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a b s t r a c t 

The conservation of stone-based cultural heritage sites is a critical concern for preserving cultural and his- 

torical landmarks. With the advent of Large Multimodal Models, as GPT-4omni (OpenAI), Claude 3 Opus 

(Anthropic) and Gemini 1.5 Pro (Google), it is becoming increasingly important to define the operational 

capabilities of these models. In this work, we systematically evaluate the image classification capabilities 

of the main foundational multimodal models to recognise and categorize anomalies and deterioration 

patterns of stone elements that are useful in the practice of conservation and restoration of world her- 

itage. After defining a taxonomy of the main stone deterioration patterns and anomalies, we asked the 

foundational models to identify a curated selection of 354 highly representative images of stone-built 

heritage, offering them a careful selection of labels to choose from. The result, which varies depending 

on the type of pattern, allowed us to identify the strengths and weaknesses of these models in the field 

of heritage conservation and restoration. 

© 2024 The Author(s). Published by Elsevier Masson SAS. 
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. Introduction 

The preservation of cultural heritage sites is a critical challenge 

n the fields of archaeology, historic preservation, and conserva- 

ion science. Stone monuments, buildings, and artefacts are sub- 

ect to a wide range of deterioration processes over time, includ- 

ng weathering, erosion, biological growth, salt crystallisation, and 

uman-induced damage [ 1 ]. This study focuses on the task of im- 

ge classification, aiming to identify and categorize various stone 

eterioration patterns essential for developing effective conserva- 

ion strategies and interventions. 

In recent years, advances in artificial intelligence and machine 

earning have opened up new possibilities for automated analysis 

f stone-built heritage. In particular, the development of large mul- 

imodal models (LMM) - i.e., AI systems that can process and gen- 

rate multiple types of data, including text, images, and audio [ 2 ] 

 has the potential to revolutionise the way we study and preserve 

he world’ s stone-built heritage. 

Unlike their predecessors, LMMs are capable of processing and 

ntegrating multiple forms of data. This multimodal capability al- 
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ows these models to understand complex inputs that involve more 

han one type of data, such as video, images and text, much like 

ow humans use multiple senses to perceive and interpret the 

orld around them. For example, when presented with an image 

f a historic monument showing signs of deterioration, an LMM 

an analyze the visual features of the image to identify deterio- 

ation patterns and, at the same time it can generate descriptive 

ext explaining these patterns, possibly even suggesting causes or 

emedies based on textual information it has learned. This inte- 

rated approach improves the model’s ability to perform tasks that 

equire both visual perception and language understanding. 

It is important to immediately note the difference between 

hese models and those resulting from specific neural networks 

edicated to identifying specific deterioration patterns as they 

ere usually developed prior to 2023. Indeed, these neural net- 

orks were classical examples of narrow artificial intelligence [ 3 ] 

isual recognition systems created ad hoc for specific stone dete- 

ioration patterns through transfer learning from neural networks 

tructured for specific segmentation and classification problems 

most existing studies have focused on narrow, specialised tasks 

ike crack detection or material classification, often using small 

atasets and custom-built algorithms cfr. [ 4–6 ]). 

These models were trained on very specific deterioration pat- 

erns using dedicated neural networks for each modality (usually 
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Fig. 1. Implemented workflow followed in this study. 
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mage recognition and pattern detection) and thus lacked the abil- 

ty to integrate information across different data types. 

On the other hand, the current LMMs, such as OpenAI’ s GPT- 

omni, Anthropic’ s Claude 3 Opus, and Google’ s Gemini 1.5 Pro, 

im to achieve a general model capable not only of recognising 

ll specific deterioration patterns with the same model but also 

f performing complex diagnoses through linguistic operations or 

pecial cognitive architectures and potentially suggesting specific 

nterventions (e.g., [ 7,8 ]). 

The current generation of LMMs processes all inputs through a 

nified neural network that has been trained on vast amounts of 

ultimodal data. This approach allows the model to consider the 

nterplay between text and images naturally. For example, when 

nalyzing a deterioration pattern, the model doesn’t just recognize 

he visual features but also understands the terminology and de- 

criptions associated with that pattern in literature. 

Despite the extensively studied abilities of these LMMs, the 

pecific skills and limitations of models for heritage conservation 

pplications have not been systematically evaluated. The increas- 

ng integration of these models into human operational workflows 

hus necessitates an extensive and systematic evaluation of how 

tate-of-the-art multimodal models perform on a diverse range of 

tone deterioration patterns and anomalies, using large, represen- 

ative image sets. 

. Research aim 

In this work, we aim to address this gap by conducting a rig- 

rous evaluation of three leading multimodal models - GPT-4omni 

OpenAI), Claude 3 Opus (Anthropic), and Gemini 1.5 Pro (Google) 

 on the task of image classification, specifically recognising and 

ategorizing stone deterioration patterns relevant to world heritage 

onservation. We define a taxonomy of stone deterioration pat- 

erns based on the internationally recognised literature [ 9 ], but 

dapted to suit new AI interpretation tools. We then curate a 

ataset of 354 high-quality images exemplifying these deteriora- 

ion patterns on stone heritage sites around the world. Using care- 

ully designed prompts and label sets, we assess each model’ s per- 

ormance in identifying and classifying the deterioration patterns 

resent in each image. Images and code for the test are available 

see Section 5 Data Availability) in order to allow replication of the 

est to other foundational models or dedicated artificial cognitive 

ntities ( Fig. 1 ). 

Finally, we want to stress out that the implemented test consti- 

utes just a first evaluation on foundational models, without con- 
176
idering any finetuning or additional architectural solution around 

hose models. 

. Material and methods 

A Large Multimodal Model is an AI system capable of process- 

ng and understanding multiple modalities of information, such as 

ext, images, audio, and video. These models aim to mimic human- 

ike perception integrating the complementary nature of differ- 

nt data types. Recent advancements in deep learning, particularly 

ransformer architectures, have enabled the development of large- 

cale multimodal models that can perform a wide range of tasks 

cross various domains [ 10 ]. Multimodal models learn joint rep- 

esentations of different modalities [ 11 ], allowing to capture the 

omplex relationships and dependencies between them. This en- 

bles the models to perform cross-modal reasoning, generation, 

nd retrieval tasks [ 12 ]. Even more so, in the last generation of 

ultimodal models, where all inputs and outputs are processed by 

he same neural network, in comparison with the previous gener- 

tion where the multimodality was achieved by integrating differ- 

nt neural network each one trained on a different modality (Ope- 

AI, 2024). The versatility of LMMs has led to their application in 

 wide range of domains, including healthcare, education, enter- 

ainment, and conservation science. For our purposes, applications 

n healthcare are inspirational, where LMMs have been used for 

edical image analysis, disease diagnosis, and patient monitoring 

 13 ]. While LMMs offer immense potential for automated analy- 

is and preservation of stone monuments, buildings, and artefacts, 

t is also clear that before considering their application, a prelim- 

nary systematic evaluation across various deterioration categories 

s necessary. In our group, the opportunity to test current LMMs on 

uch deterioration patterns was discussed. The positive response 

as dictated by the need to have a realistic overview of the pos- 

ibility of using these tools profitably and integrating them into 

he concrete activities of restoration and conservation of heritage 

here the distinction of these patterns is still hoped for if not re- 

uired. In this work, we decided to evaluate foundational multi- 

odal models, i.e., without specific training and without additional 

ystems or architectures, in order to recognise the native abilities 

f such models. The results of this study, therefore, represent a 

tarting point and an evaluation of the native knowledge of the 

arious models. Numerous benchmarkings were inspirational, but 

e mainly drew inspiration from the GPQA model [ 14 ], for which 

he objective of the test is to evaluate very advanced skills through 

he help of experts in the field. Given the multimodal nature of the 
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odel, the choice of modality and evaluation method was taken 

nto consideration. After careful reflection and preliminary tests, 

e considered that the most important and discriminating abil- 

ty to evaluate would consist in visually recognising stone dete- 

ioration patterns [ 15 ]. In fact, from our preliminary analyses, we 

oticed that closed-form questions of a theoretical nature in the 

orm of audio or text have a very high percentage of correct an- 

wers and do not guarantee a real applicability of the model to 

oncrete cases. At the same time, we estimated that visual eval- 

ation could take place optimally through the administration of 

hotographic images representative of the various patterns to the 

odels. 

.1. Preparation of the test 

Deterioration patterns are the visible signs of the processes that 

ontinually take place in any built object. By their nature, deteri- 

ration processes are not visible and it is through the signs they 

mpose or originate that scientists and professionals interpret and 

esolve them. In this sense, the correct observation and identi- 

cation of existing patterns is the first and most important ac- 

ion that conservation professionals must take care of. Tradition- 

lly, this step is carried out through direct inspection of the object, 

hich involves exhaustive observation of exposed surfaces and de- 

ailed documentation of all relevant data collected. Having auto- 

atic processing of observational data and correct identification 

f deterioration patterns would be a relevant improvement in the 

reparation of conservation interventions, which could end up be- 

ng a high cost/benefit option that would contribute to making 

onservation activities more affordable and attractive. The objec- 

ive of this project is to obtain an AI tool capable of correctly iden-

ifying deterioration patterns, graphically documenting their distri- 

ution throughout the object, and calculating areas and estimat- 

ng costs to carry out the corresponding conservation interven- 

ion. Before embarking on designing a dedicated AI tool to specifi- 

ally address the project’ s objectives, we decided to systematically 

valuate the performance of three of the last generation LMMs on 

tone deterioration patterns recognition, which required a compre- 

ensive benchmarking study. The preparation of the test involved 

wo key steps: creating a taxonomy of stone deterioration patterns 

nd selecting a representative set of images for each pattern. In 

ome preliminary trials, LMMs were allowed to use an open tax- 

nomy, which showed that patterns were described in colloquial 

erms that varied from case to case, even when they described the 

ame pattern. 

.1.1. Creating the taxonomy 

To avoid ambiguity in interpretations as much as possible and 

o focus the description made by LMMs, a comprehensive taxon- 

my of stone deterioration patterns relevant to world heritage con- 

ervation has been defined. It is largely based on the ICOMOS- 

SCS Glossary of deterioration patterns (ICOMOS 2008), with some 

daptations to better meet the needs of this activity, following the 

onsensus gathered in a quick consultation with some profession- 

ls in the area. After careful evaluation of the many terms currently 

sed to describe such patterns, the following list was selected: 

Abrasion, adherent deposit, algae, alveolisation, biological coloni- 

sation, black crust, blistering, chipping, contour spalling, corrosion 

of inserted elements, crack, craquele, dark diffuse biocolonisation, 

deformation, degraded joint filling, detachment of mortar layer, 

differential erosion, discolouration, efflorescence, encrustation, ero- 

sion, film, flaking, fracture, fragmentation, gap, graffiti, granular 

disintegration, lichens, loose deposit, misalignment elements, moist 

area, moss, open joint, patina, perforation, pitting, plant, powder- 

ing, soiling, spalling, staining, sugaring, thin black deposit, unaes- 

thetic joint filling, unaesthetic patch repair . 
177
Fig. 2 illustrates some of the deterioration patterns used to test 

he models in the present study. This list covers a wide range 

f stone deterioration patterns, including the major categories of 

amage signs commonly encountered in stone-built objects: pat- 

erns linked to visual disturbances; patterns representing erosion 

r mass losses; patterns with direct or indirect connection with 

tructural stability issues. As discussed later in this article, LMMs 

howed great difficulties in identifying some chosen patterns, but 

o effort was made here to adapt or change the number and type 

f patterns to see how such adaptations could impact the capabil- 

ties of the tested models. However, such adaptations are not to 

e excluded in future tests if deemed useful to benefit the models 

earning capacity and to improve the produced outputs. 

.1.2. Selecting the images 

The next step in preparing the test was to curate a dataset of 

igh-quality images representative of each stone deterioration pat- 

ern in our taxonomy. We started with a large archive of over 80 0 0

mages collected from various sources, including field surveys and 

onservation reports. The images depict stone heritage sites from 

round the world, spanning different historical periods, architec- 

ural styles, and geological contexts. Although they cover a wide 

ariety of patterns, the images were not taken with this study in 

iew and are therefore certainly not the ideal set that one could 

ope to test. To select the most suitable images for our testing, 

e established a set of criteria. First, each image had to clearly 

ontain the “Target Pattern” as a major occurrence in its contents. 

econd, the images had to be of sufficient resolution and quality 

o allow for detailed analysis by the LMMs. Third, we aimed to 

nclude a diverse range of stone types, surface textures, and en- 

ironmental conditions to assess the models’ robustness and gen- 

ralisation capabilities. It is worth noting that while each image 

as selected with a specific Target Pattern in mind, they always 

ontain other patterns that the models were asked to identify as 

ell. At the end of the process the total number of the selected 

mages was 354. Each photo was selected having one main deteri- 

ration pattern sufficiently clear to be identifiable beyond reason- 

ble doubts. Given the fact that not all patterns are equally abun- 

ant, the authors could not afford to extract from their personal 

rchives a balanced distribution for all patterns (see Fig. 3 ). Since 

he object was not a comparison of performances across the differ- 

nt patterns, this unequal representation was not considered to be 

 problem for the extracted conclusions. Finally, it is worth noting 

hat all images used in this study are sourced from the personal 

rchive of José Delgado Rodrigues (JDR) and were captured during 

eld surveys and documented conservation projects conducted by 

DR over the past decade. As the sole intellectual property of JDR, 

hese images are free from third-party copyrights, and permission 

as been granted to use and reproduce them for academic and re- 

earch purposes as specified in the Data Availability Section. 

.2. Selection of the models 

For this study, we selected three state-of-the-art foundational 

ultimodal models released in 2024: OpenAI GPT-4omni [ 16 ], An- 

hropic Claude 3 Opus [ 17 ], and Google Gemini 1.5 Pro ([18]) . These

odels were chosen based on their very strong performance on all 

eneral benchmarks (e.g., MMLU, GPQA, etc.), their ability to han- 

le a wide range of tasks across different domains and, also, by 

heir adherence to ethical AI practices and data protection stan- 

ards. OpenAI GPT-4omni is an extension of the GPT (Generative 

re-trained Transformer) architecture, which has shown remark- 

ble success in natural language processing tasks. GPT-4omni in- 

orporates visual processing capabilities, enabling it to understand 

nd generate both text and images. The model has been trained 

n a vast amount of web-scale data, processes multiple data types 
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Fig. 2. Example of the deterioration patterns used for benchmarking. 
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imultaneously, thus improving its ability to understand and gen- 

rate diverse outputs. Having real-time responses, being scalable 

nd an improved efficiency, this model is naturally one of the 

est candidates for deployment of real applications to cultural her- 

tage conservation tasks. Claude 3 Opus is Anthropic’ s next gen- 

ration model offering enhanced capabilities in multimodal pro- 

essing. Claude 3 Opus builds upon the successes of the original 

laude model, which demonstrated strong performance on lan- 

uage understanding and generation tasks. Moreover, Anthropic is 

nown for its focus on ethical and robust AI systems. As GTP4- 

mni, Claude 3 Opus processes various visual formats, making it 

otentially suitable for detailed heritage site analysis. Google Gem- 

ni 1.5 Pro is the most advanced model of Google’ s Gemini series 

f multimodal models. It shows excellent results on a vast range of 

asks, including image captioning, visual question answering, and 

mage-text retrieval. Being released by Google, Gemini 1.5 Pro is 

robably the easiest model to scale and the most cost-effective, 

hich thus makes it one of the best candidates for deploying ro- 

ust solutions with possibly high-volume of inference requests. In- 

eed, Gemini 1.5 Pro has a context window of 1 million token, 

hich would translate in a 40 min long video, the possible result 

f a drone inspection of a site [ 18 ]. One last remark on the selec-

ion of the models is on the data security and the ethical consider- 

tions that are paramount in the deployment of Large Multimodal 
178
odels (LMMs) for cultural heritage conservation. All the selected 

odels, i.e., GPT-4omni, Claude 3 Opus, and Gemini 1.5 Pro, fulfil 

ighest ethical practices and data protection standards. Moreover, 

ll three companies offer an API service that allows the images to 

ot be stored or retained by the service providers. 

.3. Implementation of the test 

To evaluate the selected multimodal models on the task of 

tone deterioration patterns recognition, we implemented an au- 

omatised testing pipeline ( Fig. 1 ) which included a simple pre- 

rocessing and a prompt engineering feature. The first step in the 

esting pipeline was to preprocess the curated dataset of images 

n a way compatible with the input size of the selected models. 

o get accurate and concise responses from the models, we used 

 prompt that allowed the model to provide as many patterns as 

ecessary up to five, but only using the list of stone patterns de- 

ned in our taxonomy. We then utilized the official APIs provided 

y OpenAI, Anthropic, and Google to interact with their respec- 

ive multimodal models. Along with the test image provided as the 

ser, the following system prompt for all three models was: 

prompt = ‘‘'Given the pathologies in this list 
{Pathologies}. What is the pathology or 
pathologies of the stones in the picture 
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Fig. 3. Number of selected images for each deterioration pattern as follows: abrasion (2), adherent deposit (6), algae (9), alveolisation (8), biological colonisation (8), black 

crust (18), blistering (9), chipping (7), contour spalling (9), corrosion of inserted elements (5), crack (4), craquele (3), dark diffuse biocolonisation (18), deformation (1), 

degraded joint filling (4), detachment of mortar layer (5), differential erosion (10), discolouration (2), efflorescence (11), encrustation (6), erosion (13), film (6), flaking (8), 

fracture (11), fragmentation (4), gap (6), graffiti (7), granular disintegration (12), lichens (12), loose deposit (4), misalignment elements (6), moist area (10), moss (1), open 

joint (9), patina (3), perforation (3), pitting (4), plant (10), powdering (10), soiling (13), spalling (17), staining (11), sugaring (5), thin black deposit (11), unaesthetic joint 

filling (7), and unaesthetic patch repair (6). 
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Table 1 

Success rates i.e., the recall metric here expressed in percentage, on the identifica- 

tion of the target deterioration pattern. 

Model Targets correctly identified Total possible Success rate (%) 

GPT-4omni 149 354 42.1% 

Gemini 1.5 Pro 138 354 39% 

Claude 3 Opus 86 354 24.3% 

v

e

I

o

L

given by the user? Answer only listing the 
pathology or pathologies separated by a comma 
without stating anything else.’’'. 

The model’s response, containing the identified patterns, was 

hen received and processed. Finally, the image filename, true pat- 

ern label, and the model’ s identified patterns were stored in a 

esults list for the performance evaluation. 

. Results 

After the model response, the results were collected and then 

anually validated. The first action was to confirm whether or not 

he “target pattern” was one of the identified patterns. Then, the 

riginal image was opened to check which of the identified non- 

arget patterns were actually present in the image. The first rele- 
179
ant result is expressed in the rate of success i.e., recall, the mod- 

ls showed in identifying the “Target Pattern” ( Table 1 and Fig. 4 ). 

ndeed, it is important for us to be sure that the most evident 

r relevant deterioration pattern is systematically identified by the 

MMs. 
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Fig. 4. Rate of success, i.e., the recall metric here expressed in percentage, of each model on the “Target deterioration pattern”. Yellow is GPT-4omni, light blue Gemini 1.5 

Pro and blue is Claude 3 Opus. (For interpretation of the references to color in this figure legend, the reader is referred to the web version of this article.) 

Table 2 

Precision of the models in the identification of non-target patterns. 

Model Patterns correctly identified Total identification Success rate (%) 

GPT-4omni 677 1031 65.6% 

Gemini 1.5 Pro 741 1066 69.5% 

Claude 3 Opus 745 1263 58.9% 
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Besides the capability to identify the target patterns, it was 

lso considered as relevant to know the precision in identifying 

on-target patterns present in the images, as openly taken by the 

odel from the prescribed list of patterns ( Table 2 and Fig. 5 ). Fi-

ally, in order to provide additional insights we conducted an ex- 

loratory segmentation task to assess the models’ ability to localize 

he identified deterioration patterns within the images ( Fig. 6 ). Al- 

hough this task is not intended as a validation step for the classi- 

cation results, we considered it relevant for possible future stud- 

es on the subject helping us in understanding the models’ ability 

elated to pattern localization. 

.1. Evaluation metrics 

To describe the performance of the models we employed the 

ecall metric, which corresponds to what we will simply call the 

success rate” of the model, and which is calculated as: 

ecall = TP 

TP + FN 

, 

here TP are the True Positives, i.e., the correct identifications of 

he deterioration patterns present in the images, while FN are the 
180
alse Negatives, i.e., the instances where the patterns were present 

ut not identified by the models. This metric measures the propor- 

ion of actual positives (the deterioration patterns present in the 

mages) that were correctly identified by the models. Recall is par- 

icularly important in scenarios where missing a positive instance 

s costly, such as medical diagnoses or, in our case, the identi- 

cation of critical deterioration patterns in heritage conservation. 

or the identification of non-target patterns, we used the Precision 

etric, calculated as: 

recision = TP 

TP + FP 

, 

here FP (False Positives) are the instances where the model iden- 

ified a pattern that was not actually present in the image. Measur- 

ng the proportion of positive identifications, Precision is important 

hen assessing the reliability of the model’s predictions. As can 

e seen, our conclusions are of a qualitative nature, and introduc- 

ng more complex metrics might lead readers to expect a level of 

uantitative accuracy that our exploratory experiment was not de- 

igned to provide. 
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Fig. 5. Precision, expressed in percentage, in the identification of the presence of non-target patterns (as openly chosen by the models). In the image the color yellow 

represents the model GPT-4omni, the color light blue represents Gemini 1.5 Pro and the blue is for Claude 3 Opus. (For interpretation of the references to color in this figure 

legend, the reader is referred to the web version of this article.) 
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.2. Target patterns 

Results on the recall metric show ( Table 1 ) that the best per-

orming model was that from OpenAI, i.e., the GPT-4omni model, 

hich identified the target deterioration pattern in 42.1% of the 

ases, followed by Gemini 1.5 Pro, which scored a 38.9% rate of 

uccess, while Claude 3 Opus scored only 24.3%. Results also show 

 Fig. 4 ) that GPT-4omni, despite its overall best performance, was 

ot the best performing model across all target patterns. Indeed, 
181
emini 1.5 Pro scored way better than GPT-4omni in identifying 

umerous patterns (e.g. “abrasion”, “alveolisation”, “open joint”, 

tc.) and even Claude 3 Opus, the least performing, out passed it in 

dentifying “craquele” and “alveolisation”. To a certain extent, this 

an be taken as an indication of the lack of reliability of the mod- 

ls for this specific use. 

As a general rule of thumb, we saw that LMMs are better in the 

pontaneous identification of non-target patterns than in identify- 

ng the target pattern allocated to each image ( Table 2 and Fig. 5 ).
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Fig. 6. Example of additional queries to visualise the answers reproducibility. 
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he first set of answers in Table 4 suggests that the models are 

till far from being reliable and that they fall short in guarantee- 

ng that they are able to identify any specific deterioration pattern. 

n the other hand, the results in Table 2 show that the models 

lready have a vast vocabulary and identification processes incor- 

orated, although they still seem not sufficiently structured and ro- 

ust, meaning that, for the most part, they are unusable for prac- 

ical purposes. 

Overall, these first results mean that existing models, despite 

heir enormous capabilities, are not prepared to solve problems 

n the practice of conservation and restoration of built heritage. 

n fact, for any image identified as a paradigm of a given pattern 

f deterioration, only when the ”success rate” (the specific metric 

ould depend on the specific aim of the system) falls very close to 

00% will it be considered ready to be used for practical purposes. 

Besides the rate of success in identifying the target pattern, it 

s also of interest the models’ overall precision in identifying the 

resence of patterns freely taken from the given list. In this case 

emini 1.5 Pro scored a better result than GPT-4omni. It is also 

orth noting that Claude 3 Opus has 9 accurately chosen patterns, 

ut 6 of them were not in the short list of allowed patterns, for in-

tance “window”, “eroded bricks”, etc. In strict terms, these hallu- 

inations could be taken as erroneous identifications, but we opted 

o leave them as produced to illustrate this peculiar behaviour of 

he model. 

.3. Consistency and reliability 

An important element in developing and deploying reliable and 

obust AI models for the conservation and restoration of stone in- 
182
olves understanding the consistency and reliability in diagnostic 

apabilities. This is particularly true for LMMs, whose results are 

ot deterministic but have a certain degree of variability depend- 

ng on the ’ temperature’ at which the model is queried. To bet- 

er understand the process of pattern recognition and its robust- 

ess, we asked GPT-4omni to segment in red the areas affected by 

he pattern for which the model had obtained a high identification 

core, i.e., the presence of algae in the illustrated example ( Fig. 6 ). 

Clearly, this task serves only to provide additional insights into 

he models’ capabilities and limitations but is not intended as a 

alidation step for the classification results. Indeed, at the date of 

he test (May 2024) it was not possible to use all three models 

or concrete segmentation tasks or at least in a way that was ho- 

ogeneous for all three models, therefore nothing more than an 

xploratory and qualitative test was possible. 

In this figure, the first image is the original, part of the test, 

hile the other three are the results obtained in three separate 

essions with the same prompt, i.e., 

prompt = ”’Colour in red the parts that are subject to algae 

pathology”’. 

As can be seen, the model is not consistent for the same 

rompt, providing very different results. On one hand, this is en- 

ouraging, suggesting that there is significant room for improve- 

ent by providing the model with specific fine-tuning, precise in- 

tructions, and diagnostic guardrails. On the other hand, our anal- 

sis highlights the need for the construction of a specific cogni- 

ive architecture, in the absence of which the results of the foun- 

ational model appear to be of weak consistency and thus of ques- 

ionable reproducibility. 
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. Discussion and conclusions 

The study carried out with a selection of deterioration patterns 

ypically found in built heritage objects allowed us to verify that 

he LMMs tested here were not specifically trained for the con- 

ervation and restoration environment of built heritage. Despite 

he enormous capabilities that can be attributed to them, the suc- 

ess rates in identifying patterns are still far from what will be 

equired of them as working instruments to produce usable re- 

ults. The results obtained are extremely informative, showing a 

ignificant variation in accuracy depending on the pattern anal- 

sed. While some patterns are identified with impressive accuracy, 

thers seem invisible to LMMs or indistinguishable from other pat- 

erns. A hypothesis formed in our work group is that the lack of 

pecific training has led large language models (LLMs) to adopt 

he common, non-technical meanings of the words used to identify 

hese patterns. The training of LMMs involves the semantic associ- 

tion between words and images through a process of text, video, 

nd audio encoding into the same semantic space, then training 

ften uses supervised learning and contrastive learning strategies 

 12 ]. However, the absence of a special attention to the techni- 

al meanings that certain words have in the context of conserva- 

ion of cultural heritage leads to a confusion of terms and thus 

o a generic and unspecific diagnosis. A structural problem is then 

he difficulty of distinguishing certain specific patterns from mere 

hotographs, for instance when a tactile evaluation is required for 

heir identification. The three LMMs tested have a broad vocabu- 

ary relevant to the area, but lack the “understanding” of concepts 

nd terminology specific to the conservation and restoration do- 

ain. Therefore, a specific improvement process will be necessary 

o bring them to a level of proficiency compatible with the needs 

f professionals in this field of activity. In fact, we think that the 

esults were encouraging, suggesting that specific training sessions 

n dedicated datasets could improve drastically the results. Finally, 

t is worth noting that, given the rapid evolution of the field, the 

forementioned LMMs have been trained on a large portion of 

he existing non-synthetic data. Given the scarcity of original data, 

ubsequent generations of LMMs are increasingly oriented towards 

raining-based on synthetic data generated by previous versions of 

MMs [ 19–21 ]. While this type of training can be very effective 

n teaching general skills to the models, it is possible that a cogni- 

ive weakness in the training of the actual generation of LMMs will 

ikely remain influencing the successive generations, if not properly 

ddressed. 
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rchive of José Delgado Rodrigues (JDR). Permission has been ob- 

ained from JDR to use and reproduce these images for research 
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