
Aligning AI Model’s Knowledge and
Conceptual Model’s Symbols

Abstract—Artificial Intelligence (AI) models and Conceptual
Models (CMs) offer complementary strengths: while AI learns
statistical patterns from multimodal data, CMs provide precise,
human-readable symbolic representations. However, a semantic
gap exists between the high-dimensional vector embeddings
produced by AI models and the symbolic elements used in
modeling languages such as UML, BPMN, and OntoUML. This
paper introduces ALeKS (Aligned Embeddings of Knowledge and
Symbols), a framework for aligning AI knowledge representations
with conceptual modeling symbols in a joint embedding space. By
learning a transformation function—termed a semantic shift—we
align natural language and conceptual representations. Our
evaluation includes alignment accuracy, generalizability across
modeling languages, and a user study based on the Technology
Acceptance Model. Results show that enriched conceptual terms
significantly improve alignment, and that practitioners find the
approach both useful and easy to adopt. We provide a tool for
alignment inspection and offer insights into integrating AI with
symbolic modeling in practice.

Index Terms—Multimodal data, AI, Symbolic representations,
Conceptual modeling, Aligning embeddings.

I. INTRODUCTION

Artificial intelligence (AI) and conceptual modeling (CM)
each offer distinct yet complementary strengths. AI models,
such as generative pre-trained transformers, are capable of
learning from vast amounts of unstructured data, capturing
statistical patterns and contextual knowledge [1]. In contrast,
conceptual models, such as BPMN, UML, ArchiMate, and
SysML provide precise, human-understandable representations
of domains through symbolic elements, structured relation-
ships, and formal constraints [2]. As AI models grow more ca-
pable of interpreting real-world data in multiple formats—text,
images, video, even audio—there’s a disconnect between how
AI understands a concept, and how that same concept is
represented in modeling languages. Large AI models trained
on massive datasets across modalities—often referred to as
foundation models—learn to represent different types of inputs
(like a paragraph or a photo) as high-dimensional vectors
in a shared embedding space [1]. In that space, items that
have similar meaning are placed close together, regardless of
whether they were originally text, images, or something else.
These embeddings effectively serve as the AI model’s internal
representation of knowledge. On the other hand, concep-
tual models encode structured knowledge through items like
classes, flows, actors, and stereotypes. While symbolic, these
elements can also be embedded using specialized encoders [3],
or prompting techniques [4]–[6], that take into account their
textual labels, graphical features, and meta-model constraints.

In this paper, we propose a method to align the embedding
space of AI models with that of conceptual models, in order
to support joint reasoning on tasks relevant to decision-
makers and stakeholders. Aligning these representations en-
ables new forms of collaboration between AI and CM. For
example, it leads towards the possibility to recognize concep-
tual structures—such as processes or architectures—directly
within video recordings or other multimodal observations, or
comparison of formal norms (e.g., GDPR [7] rules) with ob-
served behaviors or textual policies, facilitating conformance
checking at scale. Ultimately, this may result in conceptual
models more grounded in practice, and AI models more
transparent in meaning. We evaluate our approach using a
curated set of conceptual models from multiple modeling lan-
guages (UML, OntoUML, BPMN, ArchiMate, and SysML),
alongside standard AI models for natural language and image
understanding (large language models [8]). This setup enables
us to investigate the alignment across heterogeneous input
modalities and conceptual modeling paradigms. Our work is
guided by the following research questions (RQ):

• RQ1: How can we formally define and compute a seman-
tic alignment between conceptual model elements and AI
foundation model embeddings derived from multimodal
data?

• RQ2: To what extent does the enriched serialization of
conceptual model terms (CMT) improve alignment with
AI embeddings compared to raw natural language terms
(NLT)?

• RQ3: How robust and generalizable is the proposed
alignment approach across multiple modeling languages
and domains (e.g., UML, BPMN, ArchiMate)?

• RQ4: What is the perceived usefulness, usability, and
intention to adopt such alignment tools among modeling
practitioners and researchers?

The remainder of the paper is structured as follows. Sec-
tion II details our general perspective methodology. Section III
presents the developed framework for Aligning Embeddings of
Knowledge and Symbols (ALeKS). Section IV describes evalu-
ation and reports results. We review related work in Section V
and conclude in Section VI. Supplementary material1 provides
implementation and extended reports on the evaluation results.

II. METHODOLOGY: THE GENERAL PERSPECTIVE

We propose a general perspective methodology to systemat-
ically align symbols from conceptual modeling artifacts with

1https://anonymous.4open.science/r/aligning ai cm-C7DE/

https://anonymous.4open.science/r/aligning_ai_cm-C7DE/


latent knowledge representations within AI models.

A. Preliminaries

We define the principal constructs underlying our alignment
methodology between conceptual modeling artifacts and AI-
driven semantic spaces.

Definition 1 (Embedding Space): Let Rd denote a d-
dimensional real-valued vector space, where d ∈ N+. An
embedding space E ⊆ Rd is a continuous vector space in
which elements—such as symbols, textual labels, or perceptual
inputs—are represented as dense vectors.

Definition 2 (Joint Embedding Space): A joint embedding
space E is an embedding space in which heterogeneous
modalities (e.g., text, vision, audio, structured data) are aligned
into a shared semantic space. We can represent it as,

E = ETEXT ∪ EVISION ∪ EAUDIO ∪ ESYMBOLIC ⊆ Rd.

Definition 3 (Conceptual Model — CM): A concep-
tual model CM is a structured knowledge artifact defined
by elements such as entities, relationships, attributes, and
behaviors. A collection of models is denoted by CCM =
{CM1, CM2, . . . , CMn}, each conforming to the formal se-
mantics of a specific modeling language (e.g., UML, BPMN).

Definition 4 (Natural Language Term — NLT): A natural
language term is a textual element a ∈ CNLT extracted from
a conceptual model, usually from attributes such as names or
labels. The set CNLT = {a1, a2, . . . , ak} captures the linguistic
surface forms used in the modeling domain.

Definition 5 (Conceptual Model Term — CMT): A concep-
tual model term a′ ∈ CCMT is an enriched version of a natural
language term a ∈ CNLT, extended with semantics from the
modeling language (e.g., stereotypes, roles, taxonomies). CCMT

includes domain-specific and structural knowledge encoded in
conceptual artifacts.

Definition 6 (Multimodal Data — MM): Multimodal data
is a collection CMM = {m(a1),m(a2), . . . ,m(ak)} of per-
ceptual instances (e.g., images, videos, audio clips) associated
with natural language terms ai ∈ CNLT. Each m(ai) is
projected into the joint embedding space E using a multimodal
encoder.

Definition 7 (Semantic Shift): Given x, x′ ∈ E , the
semantic shift from x to x′ is the vector:

s⃗(x → x′) = E(x′)− E(x),

where E(·) denotes the embedding function. The shift encodes
how meaning evolves through semantic enrichment or modal-
ity transformation.

Definition 8 (Shift Function): The shift function s : E → E
maps between embeddings to quantify semantic transforma-
tion. Formally,

s(x → x′) = E(x′)− E(x),

where x is a natural language or perceptual term, and x′ its
conceptualized or target form.

Definition 9 (Set of Semantic Shifts — SE): The total set
of semantic shifts is defined as:

SE = {s(x → x′)} ∪ {s(m(x) → x)} ∪ {s(m(x) → m′)},

where x ∈ CNLT, x′ ∈ CCMT, m(x),m′ ∈ CMM. This set
captures how terms evolve through symbolic and perceptual
transformation within the joint embedding space.

B. The Methodology Overview

We detail the methodology steps as illustrated in Fig. 1. CM-
STEPS process primarily conceptual models, while MM-STEPS
multimodal data.

a) Collection of Conceptual Models: Our approach be-
gins with a curated Collection of Conceptual Models (CCM ),
which includes heterogeneous modeling diagrams from real-
world domains, such as [9]. Each model serves as both
a symbolic knowledge structure and a grounding point for
semantic alignment. For illustration, we use a UML sequence
diagram from the healthcare domain [10], as represented in
Fig. 1, which models the procedural steps of a DNA collection
homekit. This diagram specifies the user’s interactions with a
test kit, tube, and biohazard bag, and forms a narrative struc-
ture embedded with task semantics. These conceptual models,
which can range from class diagrams to sequence diagrams,
provide the foundational symbols (e.g., stereotypes, classes,
attributes, messages) that represent domain knowledge.

b) CM-STEP 1: Instantiating a Conceptual Model: To
process each model within the collection CCM , we instan-
tiate a data structure that explicitly represents its symbolic
elements—this serves as the operationalization of a foreach
function over the model collection. Each instantiation captures
the syntactic and semantic features of the modeling language
in use, enabling structured traversal and downstream process-
ing.

c) CM-STEP 2: Extracting Natural Language Terms:
From each instantiated model, we extract a Collection of
Natural Language Terms (CNLT ) by identifying attributes that
carry semantically meaningful text. This typically involves
selecting the ”name” attribute from modeling elements as
observed in [9], [11]–[15], though the specific attribute may
vary across modeling languages.

d) CM-STEP 3-4: Tokenizing and Embedding Natural
Language Elements: Once the natural language terms (CNLT )
are collected, we proceed with tokenization through [8],
wherein each textual term is decomposed into a sequence
of tokens. This step prepares the text for numerical repre-
sentation and aligns with standard NLP preprocessing work-
flows. Following tokenization, we transform each tokenized se-
quence into a high-dimensional vector space using embedding
models. Specifically, we use mxbai-embed-large (334M
parameters) and all-minilm (23M parameters) via the
Ollama platform. These models are pre-trained for semantic
embedding tasks and convert text into arrays of numbers, or
embeddings, that encode the contextual meaning of the terms.
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Fig. 1. Overview of the proposed methodology. The architecture aligns conceptual modeling terms with multimodal embeddings in a joint semantic space.
Patterned regions (A–M) denote embedding (emb.) areas. This methodology constructs ALeKS pipeline, which unifies symbolic structures from conceptual
models with perceptual data from multimodal corpora into a shared embedding space. The pipeline operates in parallel along two streams: one driven by
conceptual modeling semantics (cm. steps) and the other by perceptual grounding via multimodal data (mm. steps).

e) CM-STEP 5-7: Collection of Conceptual Model Terms:
With the Collection of Natural Language Terms (CNLT ) pre-
pared and semantically embedded, we enrich this collection by
incorporating structural semantics derived from the modeling
language, resulting in the Collection of Conceptual Model
Terms (CCMT ). For each term in CNLT , we add contextual
metadata such as stereotypes and types from [9], classifying
whether an element represents, for instance, a Kind, Role, or
Relator. Furthermore, model-specific annotations from diverse
modeling repositories (e.g., [11]) are included, such as eClass
identifiers and fully qualified names, which position elements
within broader domain taxonomies. From enterprise architec-
ture datasets (e.g., [12]), we incorporate higher-level organi-
zational features like ArchiMate concept of layer and type.
The resulting CCMT encapsulates both the natural language
expressions and their conceptual modeling semantics. Once
the CCMT is assembled, each enriched term—now combining
natural language content with modeling semantics—undergoes
the same tokenization and embedding process as described
for CNLT . This ensures consistency in how linguistic and
structural elements are numerically represented. By treating

both CNLT and CCMT with the same embedding pipeline,
we maintain a shared representational space, which is used
for reliable comparison, clustering, and semantic alignment in
downstream tasks.

f) MM-STEP 1–2: Collection of Multimodal Data: To
complement the symbolic and linguistic representations, we
compile a Collection of Multimodal Data (CMM ), comprising
images, audio, and video segments that are semantically linked
to the conceptual model terms in CNLT . Each modality is
preprocessed and embedded using ImageBind [1], a foundation
model that creates a unified embedding space for multiple
data modalities. Unlike modality-specific encoders, ImageBind
binds data across vision, audio, text, and thermal inputs
into a shared semantic vector space through a contrastive
training regime. This enables a direct comparison between,
for instance, an image of a test kit and the term ”test kit”
extracted from a UML sequence diagram. Tokenization in
this context involves encoding non-textual data into fixed-
length representations via modality-specific encoders, after
which all embeddings are projected into a shared latent space
using modality-agnostic transformers. Through this unified



embedding approach, CMM is mapped into the same vector
space as CNLT and CCMT , allowing semantic comparison
across modalities. For each natural language term a ∈ CNLT ,
we identify its multimodal counterpart m(a) ∈ CMM , such
as a corresponding image or video clip. This mapping enables
the cross-modal embedding E(m(a)) ∈ Rd, which can now
be directly compared to the text-based embeddings E(a) and
E(a′) through vector operations in Rd.

g) Why Multimodal Data Matters: Incorporating multi-
modal data allows us to generalize beyond the inherently bi-
ased and limited textual information extracted from conceptual
models. While CNLT captures terms grounded in modeling
practices, it reflects a narrow linguistic perspective shaped
by domain-specific conventions. By retrieving the closest
multimodal match m(a) for each term a ∈ CNLT —even if
no explicit image or video exists in the original model—we
tap into real-world representations that enrich and diversify
semantic understanding. Although not every term will have
a perfect multimodal counterpart, the use of a shared em-
bedding space (e.g., ImageBind) ensures that the retrieved
m(a) is the most semantically relevant instance available. To
maintain control and interpretability, we weight each multi-
modal contribution proportionally to its embedding similar-
ity cos(E(a), E(m(a))), effectively modulating its influence
based on relevance. This strategy enhances generalization by
leveraging perceptual grounding while preserving alignment
with the conceptual model’s symbolic core.

h) CM-STEP 8: Computing Semantic Shift from a → a′:
To evaluate the impact of introducing conceptual modeling
semantics, we define the semantic shift vector s⃗(a → a′) =
E(a′) − E(a), where E(a) and E(a′) are the respective
embeddings of the natural language term a and its enriched
conceptual model form a′. This shift vector quantifies the
transformation imposed by conceptual modeling, capturing
how embedding semantics evolve when a term is recontex-
tualized within formal modeling constructs (e.g., stereotypes,
qualified names, abstraction layers). The vector s⃗(a → a′) is
used for tracing how symbolic enrichment repositions a term
in the embedding space. As shown in Fig. 1, we interpret
this semantic shift as a directed edge in Rd from a to a′.
If the modeling process adds significant semantic grounding,
we expect the vector norm ∥s⃗(a → a′)∥ to be non-trivial,
and its direction to align with the conceptually meaningful
transformation path. Importantly, a and a′ remain semantically
linked, and the shift encodes this transformation’s nature—be
it abstraction, disambiguation, or specialization.

i) CM-STEP 9: Cosine Similarity as Alignment Indica-
tor: To measure how much semantic content is retained or
realigned through modeling, we compute the cosine similarity

cos(φ) =
E(a) · E(a′)

∥E(a)∥∥E(a′)∥

between the embeddings of a and a′. This angle φ serves
as a metric of conceptual proximity. A smaller angle implies
semantic preservation, whereas a larger angle implies a sub-
stantial shift due to modeling. Hence, φ becomes an empirical

indicator of how much the modeling semantics ”reframe” the
original natural term.

By calculating cos(φ) across all (a, a′) pairs, we can gen-
erate a statistical profile of modeling impact. Terms with high
similarity are already semantically close to their conceptual
representation, while those with low similarity indicate deeper
semantic reinterpretation introduced by modeling languages or
ontologies.

j) MM-STEP 3–4: Multimodal Matching from m(a) →
a′: In parallel to the conceptual path a → a′, we compute the
multimodal shift from a natural language term’s multimodal
representation m(a) to its modeled form a′. This is denoted
as s⃗(m(a) → a′) = E(a′) − E(m(a)), to capture how much
conceptual modeling repositions a term relative to its embod-
ied (e.g., visual or auditory) representation. The embedding
E(m(a)) arises from the shared embedding space, ensuring
compatibility with E(a′).

For illustrative purposes, Fig. 1 visualize the vector
s⃗(m(a) → a) = E(a) − E(m(a)), which represents the
shift between a multimodal instance and its textual form. For
example, an image might evoke associations or affordances
not present in the original textual label.

k) CM-STEP 10 + MM-STEP 5: Defining Semantic Shifts
SE and Shift Function s: To integrate both the conceptual and
multimodal perspectives, we define the full set of semantic
shifts as:

SE = {s(x → x′)} ∪ {s(m(x) → x)} ∪ {s(m(x) → m′)}

where x is a natural language term, x′ is its modeled version,
m(x) is its multimodal instantiation, and m′ is the modeled
multimodal target. The shift function s : Rd → Rd maps
embedding vectors to their target transformations, capturing
both the symbolic (linguistic → conceptual) and perceptual
(multimodal → linguistic or conceptual) evolution of meaning.

In practice, the three types of shifts—s(x → x′), s(m(x) →
x), and s(m(x) → m′)—form the semantic backbone for
model evaluation. The magnitude and direction of each shift
vector, as well as their aggregated statistics, offer insights
into where alignment succeeds, where ambiguity persists, and
where new semantics are introduced by modeling processes.

C. Aligning AI Model’s Knowledge and Conceptual Model’s
Symbols

Fig. 2 showcases two key conceptual events—Shaking and
SealingBag—drawn from a UML activity model for a DNA
collection test kit. Multimodal data and conceptual modeling
semantics coalesce to generate semantically aligned embed-
dings, with alignment forces visualized via attractive (green)
and repulsive (red) vectors.

a) Conceptual Model Serialization: To formalize the
enrichment from natural language to conceptual modeling
terms, we instantiate each conceptual model term using a con-
trolled sentence template. We employ a templating mechanism
to serialize conceptual model terms by enriching extracted
natural language terms with conceptual modeling semantics.
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Fig. 2. Shows how natural language terms (a, b), their semantically enriched versions (a′, b′), and corresponding multimodal instances (m(a), m(b)) are
aligned in a joint embedding space. Two exemplar events—Shaking and SealingBag—from a conceptual model of a DNA test kit usage scenario are shown.
Note: The conceptual model in the upper left is scaled down to emphasize the overall layout. For a detailed view, please refer to the supplementary material.

The following template is used for illustration in Fig. 2 to
generate structured sentences:

The event <<EventName>> is triggered by
an instance of <<KindName>>, which plays
the role <<RoleName>> within the context of
<<RelatorName>>. During this event, it affects
the <<AffectedSubkind>>, which plays the role
<<RoleName>> in the context of <<findCon-
text()>>. The event <<Function>> in relation
to the affected <<AffectedSubkind>>.

The template serves as a domain-agnostic, syntactically
consistent structure to convert symbolic conceptual model
instances into textual descriptions. The placeholders (e.g.,
EventName, KindName, etc.) are dynamically replaced
with values derived from the instantiated model. The section
enclosed in braces . . . denotes a foreach loop iterating
over all AffectedSubkind elements that participate in the
same event instance. For each such element, a corresponding
sentence is generated to describe its involvement in the event.
This approach ensures that the generated text reflects the
multiplicity and contextual semantics present in the conceptual
model.

As a result, each enriched term a′ ∈ CCMT becomes a se-
mantically grounded textual artifact that not only embeds lin-

guistic content but also captures the structural and behavioral
roles defined in the model. These serialized texts are then fed
into our embedding pipeline, for the purpose of alignment with
their corresponding natural language term a and multimodal
instance m(a) within a shared vector space. This example of
serialization grounds the term a′ with modeling semantics,
explicitly enriching its embedding relative to the plain term a,
and similarly, producing b′ as the semantically contextualized
version of b.

b) Aligning Embeddings in the Shared Space: Natural
language terms (a, b), their conceptually enriched forms (a′,
b′), and multimodal instances (m(a), m(b)) are jointly em-
bedded as illustrated in Fig. 2. Conceptual enrichment pulls
each a′ and b′ closer to their corresponding natural term (a, b)
via attractive forces, while simultaneously pushing them away
from unrelated terms (e.g., a′ → repel(b′)).

c) Semantic Shifts: Each event (a, b) is paired with a col-
lection of multimodal data entries m(a) and m(b), composed
of image sequences sourced from real-world DNA test kit
usage. These images span multiple domains (e.g., 23andMe,
AncestryDNA), highlighting visual variance across kits while
maintaining semantic coherence. The multimodal embedding
model projects each m(i)(a) and m(j)(b) into the same
space as their symbolic counterparts, and the figure shows a
clustering behavior around a′ and b′. Semantic transitions are



geometrically encoded via vector shifts. These shifts—s(a →
a′), s(m(a) → a′)—are drawn as arrows within the joint
embedding space. By computing and visualizing angles φ
between a and a′, or distances between m(a) and a′, we gain
semantic similarity insight.

III. PROOF OF CONCEPT: ALIGNED EMBEDDINGS OF
KNOWLEDGE AND SYMBOLS (ALEKS)

In this section, we present a proof-of-concept implementa-
tion of the Aligned Embeddings of Knowledge and Symbols
(ALeKS) framework. ALeKS is designed to bridge sym-
bolic conceptual models and machine-readable embeddings,
enabling downstream tasks such as similarity search, model
comparison, and intelligent querying over conceptual struc-
tures. Our implementation specifically targets the OntoUML
modeling language, known for its ontologically grounded
constructs and formal semantics.

We begin by demonstrating the serialization procedure,
which transforms OntoUML models—comprised of modeling
terms and properties—into structured natural language sen-
tences. This step is critical to ensuring the symbolic data
can be meaningfully embedded. Following serialization, we
describe the alignment mechanism, which trains a joint vec-
tor space where symbolic and statistical representations are
semantically aligned.

The serialization phase handles two major model constructs:
terms (e.g., classes or entities) and properties (e.g., attributes
or associations). Each element is decomposed into a set of
human-readable, formally structured sentences that preserve
the semantics encoded in the modeling language. This trans-
formation enables the use of language models and embedding
techniques to learn aligned representations.

A. Conceptual Model Serialization: Terms and Properties

The serialization procedure converts raw modeling elements
into readable and semantically meaningful sentences. This
structured textual representation acts as an intermediate form
between symbolic models and their embedding. Below, we
detail each step of the serialization process for OntoUML
terms and properties, illustrating them with sentence patterns.

Parent Term Linkage: Each property p is linked to its parent
modeling element n, typically a class or entity:

PROPERTY n (id: ID N) BELONGS TO m (id: ID M).
This sentence formalizes the containment relationship be-

tween a property and its owning element, preserving model
hierarchy.

a) Type Declaration: If a property has an explicitly
declared type, this is rendered into:

PROPERTY n (id: ID N) IS OF TYPE T .
This identifies the kind of value the property holds, such as

a QUANTITY, IDENTIFIER, or other domain concept.
b) Boolean Flags: Boolean modeling characteris-

tics—such as derivation, immutability, or ordering—are
recorded individually:

PROPERTY n (id: ID N) IS DERIVED. PROPERTY n (id:
ID N) IS READ-ONLY. PROPERTY n (id: ID N) IS ORDERED.

These aspects encode essential behavioral semantics for the
property.

c) Cardinality: Cardinality constraints, if defined, are
serialized as:

PROPERTY n (id: ID N) HAS CARDINALITY [MIN..MAX].
This supports reasoning about optionality and multiplicity.

d) Property Type (Nested Dictionary): If the property
includes a nested dictionary specifying a TYPE, we render it
as:

PROPERTY n (id: ID N) HAS PROPERTY TYPE T .
This captures additional typing information not reflected in

the main declaration.
e) Aggregation Kind: When an AGGREGATIONKIND is

specified:
PROPERTY n (id: ID N) HAS AGGREGATION KIND K.
This indicates whether the property is shared, composite, or

neither.
f) Property Assignments: Metadata or configuration val-

ues grouped as property assignments are preserved:
PROPERTY n (id: ID N) HAS PROPERTY ASSIGNMENTS

{k:v, . . .}.
This ensures auxiliary data is not lost in transformation.

g) Stereotype: If a stereotype is assigned to a property,
it is recorded as:

PROPERTY n (id: ID N) HAS STEREOTYPE S.
Stereotypes such as FUNCTIONALPROPERTY or QUALIFIER

add semantic precision.
h) Subsetted Properties: When a property specializes

other properties, the subsetted relationship is captured as:
PROPERTY n (id: ID N) HAS SUBSETTED PROPERTIES {p1,

p2, . . . }.
i) Redefined Properties: Redefinitions are encoded sim-

ilarly:
PROPERTY n (id: ID N) HAS REDEFINED PROPERTIES {r1,

r2, . . . }.
Serialization of Terms: For each modeling term n, we begin

with its identification:
TERM n (id: ID N).

j) Parent-Term Relationship: If a term belongs to another
model element:

TERM n (id: ID N) BELONGS TO m (id: ID M).
k) Type Declaration: The type of the term is declared

explicitly:
TERM n (id: ID N) IS OF TYPE T .

l) Boolean Flags: Boolean attributes on terms, such as
abstraction or derivation, are expressed as:

TERM n (id: ID N) IS ABSTRACT. TERM n (id: ID N) IS
DERIVED.

m) Stereotype and Property Assignments: Stereotypes
and auxiliary properties are rendered as:

TERM n (id: ID N) HAS STEREOTYPE S. TERM n (id:
ID N) HAS PROPERTY ASSIGNMENTS {k:v, . . .}.



B. Embedding Alignment and Dimensionality Reduction

Once conceptual modeling elements are serialized into CMT
and paired with their corresponding NLT, we align their rep-
resentations in a shared vector space. The alignment process
begins with reducing the dimensionality of high-dimensional
embeddings to enable qualitative visual inspection and statis-
tical analysis.

a) Dimensionality Reduction via t-SNE: To visualize
how NLT and CMT embeddings relate in latent space, we
apply t-distributed stochastic neighbor embedding (t-SNE).
First, we take two sets of aligned vectors: NLT EMBEDDING
and CMT EMBEDDING, and vertically stack them into a single
matrix for joint processing.

b) Pretrained Embeddings Models: To populate the
aligned space with semantic vectors, we employ an embedding
model via the ollama interface. Specifically, we use the
ALL-MINILM model to embed natural language descriptions
of OntoUML models.

C. Implementation

To operationalize the semantic alignment methodology
introduced above, we implemented a supervised learning
pipeline that learns to map NLT embeddings to their cor-
responding CMT embeddings in a two-dimensional semantic
space.

Data Preparation and Preprocessing: We begin by loading
two-dimensional embeddings extracted from a heterogeneous
collection of conceptual models, specifically [16]. The input
features X ∈ Rn×2 represent NLT coordinates, while the
target outputs Y ∈ Rn×2 correspond to the semantically
enriched CMT coordinates. Both sets are standardized using
StandardScaler from scikit-learn to ensure numerical
stability and uniform learning behavior across dimensions.

Model Architecture: To model the alignment function f :
R2 → R2, we implemented a deep multilayer perceptron
(MLP) using PyTorch. The architecture consists of five fully
connected layers with ReLU activation functions and gradually
decreasing dimensionality. The model consists of a sequence
of fully connected layers and ReLU activations. It begins with
a Linear(2, 128) layer, followed by a ReLU activation.
This is followed by another Linear(128, 128) layer with
a ReLU, then a Linear(128, 64) layer and another ReLU.
Next, it includes a Linear(64, 32) layer followed by a
ReLU, and finally a Linear(32, 2) layer that outputs the
final result.

Alignment Loss Function: We use loss function which
combines Mean Squared Error (MSE) with Cosine Embedding
Loss to encourage both positional accuracy and semantic
directional alignment:

Lalign = α · LMSE + (1− α) · Lcosine,

where α = 0.7 balances the geometric and angular com-
ponents of the loss. This formulation takes into account
that predictions are not only numerically close to the target
embeddings but also semantically aligned in direction within
the shared vector space.

Training Procedure: For robust generalization, we employ
5-fold cross-validation using the KFold strategy with shuf-
fling. In each fold, the training set is passed through a batch-
wise DataLoader with a batch size of 32. The model is
trained for 200 epochs per fold using the Adam optimizer
with a learning rate of 0.001. During training, we monitor the
running loss every 20 epochs to confirm convergence behavior.

Model Selection and Evaluation: After each fold, the
trained model is evaluated on its respective validation set
using MSE. The model achieving the lowest validation MSE
across all folds is retained as the best-performing instance.
The average MSE across folds is also reported as a measure
of overall stability. Once selected, the best model is saved to
disk using PyTorch’s serialization utility.

Post-Training Inference and Visualization: We deploy the
best model on the entire dataset to generate predictions
for all input NLT embeddings. These predictions are then
inverse-transformed back into the original coordinate space. To
qualitatively assess alignment performance, we visualize the
predicted embeddings against their actual CMT counterparts
using directional arrows. Each arrow originates at the predicted
point and terminates at the ground truth, thereby visualizing
the semantic shift vector s⃗(a → a′) described in Section II-A.

D. Visual Tool for Alignment Inspection and Verification

To support the manual inspection and interpretation of
alignment results, we developed a visual comparison tool
(previewed in Fig. 3). The tool enables users to explore
semantic alignment between NLT, CMT, and large language
model (LLM) representations within a unified interface. It
allows both developers and domain experts to verify the
quality of the semantic shift functions and gain insights into
embedding behavior.

Fig. 3. Screenshot of the implemented visual inspection tool for alignment
analysis. The user can browse conceptual model ontologies (left), view
diagram semantics (top center), and explore alignment results (bottom). The
AI comparison module (right) provides tools to inspect embeddings, check
alignment quality, and interactively verify model serializations across NLT,
CMT, and AI representations. The example shows a model from [17].

The interface is composed of three main panels: (i) a
structured browser for conceptual models categorized by do-
main from [16] (e.g., medicine, law, science), (ii) a visualizer
for individual conceptual model diagrams, and (iii) an AI



model comparison module. This last module supports the
selection of embedding alignment types, including NLT →
CMT and LLM → CMT, and provides interactive plots to
inspect embedding proximity and vector shifts. We use this
tool in two key ways: first, to conduct manual verification
of model-generated alignments by inspecting whether pre-
dicted CMT vectors correspond to their expected symbolic
roles and locations; second, to enable exploratory analysis
of how symbolic terms are recontextualized across different
ontologies and embedding strategies. The interface also in-
cludes a conversational assistant that helps explain or inspect
selected terms, further facilitating the alignment audit process.
To support users in navigating the alignment process and
deriving meaningful insights, we developed a custom GPT-
based assistant integrated into the tool.

IV. EVALUATION

To validate our proposed methodology, we conduct a multi-
perspective evaluation covering alignment quality, general-
izability across modeling languages, human-centered assess-
ments via the Technology Acceptance Model (TAM) [18], and
system-level performance and scalability.

A. Evaluation of the Alignment Model – AI Knowledge and
Symbolism

To test if ALeKS leads toward reconstruction of symbolic
knowledge from enriched conceptual model terms (CMT),
we compare raw AI-generated summaries of OntoUML mod-
els to their predicted counterparts generated from serialized
CMT variants. Specifically, we apply the following prompt
using llama3.3 to each non-serialized model in the On-
toUML/UFO Catalogue:

prompt_template = """ OntoUML model:
serialization
Task: Analyze the OntoUML model
provided in the serialization and
generate a concise description that
outlines how elements are connected.
Instructions:
Go through all internal element
identifiers (IDs) and identify the
relationships between them.
For each connection, preserve and
use the natural-language names of the
involved elements.
Summarize the connections between
classifiers (e.g., classes, relators,
roles) and describe their nature
(e.g., mediations, generalizations,
associations).
Output:
A structured description of the
model’s connectivity, focusing only
on inter-element relationships.
Use OntoUML-relevant terminology (e.g.,
"relator mediates between", "role
played by", "generalization from X
to Y").
Avoid listing raw IDs, but ensure every
named element mentioned is traceable
through its name.

The output should serve as a compact
summary of the model’s structure
through its relationships. """

We then compute cosine similarity between the emebed-
dings of these generated descriptions and the embeddedings
of ground-truth CMT serializations. Our evaluation reveals
a significant increase in semantic alignment when using
CMT-enriched prompts, showing higher cosine similarity with
ground-truth model annotations than the raw NLT terms alone.
This supports the hypothesis that CMT serves as an effective
bridge between AI knowledge representations and symbolic
model structures.

a) Alignment Accuracy.: The average cosine similarity
between the predicted embeddings and the true CMT repre-
sentations was notably high at 0.94, indicating that ALeKS
effectively captures the structural semantics encoded in formal
modeling templates.

Fig. 4. 2D projection of semantic shifts in OntoUML/UFO Catalgoue [9].
Each arrow represents the vector shift s(a → a′) from a natural language
term (NLT) to its corresponding conceptual model term (CMT), based on
OntoUML data. Embeddings are projected to 2D using.

Fig. 4 visualizes the semantic transformation from NLT
to enriched conceptual modeling terms (CMT) for the On-
toUML/UFO Catalogue. Each arrow represents a shift vector
s(a → a′) projected into a 2D embedding space using
PCA. The left cluster (NLT) contains more linguistically raw
representations, while the right cluster (CMT) shows tightly
grouped structurally enriched terms. The uniform directional
flow from left to right reveals recontextualization: as terms
are enriched with OntoUML semantics (e.g., kinds and roles),
they move into a different semantical region of the space.

B. Cross-Conceptual Modeling Language Observations

To assess generalizability across modeling languages, we
evaluate the semantic shift from NLT to their enriched con-
ceptual modeling terms (CMT) across five conceptual models
repositories: ontouml [9], modelset [11], eamodelset [12],
hdbpmn [14], and SysML PhS [15]. These shifts are visualized
in Fig. 5, showing consistent directional movement in the
embedding space for each model collection.

In each case, NLT points (blue circles) shift toward CMT
points (orange squares), indicating that conceptual enrichment



Fig. 5. Embedding shift visualization across modeling languages. Semantic shifts from natural language terms (NLT) to conceptual model terms (CMT)
are shown across six repositories: ontouml [9], modelset [11], eamodelset [12], hdbpmn [14], and SysML PhS [15]. Each arrow represents a semantic shift
vector s(NLT → CMT ) in the shared embedding space.

introduces a measurable semantic transformation. For high-
density model repositories (top row), shift vectors exhibit
clustering, whereas for sparse or abstract models (bottom row),
the shift vectors are fewer but semantically distinct. This
provides evidence that the method may apply across languages
with different granularity and modeling purposes.

C. Technology Acceptance Model Evaluation

We further evaluated the alignment tool and the AI support
system through a qualitative Technology Acceptance Model
(TAM) [18] study. This involved interviews and surveys with
a cohort of 10 participants: 2 PhD holders in Conceptual
Modeling, 3 PhD students, and 5 advanced Bachelor students
from the same domain. Each participant interacted with the
tool and evaluated its usefulness and ease of use.

TAM defines three key constructs: Perceived Usefulness (U),
Perceived Ease of Use (E), and Behavioral Intention to Use
(BI). To assess these, we asked questions such as:

• ”Does the system help you better understand model
semantics through AI-generated summaries?” (U)

• ”How difficult was it to interact with the embedding
comparison interface?” (E)

• ”Would you use this tool to explain models in your
teaching or research?” (BI)

Results showed high agreement on perceived usefulness
from experts, who noted the value of recontextualized model
descriptions. Bachelor students scored slightly lower on ease
of use, suggesting that onboarding might benefit from im-
proved interface design or guidance. The overall behavioral
intention was positive, especially when participants understood
the value of CMT-based enrichment and its alignment with
perceptual data.

D. Discussion
a) Scalability and Performance: The embedding

pipeline, including multimodal alignment and CMT
enrichment, was executed on a single NVIDIA A40
GPU with 48GB VRAM. This setup supports processing
of thousands of terms across multiple modeling languages
in parallel. Runtime performance scales linearly with the
number of model elements, making it feasible to apply at
enterprise or institutional scale.

b) Cost of Operation: As the architecture relies solely
on locally hosted models—embedding via Ollama and mul-
timodal alignment through ImageBind—there are no recur-
ring cloud API costs. This significantly reduces operational
overhead and allows researchers and educators to use the tool
offline.

c) Privacy and Data Control: All computation is ex-
ecuted locally, ensuring full control over sensitive model
artifacts, especially in regulated industries like healthcare and
defense. This eliminates concerns associated with sending
confidential data to external AI APIs.

d) Evaluation on Multimodal Data: To assess the mul-
timodal alignment, we integrated ImageBind [1] embeddings,
which support six modalities—image, text, audio, depth, ther-
mal, and inertial measurement unit (IMU). Preliminary results
on the DNA home kit scenario from [10] yielded a retrieval
accuracy of 0.56 for matching modalities. While promising,
performance remains limited due to the absence of a dedi-
cated benchmark set. Future work will focus on expanding
multimodal datasets and refining evaluation protocols to better
capture alignment quality across sensory channels.

e) Limitations and Threats to Validity: One limitation
is the dependency on high-quality modeling artifacts; poor



naming or inconsistent stereotypes in conceptual models can
reduce alignment accuracy. Furthermore, while cosine simi-
larity offers a proxy for alignment, it may not fully capture
conceptual equivalence. Threats to validity include limited
domain diversity and potential annotation bias in manually
curated model collections.

f) Response to Research Questions.: Our evaluation ad-
dresses all four research questions. For RQ1, we introduced
formal definitions of embedding spaces, semantic shifts, and
alignment functions, and implemented a shift-based mapping
between conceptual model elements and AI embeddings. Re-
garding RQ2, experiments showed that enriched conceptual
model terms (CMT) yield significantly higher cosine similar-
ity scores (average 0.94) compared to raw natural language
terms (NLT), demonstrating that semantic enrichment im-
proves alignment. For RQ3, we validated our approach across
six modeling languages and repositories (OntoUML, UML,
BPMN, ArchiMate, SysML), confirming consistent semantic
shifts and robust performance across heterogeneous domains.
In response to RQ4, a Technology Acceptance Model study in-
volving researchers and students revealed strong agreement on
the tool’s usefulness and usability, with participants expressing
high intention to adopt the alignment interface in both research
and teaching contexts.

V. RELATED WORK

Our work—grounding AI foundation model embeddings in
conceptual modeling semantics—intersects with developments
in (1) AI and conceptual modeling alignment, and (2) concep-
tual model-oriented alignment and simulation.

A. AI and Conceptual Modeling Alignment

1) AI-Augmented Conceptual Modeling: Efforts to connect
AI with conceptual models often focus on encoding model
structures into machine-readable representations. [3] offers
a taxonomy of such encoding strategies, complemented by
mappings from [19] on integrating AI into modeling work-
flows. Cognitive framing is emphasized by [20] and [21],
who envision conceptual models as interpretable layers for
AI-enhanced enterprises. Relatedly, [2], [22] stress AI-assisted
model complexity management. Prompt-based strategies for
model completion and extraction are gaining traction: [4]
applies few-shot learning for auto-completion, while [5], [6]
use LLMs for extracting and reasoning over process models.
Unlike these, our ALeKS framework introduces a semantic
shift mechanism aligning multimodal AI embeddings with
symbolic CMT structures in a shared vector space.

2) Multimodal Foundation Models: Multimodal foundation
models like ImageBind [1] embed text, images, and more into
a unified space, enabling cross-modal reasoning. Extensions
to video generation and reasoning are seen in Sora [23], [24]
and in domain-specific applications like neurosurgery [25].
From a language model perspective, [26] discusses reasoning
incentivization in multimodal agents. While these models cap-
ture perceptual semantics, they often lack structural grounding.
ALeKS enhances multimodal embeddings with conceptual

modeling constraints—e.g., roles, kinds, relators—enabling
structured AI understanding rooted in formal semantics.

B. Conceptual Model-Oriented Alignment and Simulation

AI integration in process modeling includes conformance
checking [27], simulation [28], and predictive modeling.
Knowledge graphs [29], simulation trust metrics [30], and
contextualization [31] all enhance process analysis. Tools like
ProM [32] and frameworks like COBIT [33] underscore struc-
tured alignment. Recent multimodal work explores bridging
sensor and video data, or multimodal data in general with
models, enabling materialization of the conceptual models
(like UML) as image or audio [34], and learning the stake-
holder specific representation of models [35]. Our method
complements these by explicitly projecting both symbolic and
perceptual data into a shared semantic space consistent with
languages like BPMN, SysML, and UML.

1) Modeling Tools, Usability, and Human Factors: Human-
centric modeling approaches focus on accessibility and vi-
sual intuitiveness. [36] and [37] discuss usability in domain-
specific modeling. Visualization taxonomies [38] demonstrate
the value of interactive support. Our dashboard for seman-
tic shift visualization contributes to this thread by making
AI–model alignment interpretable. In line with [18], we aim to
increase perceived usefulness and ease of use for practitioners
engaging with AI-augmented modeling tools.

C. Positioning Our Approach

ALeKS advances the field by unifying AI embeddings,
multimodal perception, and conceptual model semantics into
a joint representation. It differs from prior work by treating
modeling semantics as first-class citizens when creating in the
embedding process.

VI. CONCLUSION

We presented ALeKS—Aligned Embeddings of Knowledge
and Symbols—a novel framework for aligning the internal
representation spaces of AI foundation models with the sym-
bolic structures of conceptual models. By formalizing semantic
shifts between natural language terms, multimodal data, and
enriched conceptual model constructs, we demonstrated how
to create a joint embedding space that enables meaningful
comparisons and reasoning across modalities.

Our implementation integrates ontology-aware serialization,
multimodal embedding models, and a neural alignment func-
tion trained on real-world modeling repositories. Visual and
interactive tools were developed to inspect alignment behavior,
and empirical evaluation showed strong alignment accuracy
(average cosine similarity of 0.94) and generalization across
modeling languages.

Through a human-centered TAM study, we also validated
the approach’s perceived usefulness and ease of adoption
in educational and research contexts. Future work will ex-
plore dynamic alignment in evolving models, use-case-specific
fine-tuning, and extending the pipeline to real-time semantic
grounding modeling environments.
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