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Abstract. The generation of conceptual models using large language
models (LLMs) for supporting information systems engineering is to-
day being widely discussed. However, since each conceptual model is
expressed in a specific modeling language, the evaluation approaches are
often domain-dependent. In addition, previous approaches often do not
fully disclose how the evaluated model elements are obtained before cal-
culating the metrics. In this paper we thus propose a formal framework
for calculating evaluation metrics on a meta level. The goal is to provide
a first solid basis for the automated and thus scalable evaluation of AI-
generated models. We revert to the FDMM formalism to ensure a sound
formalization for modeling languages and their instantiation. We then
employ two key steps in our evaluation procedure: (i) mapping of the
baseline and LLM-generated models to the generic FDMM constructs,
(ii) evaluation of LLM-generated models against a baseline by comparing
their FDMM representations. This allows for the consistent calculation of
evaluation metrics for various modeling languages using common metrics
such as precision, recall, and F1 score. We demonstrate the application
of the framework by applying the formalization to enterprise architecture
models with ArchiMate and knowledge graphs in the cultural heritage
domain. Finally, we compare the framework against other methodological
approaches and highlight points for further extensions.

Keywords: Conceptual Model · Large Language Model · Evaluation.

1 Introduction

In the field of information systems engineering it is largely undisputed that
conceptual models play an important role for the development of software and
data-intensive systems [31,29]. This stretches today from the support of human
understanding and communication [29,32], to the automated processing using
algorithms, e.g. in model-driven engineering [8], for analytics and simulations,
or via formal reasoning [6,17]. Thereby, the creation of models has been tradi-
tionally accomplished manually with the help of software-based modeling tools.
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Due to the large effort required for creating models, several proposals have been
made to apply natural language processing (NLP) techniques to this task in or-
der to automate the generation of models from textual descriptions, e.g. [2,36,1].
Most recently, the availability of large language models (LLMs) has consider-
ably boosted the quality of such generations and the effects of this technology
are being increasingly studied [18,42,19].

However, there are still several open issues regarding the use of AI for mod-
eling, one major challenge being the quality of AI output. The quality of models
thereby includes physical, empirical, syntactic, semantic, pragmatic, social and
deontic quality [26]. According to Krogstie, physical quality pertains to the avail-
ability of a model, i.e. that it is persistent and available for further processing.
Syntactic quality relates to syntactic completeness, i.e. that only constructs of
the syntax of the language are used, and semantic quality relates to the valid
and complete correspondence between a model and its domain. In previous ap-
proaches, it was common to compare AI output to human-curated baselines or to
some ground truth [42], whereby mostly syntactic and semantic quality were con-
sidered [12]. Similar to previous approaches in model extraction through natural
language processing [4], also LLM-based model creation approaches are evalu-
ated using metrics from information retrieval such as precision, recall, and F1
scores [42].

The evaluation of the correctness of generated models is a non-trivial task and
would typically require a human expert to assess potential differences in naming
and structure that are still considered correct. However, in order to automate the
evaluation of generated models as required for large scale experiments, an exact,
machine-processable evaluation procedure is necessary. Previously, this has been
approached for example using simple matching, the use of semantic schemata or
even LLMs themselves [12,43]. In addition, evaluations were specifically adapted
to single modeling languages, such as class diagrams, use case diagrams, process
or entity-relationship models, cf. [37].

For providing a formal basis for such evaluations that is applicable to multiple
modeling languages, we thus propose in the following a generic, formal evaluation
framework for arbitrary types of conceptual models. The goal of this framework
is to enable the automated and thus scalable evaluation of LLM outputs using
common metrics to ensure evaluations beyond human judgments. In this paper
we will therefore focus first on physical and syntactic quality as pre-requisites for
other aspects of quality such as empirical, semantic and pragmatic quality [26].
In addition we will consider attribute similarity for checking the existence of
correct attribute values, including labels and reference attributes. We do not
consider at this stage aspects of behavioral semantics nor semantic similarity of
attributes but rather aim at the syntactic comparison to some ground truth.

For guiding the development of the framework we derived three research
questions:

– RQ1: How can conceptual models based on different modeling languages be
formally represented in a unified way for enabling the application of standard
metrics for comparisons?
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– RQ2: How can such formally represented conceptual models that are ei-
ther generated by AI or by humans be quantitatively compared to baseline
representations using an algorithmic approach?

– RQ3: What are the benefits of such an approach in comparison to previous
approaches?

As shown in Figure 1, the approach is comprised of four main parts: the
generation of models using CMAG prompting [20] and with the resulting output
OUTllm; the filtering of this output through the validation of the syntax and
removal of incorrect outputs; the mapping to the formal framework based on the
FDMM formalism, which includes a meta model and instance model mapping of
the filtered output and the baseline model OUTbase; and finally the evaluation
of the mapped outputs.

Fig. 1. Overview of our formal framework for evaluating LLM-generated conceptual
models.

The remainder of the paper is structured as follows: Section 2 will outline
related approaches for the evaluation of LLM-generated models. Section 3 will
introduce the foundations necessary for our approach in terms of the FDMM
formalism and the CMAG prompt structure. Section 4 presents our framework,
followed by two application examples in Section 5 that exemplify the framework
usage for formalizing enterprise architecture models and knowledge graphs. Sec-
tion 6 discusses the approach and its comparison to previous approaches. Sec-
tion 7 concludes the paper with an outlook on future work.

2 Related Work on Evaluating LLM-generated Models

Since LLMs demonstrate impressive capabilities in generating conceptual mod-
els, evaluation approaches have likewise evolved. From the existing literature on
evaluating generated models, frequently identified methods include the manual
verification by experts, the comparison of the LLM output to some ground truth
dataset, and evaluation using LLMs themselves.

As LLM-generated output has not yet reached fully reliable outcomes, hu-
man experts remain essential in the evaluation process. For software modeling
with UML class diagrams, Shehata et al. [40] evaluate GPT-generated models



4 Vasic et al.

by involving experts who compare the models to ground truth diagrams. Auto-
mated domain modeling with LLMs has also been tested on UML class diagram
generation and evaluated by experts in [11], highlighting the challenge to reach
consensus among human modelers. In the work of De Bari et al. [14], both stu-
dents and LLMs were employed to generate UML diagrams based on several
modeling exercises, whose solutions were then compared and checked against
syntactic, semantic, and pragmatic errors by a human expert. Cámara et al. [13]
observed various flaws in ChatGPT-generated software models by evaluating the
output themselves manually.

In the work of [35], LLM-generated class, attribute, and association genera-
tors are evaluated by manually assigning matching scores across various strict-
ness criteria, i.e., beyond strict matching like in our workflow, after which the
statistical analysis was reported for each level of strictness. In a similar idea to
ours, that is, primarily mapping to a formal framework before evaluation, Lo et
al. [28] leveraged knowledge graphs to map ontologies and measure their simi-
larity with the ground truth. They tested semantic and structural similarity in a
fuzzy manner, which gives different results than strict matching, by using edges
and subgraphs as evaluation elements.

As LLMs advance, they have emerged as tools for evaluation themselves [45],
as presented by Calamo et al. [10] for assessing generated UML class diagrams
against the human-generated dataset. Huang et al. [23] used a fine-tuned LLM
to evaluate the factual correctness of knowledge graph triples. Precision, recall,
and F1 score metrics were employed by Silva et al. [41] to evaluate the Tree-of-
Thoughts prompting technique for UML class diagram generation, comparing it
against a reference solution using an LLM-based evaluation. However, Ibáñez et
al. [24] found that LLMs are unreliable in evaluating UML class diagram designs
compared to expert evaluation performance, due to the inability to interpret
semantics and evaluative reasoning. On the other hand, the findings of Tsaneva
et al. [43] indicate that the inclusion of LLMs in the knowledge graph evaluation
process increases the precision while negatively affecting the recall and conse-
quently the F1 score. Moreover, the hybrid approach, where human involvement
complements the LLM evaluator, demonstrated the best overall outcome.

Despite these previous efforts, a formal framework for evaluations against a
baseline of models of arbitrary type has not yet been proposed. We thus present
in the following a solution approach based on the FDMM formalism for laying
the basis for automated and scalable evaluations.

3 Foundations on Formalizing Conceptual Models

In this chapter we will describe the foundations required for our approach. This
will include a brief characterization of the core parts of FDMM and the CMAG
prompt structure. FDMM (Formalism for Describing Metamodels and Models)
was developed to provide an exact description of meta models and their in-
stantiation to models using only set theory and first-order logic [21]. Its origi-
nal intention was to formalize modeling languages in ADOxx, which is widely
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used in domain-specific conceptual modeling. It has been applied e.g. to process
modeling [39,25], service modeling [5], or rule modeling [34]. For the scope of
this paper we will use it for describing meta models and models on a common,
technology-independent level.

According to FDMM, meta models MM are used for deriving model in-
stances mt. A meta-model is a tuple MM =

〈
MT,⪯,domain, range, card

〉
where MT is the set of model types and MTi is a tuple MTi =

〈
OT

i ,D
T
i ,Ai

〉
,

which consists of a set of object types OT
i , a set of data types DT

i , and a set of
attributes Ai.

The attributes Ai will also be used for expressing relations between object
types through references. This will be used for realizing attributes that point to
other object types as well as for describing the start and end of edges, which are
described as object types as well. The object types, data types, and attributes
are part of their respective total sets, i.e. OT =

⋃
j O

T
j ,D

T =
⋃

DT
i ,A =

⋃
Ai.

The ⪯ operator describes an ordering on the set of object types OT , in the sense
that ot1 ⪯ ot2 states that the object type ot1 is a subtype of the object type ot2
and inherits its attributes.

FDMM defines functions for attaching attributes to object types, for defining
the range of attribute values, and for the number of attribute values per object
type instance. The domain function maps attributes to the power set of all
object types, i.e. domain : A → P(

⋃
j O

T
j ). It will constrain what objects an

attribute can map in the model instances and is thus used to attach attributes
to a particular set of object types. The range function maps an attribute to
the power set of all pairs of object types and model types, all data types, and
all model types, i.e. range : A → P

(⋃
j(O

T
j × {MTj}) ∪DT ∪MT

)
. On the

level of the model instances, the range function will later constrain what values
an attribute can have. For the definition of a meta model it serves to describe
the type of an attribute. We can distinguish three cases that may be combined:
i. where the attribute points to an instance of an object type that is contained
in a particular model type (OT

j × {MTj}; ii. where the attribute points to an
instance of a datatype DT , or iii. where the attribute points to an instance of a
model type MT. With the card function it can be specified how many instances
of object types, data types, or model types an attribute of a particular object
type may have, i.e. card : OT ×A → P(N× (N ∪ {∞})). FDMM defines several
correctness criteria for meta models, which we will omit here for brevity and
which the interested reader may find in the original source [21].

Next, we describe how FDMM defines the instantiation of meta models to
models. For this purpose, FDMM maps model types, object types, and data
types to model instances, objects, and data values. In addition, so-called triples
are defined that assign values of attributes to objects. The instantiation of a
metamodel MM is a tuple

〈
µmt, µO, µD, T , β

〉
. µmt, µO, and µD are functions

that map from the elements in the meta model to instances.
The function µmt : MT → P(mt) maps model types to the power set of

model instances. The function µO :
⋃

j

(
OT

j × {MTj}
)
→ P(O) stands for the

mapping of object types of a specific model type to the power set of object
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instances where the set of all object instances is O =
⋃

j µO(OT
j × {MTj}

)
.

For brevity we omit here the specification of abstract object type, which can
be specified in FDMM and that is not to be instantiated directly. The function
µD : DT → P(D) maps data types to the power set of data objects. Further
constraints on data types are not contained in FDMM itself. Rather, it is left to
the user to add them if necessary or otherwise refer to commonly known data
types such as integer numbers or strings.

Finally, triples T ⊆ O×A× (D∪O∪mt) are used to describe the contents
of model instances. They combine object instances and their attributes with
instances of data types, other object instances, or model instances. The triples
are then assigned to concrete model instances via the map β : mt → P(T ).

3.1 CMAG Prompt Structure

The CMAG (Conceptual Model Augmented Generative Artificial Intelligence)
framework positions conceptual models as interfaces to large language models
during the prompting and the generation phase [20]. It proposes a prompt struc-
ture based on the following elements: a few shot context for informing the LLM
about the modeling language, a task framing to reference the modeling language,
the actual task content for describing the intended answer of the LLM, and the
output description that refers again to the modeling language. As LLMs can
adapt their responses through few-shot prompting, they may be guided with
information about a meta2 model, metamodel and sample instances in the few
shot context. Alternatively, the task framing and the output description may
reference a modeling language that the LLM has already been trained on. The
result of this prompt structure is that LLMs can be forced to create models for
a given task content. For example, instead of producing the description of the
steps of a business process for some service in textual form, the LLM can be
thus forced to create a model in BPMN notation. Similarly, other schemata for
modeling languages can be defined specifically for CMAG prompts or existing
languages re-used. As a consequence, users can more easily assess an LLM’s out-
put and conduct modifications in the created models, which can be sent back to
the LLM for further processing, e.g. in agentic workflows [16].

Thus, the expected output from an LLM after using the CMAG prompt is a
model instance (OUTllm) that tends to exhibit higher accuracy than the output
obtained from an unstructured regular prompt to an LLM.

4 Formal Evaluation Framework Based on FDMM

Following our schematic workflow in Figure 1, we advance now with the presen-
tation of the two main blocks for the evaluation after the generation of OUTllm:
the filtering of the raw LLM-generated output, the mapping to FDMM and the
formal definition of evaluation metrics.
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4.1 Filtering LLM-generated Output

Considering that the LLM output is inherently unstructured and represented
in a raw format, its filtering becomes an important pre-processing step to dis-
card undesired outputs before the formal evaluation. Hence, we perform a strict
filtering on syntactically incorrect instances. More precisely, if any part of the
generated output is syntactically incorrect, the entire output instance is dis-
carded. The filtering is thereby accomplished using modeling language specific
validation standards since there is no universal tool for evaluating the syntactical
accuracy of arbitrary model instances. For instance, we used an RDF validator
for RDF instances, which focuses on structural correctness, whereas the valida-
tor we use for ArchiMate models additionally performs some semantic checks.
This can be considered a limitation of the approach since it needs to be adapted
to each language individually once. However, once the syntactically erroneous
instances are discarded, the workflow can proceed to mapping LLM-generated
output OUTllm to FDMM.

4.2 Mapping to FDMM and Formal Definition of Evaluation
Metrics

Our assumption is that every conceptual model can be mapped to FDMM con-
structs, as the formalism provides a sufficiently general framework to repre-
sent diverse domain-specific languages. The mapping of a modeling language
to FDMM needs to be defined once and can subsequently be used for an arbi-
trary number of model instances based on this language, thereby ensuring the
scalability of the approach.

A formal evaluation step is defined as e(f, g), where f is a result of mapping
any baseline model (OUTbase) to FDMM, such that f = ⟨Obase,Dbase, Tbase⟩,
and g is a result of mapping any LLM output (OUTllm) to FDMM, such that
g = ⟨Ollm,Dllm, Tllm⟩. The general function e represents any evaluation metric
instantiated by the list of specific measures, such as lexical and semantic included
in [9]. In this study, only a few of them are used for representation. We use
subscripts "base" and "llm" to denote the baseline and LLM-generated elements.
Considering any meta model MM and its model types MTi =

〈
OT

i ,D
T
i ,Ai

〉
,

the evaluation sets — LLM-generated object type instances Ollm, data type
instances Dllm, and triples Tllm — are being compared to their respective baseline
counterparts Obase, Dbase, and Tbase.

Next, we introduce an FDMM-based formal foundation of the evaluation
framework, which serves for calculating metrics commonly used in the literature.
We define SO, SD, and ST , each providing insights into whether the expected
FDMM elements are generated. Given the baseline and LLM-generated sets of
elements, we can write a simple matching score expression: SO = |Obase ∩Ollm|,
SD = |Dbase ∩Dllm|, ST = |Tbase ∩ Tllm| .

However, the comparison is not always straightforward since LLMs occasion-
ally generate additional, unexpected elements. Furthermore, the quantity of gen-
erated elements might fall below that in the baseline sets, additionally prompting
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for extending the evaluation strategy. Therefore, we introduced a new evaluation
criterion, which respectively shows whether there exist additional or missing set
elements in the LLM-generated output. Accordingly, symbols (+), (−), and ∆
are assigned to the score S to respectively denote missing elements, extra gen-
erated elements, and their difference. We denote a general scoring function S(·)
where the subscript denotes one of the sets O, D, or T . We can now gener-
alize the expressions for SO, SD, and T into S(·) = |(·)base ∩ (·)llm| , where
(·) ∈ {O,D, T }. Similarly, for any baseline and LLM-generated sets, and con-
sidering the defined notation (·) previously, we introduce: S−

(·) = |(·)base \ (·)llm|,
S+
(·) = |(·)llm \ (·)base|, and S∆

(·) = S+
(·) − S−

(·), where S−
(·) denotes the number of

missing elements in LLM-generated sets and S+
(·) denotes the number of extra

elements in the LLM-generated sets and S∆
(·) refers to the final difference be-

tween missing and extra counts in the generated sets. The sign of S∆
(·) indicates

the balance between extra and missing elements, such that S∆
(·) > 0, S∆

(·) = 0,
S∆
(·) < 0, if it holds S+ > S−, S+ = S−, S+ < S−, respectively.

Guided by the evaluation metrics in the literature, our approach enables the
formal formulation of standard metrics for models of any type1, such as precision,
recall, and F1-score. For simplicity, our metric considers strict matching rules
although it could be extended to the semantic precision and recall similarly to
proposed research by Euzenat [15]. The evaluation function e(f, g) introduced
earlier is formally expressed in a general way as follows:

p(·) =
S(·)

|(·)llm|
, r(·) =

S(·)

|(·)base|
, F1(·) =

2p(·)r(·)

p(·) + r(·)
; (1)

where p and r stand for precision and recall. For a collection of K evaluated
models, indexed by k = 1, . . . ,K, the aggregated statistics of these metrics
(Equation 1) can be expressed through the mean and standard deviation. The
empirical evaluation that can accordingly be derived is presented in the following
section.

5 Demonstration of Application

For demonstrating the application of our approach, we apply the mapping step
to FDMM to two modeling languages from very separate domains. First to the
ArchiMate modeling language and second to knowledge graphs2.

1 Note that recall and F1-score are calculated in terms of the baseline set instance
(·)base rather than the world set relevant elements. The inclusion of the world set of
relevant values would demand extending the baseline in order to further classify the
extra LLM-generated instance. This is envisaged for future work.

2 Code and supplementary material can be found online at:
https://doi.org/10.5281/zenodo.21263688
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5.1 Enterprise Architecture Models in ArchiMate

ArchiMate [33] is an open and independent modeling language for enterprise
architecture that provides instruments to describe, analyze, and visualize rela-
tionships among business domains used by many large organizations [27]. The
elaborations in the following are based on Open Group’s ArchiMate version
3.2 [33] and the concrete realization of ArchiMate in PlantUML, which we found
to work well in LLM-based settings.

As can be seen in Figure 2, mapping PlantUML and ArchiMate to FDMM is
accomplished through the definition of a meta model composed of one model type
MM = {MTAM} where MTAM = ⟨OT

AM,DT
AM,AAM⟩. Then we assume OT

AM =
{Category, ElementType, Element,RelationType, Relation}, DT

AM = {string},
and finally AAM = {relationName, description, hasRelationType, hasCategory,
hasElementType, identifier, label, fromElement, toElement, elementName,
fromElementType, toElementType, categorization, categoryName}.

FDMMPlantUMLArchiMate

Element (Meta) 

Layer

Aspect

Name

Element (Instance)

ElementName

Category

Description (Element)

{ElementType}

{Category}

{identifier}

{label}

{RelationType}Relationship

Flow Object

Influence

NameOfTheElement 

RelationType

Description (Relation) {description}

Fig. 2. Mapping between ArchiMate and PlantUML for formalization in FDMM

A concrete model can then be instantiated as µmt(MTAM) = {mtam1
}

along with some object types instances µO(Category,MTAM) = {Business},
µO(Element,MTAM) = {Underwrite}, µO(ElemenType,MTam) = {Process}
and data type instances µD(string) = {underwrite, UnderwriteRisk}. Finally,
we describe triples of the model instance, (Process categorization Business) ∈
β(mtam1) or (Underwrite label “UnderwriteRisk”) ∈ β(mtam1).

The filtering step was executed using the PlantUML web editor. In the sub-
sequent phase, only models that were deemed valid were transferred to FDMM.
The majority of invalidations were attributed to prefixes and suffixes surrounding
the PlantUML code or the inclusion of non-existent elements, such as “Business
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Domain”. Through this mapping we can show that ArchiMate models in Plan-
tUML notation can be successfully mapped to FDMM, thus providing the basis
for calculating the comparison metrics.

5.2 Knowledge Graphs in Cultural Heritage

The second demonstration refers to the generation of knowledge graphs in the
domain of cultural heritage, similar to the work of Vasic et al. [44]. Knowledge
graphs represent formal structures of information systems where entities (also
known as nodes and vertices) and semantic relationships are connected as a graph
[22]. Two entities and their mutual relationships form a triple, often represented
in RDF format as subject, predicate, and object [30]. The Getty Collection was
chosen as a reference dataset in this study, and it is organized through the
Linked Art model [38] built upon Linked Open Data standards and serialized in
RDF-compatible JSON-LD format.

Since certain parts of the Getty Collection URIs are entirely specific to the
internal organization of the museum, we intentionally do not consider them in
their full format, as our objective is not to evaluate LLM output against these
specific identifiers. Instead, we simplify them by introducing a custom prefix
concept and mapping the Getty-specific one to it. For example, we introduced
concept:object, concept:material, and others listed in the supplementary ma-
terial. Moreover, since our generation and evaluation algorithm processes one
painting at a time, there is no possibility that one concept overlaps with another
contained in the rest of the artworks.

FDMMRDFGetty Collection

Getty-specific URIs

CRM property

CRM class

rdf:type

Literal

RDF terms

rdf:type

rdfs:Literal

{RDFterms_concept}

{RDFterms_crm_property}

{RDFterms_crm_class}

{type}

{dateTime, string, url*}

Fig. 3. Mapping Getty collection knowledge graphs elements to FDMM through RDF.
(*) denotes elements that exist in the model but are excluded from the generation or
the evaluation.

Next, we describe the mapping process of the baseline model OUTbase and
the resulting tuples ⟨Obase,Dbase, Tbase⟩. A meta model is defined involving
one model type, MM = {MTGC}, for which the subscript is assigned accord-
ing to the Getty Collection and CIDOC-CRM ontology, and where MTGC =
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⟨OT
GC,D

T
GC,AGC⟩. Then we define object types, data types, and attributes, re-

spectively, as follows: OT
GC = {RDFterms_concept, RDFterms_crm_property,

RDFterms_crm_class}, DT
GC = {dateType, dateTime, url}, and AGC =

{type, has_concept, has_property, literal, identifier}. Note that we introduced
identifier as an attribute construct that links the RDFterms_concept to the orig-
inal Getty identifiers3. Its role serves to complete our mapping but is excluded
from evaluation, as it is meant to map back the previously mentioned concepts to
the Getty URI. Figure 3 presents the mapping of the Getty Collection concepts
to FDMM, with alignment to the RDF concepts.

In the model instantiation phase, we may assume µO(concept, MTGC) =
{concept : material} and µO(RDFterms_crm_property, MTGC) = {crm :
P190_has_symbolic_content} as object type instances. We further assume one
data type instance as µD(string,MTGC) = {′Oil on canvas′}. Finally, we may
write triples out of these elements to express the material used for a paint-
ing: (concept:material has_property crm:P190_has_symbolic_content) ∈
β(mtgc) and (crm:P190_has_symbolic_content literal ′Oil on canvas′) ∈
β(mtgc). The filtering step was performed using an open-source tool4.

5.3 Demonstration of the Calculation of Metrics

For demonstrating the calculation of the evaluation metrics introduced in 4.2,
we show in the following only first results for generating 20 knowledge graphs
for paintings in the cultural heritage domain to give an impression how results
can be generated. We used Gemma3:12b, GPT-oss-120b, and Gemini-2.5-pro
models. The CMAG prompt structure was used to force model creation for a
given task content [20]. At first, a CMAG context reference was provided to
each LLM, which points to the Getty Collection and CIDOC-CRM ontology. In
the prompt, the LLM is requested to generate a model in Turtle format of triple
statements for a given painting description. The included reference painting was
chosen from the Getty Collection5. Additionally, the context reference includes
the required concepts that will be evaluated after, such as the painting’s place
and date of creation, artist, and the materials used, among others.

The model in CMAG terms includes an example for a few-shot prompt. Fi-
nally, a pattern is included, representing a painting description, based on which
the KG should be derived. The filtering step was then performed using an open-
source tool4, which reported that all LLM-generated graphs complied with the
Turtle syntax. Therefore, 20 knowledge graphs, each related to a specific paint-
ing, were considered for evaluation. The summary of missing and extra LLM-
generated elements, and their respective differences, are represented in Table 1

3 An example of the original Getty identifier is https://data.getty.edu/museum/
collection/object/e79dc10c-da13-481a-8e81-4b30474d6778.

4 Available at: [https://github.com/IDLabResearch/TurtleValidator], accessed:
14.11.2025

5 Portrait of a Woman, available at: [https://www.getty.edu/art/collection/
object/114T8J], accessed 05.11.2025

https://data.getty.edu/museum/collection/object/e79dc10c-da13-481a-8e81-4b30474d6778
https://data.getty.edu/museum/collection/object/e79dc10c-da13-481a-8e81-4b30474d6778
https://github.com/IDLabResearch/TurtleValidator
https://www.getty.edu/art/collection/object/114T8J
https://www.getty.edu/art/collection/object/114T8J
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Table 1. Illustrative evaluation scores for the knowledge graph use case.

LLM SOGC S−
OGC

S+
OGC

S∆
OGC

SDGCS−
DGC

S+
DGC

S∆
DGC

STGC S−
TGC

S+
TGC

S∆
TGC

Gemini 440 8 17 9 119 9 18 9 794 26 77 51
Gemma 446 2 14 12 118 10 21 11 808 12 71 59
GPT 447 1 13 12 110 18 29 11 801 19 79 60

as well as the calculation of first results of precision, recall, and F1 score in
Table 2. Note that these results are only for verifying the feasibility of the calcu-
lations due to limitations of space here. For a sound evaluation, a larger number
of LLMs as well as variations on the number of runs and parameter settings
would need to be included in addition. We reported the descriptive statistics
across the 20 paintings, however, no statistical significance tests were performed
because it is currently beyond the scope of the study to measure the differences
in performance across LLMs. Therefore, with such illustrative analysis, we can-
not conclude on whether the observed differences across LLMs are statistically
significant.

Table 2. Illustrative statistical results for the knowledge graph use case: Precision,
recall, and F1-score are reported as mean (̄·) ± standard deviation (σ) across the K
generated models (K = 20).

precision (%)
OT

GC DT
GC T

Gemini 96.30 ± 4.06 87.14 ± 13.83 91.25 ± 8.48
Gemma 96.95 ± 2.86 84.64 ± 12.75 91.91 ± 6.08
GPT 97.17 ± 2.13 79.16 ± 14.96 91.02 ± 6.19

recall (%)
OT

GC DT
GC T

Gemini 98.22 ± 3.65 92.86 ± 12.09 96.81 ± 5.88
Gemma 99.54 ± 1.40 92.14 ± 13.23 98.52 ± 2.20
GPT 99.78 ± 0.97 85.71 ± 13.88 97.67 ± 2.21

F1 Score (%)
OT

GC DT
GC T

Gemini 97.23 ± 3.51 89.61 ± 12.05 93.84 ± 6.63
Gemma 98.22 ± 1.99 88.10 ± 12.49 95.02 ± 3.76
GPT 98.45 ± 1.26 82.14 ± 14.01 94.15 ± 3.86

6 Discussion and Guidelines for Applying the Framework

With our approach we could show how an evaluation of LLM-generated con-
ceptual models can be addressed in a modeling language agnostic way, thereby
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answering RQ1 and RQ2. For answering RQ3, we present in Table 3 a compari-
son of our approach against previous approaches. The comparison focuses only
on the evaluation step rather than the methods for the generation of conceptual
models, pre-processing, or post-processing.

Table 3. Comparison of techniques and metrics used for evaluating LLM-generated
conceptual models across studies in the literature. The reported values for our approach
are reported in the last column. NS - Not Specified

A
rt

ic
le

A
ut

om
at

ic
/

H
um

an
in

th
e

L
oo

p

C
od

e
A
va

ila
bl

e

O
ut

pu
t

Fo
rm

at
(s

)

E
va

lu
at

io
n

M
et

ri
cs

M
od

el
in

g
L
an

gu
ag

e
In

de
pe

nd
en

t

E
va

lu
at

io
n

A
rt

ef
ac

ts

Fo
rm

al
R

ep
re

se
nt

at
io

n

[7] A ✓ Custom

Mean, Standard
Deviation,

Significance,
Precision, Recall,
F0.5 Score, F1
Score, F2 Score

✗
Classes,

Associations ✗

[40] H ✗ PlantUML Average structure
rating ✗

Classes,
Attributes,

Relationships
✗

[11] H ✓ Custom Precision, Recall,
F1 Score ✗

Classes,
Attributes,

Relationships
✗

[3] NS ✓ Custom F1 Score ✗ Custom DSL ✗

[10] A ✓ PlantUML Precision, Recall,
F1 score ✗

Classes,
Associations,
Attributes
(Name,

Cardinality)

✗

[35] H ✓ JSON Precision, Recall,
F1 Score ✗

Classes,
Attributes,
Associations

✓

[41] A ✓ PlantUML Precision, Recall,
F1 Score ✗

Classes,
Attributes,

Relationships,
Association

Classes

✓

[44] H ✓ JSON Agreement rate ✗
CIDOC-CRM
class Value ✗

Ours H ✓
Turtle,

PlantUML
Precision, Recall,

F1 Score ✓ OT , DT , T ✓

We distinguish between purely Automatic and Human in the Loop where
at least some step is conducted manually. In the column Modeling Language
Independent we assess whether an approach is designed as independent of a
particular modeling language. Although some approaches use generic constructs,
e.g. for describing domain models, this has so far not been the case.

Another advantage of our approach is that we formally express the evalua-
tion artifacts in terms of FDMM, while most other approaches do not present
this information, which may limit the applicability when evaluating other types
of models. The column Formal Representation indicates that the evaluated el-
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ements are formally represented, either in mathematical terms, through an im-
plementation, or using models themselves.

6.1 Guidelines for Applying the Framework

For applying our framework we derived the following guidelines to ensure its
correct and efficient usage. First, potential users need to familiarize themselves
with the FDMM formalism and how to map modeling languages to it. Potential
sources include previous contributions to this topic, e.g. [39,25,5,34]. Second, the
mapping of a modeling language to FDMM requires high familiarity with the
modeling language to guarantee a correct mapping. Ideally, the creators of the
modeling language or senior users are involved in this step. Finally, the setup
of the automated pipeline includes the choice of a suitable tool for checking the
syntactical correctness of generated models. This depends on the used modeling
language. It is preferable to use official validation tools for this step if available
or to use at least well-documented formats such as PlantUML or Mermaid that
can be well processed by current AI models.

6.2 Limitations

In contrast to other approaches, our approach is the only one that has been
applied to multiple modeling languages. However, this comes at the cost of having
to map first the language constructs to FDMM. At the moment this has to
be performed manually, however, it does not affect scalability in terms of the
number of evaluated model instances later. Further, our approach so far mainly
considers the syntactic quality of models. However, we consider it as a sound
basis for adding the evaluation of semantics in the future.

7 Conclusion

This paper introduced a formal framework based on the FDMM formalism for
evaluating LLM-generated models on a meta level, by formally describing the
contents of metamodels and their instantiation to models on the level of syntax.
The evaluation was presented as a function of comparison of LLM-generated
and baseline model tuples formed from FDMM constructs. The strength of our
approach lies in its ability to generalize across different domains, compared to
other approaches which, to our knowledge, focus on a single domain.

One limitation of our approach stems from the manual effort involved in
the mapping process and from relying primarily on syntactical similarity in
the comparison phase. Future work will extend the approach towards includ-
ing additional semantic measures such as reproducible semantic evaluations and
providing further support, e.g. for automating the mapping to FDMM.
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