton through its differentiable tensor

operations that implement the compiled rules; the rules and circuitsrtbelves are fixed, but

the operations are differentiable so the gradient can traverse them. The gradient then crosses
the labelling function, which carries it from symbolic variables back to the appropriate

probability slices. Once it reaches the probaypilensor, it continues into the logits and

through all layers of the Convolutional Neural Network, updating only the neural weights via
the optimizer. The ASP program and the Negation Normal Form circuits remain unchanged

during training, while the Conwational Neural Network is the sole learnable component.
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The configurationsprovided by SuBiT@re as discussed in Secti@l Indicatively in this
scenarioSuBiTO providemore than an order of magnitude reduction in training tinvéh a
negligible compromise in accuradgwer than5%.

3.3 Enriching the Algorithmic Foundations of Synopseased
Training Optimization
So far we have described the functionality of SuBi@a§suminghe SuBiTO optimizer runs
under Bayesian Optimizatiaand under a specific scoring functicas presented IfREF03].
In this section we unveil thalgorithmic foundation of synopsdsased training optimization
introducing besides Bayesian Optimizatidbxhaustive, Greedy, Evolutionary and Heuristic
algorithms for the parameter space exploration by the SuBiTO optimizer. As we
experimentally show, for a variety of scoring functionsthese algorithms exhibit
complementary characteristiagith respect to the accuracy vs training time tradgs of their
proposed solutions, as well as the execution timeathalgorithm Since these algorithms
are underpeer-review by the time this deliverable is submittedve here provide only
algorithmic sketchesf their functionality

Exhaustive Search AlgorithmThe ExhaustiveSearch Algorithm constructs all valid
combinations of hyperparameters and layer structures up to a predefined maximum network
depth. For each candidate configuration, the corresponding model is generated, trained and
evaluated using the scoring function. The optimizerrttselects the configuration with the
highest score as the optimal solution. While Exhaustive search guarantees that the optimizer
will return the global optimum configuration, its major drawback the fact that it is
computationally intensive as the search space grows exponentially with the number of
parameters and possible layer types.

Greedy Search Algorithnifhe Greedysearch Algorithnadopts an incremental strategy to
construct and tune neural network architectures under streaming constraints. In the initial
phase, thealgorithmexplores all valid combinations of epoch numbers, sampling rates, and
first-layer types. For each candidate, it creates a simplelaper network and evaluates it
usingthe scoring functionThe configuration achieving the highest score, reflecting the most
favourablebalance between computational efficiency and model accuracy is selected as the
initial structure. Subsequently, once initialized, thalgorithm proceeds iteratively by
expanding the network one layer at a time. During each iteration, it examines all valid layer
types and temporarily integrates each into the current network.

Heuristic Search AlgorithnThe Heuristic Search Algorithm follows an iterative, Pabetsed
strategy.Unlike Greedy and BO approachddeuristicoperates under the principle of Pareto
dominance, where a configuration is considered superior (or dominant) if no other
configuration performs better in both objectives, i.e., accuracy and training time,
simultaneouslyThe optimization process begins with an initial exhaustive search over all valid
combinations of epoch counts, sampling rates, and siH®yer architectures. Each
configuration is trained, and its performance is evaluated with respect to accuracy and
training time. These results define a twdamensional objective space from which the Pareto
front is derived.The configuration®n the Pareto fronwill be explored further in the next
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iterations as promising alternative®ext, each Paretoptimal (from the previous step)
configuration is expanded by adding one new layidris process continues iteratively until a
maximum number of iterations is reached.

Evolutionary Search AlgorithmThe Evolutionary Search Algorithm, similar to the other
variants, incrementally constructs the neural network by employing notions from
evolutionary theory, e.g., crossovers and mutations. Generally, this variant evolves a
population of configurations,e., triplets of neural network architectures, number of epochs

and sampling rates, across successive generations, and its goal is to find configurations that
WFAGQ 4SSttt Ay | aSidaAy3ax Sy nstiBty ¥he gptimizatikn & A &
process begins with an initial exhaustive evaluation of all valid combinations of epoch counts,
sampling rates, and singlayer architectures. From this set of candidates, the optimizer
selects a subset of teperforming netwoks. These networks represent the most promising
trade-offs betweenaccuracyand training speed. Then, a subset of these elite architectures is
RANBOGf & WLINRY2GSRQ G2 (GKS ySEG 3ISYySNIridAazyd
WLINR Y2 (0 SRQ dekation, larS profiGeediiby &ddsover and mutation operations
applied to the current elitesThis process continues until a fixed number of generations is
reached

3.3.1 Experimental Evaluation on SuBiTO algorithms

To stress test the SuBiTO algorithms we utilize twoneald datasets namely theCIFAR10
and the UCF50 datasgREF06]. We examine the performance of thigayesian Optimization,
Greedy, Heuristic and Evolutionary (termed EVO) algoritimmerms of accuracy, training
time trade-off of the proposed solution as well as based on their execution time.

We further alter the scoring function used while exploring the search sp@esides the
scoring function discussed in Sect®d.1 which we term@riginaQwe employthe following
scoring functions:

1 Original Scoring Function: see Sectgoh.1

1 FZXlike Harmonic Tradeff: inspiredby the harmonic mean structure of the &tore,
this formulation balances accuracy and training time

1 Exponential Decay Penaltgmphasizes that the score decreases exponentially with
increasing training time

1 Inverse Additive Penaltya fraction of accuracy ovarormalizedtraining time. The
denominator increases with training time, gradually reducing the score without sharp
penalties, unlike the Exponential Decay variant.

 Min-based Tradeff: RANB Ol f & OF LI @¢neIBninimumikpdrioran&l 1 S NI
criterion among accuracy and normalized training timAs such, it benefits
configurations that perform welbacross all desired properties, i.e., achieve high
accuracy and low training latency.

1 LogSigmoid Dominance Functionreats the difference between accuracy and
normalized training time as an indicator of relative performance. This is esseatially
sigmoid functiorwhichkeeps the score within (0, 1) and produces smooth transitions,
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i.e., models that perform slightly better in orsspect gain an adequate advantage,
while large imbalances are downgraded toward the middle of the scale.

We execute our experiments under a Google Colab Pro+ subscriing the A100 GPU
configuration To show the complementarity of thearious algorithmsin Figurel4, we plot

the medianaccuracytraining time of the solution yielded by each algorithim that, each of
the provided features ifrigurel4, holds forat least half of the cases of scoring functions in a
per dataset fashionRelative execution time is encodea the figureby marker area and
labeled by its multiple vs. the fastest method in the same dataset (1x = fastest).

100 CIFAR-10: Accuracy vs Training Time (relative EXEC labels) 100 UCF: Accuracy vs Training Time (relative EXEC labels)

13k 4.5
80 i 80
21x% 10.1%
48 1

60

@
3

ACC (%)
ACC (%)

.
k=3

40

20 20

Algorithms Algorithms
& Greedy m BO Heuristic x EO @ Greedy = EC Heuristic x EVO
5 10 15 20 25 30 ] 5 10 15 20 25 30
TRAIN (s) TRAIN {s}

Figureld: Medianperformance of SuBiT&gorithms acrosscoring functions for the
CIFAR10 and UCF datasBslative execution time is encoded by marker aredabaetied
by its multiple vs. the fastest method in the same dataset (1x = fastest).

The complementarity of the algorithms is justified by the following observations

Bayesian OptimizatiofBO)is always the fastest in terms of execution time. therefore the

best solution in cases of highly volatile data streams which yield frequent concept drifts and,
therefore, frequent optimization decisiong-dowever, the accuracy ¥&iningtime trade-off

that it provides is inferior compared to the other alternatives, especially in the, more
demanding, video stream scenario.

Greedy provides solutions of good accuracy buyigids the highest training timed he
training time of Greedy is up to 2x worse than the best training time induced by EVO. In other
words, Greedgan keep high accuracy levels but moderately compromises thémesginess

of the training pipeline of SuBiT@s execution time is the second best, though it remains 2x
and up to 4x slower than BQ@.is suitable in case high accuracy and fast optimization times
for volatile data streams arprioritized higher thamrapid training times.

EMs provides solutions of slightly worgap to 7%)accuracycompared tothe algorithm that
provides the most accurate solutions across these databeisit yields the fastest training
times. Therefore, it ensures the retimeliness of theraining process. The caveat is tha it
execution time is up to 10x times slower than BO and up.5& slower compared to Greedy.
It is therefore suitable for settirgwhere rapid training times anbigh accuracy are of the
essence, but with lower data stream volatility and rarer concept drifts.

Heuristicyields the best solutions in terms of execution vs training time trafig. It often
provides the best accuracy witbnly 1520% higher training time compared to EV®&.
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execution time though ithe highest among all algorithmideuristic is an order of magnitude
slower than BO an@-4 times slower than Greedit.is also 2625% slower than EVO.

Overall, our experimental evaluation results in the following main findings:

1 HighlyVolatile Streamsrealtimeliness of training pipelineBO

1 HighModerately Volatile Streamgprioritization on accuracy over training time
Greedy

1 Nonwvolatile Streamgsrealtimeliness of training pipeline EVO

1 Nonvolatile Streams, prioritization on accuracy over training taréeuristic

3.4 Parallel Synopses MaintenanRevisited

However novel and practical SDE§REF02] was, it had an important limitation: it emitted
aeyz2LlasSa Al ! LI OKS CfAy1Qa aAGNBIFYAYy3a !ttLa
tensorcompatible for neural training. Each time new synopses were produced, they first had

to be written to Kafka ad then loaded into tensefriendly structures (e.g., Pandas
DataFrames or NumPy ndarrays) for the training pipeline. This extradmynderminethe

benefits of parallel synopsis maintenantecause the conversion/ingestion steps relied on

tools that are not inherently distributed. To remove this bottleneck, wémplemented the

SDE on Dagk enabling parallel synopsis maintenance with direct tersumpatibility,

eliminating interleaving format transformations and preserving the potential for-tenrend

parallel training.

We further incorporated an inherently parallsynopsis technique, nametie (Weighted

Priority Sampling Scheme introduced[REFO7]. The Weighted Priority Sampler (WPS) is a

parallel streaming sampling algorithm designed to efficiently maintain a representative
subset of items from a continuous data stream. It keeps the k items with the smallest priorities
(implemented withamilK ST LJ0 X g KSNBE S OK A0SYQa LINA2NRGe@

LTy
Nt QéT Qe

Here, U is a uniformly distributed random variable in the interval (0, 1), and weight is-a user
defined importance score for each item. This formulation ensures that higlegght items
have a higher chance of being included in the sample, while alsalintniog randomness to
prevent bias. If all items are assigned equal weights sampling scheme reduces to uniform
sampling Figurel5illustrates the operation of the WPS on a single worker.

3 https://www.dask.org/
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Step 0: Original Values Step 1: Compute Priorities
Index Value Weight U Value Weight Priority
1 3.2 1.0 0.92 51 25 0.419
2 51 25 0.35 1.5 2.0 1.151
3 0.9 1.8 0.72 4.9 0.8 2.014
4 4.0 1.2 0.50 4.0 1.2 0.576
5 23 09 060 priority = 24t 0.9 18 0.198
6 6.7 1.0 0.95 23 0.9 0.568
7 1.5 2.0 0.10 3.8 1.5 0.398
8 3.8 1.5 0.55 2.6 1.1 0.356
9 49 0.8 0.20 3.2 1.0 0.083
10 26 11 0.65 6.7 1.0 0.051
Step 2: Sort by Priority Step 3: Keep Top-k =4 Items
Value Priority Kept Value Priority
6.7 0.051 6.7 0.051
3.2 0.083 . 3.2 0.083
0.9 0.198 0.9 0.198

2.6 0.356 26 0.356

Figurel5: Operation of the Weighted Priority Sampling on a single worker.

Each workempplies the procedur®f Figurel5 on its local streanusing an add operation
(see[REFO2]). The overall sample is formed imeerge step (seREF02]) by choosing the
overall topK tuples. The following code snippet sketchesdperation of WPS in Daskhile
Figurels, illustrates the parallel executiaof priority sampling on 4 workemas presented at
the Dask Dashboard.

# Map over each Dask array block, applying “self.add” to produdalqek results.

#-".compute()” gathers all pavorkeroutputs to the driver (irmemory) as a NumPy array.

top_ks_splitted= stream.map_blocksé¢lfadd,dtype=stream.dtype).compute()

#Mergethepen f 201 NBadz Ga Ayd2 + aiay3atsS Ft2o0lt NBadA G dzaiay3
merged_P$ selfmergefop_ks_splitted
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Iﬁ Status Workers Tasks System Profile Graph Groups Info More...

Bytes stored: 7.46 GiB Task Stream

Progress — total: 24, waiting: 4, queued: 0, processing: 4, in-memory: 8, no-worker: 0, erred: 0

e
| ada

[ rechunk-merg..

zeros_like-s.

| et

Figurel6: Priority Samplingarallelexecutionas illustrated aDask Dashboard under 4
workers

WPS is a highly useful parallel sampling scheme that is utitizéb& SuBiTO optimizer and
across SuBiT@@#aining pipelinesas described in Sectidh6.

3.5 Datadriven Synchronization and the EVENFLOW Protocol Suite

As noted in Deliverable D5.1, the aim of the smart synchronization protodols
distributed/parallel neural learningintroduced in EVENFLOW to provide datadriven
synchronization mechanismshe vanilla synchronous and asynchronous protocols entailed
in the Parameter Server paradign{REFO8][REF09], trigger laggy, fullsynchronizatios on
predefined rounds (synchronous) or allow partial,inaccurate synchronizations
(asynchronous)The EVENFLOW protocol sUiREFO1], instead,requires a sync only when a
concept drift may have occurred based on data driven criteria.

In EVENFLOW, theplication provides any thresholded function f(w(t)JaRanda threshold
T.w(t) corresponds to the global neural network weights at tim& global sync is required
only when f surpassethe given threshold T. EVENBNQlecomposes this global trigger to
local tests which can be individually checkieg each parallel learner locally, without
communicating with its peers. To achieve that, EVENFe@Woys a geometric approach
which, instead of distributively monitoring the function valuemonitors the input domain
of w(t) and their gradients.

More formally, we considernlearnersid MX X>XyY GNI}IAYyAy3 | aKFNBR Y
0 O N 'Y .Learnericomputesalocalgradié@ n 0 0 O Local steps between two

aeyOKNRYAT GA2ya | NB Ay RSs&fpRed manitoring flinction m = X ®
@Y Y O ‘Ywith tolerance T > 0 decides whether a global synchronization is required: a

syncisneededifd0 6 [ phl o6 7Y
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3.5.1 The Basic EVENFLOW Synchronization Protocol

Local updates (per learner:iThe learner performs standard gradient steps with learning rate
‘b ny

6ol p OOl - 0o - Q

Geometric filter (distributed, no communication unless needed)efine the alarm seb
oV 'Y dQafv & Y Each learner i forms adimensional spheré & @h  with:

c UO —Ic "Q h —I1c Q

If 6 o0 n,the learner stays silent; i . 0 N, it requests a synchronization. If no
learnerrequires a syndocal training continues (no global round completion).

k
S(t+
w® — ,,Z G
oo r=0

' K
(4

‘ w® —p Z g5

&\ r=0

k

S(t+r

w® ‘"ng "
r=0

Figurel7: Basic EVENFLOW Protocol Rationale. Since no sphere intersects A, no sync is
triggered

Global aggregation (upon argynq: The aggregator computes a weighted average of current
local models and broadcasts it:

0o I p Foo I p T, with T

[ s can quantify cases of learners that recanequivalent number of tuples, therefore, their
participation in the global average is weighted accordingly. Findllyf a £ S Ny SNAR a$S
goubSbmMuE NBASO ¢ Ww nI YR O2yGAydzsSo

Correctness The global model lies in the convex haflo 0 - Q , Which is

contained inz 6 . Therefore, ifeactd A& RA&22AYyd FTNRBY ! TAMGKSYy 7
intersection on any learnerindicates a potential thresholdcrossing and triggers a
synchronizatior{potentially false positive)

A fundamental limitation of the Basic EVENFLOW protocol isithaeural learning, the
number of weights may well reach the order of millions. Having learners perform sphere
intersection checks against A in case of high d values may slow down, instead of benefitting,
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the training process. To overcome this limitatjeve introduce the Fast EVENFLOW protocol
which utilizes only m << dmportant values, based on Discrete Fourier Transform (DFT)
coefficients of the local weight vectors, to speedlagal intersection checks.

3.5.2 The Fast EVENFLOW Synchronization Protocol

The Fast EVENFLOW protocol operatesftsets from the last global modebmputed during
a synchronization @00 I p 00 I p 0 0. The nonitoring task now
becomes Qw06 I p At Y for an equivalentout transformedthreshold”Y . For
each learner iFast EVENFLOW mMputesthe DFT of the cumulative gradient®

‘Q . Wedenote™O 00O , and retain only the topm (mL d) coefficients by
magnitude:"Q; . The inearity of DFTensuresO "O"Y "Q 00\

Reducedspace filter (per learner)We Define the mdimensional spheré 6 d#i ¢ with:

o ¥ O, hg I O
Intersection ofd with the transformed alarm seb ofQafit Y triggers a sync

Otherwise, the learing step stays local. Aggregation/broadcast proceed as in Basic
EVENFLOW.

Deterministic quality bounds! a Ay 3 t I NA S @ highestm rediktoy thétime | y R
domain approximation error satisfi¢lDFT is the Inverse Discrete Fourier Transform)

O ‘000 I p p afQ daww Q

Thus, the center and radius in the reduced space approximate those of the Basic protocol
GAUKAY O0' kHU GAYSA ( K-Bounds2bdty eentdr digplgcdraent aridA O K
radiusapproximation due to dimensionality reduction

3.5.3 Handling Sliding Windows

In streaming settings sliding window model is often used in order to account for the most
recent observations, while makder observations as expired obsolete. The Fast EVENFLOW
protocol can be trivially eginded tomake synchronization decisions depend only on the most
recent Wglobalsteps, rather than all steps since the last global sync.

Windowed cumulative gradients (per learner.)We dcefine™Y ‘Q andits DFT
Y "Q . The windowslide recursionis exactdue to DFT linearity’Y

Y "Q ‘Q . Each learner mintains"Y and keep only the topm coefficients
Y

B

Windowed reducedspace filter Wereplace'Q; with "Y; in the Fast EVENFLOW test:

6 6 @ hg ,whered T¢ Y hg -Tc  °Y;
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fé6 0O n, learner Irequessasync; elsat keeps up local trainingAggregatiorupon
a synaemainsunchanged.

Error and correctnesst KS &1 YS RSUOSNYAYAAGAO 02dzi®, I LILIX A
T¢ Mo p arQ & o i 'Q . Therefore, decisions in reduced space

track those in full space up to the stated bound.

Complexity (per step, per learnerComputen O(dbg(d)) FFTs anteuse FFTs of pdratch
gradients; update the sliding DFT via @éd)recursion above; maintain tep coefficients
(selection/heap); run the mdimensional spherecheck After caching’Q, monitoring is
essentiallyO(m)per step.

3.6 Distribuito SuBiTO5ynopses, ParallelisgsnSmart Syndllin One

The fully distributed version of SuBiTO incorporates the EVENFLOW advancements described
in Section3.4and Section3.5.2 The architecture of Distribuito SuBITO is illustrateBigure

18. The entire implementation of Distribuito SuBiTO is on Dask for parallel synopses
maintenance andRay for distributed/paralleltrainingand inferencepurposes

As shown irFigurel8, data streams arrive partitioned across Kafka topics. Parallel synopses
maintenance over Dask (Secti®dd) plays a role at both the SuBiTO optimizer and the SuBiTO
training pipeline. At the SuBiTOptimizer side, Distribuito SuBIiTO examines différen
parallelization degrees on par with NAS, compression ratio and epoch numbers. Bayesian
Optimization is still used here since, as shown in Se8ti®1, it is the most preferable option

for highly volatile streams, across scoring functions.

The solution {parallelism, Neural Architecture, epoch number, compression ratio} returned
by BO is conveyed to the Training Pipeline at runtime. This then becomes the currently
deployed configuration. That is, the training pipeline now dynamically comfsguihe
parallelism of synopses maintenance at runtime.

At both the SuBITO Optimizer and the Training Pipeline, Fast EVENFLOW &Eg@ios
adopted, across the parallel learners, to provide rapid training times, reducinglegarer
communication and maintaining high accuracy.

Finally, at the Prediction Pipeline, unlaleel streams are consumed by parallel predictors.
Again, the most upio-date global neural model extracted by the Training Pipeline is
transferred to the parallel predictors via Kafka. Based on this updated model, the parallel
predictors label the streaminduples belonging to their assigned partitions. Besides
parallelism, predictors incorporate an important optimization that boosts throughput
(number of tuples being lableld per second). The talk involves prediat batching. As we
experimentally show in Sectidh6.1, throughput is dramatically increased wheimstead of
labdling streaming tuples one by omestreaming tuples are first organized into batclaexl

4 https://www.ray.io/
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are labeled all together. This optimization reduces data exchanges between RAM and GPU
RAM, therefore boosting throughput.

BO Performance
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Model o A\ F
Updates P - o | / o
Training Time, " 3 %00 @
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Local Mof_.:h:_-ls on | I str: m :
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Figurel8: Distribuito SuBIiTO Architectuss'nopses are derived usBIQE on Dask (Section
3.4). The Fast EVENFLOW prot¢8eltior8.5.2) is incorporated for smart, datdriven
synchronizatiorParallel predictors and prediction batchusgd to boost inference speed.

3.6.1 Experimental Evaluation of Distribuito SuBiTO

The experiments conducted regarding the distributed SuBiTO are based on the three main
parts of the frameworksynopses constructigriraining and inference. We start by discussing

the experiments on thesynopsefconstructionpart of the framework, focusing oparallel
sampling scalability. We continue by presenting the experiments carried out on the new
distributed Training Pipeline, using the novel Fast EVENFLOW protocol, under the PS
paradigm. The experiments regarding the Prediction Pipeline are pregenthe end, testing

the scalability of the inference mechanism, by examining the throughput of its new version.

3.6.1.1 Synopses Scalability

The experiments presented in this section focus on testing the new scalable sampling
approach of the Distribuito SuBiTO framework, using Priority Sampling on Dask and assigning
random weights on each data poi(fection3.4). On this experiment we stream the NSFW
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Datase (available from HauggingFaddyough Kafka and test the sampling execution time
on both the original SuBIiTO framework, which uses stratified sampling over NumPy, and the
Distribuito SuBiTO framework, which uses Weighted Priority Sampling over Dask.

The original SuBITO performs sampling centrally using NumPy, while the Distribuito SuBIiTO
uses 6 Dask Workers, performing sampling on CRs&all thab Dask Workers are used only

for experimental purposes, during the deploymentfBiTO the number of Dask Workers is

set by the SuBIiTO Optimizer. In order ¢dompare the two approaches, we chose to
experiment using sample sizes of 20%, 4608p and 80% of varying dataset size. On each
experiment the dataset iduplicated25, 30, 35, 40, 45 and 50 timéar stress testing SuBiTO

and Distribuito SuBiTO on various stream volunié®e sampling times reported are the mean
across 5 trialperformed on the same computation hardware.

On this experiment we test both sampling approaches on a single machine. It Sieoubded
that NumPYy offers no way of scaling on a large cluster. On the condask offers the ability
to scale our application on large clusters, leveraging the compyimger of multiple
processor®n multiple servers

Sample Size: 0.2 Sample Size: 0.4

2.25 | —@— Stratified —e— Stratified
—m- Priority —m- Priority

~
wn
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Figurel9: Synopses Scalability, original SuBiTO uses Stratified Sampling on NumPy while
Distribuito SuBIiTO usBsority Sampling on Dagkth a parallelism of.6

As we can se& Figurel9, when the dataset can fit in memory efmachine, the original

approach of stratified sampling on NumPy achieves a quicker execution time compared to the
Dask approach, on nearly all sample size cases. This trend can be observed on the duplication
factors of 25 and 30. Thizehaviouris expected as NumPYy is very efficient when computing

within the limits of system memory, compared to Dask which introduces unnecessary
computation overhead (Task Graph building, Execution Optimization, etc.). When the dataset

is extended 35 times, streékcA Y3 G KS &aeadsSyQa YSY2NER fAYAGaX
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more time for sampling, compared to Da$t; 40% sample size. As the datasets duplication
FILOG2N) ANRga& FNRY nn 2 np YR pn GAYSa:
SOGARSYyG GKIFIG 5Fai1Qa ablyYLiAy3a GAYS aolt Sa
In the particular case ofuplicating the dataset 50 times, we observe thatmPy needs twice
the time for sampling on 20% sample size, compared to Dask@tithes as long in the case
of 80% sampling size.

a dzN
f Ay

The observations made above show clearly that using Priority Sampling on Dask, gives the

SAaUNROdzZA 12 {dz A¢h FNIYS@g2N] Qa al YL Ay 3
with ease and therefore maintain the re@me character of the applicationroboth medium
and large scale environments.

3.6.1.2 Training Scalability

This section includes the experimental evaluation of the Distribuito SUBRdiGing Pipeline
This set of experiments focuses on testing the Distribuito SuBiTO learning appfassihg

the PS paradigm and the Fast EVENFLOW synchronization protocol,nagitide Learner
instances. Therefore, the execution times reported in this seadiemote only the time that

the set of Learners needed for training, excludstiggamingestionand sampling. Our results
are compared to the Distribuito SuBiTO framewasingthe vanilla synchronous protocol
under the PS paradigmur tests vary the number of Learners between 2 and 4 and conduct
the experimentsusing the NSFW Image Datasand a subset of the UCF50 Video Dataset,

- LJILI

O2y Ul AYyAy3d wmn 2dzi 2F GKS pn OflFaaSao az2NB:

synchronizations invoked on each case, in order to examine the overall communication

overhead of our approach. The Datasets are continuously streamed on Kafkaam ®ur
training limit is 1400 batches on the NSFW Dataset and 4000 batcltes OiCF Datas¢REF
06], essentially letting each learning approach process the entiresiegam two times. After
reaching the batch processing limit, deducted only wites Learners synchronize with the
PS, each learning process is terminated. On both approaches we use a learningl@te of
and batch sizes of 3hd 10, on the NSFW Dataset and UCF Datasssectively. Regarding

the FastE VENFLOW Protocol, our threshold decay function is set empirically, through careful

examination of the learning process and the loss function, with the aistabilizelearning
throughout the batch processg:

Y ¢ 8" ~ T bfor the NSFW dataset,
Yot & @

We start by observing the results of the NSFW Dataset, with 2 Learner instances, using the

vanilla Synchronous protocol and the Fast EVENFLOW synchronization piatboplye20

and Figure2l, respectively. As we can see both synchronization protocols achieve high test

and train accuracy scores, indicating that both the Fast EVENFLOW and the Synchronous

protocols achieve adequate model generalization.

5 https://huggingface.co/datasets/deepghs/nsfw_detect
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Comparing the test accuracy metric of both synchronization techniques, the Fast EVENFLOW
protocol only lacks on test accuracy #ghinngin terms of both reduced training timand

number of synchronization3he number of synchronizatisis perceived here as a measure

of communication cost between the workers and the Parameter Sefise. training time
achieved by the Fast EVENFL@tocol is 4 times less, compared to the synchronous
protocol, while the number aynchronizations is reduced from 701doly 7.
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Figure20: Synchronous Protocol ustbearners on the NSFW Dataset
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Figure21: Fast EVENFLOW Protocol ugihgarners on the NSFW Dataset

We continue by examining the same experimental setup, with the only exceptiosirag 4
Learners this time. As we can sed-igure22 and Figure23 regarding the Synchronous and

Fast EVENFLOW synchronization protocols, we observe sigslats. Both approaches
achieve equally high test accuracy scores, generalizingriaels adequately. The training

time of the synchronous protocol is reduced to 92 secqsjlscompared to the 143s needed

on the 2 Learner approach, while the trainitigjme of Fast EVENFLO¥/decreased only
slightly going from 35s to 31s. The use of more Learners did not benefit the FAST EVENFLOW
approach onthe number of synchronizations but reduced the synchronizations of
Synchronous imalf. This training time of the Fast EVENFLOW protocol is a consequence of
processingmore than 2000 batches, compared to the 1400 batches that the synchronous
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approachprocesses on the same experiment. As we mentioned earlier the NSFW Dataset
contains 700 batches and is streamed on a loop, though due to the nature of the Fast
EVENFLOW protocol we are able to deduct the number of batches that are probgsbed
Learners, only when the synchronization process is initiated. Thereforstopethe training
process when the Learners synchronize with the PS and we have proassast 1400
batches, leaving the experiments regarding the Fast EVENIpL@y¥ol, alwgs processing
more batches compared to the synchronous approdilt.the important finding resides to a
different, more important observation.
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Figure22: Synchronous Protocol using 4 Learners on the NSFW Dataset

= Train Accuracy
Test Accuracy

-~

704

=

Accuracy(%)
w IS w @
=] o -] =]

~
=]

-
=3

Learning Time: 30.88 s
Number of Syncs: 7

0 500 1000 1500 2000
Batches

Figure23: Fast EVENFLOW Protocol using 4 Learners on the NSFW. Dataset

The Fast EVENFLOW synchronization protocol using 2 Learkeysaré21) provides the
same accuracy as the Synchronous protocol using 4 Leariégsie22) while reducing the
training time by a factor of 3 and the number of synchronizations by 2 orders of magnitude,
all while using less hardware, specifically half the number of Learners and therefore half
the number of GPUsRegarding the communication overhead, Fast EVENFLOW transmits 21
messages during the training process while the synchronous approach transmits 1755,
reducing drastically the communication cost of the training process. This indicates that the
Fast EVENFLOWotocol canindeed provide ascalablesolution to perform Distributed
Learning on the Distribuito SuBIiTO platform, while maintaining thetme& character of the
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application, through reduced training time and communication co4t) half the hardware
requirements

We continue the experimental evaluation by presenting the experiments conducted using the
UCF Dataset. The UCF Dataset is larger in size compared to the NSFW Dataset used in the
previous experiments both in terms of data items and item sageyideos carry much more
information compared to images. Therefore, wélized the Ray Store library, essentially
sharing the data across the Actors (Learners), minimizing the memory footprint of the training
process. This resulted in a memory efficient training psscevhich indeed impacted the
training time. Given this remark, it is evident that there should be no comparison of the
training times between the experiments conducted with the NSFW and the UCF datasets.
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Figure24: Synchronous Protocol using 2 Learners on the UCF Dataset
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Figure25: Fast EVENFLOW Protocol using 2 Learners tiCHzataset

The results of using 2 Learners with the Synchronous and the Fast EVENFLOW protocol on the
UCF dataset are provided ligure24 and Figure25, respectively. Both approaches reach a

Test accuracy score of 60%, while the synchronous approach seems to lack in terms of model
generalization given a train accuracy score of nearly 70%. The Fast EVENFLOW occasionally
improves Synchronous on model geakzation, due to the fact that by synchronizing less
frequently, it avoids overfitting that occurs during the streaming training process. In terms of
communication cost, Fast EVENFLOW requires only 12 synchronizations compared to 201 of
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the synchronous approach, reducing synchronization by an order of magnitude, and therefore
the communication cost, while achieving the same training performance. This observation is
reflected on training time as well, with the Synchronous approach 35sitigaitime,
compared with the 8s of Fast EVENFLOW.
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Figure26: Synchronous Protocol usihbearners on the UCF Dataset
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Figure27. Fast EVENFLOW Protocol using 4 Learners on the UCF. Dataset

We can see the results of on the UCF dataset using 4 Leanrféggire26 and Figure27. We
observe that the training time is improvea both cases, compared to the 2 Learner approach
discussed above. Both protocols achieve concise accuracy metrics with the Fast EVENFLOW
approach lacking just by 7%he use of more Learners, reduced the synchronizations of
Synchronous in half. This observation is related to the fact that Fast EVENFLOW already
performs a very limited number of synchronizations, with further reduction risking the
stability of the trainim process. Regarding learning tinkeast EVENFLOW is again faster,
needing 7s comparedtthe 24s of Synchronous approa&gain we can see that comparing

the use of Fast EVENFLOW with 2 Learrggaie25) and the use of Synchronous with 4
Learners Figure 26), Fast EVENFLOWthieves the same test accuracy, while reding

training time by a factor of 3 and the number of synchronizations by an order of magnitude,

all while using half the number of Learners and therefore half the number of GPUs
Regarding the communication overhedehst EVENFLOW transmits 36 messages during the
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training process while the synchronous approach transmits 505, reducing drastically the
communication cost of the training process, once again.

3.6.1.3 Inference Scalability

Our last set of experiments focus on the Prediction Pipeline and the updated SuBIiTO
Predictors. Our approach uses parallel Predictors performing inference and communicating
their results to a server orchestrator process. This experimental setup focusgsoonl
examining the throughput of the updated Predictor and therefore uses a statitraireed
neural network throughout the experiment. It should be noted that on a real deployment
setting the orchestrator process constantly receives thaayate modelof Training Pipeline

and deploys it for inference on the fly. Thesgeriments focus on measuring the increase in
throughput that we get when usingultiple Predictor instances, compared to the original
SuBIiTO approach of usingiagle Predictor. In these experiments we utilise the NSFW dataset
and various typesf hardware. Each result presented below is the mean value of 10 trials.

We start by examining the limits of a single Predictor running on a standard T4 GPU on Google
Colab Pro+. We experiment with various batch sizes and a parallelism of 1 and report the
achieved throughput ifrigure28. The results indicate that we achieve higher throughput on
batch sizes ranging from 32 to 512, with the maximum being achieved by a batch size of 512.
This result indicates that our next experiments should be conducted with a batch size within
the aforementioned range.

Throughput of 1 T4 Predictor
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Figure28: Throughput across batch sizes

Using the same hardware we utilise a varying number of Predictors, each as a separate Google
ColabPro+instance, and examine the effect that multiple Predictors can have on throughput.

The results regarding T4 Predictors using batch sizes of 3@resentedin Figure29. We

observe that going from 1 to 2 Predictors yields nearly twice the througMgben scaling to

more Predictors we observe th#troughput increases almost linearlyts & £ Y2a (& f A
increaseis due to the effect of the orchestration process that handles model reception,
transmission and fetching diie inference results, therefore introducirgtencies

We continue our experiments by deploying the Prediction Pipeline on -siatiee-art
hardware, namely the A100 GPU. Each Predictor is modelled as a separate Google Colab
AyaildlyoOoSz (K2dzZaK f AYAGSR (restrisiondQUaekdenm@risd R dzS

Dissemination level: ~ PU - Public, fully open Page 42



EVHNFL@W D5.2 1 Final Version of Verification and Scalability Techniques
Horizon Europe Agreement ~ No 101070430

SEFYAYS GKNRAAKLIzI o6& @JFNBAYy3 (GKS ydzYoSNI 2F
a batch size of 32. The results are presenteligure30.
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Figure29: Throughput of T4 Predictors with batch size.= 32
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Figure30: Throughput of A100 Predictors with batch size.= 32

The results indicate twice the throughput, compared to the respective same amount of T4
Predictors, which is a result of using more advanced hardware. Specifically, using 3 A100
Predictors we perform inference on more than 50000 images/s, whereas usthBi@dictors

the throughput is decreasedly 26000 images/s.
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4 Scalable Neurosymbolic Complex Event Recognition

Consider the following pattern, stemming from a smart factory scenario, simildhdo
Industry 4.0 EVENFLOW use cadeere raw robot navigation data are monitored:

R_successful_delivery := (-StationDetected)* - (-~StationDetected) - (StationDetected
-DeliveryManeuver)* - (StationDetectedDeliveryManeuver)

The Simple Event (SE) StationDetected occurs when a robot detects a station in the smart
factory. The DeliveryManeuver SE occurs when the robot is moving at a certain speed,
changing directions whilananoeuvringto approach the detected factory station. The
Complex EventQB R_successful_delivery is satisfied when initially a robot has not detected

a station, then it detects one antaving detected the statigrattains the required speed and
repeated change of movement direction to approach it. Coenplex Event RecognitiofCER
system continuously evaluates the rapidly ingested robot streams, converts them to the
aforementioned SEs and deduces a successful delivery CE.

In such a scenario, each SE represents the detection of a beh#vat can only be deduced

by a machine or neural learning model. The role of the neural model is to receive streams of
frames (e.g., from vision, LIDAR, or other contextual cues) and theeuaring behaviar

for delivery and provide classification outcomes, i.e., class/symbol A = StationDetected and
symbol B = DeliveryManeuver, for CER to be possible. Then, a CER engine will ingest the
aforementioned SEs (symbols A, B) and evaluate thereowme of the involved CEs.
Evidently, such scenarios call for both neural inference and symbolic CER to operate
synergistically.

FlinkCEP is the CER API of a sibtbe-art Big Data platform, namely Apache Flink. FlinkCEP
focuses on scalingut the computation to a number of machines in a computer cluster/cloud,
working in parallel on partitions of the streams, to speed up comusuanalytic outcomes.
FlinkCEP provides a CER language of high expressive power in terms of formulating patterns
for CEs. However, there are certain barriers to the adoption of FlinkCEP. First, FIinkCEP
requires business analysts, who are not necessaxibert programmers, to write functional
programming code. Second, pattern expression and parameterization involve cumbersome
notation, making the whole code writing procemsor prone Third, with the proliferation of

loT devices as SE producers, the classic paradigm in which we first accumulate raw data at the
cloud and then submit a FlinkCEP job is severely suboptimal. For instance, in our running
example, sending video frames frorabots to the cloud and then performing CER would
deplete the available andwidth, causing network latencies that would prevent the take
character of the involved applications. What should be done instead, is to ship trained neural
models and FlinkCEP jobs to network devices, assign parts of the SE and/or CER process
diredly on them, and only a subset of SEs and/or CEs should be delivered to the cloud, alerting
for the occurred events.

Despite the fact that few previous efforts have integrated neural and symbolic RER,
existing approach has enabled neither parallel processing of neurosymbolic CER nor
optimized, distributed neurosymbolic CER over 0T setlihgswvork presented in this section
contributesto advancing the statef-the-art by tackling all the aforementioned challenges.
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We introduce NeuroFlinkCERREF10], the first framework that integrates neural (aka sub
symbolic) and symbolic CER over a stditthe art Big Data platform for parallel processing

that is also optimized to operate distributedly over IoT settcayaposed of various devices.

To alleviate business analysts from the burden of writing FIinkCEP programs, NeuroFlinkCEP
receives expressed patterns in the form of extended regular expressions (RegEx) and
transforms them to FlinkCEP jobs. To enable datactof SEs and CEs, NeuroFlinkCEP
integrates any chosen, domaspecific neural model inside the FlinkCEP job deployed per
device. To optimally decide whether operators of the CER workflow should be executed at
the cloud or the device network side, NeurokICEP enhances a staitthe-art 10T optimizer

with CERspecific optimizations.

4.1.1 NeuroFlinkCEP Architecture

bSdzZNRPCtAY {1/ 9t Qa 1S& | NOKA (S dléwaRindCEPGpeYata y Sy (i 2
(ii) the synapSEflow operator and (iii) the DAG*4CER Optimizer. RegEx2NeuroFlinkCEP and
synapSEflow operators are nested into a newly introduced NeuroFlink CEP op&/atbave

developed a NeuroFlinkCEP GUI for graphical workflow design using NeuroFlinkCEP operators
and we have incorporated it as an extension to a commercial platfaftair AlStudid.

The RegEx2NeuroFlinkCEP operator receives as input Extended Regular Expressions
describing the pattern based on which a CE would be detected, i.e., this nested operator
describes the symbolic part of a NeuroFlinkCEP operAwmishown irFigure31, each such

pattern can be parameterized with time windowing constraints as well as selection strategies
and consumption policies supported by FlinkCEP. FlinkCEP supports the following SE selection
strategies: (i) Strict Contiguity, (ii) Relaxed Contiguity @ii) NorDeterministic Relaxed
Contiguity. For event consumption policies, FIInkCEP provides: NO_SKIP, SKIP_TO_NEXT,
SKIP_PAST_LAST_EVENT, SKIP_TO_FIRST[p], and SKIP_TibekASa[ppe graphically
parameterized in a NeuroFlinkCEP operator via the developed exteosiéitair AlStudio
(Figure32).

The synapSEflow operator nests the TensorFlow Java API within the NeuroFlinkCEP operator.
It receives as input the TensorFlow (.pb) file with a trained neural model. The operator loads
the model, composes features from incoming raw streams (e.g., videneSapositional
streams), feeds them through the model, and derives labels/symbols. It then (i) directs the
simple event outputs to the core of FIinkCEP for pattern matching and (ii) listens to a
broadcast stream for model updates via Kafka, installingivecd models so predictions use

the latest version. If no .pb file is specified, the input to a downstream NeuroFlinkCEP
operator should be another, upstream NeuroFlinkCEP operator feeding SEs for pattern
matching.

The DAG*4CER Optimizer incorporates a stédine-art 10T optimization algorithm, DAG*
[REF11], and extends it with FlinkCEPecific optimizations. DAG* topologically sorts the
logical workflow and progressively examines physical instantiations to network devices for
the involved operators, computing g(n)=f(n)+h(n) where f(n) is the current pataa cost

6 https://altair.com/altair-ai-studio

Dissemination level: ~ PU - Public, fully open Page 45


https://altair.com/altair-ai-studio

EVHNI:L%"W D5.2 1 Final Version of Verification and Scalability Techniques
Horizon Europe Agreement No 101070430

and h(n) is an admissible heuristic. Two rules enforce graph (not path) outputs: (i) at each
step, only one operator can be examined for instantiation; (ii) no logical operator can be
instantiated unless all upstream operators are already in the currertgbplan.

DAG*4CER adds Céaiffiented rewritings:

1 Pattern Decomposition assigis SE detection across devices instead of placing the
entire pattern at one device),

1 Early Filteringprunesirrelevant events with DataStream.filter() before FlinkCEP,

1 Reorderingevaluates selective predicates first within FlinkCEP), and

1 Pushing Predicates Upstreamoves filtering to source connectors like KafkaSource
to save network costs.
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Figure31: Anatomy of a NeuroFlinkCEP Figure32: NeuroFlinkCEP Operator
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Figure33: NeuroFlink CEP Workflow Design, 10T Optimization & Distributed Execution

4.1.2 From Logical CER workflows to Physical CER over IoT Executions

b S dzNP Cf usgrq ahdappiicatiorsre able toperformthe numbered tasks ifigure33.
The user interacts with the NeuroFlinkCEP GUAIir Al Studio to design and
parameterize their own logical workflow3he user drags and drops each NeuroFlinkCEP
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operatoron a canvas and connects NeuroFlinkCEP operators aral3¢aftce/Sinks to define
the data flow as shown on the upper righart of Figure33. As shown irfrigure32, for each
NeuroFLinkCEBperator, the user graphically defines the pattern of interest, selection
strategy, consumption policy, time window for the nestBegEx2NeuroFlinkCEP operator.
Alsq they specify the .pb filpath for the nested synapSEflow operator. When the user
submits the logical workflow, a Logical Workfl®arser checks its validity. It then converts
this logical plan to a JSQik that is fed to DAG*4CEP optimizer and to a Neural Net Repo.

The DAG*4CER optimizer detects the available network deviaes Dewie Registry and
examines physical assignments to devifm@seach NeuroFLInkCEP operator, outputting the
optimal physicaplan. It also projects the optimized physical plan back to thedgBltair Al
Studio. There are 3 options for the user to interath the DAG*4CER Optimizer: (a) optimize
and deploy: whichinstructs the Optimizer to directly feed the optimal plan to the Job
Dispatcher, (b) only optimize: which instructs the Optimizeshiow the suggested physical
plan in the GUI for the user to insgt it or change it, before deploying it, (c) only deploy:
which willfeed the workflow, after (b), to the Dispatcher. In  (a), (c), the DAG*4QE
optimizer feeds the physical pldaa the Job Dispatcher, while the Neural Net Repo provides
the .pbfiles for the neural nets engaged in the CER workflowThe Job Dispatcher submits
Flink jobs to the network sites basexh the assignment of NeuroFlinkCEP operators by
DAG*4CR Detected CEs are continuously visualized in an interactive dashtféigtde
34). The deployed plan is monitored and statistics including processing and network
latency, throughput and other relevant metriese collected for future DAG*4®plan cost
estimations.
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Figure34: NeuroFlinkCEP dashboard for the Industry 4.0 Use Case
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5 Status of the EVENFLOW Scalability Toolkit

In addition to what was reporteth Deliverable D5.1, the EVENFLOW code repository and the
Scalability Toolkit in particular, now hosts the 3 main pillars of EVENFLOW scalability. Namely,
a) the Synopseasa-Service (SDEaa®)) SuBiT@nd (c) NeuroFlinkCEBDE on Dask along

with Distribuito SuBiT©On Raywill be provided open source directly after the corresponding
systemspapersare published

"% Scalability-Toolkit  Pubiic X7 EditPins v ®Watch 0 v % Fork 0 @~ ¥ Star 0~

# main v+ ¥ 1Branch © 0Tags Q Go to file + Add file ~ About bic

B This is a toolkit incorporating a suite of
& ngiatrakos NeuroFlinkCEP from htps://neuroflinkcep.github.io/ 11d58c2 - 7 minutes ago %) 36 Commits system components, modules and tools

for scalable neural learning and

Advanced Distributed-Parallel Training new readme last year prediction. Developed within the scope of
NeuroFlinkCEP NeuroFlinkCEP from https://neuroflinkcep.github.io/ 7 minutes ago WPs
) &5 AGPL-3.0 license
Subito Push of Subito source code 9 months ago
@& Code of conduct
Synopses Data Engine as a Service renaming 2 years ago S Contributing
S . - Activity
ynopses-based Traning Optimization Delete Synopses-based Traning Optimization/ReadMe.md 2 years ago
& Custom properties
[ CODE_OF CONDUCT.md Create CODE_OF_CONDUCT.md last year
¢ Ostars
[ CONTRIBUTING.md Update CONTRIBUTING.md last year @ 0 watching
% 0forks
[ LICENSE Create LICENSE last year

Report repository

Figure35: Status of the Scalability Toolkit at EVENFLOW Repository

Each of thee pillars have also dedicated github.io sites that are continuously in sync with the
overall Scalability Toolkit advancements at EMENFLOW main branch. In particular, SDEaaS
has a dedicatedite athttps://sdeaas.qgithub.io/

And Synopses for All: a Synopses Data Engine for Extreme Scale Analytics-as-a-Service
L a®

Introduction

Synopses Data Engine-as-a-Service (SDEaas) Architecture

e e e s e i B e
it ey

S S ——

o VIR srifan TR

Figure36: SDEaaS attps://sdeaas.qithub.io/
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SuBiTO has a dedicated site availabldntins://subito-ai-for-bigdata.github.io/

SuBITO: Synopsis- based Training Optimization for Continuous Real-Time Meural Learning over Big Streaming Data
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NeuroFlinkCEP has a dedicated site availabigtps://neuroflinkcep.github.iol
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%Nmrﬂinﬁﬂt Meurosymbolic Complex Event Recognition Optimized across loT Platforms
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Figure39: NeuroFlinkCEP latitps://neuroflinkcep.github.iofPart 2)

Each dedicated site provides additional material including the published papers, videos and
imagesas well as posters and presentation slides of the involved scalability pillars.
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6 ScalingeVENFLOW Use Cases

6.1 The SSTRESSED Framework for the Industry 4.0 Use Case

Detecting Simple, Derived Events (SDEs) is the first step towards Complex Event Recognition.
In time critical applications, such as safe robot navigation in dynamic smart factory
environments of Use Case Il, SDE detection should be performed continuotesly o
voluminous streams of movement data arriving at high speeds. In such scenarios, extracting
SDEs out of raw streams is a challenging task engaging (a) online neural network training for
continuously maintaining an ujp-date model for SDE labelling pages and (b) semantic

aware trajectory processing for identifying homogeneous movement portions, defining the
SDE duration, before using the neural model for labelling it. By definition, output SDEs are
simple pieces of information, but the volume and @ty of the original raw stream$-igure

40) in large scale smart factory applications call for scaling out (parallelizing) the computation
to a number of machines to ensure reahe processing. Therefore, both (a) and (b) should

be set up in statef-the-art, relevant platforms. To tackle theséallenges, we develaul
SSTRESED, a prototype for scalable SDE detection over streaming movement data. For the
first time, SSTRESED establishes a direct connection between semantic trajectory
computation and SDE detection in the streaming context. Timscsntrast to prior art which

uses predetermined, applicatietefined time windows to a priori restrict eligible SDE
durations.

time e pos_x pos_ v pos_® - rot_w SDE

8.35 —3.626 14.921 0.258 0.9951 stopped at Stationl
30.57

41.15 —7.446 23.866  0.257 0.0977 moves to Stationd
41.12 —7.444 23 867 0.258 0.0972 rotating

Figured40: Example training stream for a single simulated robot. Unlabelled movement
streams

The SSTRESSED FrameWRB&L2], illustrated inFigure41 and described in Deliverable
D5.1, composes two connected pipelines distributed across worker machines. In the Industry
4.0 use case of EVENFLOW, truthful, timestamped andlddbalovement streams are
continuously produced by robotic simulators, as SDEs and their raw features, per robot.

The training pipeline (blueoloured path) inFigure41 abides by the one reported iRigure2.

It continuously receives these robot movement time series ingested in Apache Kafka
partitions of the Training Topic. The Training Topic is read by parallel PyTorch Learners. Each
such learner utilizes an identical neural model (specified by the applicatibmpeboforms the

training process on a separate set of robots. The local models learned at each Learner i (top
of Figure41) are synchronized into a global neural model maintained by a Parameter Server.
At a global model update, new weights of the neural network are written to a Weights Topic

of Kafka.
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Figure41l: SSTRESED Architecture. Training (blue) and SDE Detection (red)Rifelizjes

The SDE detection pipeline (redloured path inFigure4l) also abides byrigure2 and
extends it with semantic trajectory episode determination via SeTraStrREFL3]. It
receives raw, unlabkdd streaming movement data, partitioned in the Movement Streams
Kafka Topic. These incoming tuples, ingested directly from the application field, have the
same schema as those of the Training Topic, but lack a label/SDE field. Ingested Movement
Streams ofobots (or, optionally, samples of them) are processed by a distributed version of
SeTraStrearfREFL3] developed in Apache Flink. Distributed SeTraStream uses each parallel
Segmentor i to continuously identify homogeneous movement portions based on the
ingested features per robot, thus semantically and temporally segmenting each trajectory. In
that, the dusation of a SDE is determined, which also bounds the feature tensors that should
then be used for labdéng the SDE.

Let us assume that there is a buffer containing batches of records of a homogenous
movement. The segmentation algorithof SeTraStreanstarts by extracting a batch of m
recordsfrom the streaming data. Once the batch is extracted, its similarity is evaluated
against the last batch that was found to be consistent with the previous batefies the
current buffer of a specific movement. If similarity is satisfied, the algorithm continues by
testing the new batch against the last 2n batches in the bufidere n starts from 0 and
increases until 2n reaches the buffer length. This processginues until the batch is found

to be similar to the entire buffer, in which caseistappended to it. When no similarity is
detected, the current buffer is assumed b®e a separate movement, and the new batch
initializes a new buffer correspondirtg the next movement. The algorithm then repeats.
Similarity is quantified using eetric known as the RV coefficient. The -€éfficient
constitutes a generalizatioof the carelation coefficient for matrix data. We organize vto

a d x m matrixwhere d is the number of movement features and m represents a number of
vectors(at different timestamps) that are the columns of the matrix. Similarlyiswrganized

in ad x m matrix i.e. n columns exist. The RV coefficient is mathematiefigd as follows:
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Where W and W are the matrices to be tested if similar,WW W, refer to the transpose
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WI, Wr can be either assigned to a pair of dif& episodes or to a single episode.

Each parallel Segmentor i writes the result of its processing to an intermediate Kafka topic
connecting Distributed SeTraStream with a PyTorch Semantic Tagger in theloeed

path. Each parallel Tagger i (bottomFgure41) of the Semantic Tagger, at any given time
instance, reads the upp-date weights from the Weights Topic and uses the updated neural
model to label SDEs. The final SSTRESED output goes to the SDEs Kafka topic in the form of
tuples as illustrated ifrigure4?2 (per robot).

Time_from Time_to SDE

4.25 8.35 moving to Station2
8.35 8.36 stopped at Station2
39.00 41.15 rotating

Figure4d2: SSTRESED output SDE Stream for the movement of a single robot

6.1.1 SSTRESED Experimental Evaluation

In Deliverable D5.1 of EVENFLOWIimducedthe SSTRESSED architec{tRE€FL2] and
reasoned about its utility in the Industry 4.0 use case. In this section, we experimentally
validatethe feasibility and scalability of SSTRESSED implementation over robot movement
data.

To evaluate the performance of the SeTraStream in accurately classipogmotion data

of homogeneous movemersegmentsthree widely used classification metrics are employed:
Precision, Recall, and 4Store. These measures provide complementary insights into the
Y2RSt Q& LINB BAa ark sifablef@ grob@ms2where class imbalance or partial
misclassifications may occur.

The training pipeline, in the scheme of streaming data input, employs a distributed learning
method so that the system can benefit significantly in terms of time through data allocation.
In applications such as robot navigation within a smart factory enwent, where robots

are prone to intermediate collisions, the distributed approach helps prevent system latencies
and ensures a more stable processing flow. The training pipeline was executed for 1, 2, and 4
workers, and the results of the training timespnumber of workers are presented in the
diagram belowAsFigure43 illustrates the training timeupon using 2 learners reduces by
1.7x, while it further decreases to 2.7x times in the case of 4 learners, compaitesl $ogle
learner alternativeThe difference between the linear decrease in training tireg 2 times

for 2 learners and 4 times for 4 learners, is due to the fact ith#tis experiment we utilized

the synchronousinstead of the EVENFLOWVotocol of the parameter server paradigm for
parallel training. We did so, in order to stre&st the accuracy of the Prediction Pipeline of
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SSTRESED even in the presence of kaggsgfer of the most ugo-date model, from the
Training to the Prediction Pipeline.

Training time

Time (sec)

"

@ @ o
o o o

&
o

N
o

(=}
L

2
Number of workers

Figure43: SSTRESED Training Pippérfermance

Figure 44 presents the SSTRESED throughput, illustrating the number of predictions per
second with respect to the number of taggers (predictors) operating in parAeshown in

the following diagram, the system throughput increases with the number of tagdgers.
particular, making the transition from 1 to 2 predictors/taggarsreases the throughput by

4x, while from 48 taggers throughput increases by 3x. Thkigper linearincrease in
throughput comes from the fact that predictors, contrary to learners, do not need to
synchronize and can operate independently provided they have the omsi-date neural
model at any given time.

Throughput

2000 4

1500 -

1000

Number of predictions / sec

500 +

2
Number of taggers

Figured4: Performance of SSTRESED Prediction Pipeline

An important question that needs to be answered involves the accuracy of SSTRERED.
of evaluating the accuracy of the Training Pipeline and the Prediction Pipeline independently,
we choose to directly show the overall accuracy of SSTRESED in the detected SDEs. This is
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because, by reporting accuracy of ttietected SDEs we provide the cumulative accuracy of
the framework across (i) the Training Pipeline: not only how accurate is the neural network
but also how the small time lap between producing the mostaxolate neural model at each
epoch and deploying it across predictors affects the overall accuracy, (iHetpmentation

part of the PredictiorPipeline: how weltobot trajectories are segmented to homogeneous
portions of movements (episodes) and (iii) how well the neural model deployed at the
Prediction Pipeline, generalizes to unsedata.

Cumulative accuracy over time - 1 workers Cumulative accuracy over time - 2 workers Cumulative accuracy over time - 4 workers
0.8 0.8

0.7 4 0.7

0.6 06
oy 7 gos
£ 04 Eos g
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0.2 4 0.2

0.0+ 0.0 0.0
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Figure45: Cumulative SSTRESED accuracy vs Number of. Epochs

Figured5shows SSTRESED accuracy across the number of epochs. The number of epochs here
denotes thetime frame of SSTRESED operasoite each new epoch yields a new neural
model that is conveyed from the Training to the Prediction Pipeline. This is the réd@son
number of epochs in the horizontal axis of the figure is halved across the plots, every time we
double the number ofvorkers, i.e., the entire dataset is partitioned to more workers. As
Figure45 shows, SSTRESED achieves a cumulative accuracy of 80% with the exception of 4
workers where accuracy reaches 70%, but for early stopping at epoch 200 due to the reason
mentioned above This 70%ccuracy at epoch 200 is consistent with the rest of the cases (1
worker, 2 workers) proving that the only reastor the 10% lack is the boundedness of the

robot dataset rather than convergence issues of the framework.

Finally, t is important to notethat the lower absolute throughput numbers iRigure44
compared toFigure29 andFigure30 comes fronthe fact that the current PredictioRipeline
includesSeTraStream for segmentation purposes. SeTraStream must rans&dered as a
performance bottleneck thouglsince the absence of SeTraStream significantly compromises
the accuracy of the frameworKhis is due to omitting the segmentation step in a setup where
SDEs are durative. Therefore, evera Wersion ofSSTRESED without SeTraStrpaowides
much higher throughput, the accuracy of the framework remains significantlyTbig islue

to the fact thatthe predictors retaincorrect tagging of individual motion tuplekie to the
neural mode] but even a singlencorrectly tagged tuplesplits durative SDEs into nen
consecutivaime periodsand introduced erroneous interleaved SDESs, as.\Wwetither works,

if SSTRESED makes predictions on individual tupstsad of episodesnost of thelabels
remain correct, but even few wrongly lalberl tuples lead to SDEs of invalid duration
Therefore the overall prediction accuracy is diminished.

To validate our claimFigure46 shows the accuracy and throughput of SSTRESED without
SeTraStreamAs shown inFigure 46, throughput dramatically increaseup to 15x for 1
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predictor upon omitting SeTraStream from the prediction pipeline, baturacyreceives a
maximum valuéelow 0.25

Throughput

11000

Accuracy over time

0.25
10000 -

9000

8000 -

7000 A

Number of predictions / sec

00s 6000

5000 -

2
Epoch Number of taggers

Figure46: SSTRESED performance without SeTraStream

6.2 The RATSFramework for the Personalized Medicine Use Case

6.2.1 Overviewon the RATS Framework

Tumoursimulations such as those run on PhysiBoSS 2.0 are expensive, highly parallel, and
parameterrich. Each simulation corresponds to a tumour treatment methodology under
examination, described by three TNF parametedsug administration frequency, duration,

and concentration To at down time to market for new therapiegach set of simulations
needs to be properly scheduledhat isthere is a need taid life scientists reserve a sufficient
number of core hourgor their medical study each timelevote theproper number of cores

to each simulation so that thetudy finishes as early as possible and prioritize hitreemost
promising simulations so that earlysefulresults can be extractednd prematurely end the

rest of the unpromising simulations if needdd realistic studies, the number of possibleF
combinations is large: ithe initial RATSramework[REF14], described in Deliverable D5.1

our experimentsconsider 512 TNF triplets and core configurations up to 32 cores per
simulation, resulting in 2,560 different {TNF, cores} configurations that could potentially be
executed on the MareNostrum 4 supercomputer. Running all these configurations just to
learn how performance andreatmentsbehave is clearly infeasible. At the same time, life
scientists need answers to three tightly coupled questions: (i) how many cores should be
assigned to each simulation so that cores are not undeoverutilized, (i) under a global
core-capacity cap, which simulations should run at each time step, and with how many cores,
to minimize the overall time of the study, and (iii) among all candidate treatments, which ones
look most promising and should therefobe prioritized. RATS addresghis full chain of
decisionsit learns performance models from a small number of midrenchmarks and then
solves a series of knapsaedtyle optimization problems to prescribe core allocations and
derive a schedule.

The RATS framewofREF14] starts from a discretized treatment space. TNF Frequency,
Duration, and Concentration are discretized into fgrained ranges via [low, high, step]
triplets. All combinations form the set SS of TNF triplets under study. For each simulation S
SS, the user may choose a core count k from a set of valid core configurations (e.g., 2, 4, 8,
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16, 32). For every pair (simulation, core count), three quantities matter: throughput(K);1P
simulation time (S{k)), and utility (UT). RATS tackles two optimization problems. First, it
OK22aSax T2N) St OK-aadRYidz yidxy2oyShe) vaRid of QoganaesasS i
doubling the cores from k/2 to k still yields a good throughput ratio but avoids diminishing
returns. Second, if not bsimulations can be started at once due to capacity constraints, it
must schedule the simulations in time, subjézta global core capacity cap, so that the total
completion time is minimized and higltility treatments tend to finish earlier. This second
problem is formulated as a multiplehoice knapsack: for each simulation, exactly one
(simulation, k) choice isghed, and the sum of assigned cores at any time cannot exceed the
capacity cap.

To solve these optimization problems, RATS needs good predictors for throughput, simulation
time, and utility. It cannot, however, afford to run all 2,560 configurations just for training.
Instead, employs Bayesian Optimization (BO) with Gaussian PrGt&se(ressors. The RATS
Modeler component uses a small simulation budget N (5% or 10% of all 2,560 configurations)
and iteratively selects new configurations to benchmark by maximizing an acquisition
function over the{TNF, coreg space. Each new mictmenchmark yields observations of
throughput, simulation time, and utility; these are used to update three GPs, one per target.
Practically, RATS uses a Rational Quadratic kernel (which empirically captured the variability
of tumour simulations best), no explicit warup set, and only two acquisition functions: an
LCBtype function for throughput and an Htpe function for simulation time, with utility
modelled passively. This design dramatically reduces the number of required sample
simulations without sacficing GP accuracy, enabling useful models from as little H3% of

the configuration space.

Once the regressors are trained, the RATS Solver uses them to make decisions. For each
simulation, it queries the throughput model over all allowed core counts and picks the k that
maximizes a throughptratio-based objective, effectively identifying theptimal core
allocation per simulation. This defines both the optimal core hours if all simulations are
launched at once and their expected individual completion times. If the total number of cores
required exceeds the available capacity, the RATS Soles ta the second optimization
stage. It first queries the utility regressor to obtain an expected utility for each simulation and
sorts the simulation queue in descending utility. Then, in rounds, it solves a nudtipiee
knapsack: it chooses a subsdtsimulations and core counts that fit within the capacity cap,
favouringhigh utility and shorter simulated runtimes. The chosen simulations are submitted
and, later on,once they complete, capacity is freed, and the solver iterates until all
simulations are processed.

Using a groundruth dataset of 2,560 simulations on MareNostrum 4 as referencfREF

14] and Deliverable D5.1, we show that with N = 10% (256 sample simulations), RATS
approximates the optimal core hours withig@® error, while with N = 5% (128 samples), the

error is around 1918%. Under strict capacity constraints (cap = 5%|SS|), RATSendteh
GhLIGAYLEFf ¢ AOKSRdz Ay3d az2ftdziAz2yyY Al inkBogrdeOSa (2
constrained environmentand core hours by up to 158 less constrained setupspmpared

to the best manual baseline (always using a fixed core couthi)evalso achieving higher
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aggregate utility. These results justify the core design of RATS as-afficitnt, BGdriven
resource allocator and scheduler for a singimour study.

6.2.2 RATS#EXxploiting Transfer Learning

In practice, life scientists rarely run a single, fixed study. As early results come in, they may
adjust TNF parameter ranges based on emerging hypotheses. For instance, after studying TNF
concentrations in a certain range with a given step, they may siigpat higher doses could

be more effective and extend the range to concentrations beyond this interval. The new
a0dzReQa R2YFAY GKSNBFT2NB 20SNI LA gAGKI 2N -
study independently, it would have to #ein Baysian Optimization from scratch on the
expanded domain, wasting the simulations already executed in the previous study. RATS+ is
introduced specifically to avoid this waste. Its goal is to reduce the-stady simulation

budget N, reusing the BO models Iead in the old study, without sacrificing the quality of

the regressors.

The enhanced EVENFLOW contributioroimesRATSHREFL5], whichrecasts this scenario

using transfedlearning. It defines a source domaig @ subset SS' of the original simulation

set SS with its own ranges for TNF frequency, duration, and concentration and full core
configurations, and a target domainr:Dhe new, expanded SS, which partially overlaps or
fully contains the source domain. The learning task T is the same in both domains: predict
throughput, simulation time, and utility for any {TNF, cores} configuration. RATS in the source
domain has alreagltrained GP regressors for these targets using BO. The question is how to
transfer these regressors to the target domain to reduce the number of new micro
benchmarks needed there. RATS+ follows a modular approach: it first trains regressors on DS
(asin RTS), then replays the BO calls madesadhe initial calls inDThis effectively seeds
thetargetR2 Y Ay 2LJGAYAT SN 6AGK GKS a2dz2NDOS R2YF Ay
to explore new parameter regions that did not exist in SS'.

RATS+ operates under the same total budget N as RATS but splits it between source and target
domains. Two main configurations are used experimentally: RATS+ (N = 3% + 2%), total N =
5%, where roughly 3% of the 2,560 configurations are sampled in the sdomnecain and 2%

in the target and RATS+ (N = 6% + 4%), total N = 10%, where about 6% are sampled on the
source domain and 4% on the target. In both cases, about 60% of the total budget is spent on
the source domain and 40% on the new target domain. Forpasison,we also consider

RATS trained from scratch on the target domain with N = 10%, 5%, 4%, or 2%. A key practical
decision is the choice of acquisition functions. For the original RATS Modeler in the source
domain, lower ConfidenceBound (LCBJs used for throughput to ensure good ridnge
exploration. For the extended RATS+ model in the target domgoedied Improvement (EI)

is preferred. The intuition is that uncertainty is highest in the newly introduced parameter
regions; El naturally directs saiing there, while still exploiting higimean predictions
inherited from the old domain.

6.2.2.1 RATS+ Experimental Highlights
The first RATS+ experimefREFL5] assesses how well it can estimate the total optimal
number of core hours needed to run all simulations in the extended study, compared to the
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optimal baseline. Six configurations are evaluated: RATS trained from scratch on the target
domain with N = 10%, 5%, 4%, and 2%, and RATS+ with transfer using N = (6% + 4%) and N =
(3% + 2%). The crucial observation is that RATS+ (6% + 4%) and RAT&&086)to the

optimal solution with comparable accuracy, and RATS+ (3% + 2%) and RATS (5%) also behave
very similarly, both achieving neaptimal performance. However, from the perspective of

new simulations in the extended study, RAT8%) uses 10% @{560 configurations (256
simulations) in the new domain, whereas RATS+ (6% + 4%) uses only about 4% (roughly 102
simulations) in the new domain. Similarly, RAG%) uses 128 new simulations, while RATS+

(3% + 2%) uses only about 51 new simulations. In both cases, RATS+ cuts-Htedyew
budget by roughly 60% while achieving essentially the same accuracy in totaharore
estimation as its fulbbudget RATS couerpart.

The second RATS+ experiment embeds transfer learning into the full RATS pipeline, including
capacity constraints. Two capacity settings are considered: cap = 5%|SS| (strict) and cap =
25%|SS| (moderate). For each cap, we measure how many simulations tiaeted over

time, the aggregate utility of completed simulations over time, and how close the total
execution time is to the optimal schedule. Across both capacities, all RATS and RATS+
configurations closely track the optimal completion time curve. Morgortantly, the
aggregate utility curves show that RATS+ (6% + 4%) is almost indistinguishable from RATS
(10%), and RATS+ (3% + 2%) is almost indistinguishable from RATS (5%), in terms of how
quickly highutility simulations are completed and how muchility is accumulated over time.

This confirms that transfer learning does not distort scheduling decisions: with fewer new
simulations, RATS+ still identifies and prioritizes the same promising treatment
methodologies as a freshly trained, fblidget RAT80delon the new domain

We also compare the RATS GP regressors to Tabdlaa@ing and DQN under identical
budgets (up to 256 episodes). As shown[REFL5], Tabular QLearning fails to learn
meaningful predictions. DQN improves but does not converge. By contrast, the GP models
steadily reduce L1 error and drive correlatiomefficientR2 towards 1, supporting the choice

of BO/GPR as the model that RATS and RATS+ transfer across studies.

Secondwe design a scheduler inspired by F[REFL6], which uses a utiliggorted queue

with dynamic core assignment and backfilling. Even when this baseline is given oracle
1y26f SRAIS 2F (KS { NHbisedzdvetompieteS dll 512 wimulafions | y I LJ
tens to hundreds of hours earlier and with higher aggregate utility under Istrilat and
moderatecapacity caps. These comparisons make clear that the performance gains observed

with RATS+ stand on top of an already strong modghnd scheduling foundation.

6.3 Synopsesand Smart Syncfor the Infrastructure Lifecycle
Assessment Use Case

6.3.1 The Reverse Random Hyperplane Projection Scheme

In Wireless SensdiS i g2 NJ & o062 {bav: la GK2a$S RSLJI 2&SR

Infrastructure Maintenance, the dominant energy cost is communicaBesfore reaching the
point of performing neural or neurosymbolic tesét a central base stationpammunication
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burden is incurred while collecting data from sensors ttee base station Sensors
continuouslyproduce streams by sampling quantities of interest from their mealisually
organizedover fixedsize windowsContinuously tansmitting all rawtime seriesto a base
station is expensive in terms of both bandwidth and battery life. Existatg compression
approaches either rely on nereversible random hyperplane projection (RHREFR21][REF
22], which producesompresseditmaps only suitable for similarity and outlier detection, or
on reversible transforms such as DFT, DWT, DCT, andRERLY|[REFL8][REFL9][REF20],
which can provide looserdeterministic error guarantees.In EVENFLOW, we introduce
Reverse Random Hyperplane Projecti®@RHP[REF23], whichis designed to inherit the
strengths of both line®f existing work on lightweight, reversible summari@RHP8ses
RHPstyle bitmaps for imetwork compression but also provides a principled way to
reconstruct approximate realalued vectors ata base station, together with explicit
probabilistic(instead of deterministicjyuarantees orthe approximation of the original time
series In that, neural learningor broader data miningasks can beperformed on the
approximated sensor time series.

The starting point foRRHP is thigaditional RHPEach window of sensor readings is modelled

as a vector i 1 ¢ .denotes thewindow size)RHFconstructsR NJ Y R2Y dzy Al @SOi

raN A . Eachydefines a hash function that maps u to one bit according to the sign of the

dot product:

0 pﬁ?)“ﬁfé T

e i 0 Qi Q

Abitmap & N mip is formed by concatenating these d bits. For two vectors u and v with

Fy3tS “o0dzZ @0 GKS LINRPoOolFoAfAGE GKIFIG GKSe O2f
—Ohy

0Q6 QU p

Equivalently, the normalized Hamming distance betwéerandé | LILINR EA Y §S& * od
As suchRHP offers a oneay mappinga  © tip useful for similarityestimation but it does
not provide a way to reconstruct u from .

RRHRRER23] augments RHP with a reverse mapping. All motes and the base station share a
common random matriXYN s produced using different, but equalseed foreachtime

window. The columns of RNBE (G KS NI Yy R2 Y qdzyhkdch vih8ovac®oNE NB X
RRHRanconceptually compute the projected vector 6 YN g and then quantize it to

a bitmap& via the above sign test. Ondy (d bits) is transmittedy each sensor

C2NJ NBlazylofe fIFNBS . ¥ soarightidverderd® £ Nasts. NI y |
At the base station, RRHP reconstructs an approximate vector:

6 ® Y
The key property is that angular similarities are preserved (in expectation) through

compression and reconstruction. ‘If@, v) is the angle between original vectors and, gb
the angle between their reconstructions, th&RHP shows thfREF23]:
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Thus the cosine similarityo ¢ +0f) is approximately preserved. Since many measures

such as Pearson correlation and Euclidean distance on normalized vectors can be expressed

via cosine similarity, RRHP can support generic mining tasks on the reconstructed éectors

RRHP provides a Chernsffle bound thatrelatesthe bitmap length dwith the quality of

angle estimation. To approximate the normalized angle between two vectors within an

I RRAGADPS SNNBNJ & gAOK LINRPoloAftAdGe G fSFad
f230MKLI 0OKE yud ¢Kdza I tumeabletrads-afltvéeéniconpresRioni®s OG | y F
andrelative distance /reconstructioaccuracy.

6.3.1.1 RRHP Experimental Evaluation

We tested RRHP on two settings. Initially we conduct experiments, examining the
reconstruction quality of RRHd several Machine Learning tagkscluding neural learning)

with compression ratios of 4 and Bor stress testing RRHP on a high number of sensers, w
use the Intel Lab Dataskfor clusteringtasksand the Pump Sensor Data%éor regression

and classification.

Table2: RRHP performanoa various Machine Learnit@sks under a compression ratio of
8, over the reconstructed sengone series varying window sizes

2 AYRES wmc OH cn MH Y I S NI 3
aSiNRO
CSSR C nopH nopT nogy nopd [/ tFaaai
b S dzNJ f I OOdzNJ
5.{/ ! b nddhp nddpc nopT MPnn /| £ dza G S
/ £ dza G SN { AYATL I
IR2dza G !
w YRy RS
o! wLU
[ AYSIE NI ndmH nodmMH nomMH nonTt w2 2 @S|
wSaANB a3 {lj dzI INJBIJ
{dzLJLI2 NIi n ® dH nopT nogy nopd [/ tFaaai
al OKAYS I OO dzNI
Y b noyo nodgc noagy nogpgp [ £t aaa
I O OdzNJ

In our first experiment we showcase thecuracyof RRHP across different window sizes, on
various mining tasks, by compressing sensor windows by a factor of 8, i.e., compression ratio
is 8. InTable2, we can see that the performance of RRHP significantly increases when we

“ https://db.csail.mit.edu/labdata/labdata.html
8 https://www.kaggle.com/datasets/nphantawee/pumpensordata
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increase the window from 16 to 32 observations but all cited casesRRHP yields high
accuracy with respect to the metrics cited in the rightmost column of the table.

We also provide a comparison of RRHP vs DFT, DCT, DWT and PAA reversible data summaries,
indicatively, for clustering sensor time serid@is experiment tests RRHP on a clustering task,
across sliding windows using the Intel Lab Dataset and reports the Adjusted Ran@AR§iex

score with 95% confidence intervah Figure47, we tested compression rateoof 4 and 8

across two rows of plot#As we can sem the figure RRHP outperforms competition by, on
average, 20% on both compression ratios, regarding the ARI score of the clustering task. Note
that RRHP achieves also the tightest 95% confidence interval.

ARI scores with 95% confidence interval // W= 16, C= 4

10 DFT : [0.67579, 0.84749] 10 DCT : [0.73660, 0.90425] 10 DWT : [0.82679, 0.92671] 10 PAA : [0.76763, 0.90238] 10 RRHP : [0.95469, 0.99988]
______________________
08 e e aa | 08 TTTTmTAmmmssmsmm——mtte= | 08t e ae ue [ e B 08
064" ana » . .. 06 s . 06 06 s e _a . 06
S 04 * O ; 044 * 2 E 04 ¢ E 044 * E 04
& . . B
0.2 4 02 0.2 0.2 02
0.0 1 00 0.0 0.0 00
-0.2 -0.2 -0.2 -0.2 -0.2
0 10 20 30 0 10 20 30 o 10 20 30 0 10 20 30 0 10 20 30
Window Window Window Window Window
ARI scores with 95% confidence interval // W= 16, C=8
Lo DFT : [0.63666, 0.79026 1.0 DCT : 1068430, 0.86360] Lo DWT:10.51147, 0.65934] Lo PAA: [0.65297, 0.81981) 10 RRHP: [0.92586, 0.98447)
08 sslees 081 coccccoocccommocmeec—a| 08 At 08y Co— sss s | 08 -
061 ana » . e 06 a2 a . .- 06 cocaa 2 e 06 * e a a e 0.6
- ’ -
; 0.4 E_ 0442 . J E 044 .'_‘ 'E 044" —* ; 04
0.2 4 02 0.2 0.2 4 02
0.0 1 00 0.0 0.0 0.0
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Discrete Fourier Discrete Cosine Discrete Wavelet Piecewise Reverse Random
Transform Transform Transform Aggregate Hyperplane
Approximation Projection

Figure47. RRHP Performance on Clustering vs other Competitors

We then conduct a WSN simulation, examining RRHPs ability to prolong the lifetime of
sensors in a real scenario, using the TOSSIM simyRE#R24]. The hierarchical network
tested consists of 4 clustéeads with 12 sensoger cluster The communication and lifetime
gains plotted below hold irrespectively of the chosen Machine Learning task, since the task
itself takes place at the base station after having collected the compressed sensor data
streams and having recovered the RRApproximated ones.

In Figure48, we see the total number of bytes that are transmitted during the simulation,
including the ones of retransmissiany Figure49, we plotthe total energy drain of the
setupsof Figure48, essentially interpreting the communication costs to network lifetime
Retransmissions occur when multiple motes transmit their messages simultaneously,
therefore resulting in corrupted messages due to collisions. Large message size and frequent
communication are the main culprits of signal retransmissions. We observe thieat
compression ratios of 4 and 8, reduce the total number of bytes transmitted and the energy
drain by 5 and 10 timesespectively. This increased reduction, compared to the theoretically
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expected reduction of 4 and 8 on both cases, is the combined result of the reduced message
size of RRHPdue to compressionand the reducednumber of message collisions and
retransmissions

Total Bytes for Differenst Compression Ratios Total Energy Drain vs. Compression Ratio
x10
3.0 . Min 250
B Average
25 Il Max ‘g
= 200
2
2.0 £
£
g 7 150
> [a]
©1s >
3 o
° £ 100
w
1.0 =
s
50
O'ONo Compression x4 Compression x8 Compression 0 No Compress x4 Compress x8 Compress
Compression Ratio Compression Ratio
Figure48: RRHP ComrReduction vs Figure49: RRHP Network Lifetime vs
Compression Ratdza A y 3 . . Compression Ratitzd A y 3. . T

6.3.2 Uncertaintyaware SynchronizatioRrotocols

In Section3.5we presented datalriven synchronization protocols thatostpone a global
model update until a considerable drift in the neural network weights, defined based on any
given thresholded function, may exist. However,y 9 +9b C[ h2 Q& théd &S
Infrastructure Mainenance Monitoring utilizes sensors which produce uncertain
measurements, for instance, due to noise or calibration errors.

This uncertainty passes on to the weights of tieural network of the various distributed
learner during the training process. Therefore, instead of monitoviuhgther a function f
parameterized by the global weight vector has crossed the threshold, we instead want to
know if f has crossed the threshold with sufficiently high confidence, provided we know the
uncertainty distribution ofearner€weights.

The Uncertaintyaware Global Monitoring (UGM) method addresses the problem of
continuously monitoring a necfinear function over many distributed data streams whose
values are uncertain. Each learnerproduces a local data streafit, modelled as a time
varying random variableo 0 with its own distribution 0. The Parameter ServgPS)
wants to monitor a global function f(y(t)) of all streams and automatically raise an alert when
f(y(t)) crosses a threshold T with high statistical confidence, while minimising communication.

To this end, each learner maintains a sliding window of recent observations, from which it
estimates the parameters of its local distributign o (e.g., empirical mean and covariance).
Learners are assigned weiglits mtwith B 0 p, and the global random vector at time t
iswo0 B 0 w 0.The monitoring task is to decide, at any time t, whether f(y{t]) holds

Dissemination level: ~ PU - Public, fully open Page 64

/



EVHNFL":’W D5.2 i Final Version of Verification and Scalability Techniques
Horizon Europe Agreement No 101070430

GAGK O2yFARSYOS |G tSrad +3 gAlGK2dzi O2y (Aydz2
the Parameter ServerSince the techniques we describe henceforth are currently under
submission, we provide only algorithmic sketches of their functionality.

In a centralized setting, the monitoring condition can be expressed as the global filter
Prify)) N¢ &8 X 13X gKAOK 3IdzZr NFydisSSa GKIFIG Fy €SNI
gr2tlGAy3 (KS GKNBakK2fR SEOSSRa (o | 26SOSNE
require frequent updates from all learners. UGM decomposes the global filter intofiloesed

that can be evaluated independently at each learner. The PS periodically synchronises with

the learners at times 0 and computes the global average vector

Qo B 0 €& 0 ,where¢ 0 isthe lastlocal average vector sent by learneri. Around this
LRAYGEZ GKS O22NRAYI G2MBAA¢Y¥ENKYI & KIS G w03 E
NBEIA2Yy GKFG O2y il Aya 2yt gylpidgpaaRtéed tal8alisfyiha = A &
monitored inequality with high confidencés long as y(t) remains inside tiR®©NTFregion

with sufficient probability, the global filter is satisfied and no alert is needed. The key design

is to choose thddONTregion so that (i) it is convex, enabling rigorous decomposition into

local conditions, and (ii) it is as large as possible, so that communication is reduced.

We instantiate the DONflegion as a dlimensional bald 0 h oN'Yd 0s  din

the global feature space. The ball is constructed via a greedy sphere augmentation process:
starting from a conservative initial ball around the current global mean, we iteratively
increase its radius and slightly shift its center, as long as we tlagustrantee that all points
AYaARS NBYIAY G3A22RE O0A DS DS NIKBhe pracddurestofse (0 K S
when any further inflation or shift would introduce points that might violate the constraint.

The resulting ball is a maximal coni@®NFregion that can be safely decomposed into local

filters at the individual nodes.

If no nontrivial sphere that contains only good points exists (e.g., when the global mean
already lies near or beyond the threshold), the method enters aSRBIERE period; in this
case, learners temporarily send updates eagerly, without local filtering.

Given theDONTregion, each learneb evaluates a local filter that decides whether to raise
an alert. The learner maintains a set of drift vect@®so that describe how its local
distribution, translated near the last global mean, might move in the global space. Concretely,
each drift vector has the forf® 6 Q0 ¢ 0 ¢, whered is a sample drawn from

the current local distributiom} 0 . Each learner holds m such drift vectors per time t.

At time t, learner i estimates the probability that its local contribution keeps the global vector
inside theDONTregion by counting the fraction of drift vectors that fall inside the sphere:
nNor | 9RNRTO re@iSndPm2 NBE Ay R2y Qi

Each learner is associated with a confidence threshold mip . If | 0 falls below| |,

learner i has strong evidence that the global function may have crossed the threshold and
sends an alert to the coordinator; otherwise, it remains silent. Initially, all learners share the
samef T RSNAOSR FNRY { YR pbpz SyadaNRARy3dI GKI G
also holdsWhen thePSreceives an alert from one or more learners, it distinguishes between
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true positives (TP), where f(y(t)) has indeed crossed the threshold, and false positives (FP),
where local filters were overly conservative. Only dlBrts trigger an applicatiodevel
reaction (e.g., reconfiguration, mitigation).

As the number of learners grows, having a uniform confidence thresholthn become

overly strict, causing excessive alerts and communicatto8lack Allocation mechanism
REYlIYAOFft& NBRAAGONAROdzISEA aafl O1¢ | Yareyd € St |
each synchronisation, based on their recent behaviour.

Learners are partitioned into GOOD and BAD sets depending on the last alert:

1 Inthe FP case, learners that raised unnecessary alerts are marked as BAD, and learners
that remained silent are GOOD. The coordinator computes a slack measure for each
GOOD learner, reflecting how comfortably its local probabijityp was above its
threshold| . It then gradually lowers the thresholds of BAD learners (making them
less sensitive) and compensates by slightly raising the thresholds of selected GOOD
learners, preserving a global probabilistic guarantee.

1 Inthe TP case, learners that failed to alert in time are BAD, while learners that correctly
alerted are GOOD. A symmetric slack definition is used, and thresholds are adjusted
in the opposite direction, making BAD learners more sensitive.

This iterative procedure continues until all learners satisfy the global constraint on the joint
probability of violation. In practice, Slack Allocation significantly reduces communication by
allowing learners whose behaviour is well contained within B®@NTregion to take on
stricter thresholds, freeing other learners to relax theirs.

6.3.2.1 UGM Experimental Evaluation
For our experiments we utilize a -Be@nsor dataset provided by EK8€ing 5computing
nodes We monitorL1, L2 and Variance functions posing the threshold as shotigume50
and Figure51. In each experiment we present 5 bangth the vertical axis showing the
ydzYo SN 2F OUNIYyaYAGGSR YSaal3aSaz gKATS GKS K2
1 Naive representingcontinuous model updates
1 Sphere Max Off, Slack Allocation Off: which is the basic UGM protocol without any
optimization
1 Sphere Max 0, Slack Allocation Off: the protocol that uses the maxjmagmened
sphere according to our discussion in Secta®2 but does not perform wise Slack
Allocation

1 Sphere Max On, Slack Allocation On: the protocol that uses both the maximal
augmented sphere and performs wise Slack Allocation
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Figureb0: L1 functior{left) and L2 function (righf)hresholdred line)vs actual function
values as time passes

Figure51: Variance Threshold Selection based on Sensor vialations
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