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Topics

Deep learning

Overview of membrane computing [Riscos-Nufiez, 2023].
Tissue-like P systems

Neural-like approach

Outlook
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Deep learning (DL)

o A field of machine learning (ML) algorithms based on artificial neural
networks (ANNs) [Bengio et al., 2017].

@ Results across a variety of domains
[Ching, T. et al., 2018, LeCun et al., 2015].
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ANNs

@ Inputs are fed into the input layer,

@ which feeds into one or more hidden layers,
@ eventually linking to an output layer.
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ANNs

@ A layer consists of a set of nodes (features or units).

@ Nodes of a layer are connected through edges to the immediately
earlier and to the specific immediately deeper layers.

Dr. Katalin Anna Lazar A membrane computing based approach to deep graph representation learning 5/22



DL and ML

@ supervised setting: the goal is to accurately predict one or more labels
or outcomes associated with each data point,

@ unsupervised setting: the objective is to summarize, explain or
identify patterns in a dataset.

@ can combine these steps.
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Deep graph representation learning

@ The idea is to learn a data transformation function that maps nodes
to points in a low-dimensional vector space [Hamilton et al., 2017].

@ The transformation techniques are based on nonlinear dimensionality
reduction.
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Deep graph representation learning

Advances:
e graph embeddings [Grover and Leskovec, 2016],

@ graph convolutional networks
[Zhang et al., 2019, Zitnik and Leskovec, 2017],

e transfer and meta-learning [Huang and Zitnik, 2020],

@ adversarial attacks and defence on graphs [Zhang and Zitnik, 2020]
and

@ higher-order predictions [Alsentzer et al., 2020].
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Overview of membrane computing

@ Models covered

» Tissue-like P systems with cell division / separation
> Neural-like P systems
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» (Cell-like) P systems with active membranes
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Overview of membrane computing

e Diversity of definitions: Syntax and semantics (objects, membrane,

rules)
o Diversity of interpretations: Generative, computing, decision or
simulation tools
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Overview of membrane computing

Computational complexity [Pérez-Jiménez and Riscos-Nifez, 2017]
o Efficient solutions to hard problems

@ P conjecture
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Tissue-like P systems

Inspired by:
@ intercellular communication

@ cooperation between neurons
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Tissue-like P systems

Communication rules: symport/antiport
Cells as nodes of a graph (and environment)

+-cell division +separation

computational complexity
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Multienvironment P systems

@ Population dynamics P systems (probabilistic)
@ Skeleton + Environment rules

@ Algorithms for probabilistic behaviour

» Binomial Block Based (BBB) simulation algorithm

» Direct Non-Deterministic distribution algorithm with Probabilities
(DNDP)

» Direct Distribution based on Consistent Blocks Algorithm (DCBA)
[Martinez-del-Amor et al., 2012]
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Case studies

MeCoSim webpage:
o Bearded Vulture [Cardona et al.]
@ Scavenger birds
@ Avian scavengers

@ Zebra mussel
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Neural-like approach

@ Spiking rules and Forgetting rules

@ Applicability w.r.t. all spikes present in a neuron (although not all of
them may be consumed).

@ One rule is selected.

@ Produced spikes are sent through all of the outgoing synapses
(potential delay)

@ Output neuron spikes into the environment
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Neural-like approach

o fuzziness [Marin-Morej6n, 2022, Pérez-Jiménez et al., 2017]
@ evolutionary methods [Dong et al., 2021, Dong et al., 2023]
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Outlook

build bridges between membrane computing and DL,
determine the different parameters in the model,
computationally complete devices, non-Turing universal variants

solve computationally hard problems in feasible time

case studies (e.g. ecology)
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