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MODELLING THE PAST. LOGICS, SEMANTICS AND
APPLICATIONS OF NEURAL COMPUTING IN ARCHAEOLOGY

1. INTRODUCTION

The study of complex archaeological systems through the new Artificial
Intelligence (AI) aims to evaluate the historical and cultural meaning of the
relationships between records of the past as an essentially human construction
and/or interpretation. This approach is inspired by the epistemic perspective
of Analytical Archaeology (CLARKE 1968) and of Computational Archaeology
(DoraN, HobpsoN 1975; OrTON 1980; BARCELO, BoGpAaNOVIC 2015), but
updates it on the basis of the progress which neural computing has made in
simulating the logics and semantics that regulate memory, orientation, clas-
sification and mapping of the historical, geographical, archaeological and
anthropological contexts (Ramazzott1 2010).

Modelling and simulating the contexts of the past by integrated parallel
distributed processing (McCLELLAND, RUMELHART 1986) and through artifi-
cial adaptive systems (RAMAzZzoOTTI 2014) must make use of precise encoding
of documents. It takes on an important role in empirical research only when
the machine learning results produced become the hyper-surface of a network
membrane to continue, update, refine or open the analysis (RaAMAzZoTTI 2016).

However, the proposal to study the dynamic and systemic complexity of
ancient cultures through neural computing is based on the assumption that their
systemic complexity can be approached by advanced technology, mathematically
simulating the complexity of intelligence. A new approach is thus founded on a
sort of theorem facing a dilemma (Fig. 1): either this theorem must be ignored
or computers must be used to assist with their proofs (Bunpy 2011).

2. MODELLING THE PAST

Analyses and methods which use automated reasoning are “modelling
the past” by applying logical inferences to display and predict the results of
archaeological research. More recently, it has been pointed out that com-
parative, inductive, deductive and abductive inferences can be explained by
a single cognition process (HAYES et al. 2018). Neural computing based on
physics and neurobiological research can thus be considered as advanced
instruments adapted to simulate cognitive logical inferences, although it has
been highlighted that no automated reasoning program can be universal, in
the sense of deciding for any set of inference rules and axioms (PEssa 1992).

Within the Humanities, the observations of statistical, mathematical,
economic, and geographical relationships processed for a given body of data
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Fig. 1 — Searle wants to demonstrate that no computer
programs are formal (syntactic), while the human
mind has semantic abilities (SEARLE 1992, 7, fig. 2).

are represented by matrices, histograms and hierarchical diagrams. They per-
form the dual purpose of spatializing and structuring the values, percentages,
trends and intersections between a limited number of variables. Therefore,
these graphs are already models that summarize repeated observations across
multiple cases as a result expressed through frequencies, whose different
variation and intensity always constitute a degree of (cultural) intentionality
(BiLLARD, DiDAY 2006).

Cultural intentionality in realizing a given production of artefacts pre-
supposes the concept of “type” as a principle, a finite, planned entity expressed
by the intentional correlation of different attributes and resulting axioms.
Each hidden organization of attributes will define the characteristics of a
type; multiple types will define, in turn, the characteristics of a class, and a
class the “intentional” product of a culture. The analyses first used by Ana-
lytical Archaeology to classify attributes, types and classes of a given culture
have been manifold, extremely varied and more sophisticated, the greater the
variability of the systems observed (SHENNAN 2006).

The necessarily accelerating increase in homogeneity of classes and
the presence of documents with strongly variable attributes (many of which
shared by other artefacts, but none necessary or sufficient to distinguish or
characterize them) was incorporated into the genetic concept of “polythetic
groups” (DarTon 1981). This is key, because it gave rise to specific research
on the most suitable tools to highlight the similarities and differences that
could structure composite and/or highly specialized anthropological and
archaeological cultures, intended as biological organisms.
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Recognition of these qualities (analogies and differences) in the mate-
rial and visual culture follows the psychological research intended to apply
those methods to isolate such essential functions of the cognitive process.
In the earliest cumulative analyses, which studied the growth of the level of
technology in the same manner as the evolutionary process, the percentages
of artefact types were even associated with cranial capacities to explain the
presumed symmetry between the growth in functional complexity of a given
implement and man’s evolutionary growth.

This was essentially understood as adaptive growth, which was due to the
necessary acquisition of technological experiences (LEROI-GOURHAN 1977). In
the same way, the multivariate analysis introduced by the New Archaeology to
investigate the systemic complexity of cultures (BINFORD 1965) supported the
methods of Cluster Analysis, Factor Analysis, Multidimensional Scaling Analysis,
Fuzzy Clustering and Principal Component Analysis intended to group parts of
the data into clusters. This approach was aimed at making future comparative
exploration more precise and at identifying its unique and irreducible associative
root (BAXTER 2009; SHADMEHR, MOSTAFAEI 2016; MARTINO, MARTINO 2018).

This attempt to trace the origin of the class in order to redesign its
relational structure was equivalent to the first experiments performed in
analytical psychology to outline the human ability to structure reality into
“similar” and “different”. The very first studies applying differential logic to
understand intelligence gave rise to the suggestion to use techniques such as
Correspondence Analysis to reduce the high level of variability of cultural
traits into a limited and more controllable number of factors (STERNBERG
1985; Kurta, KurTA 2011).

3. COMPUTATIONAL NEUROSCIENCES AND ARCHAEOLOGY

At the end of the 1980’, numerous studies attempted to understand
complexity as no longer external to man and the subject of our predominantly
applicative research, but rather as a living expression of our intelligence, our
mnemonic, perceptive and learning capacity (Fig. 2). In this sense, complexity
was almost removed from the undisputed supremacy of external interpreta-
tion, to be analyzed through mechanical and linear systems, and became the
subject of specific research which aimed to trace man’s cognitive and semantic
capacities to create it (Ramazzott1 2013).

The analogy between cultural complexity and the complexity of intelli-
gence then gave rise to a new system of theoretical knowledge, methods and
applications linking archaeological research to the new Al (data mining, deep
learning, machine learning). Theories, methods and applications already in
use identify a completely new world of Archaeology, such as Cognitive Ar-
chaeology in slightly different ways (GARDIN 1996; MALAFOURIS, RENFREW
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Fig. 2 — Schematic solutions to complex problems in Al and nature
(brains). Higher cognitive functions continuously interact between them
and with reinforcement learning to drive generalization and learning
from small sample (CORTESE, DE MARTINO, KawaTo 2019, 134, fig. 1).

2010). It is, however, a contemporary approach to investigate past cultures
as complex organisms through connectionist formal methods (ELmMAN, Ru-
MELHART 1989). One of the most advanced connectionist formal methods
in Natural Computing is the so-called Artificial Neural Networks (ANNs),
morphologically structured as multilayer nets replacing neural connections
(Buscema, TusTLE 2013; LoNDEI 2014) and Deep Neural Networks (DNNs),
providing fundamental insights into how populations of neurons collectively
perform computation and cocgnitive processing (PENNA et al. 2016; BARRET
et al. 2019).

Probably the Natural Computing inspired by the connectionist paradigm
of Al could represent the deepest roots of contemporary so-called Network Anal-
ysis (NA). Although NA is not properly a machine learning process, it is based
on multidimensional social networks (BERLINGERIO et al. 2013) and mainly
applied as a visual method to display network patterns in the relational phe-
nomena of landscape archaeology (BRUGHMANS 2013; BRUGHMANS, BRANDES
2017). While we certainly cannot debate the possibility to artificially recreate
intelligence (SEARLE 1992), it is equally evident that many models emulate and
quite clearly come close to some segments of the cognitive process (Fig. 3),
such as memorization, classification and learning (KozME et al. 2018; Cor-
TESE et al. 2019). However the complexity of biological neural networks
substantially exceeds the complexity of ANNs and DNNs, making it even
more challenging to understand the representations they learn.
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Fig. 3 — Different frequency modes in synchronization of neural activity
represent broad and fine dimension reduction and feature selection
(CortESE, DE MARTINO, KawaTO 2019, 138, fig. 3a).

Segments of the cognitive process are being studied which act in parallel
and are able to operate in an integrated manner with today’s architectures.
However, they only allow the rules that control memory, classification, per-
ception and reflection to be explained. These rules are no longer tracked down
in the linear mechanisms of automatic operation, but in the networks which
connect the known physical units of the brain, neurons. Transferred to the
level of the necessary logical-mathematical identity, these biological entities are
defined as nodes, and the synapses that regulate their dynamic functions are
called connections. The terms imply another important conversion, that of the
biological-cognitive complexity of the world of intelligence into the physical-
cognitive complexity of the system of intelligence which, in this manner, favors
the processes of analysis experimentation and simulation (RaMAzzoTT1 20144).

Given these elementary coordinates, it seems clear that simulating the dy-
namic and complex behavior of highly variable cultural “factors” in networks
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Fig. 4 — Receptive field analysis of neural filters from a DNN illustrates how an input image is
progressively processed before finally producing a class label as output (BARRET, MORCOS, MACKE
2019, 56, fig. 1).

means tracking down, selecting and separately recreating a wide variety of
functions that associate variables, a wide variety of inferences that control
their semantic structure and an equally wide variety of causes that produce
their transformation (RaMAzzoTt1 2014b). This perception of functions,
inferences and causes that multiply and generate the complex phenomena
demands an archaeology concerned with interpreting the past by debating
the history of its different perceptions. At the same time, it must trace the
complexity of a culture by superseding the classical and dualistic models to
display all its extraordinary variability and richness (RamMAzzoTT1 2016).

In this specific sense, the application of Al models to archaeological
problems has value. It recreates a possible world of other associations of
meaning devoid of sources and dispersed information, it exhibits the nuances
and complex interrelations and, furthermore, it helps the interpreter codify
other associations that were unforeseen (or hidden). This is a sort of metaphor
by which we understand that the complexity of intelligence is related to that
of culture (Fig. 4).

4. NEURAL COMPUTING AND ARCHAEOLOGICAL AND ARCHAEOMETRIC CASE
STUDIES

Since the end of the 1990s, matrix encoding of many different archeo-
logical contexts has been developed to track down, select, and recreate the
functions, inferences, and rules that produced the transformations of cultural
systems, understood as multifactorial dynamic processes. The artificial formal
networks obtained by such structural and semantic matrix encoding of differ-
ent contexts were thus thoroughly described, analyzed, simulated and lastly
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compared. They introduced the most advanced quantitative, qualitative, and
symbolic methods inspired by neural computing to simulate cultural systemic
complexity in archaeology (Ramazzott1 1999,2010; REELER 1999; ZuBROW
2003; BINTLIFF 2005; BAXTER 2006).

After 30 years of theoretical and experimental research, this approach
maintains a distinct value as a new theoretical approach for the study of the
dynamic and systemic cultural complexity, as a new analytical paradigm for
computational modeling in archaeology and as an advanced computational
method. Neural computing has been tested as an advanced classification
method for discriminating between material culture objects, pottery sequences,
figurative systems and for encoding other archaeologically-relevant chronolog-
ical constraints, revealing unforeseen analogies between different clusters and
discussing the existence of sub-typologies used to fix the relative chronology
(BARCELO 1995; RaMazzoTTI 1997; BARCELO, FAURA 1999; QINGLIN MA
et al. 2000; D1 Lupovico, Ramazzotti 2007; D1 Lupovico, Camiz 2014;
ViAGGIU 2014; GEERAERTS et al. 2017).

Later, neural computing has been applied to simulate the systemic and
dynamic complexity (encoded in different matrixes) of the most ancient
settlement processes, integrating data from excavated sites, surface surveys
and a mixture of each. Different neural models were proposed as spatial
analysis tools to simulate and to investigate the cultural and economic
assets of the archaeological settlement systems (RaMAZZOTTI 1999; ZUBROW
2003; DERAVIGNONE, MAccHI 2006; AGAPIOU, SARRIs 2018). Since the end
of the 1990s, the neural modeling approach has also analytically challenged
the most ambitious hypothesis on the origin of settlement patterns and ur-
ban land dynamics. It has explored the possible relationships between the
high spatial variability of cities, towns, villages and camps, and the trends of
human mobility, suggesting investigations on the socio-political character of
the ancient cultural systems’ hierarchical organizations (RamMazzott1 2002,
2009; Wu, SiLva 2010; FROESE, MANZANILLA 2018).

In the last twenty years, the neural computing approach has also been
applied to encode, classify and display the topology of different kinds of sig-
nals (geomagnetic, radar, remote sensing). It has refined the spatial-temporal
distribution of the anomalies detected and supported the best non-invasive
strategies for archaeological field and landscape activities (BESCOBY et al.
2006; Opr11Z, HERRMAN 2018; WooLF 2018; Casprari, CRESPO 2019; TRIER
et al. 2019; WiLLETT 2019). A turning point in neural modelling was the in-
vestigation of an empirical analogy between the socio-political and economic
complexity of archaeological settlement systems and the dynamic complexity
of the biological system. Considering the spatial relations between points (sites)
as the nodes and/or cells of a highly interconnected net, the spatial-temporal
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Fig. 5 — The machine learning procedure adopted to process the Mesopota-
mian Urban Revolution Landscape Data-Base encoded and transposed in a
n-dimensional matrix (224 sites for 106 geographical, morphological and
cultural variables) (RamazzoTt1 2018, 73, fig. 2.4).

nodes (sites) were translated into a network, intended as a membrane activated
and transformed by different actions, causes, events and/or agents (Fig. 5).

Each point of the membrane was thus conceived as a geo-referenced
archaeological site, and the adaptive network was trained, first through the
most advanced generation of Artificial Adaptive Sytems (AAS) and then, the
highly sophisticated outputs of the training were optimized, formalized, and
displayed through data-mining algorithms in tree-graphs. The graph analysis
of the deep learning of the membrane/network was thus tested as a predictive
model for locating the possible position of undiscovered monuments and/or
sites, and for mapping the dynamic transformations of the settlement processes
over time (RamazzoTtr 2013b).

This latest experimental and applied research by the Sapienza Laboratory
of Analytical Archaeology and Artificial Adaptive Systems (LAA&AAS) has
been advanced through a new data-mining machine learning procedure. It has
explored the spatial logics and semantics of the most ancient settlement distribu-
tions, focusing on the possible topology of settlement patterns and investigating
their movement through time (RaAmMazzoT1T1 2018; RAMAZZOTTI et al. 2020).

Acknowledgements

I am deeply grateful to Sapienza University of Rome, who supported this theoreti-
cal, experimental and meta-disciplinary research on contemporary archaeological
thought theories, methods and language by financing the Archeosema project in
2010. New computational research on ancient Near Eastern urbanisms, urbanizations,
settlement patterns and human mobility was made possible, awarding the interdi-
sciplinary project Analytical Archaeology for Southern Mesopotamian Urbanism

176



Logics, semantics and applications of neural computing in archaeology

(AASMU) in 2014. My most sincere gratitude goes to my late colleagues and friends
Enzo Lippolis and Stefano Terzi, suddenly and prematurely dead, who generously
encouraged this experimental research, supporting the Analytical Archaeology and
Artificial Adaptive Systems Laboratory (LAA&AAS) as Director of Department of
Classics in the Faculty of Letters and Philosophy at Sapienza University of Rome and
as Researcher at the Semeion Research Center of Rome. We thank all the colleagues,
researchers and students working at LAA&AAS and at Semeion Research Center
for a thorough and thoughtful review, which significantly improved the analytical,
experimental and applied research on logics, semantics and applications of natural
and neural computing in archaeology and archaeometry.

MAarco RAMAZZOTTI

Dipartimento di Scienze dell’Antichita
Sapienza Universita di Roma
marco.ramazzotti@uniromal.it

REFERENCES

Acariou A., SArrIs A. 2018, Beyond GIS layering: Challenging the (re)use and fusion of
archaeological prospection data based on Bayesian Neural Networks (BNN), «Remote
Sensing», 10-11, 17-62.

BARCELO J.A. 1995, Backpropagation algorithms to compute similarity relationships among
archaeological artefacts, in J. WiLcock, K. LOCKYEAR (eds.), Computer Applications
and Quantitative Methods in Archaeology 1993, BAR International Series 598, Oxford,
Tempus Reparatum, 165-176.

BARCELO J.A., FAURA J.M. 1999, Time series and neural networks in archaeological seriation:
An example on early pottery from the Near East,in L. DINGWALL, S. EXON, V. GAFFNEY,
S. LAFLIN, M. VAN LEUSEN (eds.), Archaeology in the Age of the Internet. CAA97, BAR
International Series 750, Oxford, Archaeopress, 91-102.

BARCELO J.A., Bogpanovic L. (eds.) 2015, Mathematics and Archaeology, Boca Raton, FL,
CRC Press.

BARRETT D.G.T., MORCOS A.S., MACKE J.H. 2019, Analyzing biological and artificial neural net-
works: Challenges with opportunities for synergy?, « Current Opinion in Neurobiology»,
55, 55-64.

BAXTER M.]. 2006, A review of supervised and unsupervised pattern recognition in archaeo-
metry, «Archaeometry», 48, 671-694.

BAXTER M.]. 2009, Archaeological data analysis and fuzzy clustering, «Archaeometry», 51,
6,1035-1054.

BERLINGERIO M., Coscia M., GIANNOTTI F., MONREALE A., PEDREsCHI D. 2013, Multidimen-
sional networks: Foundations of structural analysis, «World Wide Web», 16, 5-6,567-593.

BescoBy D., CAwLEY G., CHROSTON P. 2006, Enhanced interpretation of magnetic survey
data from archaeological sites using artificial neural networks, «Geophysics», 71,45-53.

Bicort JuLouxV., GANSELL A.R., D1 Lubovico A. (eds.), CyberResearch on the Ancient Near
East and Neighboring Regions: Case Studies on Archaeological Data, Objects, Texts,
and Digital Archiving, Leiden, Boston, Brill.

BILLARD L., DipAY E. 2006, Symbolic Data Analysis: Conceptual Statistics and Data Mining,
Wiley.

BINFORD L.R. 19635, Archaeological systematics and the study of culture process, «American
Antiquity», 31, 2,203-210.

177


mailto:marco.ramazzotti@uniroma1.it

M. Ramazzotti

BINTLIFF J. 20035, Being in the (past) world: Vermeer, neural networks and archaeological
theory, in T.L. KIENLIN (ed.), Die Dinge als Zeichen: culturelles Wissen und materielle
Kultur, Bonn, Verlag Dr Rudolf Habelt, 125-131.

BruGHMANS T. 2013, Thinking through networks: A review of formal network methods in
archaeology, «Journal of Archaeological Method and Theory», 20, 4, 1-41.

BruGHMANS T., BRANDES U. 2017, Visibility network patterns and methods for studying visual
relational phenomena in archeology, «Frontiers in Digital Humanities», 4, 1-20.

BunDY A. 2011, Automated theorem proving: A practical tool for the working mathematician?
«Annals of Mathematics and Artificial Intelligence», 61, 1, 3-14.

Buscema P.M. 2014, The general philosophy of Artificial Adaptive Systems, in RAMAZZOTTI
2014, 85-112.

Buscema P.M., TasTLE W.]. 2013, Intellz?ent Data Mining in Law Enforcement Analytics: New
Neural Networks Applied to Real Problems, Heidelberg-New York, Springer.

CaspArI G., Cresro P. 2019, Convolutional neural networks for archaeological site detection.
Finding “princely” tombs, «Journal of Archaeological Science», 110, 1-25.

CLARKE D.L. 1968, Analytical Archaeology, London, Methuen.

CORTESE A., DE MARTINO B., KawaTto M. 2019, The neural and cognitive architecture for
learning from a small sample, «Current Opinion in Neurobiology», 55, 133-141.
DaLtoN G. 1981, Anthropological model in archaeological perspectives, in 1. HODDER, G.
Isaac, N. HAMMOND (eds.), Pattern of the Past. Essays in Honour of David Clarke,

Cambridge, Cambridge University Press, 17-49.

DERAVIGNONE L., MaccH!I G. 2006, Artificial neural networks in archaeology, «Archeologia
e Calcolatori», 17, 121-136.

D1 Lubovico A., Camiz S. 2014, A quantitative approach to Ur 111 Mesopotamian figurative
languages: Reflections, results, and new proposals, « Archeologia e Calcolatori», 25, 7-32.

D1 Lupovico A., RaMAzzoTTI M. 2007, Reconstructing lexicography in glyptic art: Structural
relations between the Akkadian age and the Ur 111 period, in R.D. B1GGS, J. MYERS, M. T.
ROTH (eds.), Proceedings of the 51 Rencontre d’Assyriologie Internationale, Chicago,
Oriental Institute Publications, 263-280.

DoraN J.E., HopsonN ER. 1975, Mathematics and Computers in Archaeology, Cambridge,
Mass., Harvard University Press.

ELMAN Jill;., RuMELHART D.E. 1989, Advanced in Connectionist Theory, Hillsdale NJ, Speech,
Erlbaum.

ELuyobpk O., AKOMOLAFE D. 2013, Comparative study of biological and artificial neural net-
works, «European Journal of Applied Engineering and Scientific Research», 2, 1, 36-46.

FrOESE T., MANzANILLA L.R. 2018, Modeling collective rule at ancient Teotibuacan as a com-
plex adaptive system: Communal ritual makes social hierarchy more effective, «Cognitive
Systems Research», 52, 862-874.

GARDIN J.-C. 1996, La révolution cognitive et I'archéologie, in P. MoscaT1 (ed.), III Inter-
national Symposium on Computing and Archaeology (Roma 1995), «Archeologia e
Calcolatori», 7,2, 1221-1230.

GEERAERTS G., LEVY E., PLUQUET E 2017, Models and algorithms for chronology,in S. SCHEWE,
T. SCHNEIDER, J. WiJSEN (eds.), 4% International Symposium on Temporal Representation
and Reasoning (TIME 2017), Leibniz-Zentrum fur Informatik, Dagstuhl Publishing, 1-18.

GELFOND M., KaHL Y. 2014, Knowledge Representation, Reasoning, and the Design of
Intelligent Agents: The Answer-Set Programming Approach, Cambridge, Cambridge
University Press.

Haves B.K., STEPHENS R.G., NGo J., DunN J.C. 2018, The dimensionality of reasoning:
Inductive and deductive inference can be explained by a single process, «Journal of
Experimental Psychology: Learning, Memory, and Cognition», 44, 9, 1333-1351.

Kozma R., Arirei C., CHOE Y., MoraBITO F. 2018, Artificial Intelligence in the Age of Neural
Networks and Brain Computing, Academic Press.

178



Logics, semantics and applications of neural computing in archaeology

Kurta D., Kurta J. 2011, Correspondence Analysis applied to psychological research, «Tuto-
rials in Quantitative Methods for Psychology», 71, 1, 5-14.

LEROI-GOURHAN A. 1977, 1l gesto e la parola. La memoria e i ritmi, Torino, Einaudi.

LonDEr A. 2014, Artificial neural networks and complexity: An overview, in RAMAZZOTTI
2014, 113-130.

MaALAFOURIS L., RENFREW C. 2010, The cognitive life of things: Archaeology, material en-
gagement and the extended mind, in L. MALAFOURIS, C. RENFREW (eds.), The Cognitive
Life of Things: Recasting the Boundaries of the Mind, Cambridge, McDonald Institute
Monographs, 1-12.

MARTINO S., MARTINO M. 2018, A Quantitative Method for the Creation of Typologies for
Qualitatively Described Objects, in BigoT JuLoux et al. 2018, 111-150.

McCLELLAND J.L., RUMELHART D.E. (eds.) 1986, Parallel Distributed Processing. Explorations
in the Microstructure of Cognition, 1, Foundations, 11, Psychological and Biological
Models, Cambridge Ma., MIT Press.

OrensHAW S., OPENsHAW C. 1997, Artificial Intelligence in Geography, Chichester, John Wiley.

Orrtz R., HERRMANN J. 2018, Recent trends and long-standing problems in archaeological
remote sensing, «Journal of Computer Applications in Archaeology», 1, 1, 19-41.

OrtON C. 1980, Mathematics in Archaeology, London, Collins.

PeENNA ML.P., HitcHCOTT P.K., FAstTaME M. C., PEssa E. 2016, Emergence in Neural Network
Models of Cognitive Processing, in G. MINATI, M. ABRAM, E. PEssaA (eds.), Towards a
Post-Bertalanffy Systemics. Contemporary Systems Thinking, Springer, Cham, 117-126.

PessA E. 1992, Intelligenza artificiale. Teorie e sistemi, Torino, Bollati Boringhieri.

QinGLIN Ma, Aixia YAN, ZHIDE Hu, ZuixonG Li, Botao Fax 2000, Principal component
analysis and artificial neural networks applied to the classification of Chinese pottery
of Neolithic age, «Analytica Chimica Acta», 406, 2,247-256.

RamMAzzoTTI M. 1997, La fase ‘Middle Uruk’: studio tramite Reti Neurali Artificiali su un
orizzonte latente nella protostoria della Bassa Mesopotamia, in P. MATTHIAE (ed.),
Studi in memoria di Henri Frankfort (1897-1954) presentati dalla Scuola romana di
archeologia orientale, Roma, Sapienza, 495-522.

RamMazzoTTi M. 1999, La Bassa Mesopotamia come laboratorio storico in eta protostorica. Le
Reti Neurali Artificiali come strumento di ausilio alle ricerche di archeologia territoriale,
Contributi e Materiali di Archeologia Orientale, 8, Roma, Sapienza.

Ramazzotti M. 2002, La Rivoluzione urbana nella Mesopotamia meridionale. Replica ‘versus’
processo, Rendiconti, Serie IX, Accademia Nazionale dei Lincei, Classe delle Scienze
Morali Storiche e Filologiche, 13, 651-752.

RamMAzzoTTI M. 2009, Lineamenti di archeologia del paesaggio meso]?otamico. Descrizioni
statistiche e simulazioni artificiali adattive per un’analisi critica della demografia sumerica
e accadica,in G. MaccHI (ed.), Geografia del popolamento, Siena, Fieravecchia, 193-202.

RamazzoTti M. 2010, Archeologia e semiotica. Linguaggi, codici, logiche e modelli, Torino,
Bollati Boringhieri.

Ramazzottt M. 2013a, ARCHEOSEMA. Sistemi Artificiali Adattivi per un’archeologia
analitica e cognitiva dei fenomeni complessi, « Archeologia e Calcolatori», 24,283-303.

RamazzoTti M. 2013b, Where were the early Syrian Kings of Ebla buried? The Ur-Eridu
survey neural model as an Artificial Adaptive System for the probabilistic localization
of the Ebla Royal mausoleums, «Scienze dell’Antichita», 19, 1, 10-34.

Ramazzotti M. (ed.) 2014, ARCHEOSEMA. Artificial Adaptive Systems for the Analysis
oﬁ Complex Phenomena. Collected Papers in Honour of David Leonard Clarke, «Ar-
cheologia e Calcolatori», Suppl. 6 (http://www.archcalc.cnr.it/supplements/idyear_sup.
php?IDyear=20142-01-01).

Ramazzotri M. 2014a, Analytical Archaeology and Artificial Adaptive Systems, in Ramaz-
zoTTI 2014, 15-52.

Ramazzorri M. 2014b, Analytical Archaeology and Artificial Adaptive Systems Laboratory
(LAAGAAS), in RamMazzoTTI 2014, 53-84.

179


http://www.archcalc.cnr.it/supplements/idyear_sup.php?IDyear=20142-01-01
http://www.archcalc.cnr.it/supplements/idyear_sup.php?IDyear=20142-01-01

M. Ramazzotti

Ramazzortt M. 2016, Archeologia e traduzione. Prolegomena alla meccanografia e alla
simulazione artificiale del sema, in M. RaMAzZOTTI, S. CELANT, F. FAva (egs.), Il segno
tradotto. Idee, immagini, parole in transito, Milano, Marcos y Marcos, 17-26.

RamAzzoTTI M. 2018, Landscape Archaeology and Artificial Intelligence: The Neural Hyper-
surface of the Mesopotamian Urban Revolution, in BIGOT JuLOUX et al. 2018, 60-82.

RaMAZZzOTTI M., BusCEMA P.M., MassINI G., TORRE ED. 2020, Encoding and simulating the
past. A machine learning approach to the archaeological information,in 2018 Metrology
for Archaeology and Cultural Heritage — MetroArchaeo (Cassino 2018), IEEE, 39-44
(https://doi.org/10.1109/MetroArchaeo43810.2018.9089813).

REELER] C. 1999, Neural networks and fuzzy logic analysis in archaeology, in DINGWALL et
al. 1999, 3-10.

SEARLE J.R. 1992, La mente ¢ un programma?, «Le Scienze, Quaderni», 66, 5-10.

SHADMEHR A., MOSTAFAEI S. 2016, Multivariate statistical approaches in archeology: A system-
atic review, «International Journal of the Society of Iranian Archaeologists», 2, 4, 88-93.

SHENNAN, S. 2006, Analytical Archaeology, in J. BINTLIFF (ed.), A Companion to Archaeology,
Oxford, Blackwell Publishing, 1-20.

STERNBERG R.J. 1985, Teorie dellintelligenza. Una teoria tripolare dell’intelligenza umana,
Milano, Bompiani.

TrIER ©., COWLEY D.C., WALDELAND A.U. 2019, Using deep neural networks on airborne laser
scanning data: Results from a case study of semi-automatic mapping of archaeological
topography on Arran, Scotland, «Archaeological Prospection», 2, 26, 165-175.

Viagaru 1. 2014, Investiiating Mesopotamian cylinder seals iconography by using artificial
neural networks. The Isin and Larsa Period, in RamazzoTTt1 2014, 243-262.

WiLLETT M. 2019, A Computational Approach to Cultural Resource Management: Autodetect-
ing Archaeological Features in Satellite Imagery with Convolutional Neural Networks,
Austin, The University of Texas.

Woourr T. 2018, Deep Convolutional Neural Networks for Remote Sensing Investigation of
Looting of the Archeological Site of Al-Lisht, Egypt, University of Southern California,
Faculty of the USC Graduate School.

Wu N., Strva E.A. 2010, Artificial Intelligence solutions for urban land dynamics: A review,
«Journal of Planning Literature», 24, 3, 246-265.

Zusrow E.B.W. 2003, The archaeologist, the neural network, and the random pattern: Problems
in spatial and cultural cognition, in M. FORTE, P.R. WiLL1AMS (eds.), The Reconstruc-
tion of Archaeological Landscapes through Digital Technologies. Italy-United States
Workshop (Boston 2001), BAR International Series 1151, Oxford, Oxbow, 173-180.

ABSTRACT

The study of complex archaeological systems through the new Artificial Intelligence and
Natural and Neural Computing is a research project which evaluates the historical meaning of
the relationships between records of the past as an essentially human construction. It repeats
a strong position of Analytical Archaeology, but updates it on the basis of the progress which
neurosciences and physics have made in simulating the principles which regulate memory,
orientation, classification and mapping of reality. Modelling and simulating the contexts of
the past in integrated, parallel, distributed processing through machine learning methods, must
make use of a precise encoding of the documents. It takes on an important role in empirical
research only when the results produced become the hyper-surface of a network membrane
to continue, update, refine or open the analysis itself. After some 30 years of such theoretical,
analytical and experimental research, logics, semantics and applications of neural computing
maintain their distinct value as a new theoretical approach for the study of dynamic and systemic
cultural complexity. They provide a new analytical paradigm for computational modelling in
archaeology and an advanced computational method for pattern recognition in archaeometry.
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