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Abstract
Model-driven engineering tools manage large, interconnected mod-
els that may contain millions of model elements, making it increas-
ingly difficult for engineers to locate relevant information using
classical search mechanisms. Retrieval-Augmented Generation is a
promising approach for enabling natural language question answer-
ing for large knowledge bases, but the applicability of text-based
embedding models to highly structured, graph-shaped model arti-
facts has not been systematically evaluated.
This paper presents an empirical study comparing 13 embedding
models, 7 serialization formats, and 7 data preprocessing strategies
for the retrieval of model elements. In an evaluation on two PREE-
vision Electric/Electronic-architecture models using automatically
derived questions, we find that text embedding models are capable
of capturing the semantics of model elements. However, they often
only find anchor points in the model and struggle to retrieve all
relevant model elements.
The choice of embedding model is the dominant factor, followed by
data preprocessing. Serialization has a smaller but model-dependent
effect; compact, semi-structured formats such as Markdown key-
value pairs perform most robustly. Embedding model retrieval-
benchmark rankings transfer well to structured model element
retrieval.

CCS Concepts
• Computing methodologies → Information extraction; • Soft-
ware and its engineering→Model-driven software engineer-
ing; • Information systems→Data encoding and canonicalization;
Top-k retrieval in databases; Question answering.
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1 Introduction
Model-driven engineering (MDE) tools manage large, intercon-
nected models that may contain millions of artifacts. As MDE mod-
els grow, it becomes increasingly difficult for engineers to locate
relevant elements, understand cross-component dependencies, or
navigate structures using classical search mechanisms.

Conversational AI systems based on Large Language Models
(LLMs) offer a natural interface for querying such models. However,
directly embedding entire model repositories in an LLM’s context
window is infeasible due to context-length limits and high inference
costs. Training or fine-tuning LLMs with model-specific data is
infeasible due to update frequencies and training costs.

Retrieval-Augmented Generation (RAG) addresses these limi-
tations by combining a retrieval component with an LLM that
generates answers from the retrieved context.

While embedding models and RAG systems have been exten-
sively evaluated on natural language text, their suitability for struc-
tured, graph-shaped model-driven engineering (MDE) models re-
mains largely unexplored. Key open questions concern: which em-
bedding models transfer best from text to model artifacts; how
artifacts should be serialized from graph to string; and how pre-
processing can compensate for the structural mismatch between
graph-based representations and the sequential token inputs ex-
pected by transformer models.

In this paper, we test different embedding models and preprocess-
ing strategies for their suitability for use in RAG systems for PREEvi-
sion Electric/Electronic-architecture (EEA) [22] models. Specifically,
we address the following research questions:
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• RQ1: Can embedding models be used to identify relevant
information in models?

• RQ2: Which embedding models are most effective for re-
trieving structured model artifacts?

• RQ3: How do different serialization formats affect retrieval
quality?

• RQ4: Which data preprocessing strategies most improve
retrieval over complex model hierarchies?

2 Related Work
PREEvision. PREEvision is a model-based development environ-

ment by Vector Informatik GmbH for complex software-defined sys-
tems, with a focus on electrical/electronic development [1, 22]. It fol-
lows a model-driven approach in which system aspects—functional,
logical, and physical—are described graphically at a high abstrac-
tion level, independent of implementation details [22]. PREEvision
supports the full development process from requirements defini-
tion through software behavior and hardware configuration, with
trace links connecting all layers so that relationships between re-
quirements, architecture, software, and hardware remain explicitly
traceable [22]. The tool’s domain-specific metamodel is the EEA
metamodel [22], which is based on the Meta-Object Facility (MOF)
standard. Each model element (also called an artifact) is identified
by a unique ID (also called XMIID) and carries attribute values as
well as explicit links to related artifacts.

Retrieval-Augmented Generation. RAG systems extend large lan-
guage models by incorporating external knowledge sources into
the generation process [16]. Unlike standard LLMs that rely solely
on pretrained parameters, RAG combines language models with re-
trieval techniques to fetch relevant information from a database and
use it as context for answer generation [16]. The approach consists
of two phases: (1) indexing, where data is preprocessed, embedded
into high-dimensional vectors, and stored in a vector database with
references to the original documents; and (2) retrieval, where a
user query is embedded and compared against stored vectors via
similarity search to identify the most relevant information [16].
The retrieved context is then passed to the LLM along with the
original query, enabling the system to generate accurate, up-to-date
responses without requiring LLM retraining, while maintaining
traceability to the underlying data sources [16]. During indexing,
the data is split into semantic snippets, called chunks. Each chunk
is transformed into a high-dimensional vector using an embedding
model.

Text retrieval benchmarks. Several benchmarks have been devel-
oped to systematically evaluate retrieval and embedding models.
BEIR compares information retrieval models across diverse text
retrieval tasks and has significantly improved the comparability
of retrieval approaches [23]. The Massive Text Embedding Bench-
mark (MTEB) [19] and its extension MMTEB [6] provide the most
comprehensive framework for comparing text embedding mod-
els, with MMTEB extending MTEB to multilingual scenarios and
more challenging novel tasks [6]. These benchmarks systematically
evaluate hundreds of embedding models across tasks such as re-
trieval, classification, clustering, and re-ranking [6, 19]. However,
all these benchmarks focus on unstructured text data rather than

MDE models. This work builds on these benchmarks but explicitly
investigates the extent to which their findings transfer to struc-
tured MDE model elements, additionally examining the influence
of different serializations and data preprocessing strategies.

Retrieval over structured and code data. Embedding-based re-
trieval has been studied for various structured data formats beyond
natural language text [9]. In software engineering, natural language
queries are matched against code snippets by representing text and
code in a shared vector space [26], with specialized benchmarks
such as CoIR [17] for evaluation. However, these approaches are
limited in transferability since code snippets preserve meaning,
whereas model elements are graph-based with structural relation-
ships encoded via explicit references rather than implicit token
order.

Similarly, table retrieval poses challenges for embedding models
due to the need to capture explicit two-dimensional structural rela-
tionships [11]. Dense table retrievers [11] and serialization strate-
gies with metadata [8] have been proposed to address this.

For knowledge graphs, specialized embedding models focus
on link prediction [7] or entity matching with different serializa-
tions [27], but do not address general retrieval contexts for model
artifacts. Recent graph-aware methods like GraphRAG [5] and
HubLink [13] explicitly model relationships during retrieval, but
require structurally modified architectures. In contrast, this work
evaluates standard text embedding models with different serializa-
tions and preprocessing strategies for retrieval over MDE model
elements.

Preprocessing effects on retrieval. The impact of data preprocess-
ing on retrieval system performance has been studied across do-
mains and is considered an important factor for similarity search
quality. Early work showed that preprocessing steps can affect rank-
ing behavior independently of the embedding model, such as lossy
compression in image-based retrieval [21].

For text-based retrieval, studies report that basic preprocess-
ing (such as lowercasing, punctuation and stopword removal,
stemming/lemmatization) yields measurable but task- and model-
dependent effects, with simple steps often providing robust im-
provements while complex procedures show inconsistent gains [2,
3, 12, 15]. Our work evaluates preprocessing strategies adapted
to MDE model elements, such as filtering unused attributes and
enriching with metadata, to assess how different strategies affect
the retrieval performance of existing text embedding models.

Specialized embeddings for structured data. As an alternative
to universal text models, approaches like SANTA [18] and
WordE4MDE [10] develop specialized embeddings that directly ac-
count for structural properties of specific data formats. In contrast,
this work does not pursue a model-centric approach but instead
evaluates existing, generally available text embedding models in
combination with different preprocessing and serialization strate-
gies.

3 Approach
Our Approach is divided into two main components: the artifact
embedding component and the evaluation component. The artifact
embedding component creates test-based chunks fromMDEmodels
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and is designed for use in production systems (see subsection 3.1).
We describe the evaluated preprocessing, serializations, and embed-
ding models in subsection 3.2, subsection 3.3, and subsection 3.4,
respectively.

3.1 Ingestion Pipeline Architecture
The MDE model element embedding component is the evaluated
component of this work, responsible for transforming model data
from a PREEvision model into vector representations. The compo-
nent’s modules are organized as sequential processing steps in a
pipeline. This modular architecture enables independent execution
of individual processing steps, as well as targeted replacement of
modules. The pipeline operates in parallel, with logically decoupled
modules exchanging data via queues. The resulting workflow is
illustrated in Figure 1. (1) All model elements are retrieved from a
PREEvision model; (2) The preprocessing module performs chunk-
specific content aggregation from raw model elements; (3) The
serialization module transforms preprocessed model elements into
string representations serving as input to the embedding model;
(4) The embedding module passes these representations to the re-
spective embedding model, which generates multi-dimensional
vectors for each MDE model element; (5) The vector database mod-
ule stores the resulting vectors. For each model element, we create
a single chunk. Each model element’s ID serves as the identifier in
the vector database for storage and later retrieval result association.

While modern vector databases typically employ Approximate
Nearest Neighbor (ANN) algorithms for efficient similarity search
at scale [4, 25], this work deliberately disables approximate search
in favor of exact neighborhood search. This ensures deterministic
and reproducible retrieval results, excluding the possibility that
differences in retrieval performance stem from search algorithm ap-
proximations rather than the evaluated preprocessing, serialization,
or embedding strategies. For every query, a complete comparison
against all stored vectors is performed.

3.2 Data Preprocessings
The data preprocessing module prepares the concrete data used
when embedding a single model element. The evaluated preprocess-
ing strategies are summarized in Table 1. An exemplary example
of the impact of each data processing step is shown in Figure 2.
The evaluation focuses on two central strategies: plain (DV1) as
a baseline with no changes compared to the raw data from the
PREEvision model, and mopilot (DV2) combining steps DV3–DV7.
filterAttributes (DV3) removes semantically irrelevant attributes like
redundant IDs and temporal metadata. addLayer (DV4) appends
PREEvision layer information describing each model element’s ab-
straction level. convertMofType (DV5) normalizes verboseMOF type
names to concise forms. processLinks (DV6) dereferences model el-
ement links by inlining the referenced element’s name, type, and
ID. extendFileContent (DV7) incorporates the contents of externally
linked files into the chunk. The file contents are mostly descriptive
texts about a specific model element.

3.3 Serializations
The serialization module transforms preprocessed model elements
into linear string representations. The selected formats (Table 2)

cover a broad spectrum of established representations for struc-
tured data. We include widely adopted, formally structured formats
such as JSON (SF1), XML (SF2), and YAML (SF3), as well as more
minimalist or specialized approaches like TOML (SF4) and TOON
(SF5). The latter formats are evaluated for their potential to bet-
ter preserve structural neighborhood through minimal syntactic
overhead in the token sequence [27]. Less strictly structured repre-
sentations were considered to examine the influence of structuring
degree on embedding quality. These include natural language prose
(SF6) and a simple key-value representation in Markdown style
(SF7).

Structured serialization formats (SF1–SF5) were implemented
using established Python libraries. For SF6, model element con-
tents were embedded into predefined textual templates to ensure
consistent representation (see Listing 1). SF7 was implemented
analogously, with attribute names and their corresponding values
explicitly represented as formatted pairs (see Listing 2).

3.4 Embedding Models
We evaluate 13 embedding models (Table 3), covering a wide range
of sizes, architectures, and benchmark backgrounds. BM25 (EM02)
serves as a sparse retrieval baseline.

Model selection was based on performance in established bench-
marks. We considered both text embedding benchmarks such as
MTEB [19] and MMTEB [6], as well as code embedding bench-
marks including CoIR [17]. Models of varying sizes and embedding
dimensions were selected.

During the embedding process, each model element was individ-
ually transformed into a vector representation. When a serialized
representation exceeded a model’s maximum context length, the
text was truncated accordingly.

4 Evaluation Setup
The evaluation component serves to quantitatively assess the re-
trieval results generated by the artifact embedding component.

4.1 Dataset
The approach was evaluated on two PREEvision models (see Ta-
ble 4). The Demo Model, a model incorporating practical examples
of many different PREEvision features, and the vCANdrive model,
a small model for fair demonstrations of the whole PREEvision
toolchain. Both models are not real-world models, but they are
realistic in the sense that they were created by PREEvision users
for demonstration purposes, and they contain a variety of different
model elements and relationships. For our tests, we only embed
a subset of the model elements, namely the EEA artifacts, which
are the model elements that hold semantic information about the
system being developed. Other model elements, such as folders or
diagrams, are not embedded directly. For our data preprocessing,
we include relations to non-EEA model elements. Most configura-
tions were only evaluated for the vCANdrive model because the
combinatorial complexity, in addition to the number of model el-
ements, made it impractical to evaluate all combinations on the
bigger Demo Model.
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Figure 1: Ingestion pipeline architecture.

Figure 2: Data preprocessing strategies.

Table 1: Preprocessing strategies. Metrics are on average for EM10. Best values are in bold, non-significant worse values are
underlined (𝛼 = 0.05). Token count with Qwen3 tokenizer.

ID Strategy Description nDCG@10 Recall@20 Recall@100 MRR Mean Tokens/Model element

DV1 plain No preprocessing (baseline) 0.39 0.36 0.61 0.88 755.37
DV2 mopilot Combination of DV3–DV7 0.52 0.72 0.92 0.72 301.99
DV3 filterAttributes Remove generic/technical metadata 0.36 0.36 0.61 0.80 389.80
DV4 addLayer Append artifact layer label 0.38 0.36 0.61 0.85 759.04
DV5 convertMofType Normalize MOF type names 0.40 0.36 0.62 0.90 720.92
DV6 processLinks Dereference links 0.52 0.66 0.88 0.81 698.62
DV7 extendFileContent Include external file contents 0.38 0.35 0.61 0.86 755.01
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Table 2: Serialization formats. Metrics are averaged across all embedding models and data preprocessing configurations. Best
values are in bold, non-significant worse values are underlined (𝛼 = 0.05). Token count with Qwen3 tokenizer.

ID Format Description nDCG@10 Recall@20 Recall@100 MRR Mean Tokens/Model element

SF1 JSON JavaScript Object Notation 0.32 0.39 0.60 0.57 668.54
SF2 XML eXtensible Markup Language 0.29 0.36 0.55 0.51 813.02
SF3 YAML YAML Ain’t Markup Language 0.32 0.40 0.59 0.58 568.75
SF4 TOML Tom’s Obvious. Minimal Language 0.33 0.41 0.62 0.60 575.57
SF5 TOON Token-Oriented Object Notation 0.34 0.42 0.63 0.61 871.96
SF6 Natural text Template-based prose 0.33 0.40 0.61 0.61 594.73
SF7 Markdown KV Markdown-style key-value pairs 0.36 0.43 0.62 0.67 588.22

Table 3: Evaluated embedding models with MTEB Retrieval Score and performance metrics. For performance metrics, best
values are in bold, non-significant worse values are underlined. (𝛼 = 0.05)

ID Model Params nDCG@10 Recall@20 Recall@100 MRR MMTEB Retrieval Score [6]

EM01 all-MiniLM-L6-v2 22M 0.24 0.35 0.61 0.35 32.51
EM02 BM25 (sparse baseline) — 0.38 0.41 0.41 0.95 -
EM03 bge-large-en 335M 0.38 0.54 0.82 0.60 -
EM04 bge-m3 569M 0.35 0.50 0.78 0.58 54.6
EM05 inf-retriever-v1 7.1B 0.51 0.72 0.91 0.77 66.48
EM06 KaLM-Embedding-Gemma3-12B 11.8B 0.57 0.73 0.94 0.87 75.66
EM07 nomic-embed-code 7.0B 0.43 0.58 0.89 0.80 -
EM08 Octen-Embedding-8B 7.6B 0.49 0.64 0.87 0.90 71.68
EM09 Qwen3-Embedding-0.6B 596M 0.51 0.69 0.92 0.87 64.65
EM10 Qwen3-Embedding-4B 4.0B 0.56 0.80 0.95 0.94 69.6
EM11 Qwen3-Embedding-8B 7.6B 0.53 0.71 0.93 0.91 70.88
EM12 snowflake-arctic-embed-l-v2 568M 0.42 0.60 0.83 0.68 58.36
EM13 text-embedding-3-large unknown 0.34 0.51 0.83 0.62 59.32

The following document describes an artifact with its attributes:
The XMIID is 791.
The name is Front_0.
There are the following compositeRelations:

[. . . ]
- The artifact is connected with the relation componentPackage

to the attribute ECUs (eea.componentslayer.ComponentPackage) -
xmiid=697.

[. . . ]
There are the following associations:

- The artifact is connected with the relation referencedBySMB to
1 artifact Reference SMB81 (metricmm.ReferenceSMB) - xmiid=2509.

[. . . ]
The mofType has the name ECU and the fullname
eea.componentslayer.ECU.

Listing 1: Example of SF6 - Natural text serialization

Table 4: PREEvision models. Evaluated PREEvision models
with information

Name # Elements # EEA Elements Q-A Pairs

Demo Model 1,477,124 63,914 750
vCANdrive 1,299,469 11,941 62

# 791 (Front_0):
```
XMIID: 791
name: Front_0
[. . . ]

compositeRelations:
- rel: componentPackage
artifacts:
ECUs (eea.componentslayer.ComponentPackage) - xmiid=697

[. . . ]
associations:
- rel: referencedBySMB
size: 1
artifacts:
Reference SMB81 (metricmm.ReferenceSMB) - xmiid=2509

[. . . ]
mofType:
name: ECU
fullname: eea.componentslayer.ECU

```

Listing 2: Example of SF7 - Markdown KV serialization

4.2 Question Set
The benchmark question set comprises questions, answers, and
the artifact IDs required for answering. Although the structure of
a PREEvision model’s element tree may vary, certain structural
patterns are likely to recur across different models. To generate
evaluation inputs, we apply model-to-model transformations to
match predefined search patterns within the models. The identified
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model element patterns are then automatically transformed into
corresponding question-answer pairs, with each pair explicitly ref-
erencing the artifacts from which it was derived. A key advantage
of this approach lies in its model-agnostic nature, as the transforma-
tion rules are defined in terms of the metamodel’s classes and can
be applied uniformly to any model that conforms to the PREEvision
metamodel without requiring model-specific adaptations.

The questions operationalize six specific structural patterns of
the PREEvision model. They evaluate the embedding models’ abil-
ity to retrieve relevant information even when answers depend
on referenced artifacts or are distributed across multiple artifacts.
Answering individual questions requires identifying chains of con-
nected artifacts. For example, the question “Which ECU is con-
nected to the actuator LedMatrixFrontLeft?” requires identifying
five artifacts (actuator, two connectors, cable, and ECU) to gener-
ate the answer “Front_0”. Other question categories have different
structures and may have multiple solutions, typically requiring
shorter connected paths. The number of relevant model elements
varies by question, ranging from 3 to 16.

4.3 Evaluation Module
In the evaluation step, the questions are transformed into vector
representations using the same embedding model as the model
elements. Depending on the specific embedding model, a model-
specific prompt may be prepended to the question. If any, we fol-
lowed the embedding model’s recommended prompt for retrieval
tasks. Subsequently, the most similar model element IDs to the
question vector are retrieved from the vector database using cosine
similarity.

The determined retrieval results are compared with the IDs
marked as relevant for each respective question. Based on this
comparison, evaluation metrics are calculated. This is done first
at the level of individual questions and then aggregated across
all questions. The flow of this evaluation process is illustrated in
Figure 1.

4.4 Metrics
We follow the MTEB [19] and BEIR [23] conventions, reporting:
nDCG@10 (primary metric, ranks-aware quality of the top-10
results),Recall@20,Recall@100 (coverage of all relevant artifacts
at practical LLM context sizes), and MRR (mean reciprocal rank of
the first relevant artifact). We calculate statistical significance for
these metrics only. For the significance test, we use a paired t-test
as proposed by Urbano et al. [24].

5 Results
We present our results by our research questions (see section 1). In
addition, we also evaluate the factor importance in subsection 5.5.

5.1 RQ1: Model-RAG feasability
Embedding-based retrieval of single model elements is a feasible
approach for RAG systems. Table 5 shows the 20 best evaluated
combinations of data preprocessing, serialization, and embedding
model sorted by nDCG@10. It also includes the best combination
of plain data preprocessing and the one with the highest MRR.

Table 5: Excerpt of the 20 best evaluated combinations sorted
by nDCG@10 on the PREEvision model vCANdrive. Addi-
tionally, the first combination with DV1 data preprocessing
and the one with the highest MRR are shown. Best values per
metric are in bold, non-significantly lower values (𝛼 = 0.05)
are underlined.

# Model DV SF 𝑛𝐷𝐶𝐺10 𝑅𝑒𝑐𝑎𝑙𝑙20 𝑅𝑒𝑐𝑎𝑙𝑙100 MRR

1 EM10 DV6 SF5 0.59 0.74 0.91 0.82
2 EM06 DV2 SF3 0.57 0.73 0.94 0.82
3 EM10 DV2 SF1 0.56 0.76 0.93 0.78
4 EM06 DV2 SF4 0.55 0.70 0.92 0.87
5 EM10 DV2 SF5 0.55 0.80 0.93 0.70
6 EM10 DV6 SF4 0.54 0.67 0.91 0.86
7 EM10 DV2 SF4 0.54 0.73 0.94 0.76
8 EM06 DV2 SF5 0.54 0.71 0.93 0.81
9 EM11 DV2 SF2 0.53 0.71 0.91 0.74
10 EM10 DV2 SF6 0.53 0.72 0.95 0.75
11 EM10 DV6 SF3 0.52 0.72 0.90 0.78
12 EM10 DV6 SF1 0.52 0.64 0.86 0.84
13 EM11 DV2 SF3 0.52 0.68 0.90 0.77
14 EM10 DV2 SF7 0.52 0.67 0.91 0.76
15 EM10 DV6 SF2 0.51 0.63 0.84 0.86
16 EM09 DV2 SF1 0.51 0.67 0.90 0.69
17 EM05 DV2 SF5 0.51 0.72 0.91 0.61
18 EM05 DV2 SF6 0.51 0.72 0.89 0.67
19 EM06 DV2 SF1 0.50 0.62 0.87 0.85
20 EM10 DV2 SF3 0.50 0.73 0.91 0.67
52 EM11 DV1 SF3 0.42 0.46 0.64 0.89
91 BM25 DV1 SF6 0.38 0.26 0.26 0.95

Table 6: Selected configurations on the bigger Demo Model
evaluation set with performance metrics. Best values are in
bold; non-significant worse values are underlined. (𝛼 = 0.05)

EM DV SF 𝑛𝐷𝐶𝐺10 𝑅𝑒𝑐𝑎𝑙𝑙20 𝑅𝑒𝑐𝑎𝑙𝑙100 MRR

EM05 DV2 SF5 0.44 0.60 0.74 0.66
EM06 DV2 SF4 0.49 0.59 0.71 0.78
EM06 DV2 SF5 0.48 0.59 0.71 0.73
EM06 DV2 SF3 0.45 0.55 0.70 0.76
EM09 DV2 SF1 0.48 0.59 0.71 0.72
EM10 DV2 SF1 0.49 0.62 0.77 0.75
EM10 DV2 SF6 0.48 0.60 0.77 0.76
EM10 DV2 SF4 0.44 0.58 0.76 0.69
EM10 DV2 SF5 0.48 0.62 0.78 0.70
EM11 DV2 SF2 0.48 0.60 0.74 0.73

BM25 serves as the classical sparse retrieval baseline, consid-
ered in the literature as a robust reference method for retrieval
tasks [23]. Good-performing configurations achieve nDCG@10
above 0.5, which is a significant improvement over the BM25 base-
line with around 0.38 (see Table 5). We also retrieve more than 70%
of relevant model elements in the top 20 retrieved model elements,
and more than 90% in the top 100 retrieved model elements. The
highest MRR value of 0.95 was achieved by BM25, which is a side
effect of our evaluation setup with automatically generated ques-
tions that contain hardly any synonym variations. BM25’s actual
performance in real search scenarios might be even lower [14].
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Table 6 shows the results of selected good configurations on a
bigger Demo Model evaluation set. The results are consistent with
the smaller evaluation set, with the best-performing configuration
achieving an nDCG@10 of 0.49 and an MRR of 0.78. However, the
recall values are generally lower, which may be due to the increased
model size and complexity. This suggests that while embedding-
based retrieval is effective for finding relevant model elements, it
may struggle to retrieve all relevant model elements in larger or
more complex models.

Answer to RQ1: Embedding-based retrieval is a feasible ap-
proach for model element retrieval in RAG systems, significantly
outperforming classical keyword-basedmethods like BM25. How-
ever, embedding models can’t find all relevant model elements.

5.2 RQ2: Embedding Model Comparison
In Table 3, we first compare the retrieval performance of all em-
bedding models. For each model, the remaining pipeline compo-
nents (serialization and preprocessing) are selected to use the best-
performing configuration identified. This approach reflects real-
world application scenarios where models are typically not de-
ployed in suboptimal combinations. Thus, we compare the achiev-
able performance upper bounds of the models. However, this ap-
proach may introduce a certain hyperparameter bias and favor
data-specific outliers.

KaLM-Embedding-Gemma3-12B, currently leading in the
MTEB Retrieval benchmark, demonstrates strong performance in
nDCG@10 but less frequently places relevant model elements at the
top rank position. Qwen3-Embedding-4B achieves the best overall
retrieval performance, delivering consistently high values across
all metrics. It is not significantly worse than the respective best
model in any considered metric. The larger sibling model Qwen3-
Embedding-8B achieves slightly weaker results despite having dou-
ble the parameter count, suggesting that higher model capacity
does not necessarily lead to better retrieval performance.

The smallest embedding models perform overall worse. A pos-
sible cause is their limited context length, which may truncate
relevant information located at the end of model elements.

The recall progression over various cut-off values 𝑘 shown in
Figure 3 also suggests that keyword-based methods like BM25 find
relevant documents early but provide no additional results beyond
the first five returned model elements. In contrast, dense embedding
models continue to improve recall even at higher cut-off values. The
superiority of powerful embedding models becomes particularly
evident in the range of 𝑘 ≈ 10–200 returned model elements. This
range is especially relevant for RAG systems, as it approximately
corresponds to the number of model elements that fit into the
context window of downstream LLMs. For higher cut-off values
𝑘 → 1000, the recall of embedding models converges again, and
differences between models diminish.

Overall, modern dense embeddings clearly outperform classical
keyword-based methods. In particular, Qwen3 and KaLM models
achieve consistently high performance. This confirms that the se-
mantic representation capability of models is crucial for system
success.
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Figure 3: Recall progression over cut-off values 𝑘 .

MMTEB transfer. We compare the observed model rankings with
their performance in the MMTEB Retrieval benchmark [6]. The
MMTEB retrieval score has a high correlation with the nDCG@10
values observed in our benchmark, indicating that models perform-
ing well on MMTEB also tend to performwell in our model retrieval
context (𝑅2 = 0, 8566). Also, the Kendall rank correlation coefficient
between the model rankings in MMTEB and our benchmark is
0.64, which is statistically significant (𝑝 = 0.01), indicating a strong
agreement in the relative performance of the models across both
benchmarks.

Answer to RQ2: Embedding models performing well in normal
text retrieval benchmarks like MTEB also perform the best in
our model retrieval benchmark, with a high correlation between
the rankings.

5.3 RQ3: Serialization Format
Table 2 compares the retrieval performance of different serialization
formats. On average, SF7 (Markdown KV) achieves the best perfor-
mance, closely followed by SF5 (TOON), indicating good stability
over different embedding models. However, the other formats also
appear frequently among the best configurations (see Table 5).

XML (SF2) has the lowest average score across all metrics (see Ta-
ble 2), yet still appears twice among the top 15 overall combinations
(Table 5).

XML followed by JSON has the highest average token count per
model element (see Table 3). TOON and Yaml have the lowest token
count on average, which is consistent with related work.

Answer to RQ3:Markdown KV and TOON serialization formats
achieve the best retrieval performance on average, but other for-
mats are also frequently among the top configurations, indicating
embedding model-specific effects.
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Table 7: ANOVA results for nDCG@10.

df SS MS F p 𝜂2𝑝

DV 1.0 0.63 0.63 633.68 < 0.001 0.90
SF 6.0 0.07 0.01 11.74 < 0.001 0.49
EM 12.0 1.96 0.16 164.86 < 0.001 0.97
DV × SF 6.0 0.01 0.001 1.19 0.32 0.09
DV × EM 12.0 0.26 0.02 21.82 < 0.001 0.78
SF × EM 72.0 0.14 0.002 2.03 0.002 0.67
Error 72.0 0.07 0.001 – – –

5.4 RQ4: Preprocessing
Table 1 compares the retrieval performance of different data prepro-
cessing strategies for Qwen3-Embedding-4B. The mopilot strategy,
which combines multiple preprocessing steps, achieves the best
overall performance. However, the single step of dereferencing
links (DV6) also achieves a significant improvement over the plain
baseline, suggesting that this step is particularly effective in en-
hancing retrieval performance. The other individual preprocessings
don’t show much improvement over the plain baseline.

DV3 reduces the token count to almost 50% of the original while
preserving the same retrieval performance. This prerpocessing
might be the single best optoin for reducing inference cost of em-
bedding models, while preserving overall performance. DV7 does
not increase the token count much due to the small size of the
linked files.

The only tested embedding model that does not benefit from
link dereferencing is BM25 (see Figure 4). This comes naturally, as
this preproessing step distributes important keywords further into
non-relevant chunks.

Answer to RQ4: The choice of data preprocessing strategy has
a significant impact on retrieval performance. Including model
structure by dereferencing links is particularly effective in im-
proving retrieval performance. The amount of attributes does
not have a big effect on retrieval performance.

5.5 Factor Importance
To quantify the influence of different factors on retrieval perfor-
mance, we conducted a multifactorial ANOVA. Table 7 presents
the results of the analysis for nDCG@10. The analysis reveals that
the embedding model has the largest effect on retrieval perfor-
mance (𝜂2𝑝 = 0.97), followed by data preprocessing (𝜂2𝑝 = 0.90) and
serialization format (𝜂2𝑝 = 0.49). All main effects are statistically
significant (𝑝 < 0.001).

Figure 4 shows a heatmap of nDCG@10 values for all combina-
tions of embedding models and serialization strategies for plain and
mopilot preprocessings. The heatmap shows that while the choice
of embedding model has a dominant influence on performance, the
impact of serialization format is more nuanced and varies with the
embedding model used.

6 Discussion
In this section, we discuss the implications of our findings for
practitioners and researchers and address potential threats to the
validity of our study.

6.1 Implications
For practitioners, our results confirm that embedding-based re-
trieval over MDE model elements is viable today using general-
purpose text embedding models without any domain-specific fine-
tuning. In more than half of our test cases, embedding models found
a relevant model element first (Median MMR = 1, see Figure 5). Also,
modern embedding models, like Qwen3-Embedding-4B are supe-
rior for model element retrieval in comparison to keyword-based
mechanisms, like BM25. This also holds if there are no chunks that
hold the whole searched information, as embedding models can
also reliably find partial searched information.

MTEB retrieval scores serve as a reliable proxy for model se-
lection (𝑅2 = 0.86, Kendall 𝜏 = 0.64), so practitioners can consult
publicly available MTEB leaderboards to guide their choice. Among
the evaluated models, Qwen3-Embedding-4B offers the best cost-
performance trade-off; its larger sibling Qwen3-Embedding-8B is
marginally weaker despite doubling the parameter count, highlight-
ing that model size alone should not drive selection.

Preprocessing is the single most impactful tuning lever available
without touching the embedding model itself. The most effective
individual step is link dereferencing (DV6), which raises nDCG@10
from 0.39 to 0.52 by inlining the name, type, and identifier of refer-
enced model elements—making the local relational context explicit
without increasing chunk count. Practitioners are advised to enable
this step first before experimenting with other strategies.

For serialization, Markdown key-value (SF7) and TOON (SF5)
offer the most robust performance across models and produce sub-
stantially fewer tokens per model element than XML or JSON,
reducing both embedding latency and context consumption. SF7
can therefore serve as a safe default, with model-specific tuning
reserved for scenarios where the heatmap in Figure 4 indicates a
different format is clearly better.

Regarding retrieval depth, a cut-off of𝑘 ≈ 20 recovers at least one
relevant model element reliably, while 𝑘 ≈ 100 is still not enough to
cover the full set of relevant model elements for multi-hop queries
– especially for larger MDE models, like the Demo Model. RAG
system designers should account for this by combining embedding
retrieval as an anchor point finder with explicit graph traversal for
multi-hop scenarios or large-scale MDE models.

For researchers, the strong MTEB transferability result offers a
practical starting point: standard text retrieval benchmarks remain
informative predictors even for structured model elements, so ex-
tending MTEB rather than building entirely new benchmarks may
be a fruitful direction. Also, exploring other established information
retrieval techniques, such as hybrid retrieval, might transfer well.

A key open challenge revealed by this work is the anchor-point
limitation: even the best models find the directly queried model
elements reliably but struggle to retrieve the full set of implicitly
required model elements along the relational chain. This suggests
that standard dense retrieval is insufficient for multi-hop model
queries, motivating future work on graph-aware retrieval strategies,
such as iterative retrieval, re-ranking based on structural proximity,
or hybrid approaches that combine dense retrieval with explicit
relation traversal.

The ANOVA interaction between serialization format and em-
bedding model (𝜂2𝑝 = 0.67, 𝑝 = 0.002) shows that different models
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Figure 4: Heatmap of nDCG@10 values for all combinations of preprocessing and serialization strategies.
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Figure 5: Boxplot of different metrics per question for the
combination of Qwen3-Embedding-4B, mopilot, and JSON.

respond differently to format syntax: some models are robust across
all formats, while others are sensitive to specific representations.
This interaction warrants embedding-model-specific format selec-
tion in future work and cautions against evaluating serialization
strategies with a fixed embedding model.

The dominance of link dereferencing over all other preprocessing
steps (including format-level choices) further suggests that struc-
tural context enrichment (making the model graph locally explicit) is
more important than choosing the right serialization syntax. Investi-
gating richer forms of neighborhood expansion, such as multi-hop
link dereferencing, graph-aware embeddings, or type hierarchy
inclusion, is a promising avenue.

6.2 Threats to Validity
Following the guidelines of Runeson and Höst [20], we outline and
address potential threats to the validity of our research.

Construct validity. The benchmark questions were generated
automatically from human-implemented metamodel-level transfor-
mation patterns. While this ensures reproducibility and avoidance
of model-specific bias, the resulting questions variation is mainly

driven by the different question templates and specific model ele-
ments, which artificially inflates BM25 MRR and may not reflect
the diversity of natural-language queries engineers formulate in
practice. The boxplot in Figure 5 illustrates that performance varies
across questions. Furthermore, the retrieval metrics adopted from
MTEB and BEIR (nDCG@10, Recall@20/100, MRR) measure rank-
ing quality; they do not directly capture whether the retrieved
context is sufficient for a downstream LLM to generate a correct
answer, leaving end-to-end RAG quality for future evaluation.

Internal validity. The comparison of embedding models at their
individually optimized configurations (best serialization and pre-
processing combination) may introduce hyperparameter bias, as
models that are sensitive to a particular combination could ap-
pear artificially stronger. Long serializations are truncated at each
model’s context length, meaning that large model elements may
be evaluated under different conditions depending on the model’s
token budget. The DV×EM interaction (𝜂2𝑝 = 0.78) confirms that
preprocessing gains are not uniform across models, so aggregate
rankings may mask individual model behavior.

External validity. The study was conducted exclusively on PREE-
vision EEAmodels (DemoModel and vCANdrive). Both are realistic
but synthetic demonstration models rather than real production-
use models. While PREEvision captures many different domains
within its metamodel, both evaluation MDE models originate from
the same tool and metamodel. Transferability to other MDE tools
(such as Palladio and SysML) and other modeling domains (e.g.,
process models, software architecture) has not been verified.

Reliability. All retrieval experiments use exact nearest-neighbor
search, ensuring fully deterministic and reproducible results. The
evaluation pipeline is automated end-to-end: question generation,
embedding, retrieval, and metric computation are parameterized
by configuration files and can be re-executed on any PREEvision-
conformant model using the same transformation rules.
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7 Conclusion
We present an empirical study on embedding-based retrieval of
MDE model elements for use in RAG pipelines, comparing 13 em-
bedding models, 7 serialization formats, and 7 data preprocessing
strategies on PREEvision EEA models. Our results demonstrate that
general-purpose text embedding models can be applied to struc-
tured model elements without domain-specific finetuning, and that
MTEB leaderboard rankings transfer reliably to this new domain.
Aside of embedding models, preprocessing—especially link derefer-
encing—has the largest impact on retrieval quality, while compact
serialization formats offer a robust and token-efficient default.

At the same time, our study reveals a limitation of dense retrieval
for MDE: embedding models reliably identify directly queried an-
chor elements but often struggle to recover the full set of implic-
itly required model elements along relational chains. Closing this
gap through graph-aware retrieval strategies—such as iterative
multi-hop retrieval, re-ranking by structural proximity, or hybrid
dense–graph approaches—is the primary open challenge and the
most promising direction for future work.
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