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Abstract. Artificial intelligence (Al) is increasingly transforming research practices in archaeology,
including the study of rock art, by enabling new approaches to data analysis, pattern recognition, and
digital documentation. While these developments offer significant methodological opportunities,
their ethical and epistemological implications remain insufficiently explored. This paper examines the
integration of Al in rock art research, arguing that its impact extends beyond technical innovation to
reshape the nature of archaeological evidence. Drawing on recent applications of machine learning and
generative Al, it identifies key challenges related to data bias, scarcity, and representativeness, as well
as issues of model opacity and the limitations of standard evaluation metrics. Particular attention is
given to synthetic imagery as a response to data constraints, highlighting associated risks such as dataset
contamination, loss of traceability, and the blurring of boundaries between empirical and generated data.
The paper proposes that Al introduces a shift from observation-based evidence to model-mediated
evidence, raising critical questions about how knowledge is produced and validated. In response, it
outlines a set of practical principles to support the responsible use of Al, emphasizing transparency,
traceability, expert supervision, and the clear distinction between empirical and synthetic data.
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Pe3stome. VickyccrBennbiit untetekt (V1) Bce 6ombie TpaHCHOPMUPYET UCCIIE[OBATENBCKYIO
IPaKTUKY B apXeoJIOTUM, BK/IIOYas M3y4eHle HaCKaJbHOI KMBOMNCH, OTKPbIBasg HOBBIE MOJIXO0-
OBl K aHA/NMM3Y JaHHBIX, PACIIO3HaBaHMIO 00pa3oB M HUQPOBOIL JOKYMeHTauyu. X0OTA 9TH paspa-
60TKM OTKPBIBAIOT 3HAYMTEIbHbIE METOJONOTMYECKIIe BOSMOXXHOCTH, UX STUYECKNEe U SIICTEMO-
JIOTMYeCKMe MOCTENCTBMA OCTAIOTCA HEJOCTATOYHO M3yYeHHbIMI. B JaHHOII cTaTbe paccMaTpuBa-
erca uHTerpauusa VIV B uccnefoBannsa HaCKaAbHOM KUBOICH, IIPU 3TOM YTBEPXKJAETCs, YTO €ro
B/IVIAAHVIE BBIXOOUT 32 PAMKIM TEXHNYIECKNX I/[HHOBaI.U/[I?I " MEHAET CaMy Hp]/[pO,E[y APXEOJIOTNIECKUX
CBUIETE/IbCTB. C 0H0p0171 Ha HETaBHVE IPVIMEHEHVA MAIIMHHOTO O6y‘IeHI/IH VI TEHEPATVBHOT' O mn
B CTAaTb€ BBIJC/IATCA KIO4YEBDIC HpO6}IeMI)I, CBsA3aHHBbIE C IIPEAB3ATOCTHIO, I_Le(bI/II_U/ITOM " penpe-
3€HTAaTVMBHOCTDIO JaHHBIX, @ TAKI)KE€ BOIIPOCHI HEIIPO3PATHOCTU MO,IIEHeiI n orpaHquHMi{ CTaHApT-
HBIX METPUK OLEHKU. OCO60€ BHMMAaHME YOENAETCA CUHTETUYIECKIM I/I306pa)KeHI/IHM KaK CII0CO-
Oy IpeofoeHNst OTPaHIYeHNIT, CBA3AHHBIX C JAHHBIMM, IPU 9TOM MOAYEPKMBAIOTCS COINYTCTBY-
IOl PUCKY, TaKue KaK 3arpsi3HeH1e HabOpOB JaHHBIX, yTpaTa IPOCIKNBAEMOCTI I CTUPAHIe
TpaHUI] MeX/y SMINMPUIECKMMMI U CTeHepMPOBAHHBIMY JAHHBIMU. B cTaThe BBIIBUTAETCA MPEAIIO-
noxxeHue, 4To VIV IpUBOAUT K IEPEXORY OT CBUETENbCTB, OCHOBAHHBIX Ha HAOIOfIEHNX, K CBU-
TeTe/IbCTBAM, OIIOCPEe/JOBAaHHBIM MOJIE/ISIMY, YTO IOJHMMAET Ba’KHbIE BOIIPOCHI O TOM, KaK CO3Jia-
I0TCsI U IIPOBEPSIIOTCA 3HAHMA. B OTBET Ha 9TO B cTaTbe M3/IaraeTcss Habop MPaKTUIECKUX IPUHIU-
II0B, HAaIlpaB/IEHHBIX Ha MOJIEP>KKY OTBETCTBEHHOTO MCIOMb3oBaHuA VIV, c aklleHTOM Ha Ipospay-
HOCTb, IIPOC/IEXNBAEMOCTD, E)KCHepTHbIﬁ HaJ30p 1 4Y€TKOE pa3rpaHnvIeHne MEXnpy SMIMPNIECKN-
MU I CMHTETUYECKMMU TaHHBIMUI.

Kntouesvie cnosa: NCKyCCTBEHHDII MHTETIIEKT, HACKA/IbHAsA XXMBOINCD, aTuKa VIV, GenAl, snncte-
MOJIOTUSA

Brazooaprocmu: aBTOp X0Tes ObI BBIPAsUTh IPU3HATETbHOCTD HepeBopunKy Mapuu @eppe Dep-
HaHJleC 3a IIPOJie/IaHHYI0 pabOTy HaJ| JaHHOII CTaTbell, HeCMOTPs Ha ee TPYAOEeMKOCTb.
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ntroduction

The rapid development of artificial intelligence (AI) has significantly transformed

research practices across multiple scientific disciplines, including archaeology and
cultural heritage studies. In recent years, machine learning (ML) and computer vision
techniques have been increasingly applied to tasks such as site detection, pattern
recognition and digital documentation, offering new possibilities for the analysis of complex
archaeological datasets (Bruno et al., 2010; Bevan, 2015; Fiorucci et al., 2020; Casillo et al.,
2025). At the same time, numerous scholars have emphasized the need to critically examine
the ethical implications of Al systems, particularly regarding issues of bias, transparency,
accountability and epistemic reliability (Mittelstadt et al., 2016; Floridi et al., 2018; Jobin,
Ienca, Vayena, 2019).

Despite this expanding debate, the ethical dimension of AI applications in rock art
research remains underdeveloped. Existing studies have primarily focused on methodological
innovation and performance evaluation, often overlooking the broader implications that these
technologies may have for the interpretation, documentation and conceptualization of the
archaeological record (Horn et al., 2022; Suhaimi et al., 2023; Huo D., Yang, Hou M., 2025).
This gap is especially significant in the study of rock art, where the material is inherently
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heterogeneous, fragmentary and context-dependent, posing substantial challenges for data-
driven approaches (Fiorucci et al., 2020; Sokolovska, 2024).

In fact, studies on ML and computer vision techniques applied to rock art have demonstrated
both their potential and limitations in the field. These techniques can support tasks such as
automatic detection, classification and segmentation of painted motifs, but ultimately cannot
replace expert interpretation (Kowlessar et al., 2021; Jalandoni, Zhang, Zaidi, 2022; Suhaimi
et al., 2023; De Lara, 2025; Huo D., Yang, Hou M., 2025). Model performance seems to be
highly dependent on the quality and representativeness of training datasets, which means that
model accuracy decreases when working in complex contexts characterized by, for instance,
faded pigments or ill-defined superpositions (Fiorucci et al., 2020; Suhaimi et al., 2023; De
Lara, 2025; Huo D., Yang, Hou M., 2025).

At the same time, the emergence of generative AI (GenAl) has introduced new possibilities
for addressing data scarcity through synthetic imagery (Cioni et al., 2023; Veggi, 2025; De
Lara, 2026). Experimental approaches have shown that AI can generate visually plausible
variations of documented motifs under different preservation conditions. Nevertheless, these
developments also raise important concerns regarding the distinction between empirical and
generated material, dataset contamination, and evidential reliability (Cioni et al., 2023; Veggi,
2025; De Lara, 2026).

This paper argues that the integration of Al into rock art research is not merely a technical
issue, but an ethical and epistemological one too. Drawing on both AT ethics literature and
recent applications to rock art research, this study develops a critical framework to tackle
challenges related to data bias, model opacity and synthetic documentation. By situating rock
art as a particularly demanding case study, the main objective of this paper is to contribute to
broader debates on how Al reshapes the production of scientific knowledge and the boundaries
of evidence in the humanities. Certainly, the methodological contributions of AI technologies
to our field are evident, but we must ensure an appropriate ethical and epistemological
reflection when adopting them.

Artificial Intelligence in Rock Art Research: Current State and Limitations

The application of AI to rock art research is a rapidly growing field within digital
archaeology driven by advances in ML, computer vision and the increasing availability of
digital imagery (Bevan, 2015; Fiorucci et al., 2020; Casillo et al., 2025). These technologies
have introduced new approaches to the documentation, analysis and interpretation of
painted motifs, particularly through automated motif detection, classification, segmentation
and predictive spatial analysis.

Studies on ML for rock art research have demonstrated the supervised learning and
deep learning approaches have potential for the automatic identification and segmentation
of rock art motifs (Kowlessar et al., 2021; Jalandoni, Zhang, Zaidi, 2022; Suhaimi et al,,
2023; De Lara, 2025; Huo D., Yang, Hou M., 2025). In controlled conditions, these methods
can achieve promising results, especially when applied to well-preserved figures and
relatively homogeneous datasets. However, their performance decreases significantly when
confronted with the variability that characterizes rock art contexts, including irregular
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surfaces, faded pigments, fragmentation and complex superimpositions (Fiorucci et al.,
2020; Suhaimi et al., 2023; De Lara, 2025; Huo D., Yang, Hou M., 2025). This limitation
has also been confirmed by our latest experimental evaluation, which documented
a marked decline in model performance under such conditions (De Lara, 2025). Similarly,
predictive and spatial approaches based on environmental and geographical variables are
also affected by comparable limitations; as their reliability depends heavily on the quality
and representativeness of input data, the resulting outputs experience great changes in
performance quality (Bonald et al., 2024).

Other studies have also focused on the use of GenAlI for the creation of synthetic datasets to
mitigate the structural scarcity of archaeological data. Some scholars argue that, by generating
controlled variations of existing imagery, these approaches may improve model robustness and
generalization (Cioni et al., 2023; Veggi, 2025; De Lara, 2026). These developments suggest that
generative techniques, although still experimental in this discipline, are becoming increasingly
relevant within the broader field of digital heritage.

Despite these advances, the field remains characterized by significant methodological and
structural limitations, including the scarcity of large annotated datasets, the high variability
of rock art imagery, and the lack of standardized protocols for annotation and evaluation
(Bevan, 2015; Fiorucci et al., 2020; Horn et al., 2022; Sokolovska, 2024; De Lara, 2025). As
a result, many studies continue to rely on small and internally developed datasets, limiting
reproducibility and comparability across research contexts.

All in all, the development of AI applications in rock art research has been primarily
driven by technical and methodological concerns, with comparatively limited attention
to their broader ethical and epistemological implications. While these approaches
offer considerable analytical potential, they also reveal structural dependencies and
interpretative constraints that extend beyond purely technical considerations. In spite of
these limitations, Al has become a valuable tool for rock art research. Applications such as
automated detection, classification, segmentation, predictive spatial analysis and synthetic
data generation have already expanded the methodological possibilities available to
archaeologists and have the potential to improve documentation and analytical workflows.
The ethical and epistemological challenges discussed in this paper therefore arise because of
the growing influence these technologies have on archaeological research and knowledge
production.

Ethical Challenges of AI Systems: Data, Models and Interpretability

One of the main ethical challenges associated with the use of Al in rock art research
concerns the nature and quality of the data used to train ML models. Unlike domains where
large, standardized and well-annotated datasets are available, rock art research is characterized
by structural data scarcity and a high degree of heterogeneity in terms of typology, style,
technique, preservation and documentation conditions (Bevan, 2015; Fiorucci et al., 2020;
Horn et al., 2022; Sokolovska, 2024; De Lara, 2025). From an ethical perspective, this limitation
is not simply a technical constraint, but a source of potential bias that directly shapes the
behavior and outputs of Al systems. As widely discussed in AI ethics, ML models inherit the
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limitations, omissions and distortions embedded within their training data (Mittelstadt et al.,
2016; Gebru et al., 2021; Suresh & Guttag, 2021).

In the case of rock art, this dependency becomes particularly problematic because
available documentation tends to privilege well-preserved, visually clear and frequently
studied motifs over more deteriorated or ambiguous contexts. Empirical applications
reinforce this concern: detection models generally perform better when motifs are clearly
defined and the visual signal is strong, while accuracy decreases significantly in the
presence of faded pigments, irregular surfaces, fragmentation or complex superimpositions
(Fiorucci et al., 2020; Suhaimi et al., 2023; De Lara, 2025; Huo D., Yang, Hou M., 2025). This
asymmetry reveals a fundamental bias: Al systems are more effective at recognizing what
is already visible and well documented, and less capable of identifying motifs that require
interpretative reconstruction.

Additional ethical challenges emerge from annotation practices and the use of transfer
learning. Image labeling through bounding boxes, segmentation masks or categorical
classifications depends on expert interpretation and is therefore shaped by theoretical
assumptions, prior knowledge and subjective criteria. Consequently, annotations are not
neutral representations of reality. In complex cases, thusly, annotations become constructed
interpretations that are encoded into the model itself. Similarly, pre-trained models adapted
from large-scale non-archaeological datasets may prioritize visual patterns that are irrelevant
or misleading in rock art contexts, introducing external biases that further complicate
interpretability and reliability.

Beyond data-related issues, important ethical concerns also arise from the opacity of
many ML systems. Deep learning models are frequently characterized as “black boxes” due
to the difficulty of understanding how specific predictions or classifications are generated
(Doshi-Velez & Kim, 2017; Samek, Wiegand, Miiller, 2017; Lipton, 2018; Rudin, 2019).
In archaeological contexts, this lack of transparency is particularly problematic because
AT outputs are often presented as objective or data-driven results, despite depending on
complex interactions between training data, model architecture and optimization processes.

This issue becomes especially evident in the use of evaluation metrics such as
precision, recall or mean average precision (mAP). Although these indicators provide
useful quantitative measures, they do not necessarily correspond to the epistemological
requirements of archaeological interpretation. A model optimized for recall may generate
numerous false positives, whereas one optimized for precision may overlook subtle or
deteriorated motifs that require contextual and interpretative expertise. Previous studies
have shown that models capable of producing acceptable results under controlled conditions
may nevertheless generate inconsistent or misleading outputs when applied to degraded or
heterogeneous contexts (Fiorucci et al., 2020; Suhaimi et al., 2023; De Lara, 2025; Huo D.,
Yang, Hou M., 2025) (Fig. 1).

Overall, these issues call into question the assumption that AI-based analyses provide
neutral or objective representations of the archaeological record. Instead, they suggest
considering AT outputs as situated and model-mediated results shaped by both computational
design and human interpretation. Recognizing this condition is essential to avoid over-reliance
on automated analyses and to keep expert judgment at the core of rock art research.
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Fig. 1. Ethical pipeline of Al in rock art research. The diagram represents the main stages of an Al workflow
(data, model, output and interpretation) and the key ethical challenges associated with each stage. Cross-
cutting principles such as transparency, accountability, expert supervision and data stewardship are
essential to ensure responsible and epistemologically grounded research practices

Puc. 1. 3muyeckue acnekmel npumeHeHusa VI 8 pabome ¢ HackasabHeimM uckyccmeom. Ha cxeme
npedcmasieHsl OCHOBHbIe SManbl paboye20 npoyeccad ¢ ucnose3osaHuem VW (OaHHble, Modesne,
pe3ynibmam u uHmepnpemayus), a makxe Kro4esole Smuyeckue npobiemeol, C8A3aHHbIE C KAXObIM
u3 Hux. CK803Hble NPUHYUNGI, Makue KaK Npo3payHoCMs, N000OMyYemHoCcme, 3KCnepmHsil Ha030p
u omeemcmaeHHoe ynpassieHue 0aHHbIMU 060CHOBAHHbIX MeMO008 UCC/1e008aHUSA

Generative Al and Synthetic Evidence in Rock Art Research

The structural limitations associated with data availability in rock art research have
encouraged the exploration of alternative strategies aimed at increasing the quantity and
diversity of training datasets. One of them is the use of AI-generated synthetic data, a promising
approach particularly in contexts where empirical documentation is limited, heterogeneous
or difficult to standardize.

In ML, data augmentation techniques have long been used to improve model robustness
through controlled variations of existing datasets, such as rotations, scaling or changes in
illumination (Shorten & Khoshgoftaar, 2019). More recently, advances in generative models,
including generative adversarial networks and diffusion-based systems, have extended these
possibilities by enabling the creation of entirely new images that preserve key characteristics
of the original data while introducing controlled variability (Goodfellow et al., 2014; Ho, Jain,
Abbeel, 2020; Bommasani et al., 2021).

In the context of rock art research, these developments have opened the door to the
experimental generation of synthetic documentation to simulate different conditions of
preservation, visibility and recording (Cioni et al., 2023; Veggi, 2025; De Lara, 2026). In
point of fact, our findings from our latest experimental work have shown that GenAlI

© Hugo de Lara Lopez Journal homepage: http://journal.asu.ru/tpai/index



126 TEOPUS N MPAKTVKA APXEONOMNYECKMX ICCNEQOBAHUM 2026 + T. 38, No3

can produce visually plausible variations of documented motifs. We have simulated
processes such as pigment fading, fragmentation and changes in lighting conditions while
maintaining a direct relationship with the original archaeological record, achieving variable
degrees of success yet consistently reaching the same conclusion: synthetic documentation
can indeed support ML models in rock art research (De Lara, 2026). From a methodological
perspective, these approaches may improve model robustness and generalization, facilitate
the creation of more balanced datasets, and allow the systematic testing of models under
varying visual conditions, thereby expanding the range of experimental tools available for
rock art research.

At the same time, the use of synthetic imagery introduces significant ethical and
epistemological challenges. As generative models become increasingly sophisticated, the
distinction between empirical documentation and artificially generated material becomes
more difficult to establish. Synthetic images may appear visually coherent and archaeologically
plausible while lacking a direct correspondence to observed material reality. In rock art
research, where visual evidence plays a central role in documentation and interpretation, this
ambiguity is certainly problematic (Chesney & Citron, 2019; Crawford, 2021).

A further concern involves the potential contamination of datasets. If synthetic images
are incorporated into training data without clear differentiation, they may reinforce recursive
biases and amplify patterns that are not grounded in empirical evidence (Bender et al., 2021).
This risk is especially significant in a field already characterized by limited and heterogeneous
datasets. Closely related to this issue is the problem of traceability. The use of synthetic material
requires transparent documentation regarding how images are generated, transformed and
linked to their empirical sources. Without such transparency, it becomes difficult to assess data
validity, reproduce results or critically evaluate the role of synthetic imagery in the analytical
process.

Beyond these practical concerns, GenAl raises deeper questions regarding the status
of evidence in archaeological research. Synthetic images are not direct observations of the
past, but constructed representations derived from probabilistic models trained on existing
datasets. As such, they occupy an ambiguous position between empirical documentation
and computational inference, introducing a new category of visual material that challenges
traditional distinctions between observation, interpretation and representation.

Hence, the growing adoption of GenAl reflects a broader shift towards hybrid forms of
knowledge production that combine empirical observation with computational modeling.
While these approaches offer important opportunities for addressing long-standing
methodological limitations, they also require a critical framework capable of ensuring that
synthetic representations remain transparent, traceable and grounded in archaeological
reasoning (Fig. 2).

The increasing integration of synthetic and model-generated material into archaeological
workflows therefore challenges both methodological practices and the epistemological
foundations upon which archaeological evidence has traditionally been defined. As Al
systems progressively mediate the production, transformation and interpretation of visual
data, the distinction between observation, inference and representation becomes increasingly
unstable.
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Fig. 2. Real to synthetic continuum and associated risks in rock art research. From empirical documentation to
fully synthetic imagery, highlighting the hybrid zone where generative Al (GenAl) introduces both opportunities
and ethical challenges. Key risks include confusion between real and generated data, dataset contamination,
loss of traceability, and the weakening of evidential reliability. Responsible practices such as clear labeling,
transparency and expert validation are essential to maintain the integrity of archaeological research
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Puc. 2. KoHmuHyym «om peasibHo20 K CUHMemu4ecKoMy» U CONPXKEHHbIe C HUM PUCKU 8 UCC/Ie008AHUSAX
HackanbHo2o uckyccmaa. Om amnupuyeckol O0OKyMeHmMayuu K NOSIHOCMbIo CUHMemuYecKUM U306paxxeHUAM:
¢hokyc Ha 2ubpudHoU 30He, 8 pamkax kKomopoti npumMeHeHue 2eHepamusHoz2o VW (GenAl) omkpeisaem
HOBble 80O3MOXHOCMU, HO 00HOBPEMeHHO NoPoXx0dem pA0 Smuyeckux npobsiem. K yucsty K/oyesbix puckos
OMHOCAMCA CMeleHUe PeasibHbIX U C2eHepUPOBAHHbIX OaHHbIX, KOHMAMUHAYUA Ha60pos OaHHbIX, ympama
nNpocsiexxusaeMoCcmu NPOUCXOXO0eHUA Mamepuasnos, d makxe CHUxeHue 0oKka3amesibHoU Ha0EXxHoCMuU
pe3yniemamos ucciedosaHus. CobnodeHue omeemcmeeHHbIX NPAKMUK — 8 MOM Yucsie Yémkou
MapKuposKu Mamepuasnos, obecnedeHus NPo3pavHoOCmMu Memooosio2uu U obazamesbHoli 3KkcnepmHol
sanudayuu — A8/1emca He0bX00UMbIM YC/I08UEM COXPAHeHUs Hay4HoU 00CcmogepHOCMU U yeslocmHocmu
apxeosnio2u4ecKux uccie0os8aHuli

Rethinking evidence: epistemological implications of Al in rock art research

The challenges identified in the previous sections point towards a broader issue that
extends beyond methodological and ethical concerns: the need to reconsider the nature
of evidence in rock art research in the context of AI. The integration of AI systems
into archaeological workflows does not simply introduce new analytical tools, but also
transforms the ways in which visual data are produced, interpreted and validated, as
already noted in previous studies on the impact of data-driven approaches in archaeology
(Huggett, 2020).

Traditionally, archaeological evidence has been grounded in direct observation, contextual
analysis, and expert interpretation. In the case of rock art, this involves the careful examination
of pigment traces, surface morphology, superimpositions, typology, style and technique all
of which are evaluated within their archaeological and environmental context. This process
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is inherently interpretative, requiring the integration of multiple lines of evidence and the
application of domain-specific knowledge.

In contrast, ML models are designed to detect statistical patterns in visual data without
the benefit of contextual or theoretical frameworks. While they can identify regularities and
correlations that may not be immediately apparent to human observers, they do not possess
an understanding of the cultural, historical, or material dimensions of the record. As a result,
their outputs reflect patterns in the data instead of interpretations grounded in archaeological
reasoning (Boyd & Crawford, 2012; Leonelli, 2016).

This distinction becomes particularly significant when considering the use of Al-
generated outputs as forms of evidence. In the case of detection models, the identification of
a motif is based on learned visual features, which may or may not correspond to meaningful
archaeological categories. In the case of generative models, the situation becomes even more
complex, as the images produced are not observations of existing material, but synthetic
constructions derived from probabilistic processes. These outputs introduce a new type
of visual material that challenges traditional distinctions between data, interpretation and
representation.

Empirical observations from recent applications reinforce this tension. It has been
shown that ML models struggle to reconstruct fragmented or deteriorated motifs that
archaeologists can interpret through contextual reasoning, highlighting a fundamental gap
between computational detection and human inference (De Lara, 2025). At the same time,
generative models are capable of producing visually coherent representations that simulate
plausible states of preservation, despite not being grounded in direct observation (De Lara,
2026). Together, these findings illustrate a paradox: Al systems are limited in their ability to
interpret incomplete evidence, yet capable of generating convincing representations in the
absence of empirical data.

This paradox has important epistemological implications. It suggests that the use of AI
in rock art research introduces a shift from evidence based on observation to evidence
mediated by models. Therefore, the reliability of a result depends not only on the quality of the
original data, but also on the assumptions embedded in the model and the processes through
which outputs are generated. Consequently, the boundary between empirical evidence and
computational inference becomes increasingly blurred (Fig. 3).

Recognizing this shift requires a critical reassessment of how evidence is defined and
validated in Al-assisted research. Rather than treating model outputs as direct representations
of reality, they should be understood as interpretative constructs that depend on both data and
algorithmic processes. This perspective does not diminish the value of AT as a research tool,
but situates it within a framework that acknowledges its limitations and its role in shaping
knowledge production.

In this sense, the integration of AI into rock art research can be seen as part of a broader
transformation in the epistemology of archaeology, in which digital methods play an
increasingly central role. Addressing this transformation requires technical expertise and,
most importantly, a reflexive approach that critically examines how new technologies influence
the ways in which the past is reconstructed and understood.
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Fig. 3. From observation to model-mediated evidence: an epistemological shift in rock art research. Contrast
between the traditional observation-based paradigm and the Al-mediated paradigm: Al transforms
the production, mediation and validation of archaeological evidence. Particular attention is placed on
the growing role of models in shaping knowledge and blurring the boundaries between observation,
interpretation and representation

Puc. 3. Om Habo0eHuUA K 00Ka3amesabCmMaam, onocpedo8aHHbIM MOOeTAMU: 3NUCMeMOsI02U4ecKul
c08U2 8 UCC/IE00B8AHUAX HACKAIbHORO UCKYccmad. KoHmpacm mexo0y mpaduyuoHHoU napaduemod,
ocHosaHHoU Ha HabdeHUU, U napaduzmol, onocpedosarHHol UN: uckyccmeeHHbIU uHmMesnaekm
mparcgopmupyem npoueccsl Npou3soocmad, MpAaHCIAYUU U 8epUGUKAYUU apXeoso2udeckux OaHHbIX.
Ocoboe sHUMaHUe yOeniaemcsa sospacmatoujeli poau modeseli 8 hopMupoBaHUU 3HAHUSA, a MAKXe
PpAa3mMel8aHuUI0 2paHuy Mexoy HabnoeHueM, uHmepnpemauuel u penpeseHmayueti

Towards an Ethical Framework for Al in Rock Art Research

The challenges outlined in previous sections highlight the need for a structured ethical
framework to guide the use of Al in this discipline. Such a framework should not be conceived
as a set of abstract principles, but as a series of practical guidelines that address the specific
conditions of archaeological data, interpretation and documentation.

The first fundamental principle concerns the clear distinction between empirical and
synthetic data. As GenAl becomes increasingly integrated into research workflows, it is
essential to ensure that all artificially generated material is explicitly identified and documented
as such. This distinction is technical, epistemological, and aims to preserve the integrity of the
archaeological record and prevent the unintentional conflation of observation and simulation.

The second principle relates to data transparency and reproducibility. In line with the
FAIR principles for scientific data management (Wilkinson et al., 2016), datasets used for
training and evaluating ML models should be openly documented, including information on
their origin, composition, annotation criteria, and potential limitations. This transparency is
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particularly important in rock art research, where datasets are often small, heterogeneous and
depend on the context.

The third principle involves expert interpretation. Empirical supervision must remain
central to all stages of the process: while Al systems can support tasks such as detection,
classification, or data augmentation, their outputs should always be interpreted within
an archaeological framework and validated by specialists before being incorporated into
archaeological interpretation or publication. The aim is for expert review to ensure that
automated outputs are critically assessed, contextualized and examined for potential errors
or misinterpretations.

The fourth principle focuses on the responsible use of evaluation metrics. Quantitative
indicators such as precision, recall, or mAP should not be interpreted in isolation. All
indicators must be interpreted in relation to the specific research objectives and the nature of
the archaeological material, which, therefore, guides methodological decisions by interpretative
relevance rather than by the optimization of abstract performance values. For example,
maximizing recall may be appropriate for exploratory surveys, whereas higher precision may
be preferable for systematic documentation and cataloguing.

Particular attention should be given to the traceability of computational processes, which
will be considered as the fifth principle. This includes documenting model architectures,
training procedures, parameter choices and data transformations, especially when synthetic
data are involved. Where GenAl is used, traceability should also include preserving prompts,
source images, model versions and image-generation workflows whenever possible. Ensuring
traceability ensures, at the same time, the replication of results and allows for the critical
assessment of computational processes by other researchers.

Finally, the sixth principle, the implementation of AI in rock art research should be
accompanied by a reflexive awareness of its epistemological implications. Researchers must
remain attentive to how these technologies shape the production of knowledge, influence
interpretative practices, and redefine the boundaries of what is considered evidence. This
reflexive dimension is essential to prevent the uncritical adoption of Al tools and to maintain
a balanced relationship between technological innovation and archaeological reasoning.

Ultimately, these six principles outline a framework that seeks to integrate Al into rock art
research in a responsible, transparent and critically informed manner. This approach aims to
maximize the potential of Al in rock art research while ensuring that its application remains
aligned with the methodological and epistemological standards of the discipline.

Conclusions

The integration of artificial intelligence into rock art research represents a significant
methodological advance, offering new possibilities for the documentation, analysis and
interpretation of complex visual datasets. However, as this study has shown, these developments
are accompanied by ethical and epistemological challenges that cannot be reduced to purely
technical considerations.

The analysis of recent applications demonstrates that Al systems are deeply conditioned
by the quality, structure and representativeness of the data on which they depend. In rock art
research, where datasets are inherently limited and heterogeneous, these constraints introduce
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systematic biases that affect both the detection of motifs and the interpretation of results. At
the same time, the opacity of many machine learning models and the reliance on quantitative
evaluation metrics may create an illusion of objectivity that obscures the interpretative nature
of archaeological analysis.

Generative Al introduces an additional layer of complexity. While synthetic data offer
promising strategies for addressing data scarcity, they also raise important concerns regarding
authenticity, traceability and dataset contamination. More fundamentally, generative
models challenge traditional distinctions between empirical observation and constructed
representation, introducing new forms of visual material that occupy an ambiguous position
between documentation and computational inference.

When taken together, these developments point towards a broader transformation in the
epistemology of rock art research. Artificial intelligence does not simply provide new analytical
tools; it reshapes the conditions under which archaeological evidence is produced, mediated
and validated. Recognizing this shift is essential to ensure that technological innovation does
not outpace critical reflection.

In response to these challenges, this paper has proposed a framework based on the clear
differentiation between empirical and synthetic data, transparency, expert supervision,
traceability, and the reflexive awareness of the epistemological implications of AI. These
principles seek to integrate the use of AI within a research model that remains both
methodologically rigorous and epistemologically grounded.

Future research should focus on the development of standardized datasets, shared
annotation protocols and hybrid approaches that combine computational methods with
expert-driven interpretation. Concurrently, continued dialogue between archaeology,
computer science and Al ethics will be essential to address the evolving implications of these
technologies.

A further step in this trajectory may involve the progressive automation of the analytical
pipeline, including image enhancement, preprocessing and synthetic data generation. In such
scenarios, Al systems could evolve from assisting researchers to autonomously producing
and evaluating visual data in ways that optimize their own performance. While this may
offer advantages in terms of scalability and efficiency, it also raises profound ethical and
epistemological concerns, particularly regarding opacity, accountability and the displacement
of expert interpretation by increasingly self-referential computational processes. For this
reason, full automation should not be seen as an inevitable objective, but as a critical horizon
that requires sustained scrutiny and human control.

In essence, the value of Al in rock art research lies not in its capacity to replace human
interpretation, but in its potential to support and extend it. Ensuring that this potential
is developed in a responsible and critically informed manner remains one of the central
challenges for the field.
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