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Abstract: Model-Based Software Engineering (MBSE) with JetBrains MPS is challenging primarily because language
engineering goes beyond using programming languages to designing them—working with meta-concepts,
generators, and composition—so the learning curve is steep even with detailed documentation. We present
an LLM-powered, retrieval-augmented chatbot for MPS education that combines official docs with expert-
curated material, organizing both via composable graph indexes in LlamaIndex. We evaluate five configura-
tions across two phases using the RAGAs framework along four dimensions: faithfulness, answer relevancy,
context utilization, and harmfulness. Compared to a documentation-only baseline, faithfulness improves from
0.42 to 0.99; best context utilization reaches 0.71; answer relevancy remains 0.50–0.64 in the larger study; and
harmfulness is as low as 0.05 (0.08 in the final configuration). These results indicate that (i) curated expert
knowledge—beyond official docs—is crucial for onboarding to meta-level concepts, (ii) composable graphs
materially improve grounding, and (iii) lightweight, targeted index summaries further boost reliability while
remaining scalable. The approach generalizes to other MBSE tools where steep learning curves limit adoption,
and we provide code and configuration artifacts to facilitate replication and classroom use.

1 INTRODUCTION

Model-Based Software Engineering (MBSE) with
JetBrains MPS is challenging primarily because lan-
guage engineering goes beyond using programming
languages to designing them. Learners must reason
about meta-concepts (e.g., abstract syntax, type sys-
tems), generators, and language composition, which
makes the learning curve steep even when detailed
documentation is available (Voelter and Solomatov,
2010; Barash and Pech, 2021; Prinz, 2021). In prac-
tice, newcomers benefit not only from official docs
but also from expert experience that contextualizes
why and how to apply MPS idioms (e.g., generator
patterns, priorities, predefined plans) in real projects.

We present an LLM-powered, retrieval-
augmented chatbot for MPS education that combines
official documentation with expert-curated material
and organizes both using composable graph indexes
in LlamaIndex. This design addresses two key
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limitations of LLM-only assistants: (i) the need for
curated, domain-specific grounding beyond generic
tutorials (mps, 2024; Dummann and Silveira, 2024),
and (ii) context-window constraints that hinder
faithful use of larger corpora (Alarcia et al., 2024).
By encoding brief, targeted index summaries and
composing multiple indexes, our assistant retrieves
and stitches together the most relevant fragments for
a user’s query.

We evaluate five configurations across two phases
using the RAGAs framework (Es et al., 2024), re-
porting four dimensions—faithfulness, answer rele-
vancy, context utilization, and harmfulness. Com-
pared to a documentation-only baseline, faithfulness
improves from 0.42 to 0.99; best context utilization
reaches 0.71; answer relevancy remains 0.50–0.64 in
the larger study; and harmfulness is as low as 0.05
(0.08 in the final configuration). These results indi-
cate that (i) curated expert knowledge—beyond of-
ficial docs—is crucial for onboarding to meta-level
concepts, (ii) composable graphs materially improve
grounding, and (iii) lightweight, targeted index sum-



maries further boost reliability while remaining scal-
able.

Contributions. This paper offers three contribu-
tions to the MODELSWARD community:
1. A retrieval-augmented LLM assistant for JetBrains

MPS that integrates official documentation and
expert-curated sources via composable graph in-
dexes in LlamaIndex (LlamaIndex Contributors,
2024b).

2. A metrics-based evaluation with RAGAs (Es et al.,
2024) over two experiment phases, quantifying
faithfulness, answer relevancy, context utilization,
and harmfulness.

3. A practical recipe—source curation, targeted index
summaries, and index composition—that instruc-
tors and practitioners can reuse to support MBSE
tool adoption (e.g., generator maintainability, pre-
defined plans) (Bucchiarone et al., 2021).
Please note that this paper focuses on the technical

design and evaluation of the approach; a systematic
study of its educational impact is deferred to future
work.

The remainder of the paper is organized as fol-
lows: Section 2 summarizes background and research
questions. Section 3 details the method and experi-
mental setup. Section 4 reports results and discusses
implications. Section 5 concludes and outlines future
work.

2 BACKGROUND STUDY &
RESEARCH QUESTIONS

Chatbots powered by Large Language Models
(LLMs) are increasingly finding their place in Model-
Based Software Engineering (MBSE) education, of-
fering innovative ways to enhance learning and ac-
cessibility. MBSE, which emphasizes the use of
models as primary artefacts in software development
(Stahl et al., 2006), is a complex and technical field
often associated with a steep learning curve, espe-
cially for beginners in academia and industry (Butting
et al., 2018). The challenges of MBSE education
stem from the need to grasp abstract concepts, spe-
cialized tools, and workflows that demand both the-
oretical and practical expertise. Chatbots provide an
effective solution to these difficulties by acting as on-
demand, interactive assistants that can simplify com-
plex ideas, answer technical questions, and offer per-
sonalized learning experiences (Yigci et al., 2024;
Micheal et al., 2024). By leveraging advanced ca-
pabilities such as Retrieval-Augmented Generation

(RAG), these chatbots can deliver precise, context-
aware information from diverse sources, helping stu-
dents and professionals navigate MBSE’s intricacies.
As such, the integration of chatbots into MBSE edu-
cation has the potential to transform how learners en-
gage with this challenging subject, making it more ap-
proachable and engaging as Kienzle et al. mentioned
in section 4.4.1 for Modelling Assistants (Kienzle
et al., 2024).

Language engineering is a subfield of MBSE
which is particularly challenging and highly spe-
cialised. Despite their potential, certain tools, such
as MPS which is a language workbench developed
by JetBrains (JetBrains, 2024), remain hard to learn
and adopt both for academia and industry. MPS is
powerful mainly for its language modularization and
composition (Voelter and Solomatov, 2010), but com-
plex tool for language engineering, widely recognized
for its steep learning curve. Pech (Pech et al., 2013)
clearly articulates MPS’s potential and challenges in
the closing statements of the paper, stating: ”De-
spite its relatively steep learning curve, MPS could
help the adoption of the Language-Oriented Pro-
gramming (LOP) principles among software practi-
tioners and move the industry forward by making pro-
gramming languages truly customizable.” The offi-
cial JetBrains MPS documentation acknowledges this
challenge, stating that ”MPS is quite different from
what we’ve all known before so, in order to ease the
learning curve of MPS for new users, we’ve created
a Tutorial.” in MPS JetBrains Blog (Toporov, 2008).
This indicates that the developers recognize the dif-
ficulties users may face when starting with MPS and
have provided resources to assist in the learning pro-
cess. According to Barash and Pech, who authored an
experience report on teaching MPS in both academic
and industrial settings (Barash and Pech, 2021), learn-
ers face challenges such as a lack of foundational
knowledge, the complexity of language engineering
concepts, a steep learning curve, the need to adapt to
unique techniques in MPS, and potential issues with
motivation and engagement. These factors can signif-
icantly impact their ability to learn and effectively use
MPS. Prinz in (Prinz, 2021) states explicitly in the ex-
periences and evaluation section that MPS may work
well for experienced developers but not for novice
programmers. He also states that MPS is a heavy tool
to use in teaching and the university students take a
long time to get used to the tool. This difficulty is fur-
ther exacerbated by well-known prerequisites within
the community for learning MPS and language engi-
neering — such as high-level modelling skills and ad-
vanced programming experience — which often lead
to a high abandonment rate among both academic and



industrial users. Addressing these shortcomings is
critical for ensuring broader adoption and effective
use of tools like MPS.

To tackle these challenges, we focused on training
an LLM to create a chatbot specifically designed to
assist with MPS education. Our experiments began
with the official MPS documentation (mps, 2024),
which we subsequently enriched with a specialized
blog addressing the complex topic of maintainable
MPS generators (Dummann and Silveira, 2024). This
advanced and essential feature of MPS is highly rel-
evant to large-scale industrial projects, as demon-
strated by the case studies and discussions presented
in Part I, JetBrains MPS in Industrial Applications,
of (Bucchiarone et al., 2021). Especially, complex
variability-related systems as in (Schindler et al.,
2021) consist of complex generators that should be
maintained over time. Other systems that contain a
large amount of DSLs and corresponding generators
also require advanced MPS generator knowledge and
the design and development of maintainable genera-
tors such as the set of DSLs in (Ratiu et al., 2021) by
Ratiu et al. Barash and Pech (Barash and Pech, 2021)
emphasize that mastering the generator is crucial for
leveraging MPS’s full potential in language develop-
ment and code generation. While other online courses
and topics were available, we opted to streamline our
approach by concentrating on these two sources and
their integration into the LLM. The proposed method
is easily scalable and adaptable to other advanced
MPS topics, such as language composition very well
covered in a GitHub repository by Markus Voelter
with a YouTube series (Voelter, 2024).

In the process of creating the chatbot, the inher-
ent token limitations in LLMs posed a significant bar-
rier to creating a robust and comprehensive chatbot.
Studies have shown that token constraints can limit
the depth and breadth of context that LLMs can pro-
cess, impacting their ability to generate accurate and
meaningful responses (Alarcia et al., 2024). There-
fore, additional strategies were required to optimize
the chatbot’s performance.

The LlamaIndex library (LlamaIndex Contribu-
tors, 2024b) was employed to overcome these token
limitations by adopting a retrieval-based approach
rather than traditional prompting. LlamaIndex en-
ables the integration of multiple sources of informa-
tion without token constraints, facilitating a scalable
and context-aware chatbot system. This approach al-
lows for a seamless combination of documentation,
blogs, and other resources, ensuring a more com-
prehensive and tailored learning experience for MPS
users.

Through a series of experiments, we demon-

strated that carefully designed composable graphs
within LlamaIndex significantly enhance chatbot per-
formance. These graphs facilitate the effective in-
tegration of domain-specific knowledge while main-
taining high contextual relevance and accuracy. This
method provides a scalable and efficient way to im-
prove educational tools for highly technical domains,
offering a promising solution for the limitations of tra-
ditional LLM approaches.

Building on this background, this research work
explores the following research questions:

RQ1: How can retrieval-based techniques, such
as those enabled by LlamaIndex, overcome token lim-
itations in LLMs to enhance chatbot performance in
MBSE education?

RQ2: What role do composable graphs play in
improving the integration and retrieval of domain-
specific knowledge for educational chatbots?

By addressing these questions, this work aims to
contribute to the development of scalable and effi-
cient educational tools that mitigate the challenges of
MBSE education and foster broader adoption of tools
like MPS.

3 METHOD

In this paper, we conducted a series of experiments
and identified the highest-performing approach as our
proposed method.

We based our work on the LlamaIndex library,
which is provided as GitHub open source in (Lla-
maIndex Contributors, 2024a). LlamaIndex was cre-
ated to address the token limitations often encoun-
tered with the LLMs context window limits when
using prompting methods as was raised by Alar-
cia et al. in (Alarcia et al., 2024). It therefore al-
lows the inclusion of numerous documents and other
input sources without token constraints as part of
context-augmentation stated in (LlamaIndex Contrib-
utors, 2024b). Despite this drawback, LlamaIndex
provides significant benefits, including the ability to
ingest and synthesize multiple sources. For source in-
gestion, we utilized LlamaHub (LlamaHub Contribu-
tors, 2024).

In subsection 3.1, we outline the high-level steps
common to all experiments. Subsection 3.2 then pro-
vides a detailed description of the experimental de-
sign, followed by subsection 3.3, which details the
experiments. In subsection 3.4, the evaluation method
using the RAGAs framework is detailed.



3.1 Method steps - all experiments

Our experiments consisted of three main steps that
were common to all and are detailed as follows:

Step 1: Ingestion of data
In this step, we ingest information in various for-

mats supported by LlamaIndex and LlamaHub.
The structure and combination of one or more in-

dexes at the data ingestion stage are critical for defin-
ing our experiments. Domain-specific information
relevant to the problem is added during ingestion, an
efficient approach compared to embedding domain-
specific information at query time. Traditional meth-
ods apply transformations after data ingestion, which
is resource-intensive and challenging to manage as
was also claimed by Alekh Jindal et al. in (Jindal
et al., 2017).

Step 2: Creation of a Query Engine
In this step, we build a query engine for the index

or indexes created in the previous step and store it in
a Pinecone vector database (Pinecone Team, 2024).
Pinecone was selected for its ease of use and suit-
ability for our documentation ingestion requirements.
Pinecone is designed for ease of use, offering a user-
friendly API and built-in security measures. How-
ever, it has some limitations regarding metadata han-
dling and flexibility compared to other databases. In
contrast, Neo4j utilizes the Cypher query language,
which, while powerful for complex graph operations,
can introduce additional complexity for users not re-
quiring such advanced functionalities (DB-Engines,
2024).

Step 3: Evaluation Using the RAGAs Method
For evaluation, we utilized the RAGAs evaluation

framework. A detailed explanation of the evaluation
approach using the RAGAs framework is provided in
Section 3.4.

3.2 Experiment Design

There were two main pieces of information used to
train the LLM:

1. Official MPS documentation website (mps, 2024).

2. A blog dedicated to maintainable MPS generators
(Dummann and Silveira, 2024).

The choice of these pieces of information origi-
nated from their importance in language engineering,
the difficulty with the benefits of understanding MPS
generators’ mechanisms. MPS generator is the heart
of the code-to-model connection where you can main-
tain your system model and the generated code in the
same environment.

The official MPS documentation is a comprehen-
sive documentation to refer to and contains informa-
tion about the MPS generator too. The maintainable
MPS generator part is an advanced topic and is not
included in the main MPS documentation.

Likewise, this list of information sources can be
extended to include more specialised topics. How-
ever, if the proposed approach is followed, the LLM
will be able to be “trained” for all these topics ap-
propriately. Taking it one step further, a chatbot that
could complement the official documentation could
be provided to students and industrial language engi-
neers.

We conducted two sets of experiments. The first
set consisted of three experiments each evaluated
using four manually created questions and model-
answers. The second set comprised five experiments,
evaluated with a larger set of questions and model-
answers, generated automatically through another
LLM and manually assessed—so-called Human-in-
the-loop generation as defined in (Wu et al., 2022)
and used by many machine learning researchers.

In the first set, we used a smaller, representative
set of questions created manually by the author. This
allowed us to draw initial insights and conclusions
about each approach.

The second set employed a dataset of
question/model-answer pairs that was automatically
created using a script. This script leveraged another
LLM, gpt-4o, to generate the question/model-answer
pairs, while all other operations were performed us-
ing the gpt-4 model. We ended up with 46 questions
and we then manually corrected them following the
Human-in-the-loop approach to enhance the credibil-
ity of our results. The human-in-the-loop validation
was performed by a single domain expert with
extensive experience in JetBrains MPS, language
engineering, and generator development; the expert’s
role was limited to removing irrelevant questions
and correcting factual inaccuracies. The corrected
dataset consisted of a total of 39 questions. There
were two types of corrections: one was to delete
whole questions as irrelevant and the other was to
modify the answer as incorrect. For example, we had
to remove questions related to the webpage and not
the concepts of the maintainable MPS generator such
as: ”what is the purpose of the script included in the
document, and how does it affect the display of the
webpage?” Also, we corrected one question whose
automatically generated answer was very general and
didn’t actually answer the question.

All experiments are presented in the following
subsections.



3.3 Experiments

The experiments follow an incremental design in
which the first experiment of each set serves as a
baseline. Subsequent experiments introduce targeted
modifications to the ingestion phase and indexing
strategy. Table 1 summarizes the key differences
across experiments.

3.3.1 First set of experiments: small number,
manually generated

The question/model-answer pairs used in this set were
created manually by the first author based on exten-
sive technical experience with the MPS generator. In
this first set, Experiment 1 1 serves as the baseline,
while Experiments 1 2 and 1 3 introduce targeted
changes to the ingestion and indexing configuration
(Table 1).

Experiment 1 1 (baseline). Only the official
MPS documentation was ingested. A script was used
to automatically download and parse all HTML pages
of the documentation into a local folder, which was
then indexed using LlamaIndex to create a single in-
dex.

Experiment 1 2 (added source, single merged
index). Compared to Experiment 1 1, we additionally
ingested the maintainable MPS generator blog and in-
dexed both sources together into a single merged in-
dex.

Experiment 1 3 (multi-index with composable
retrieval). Compared to Experiment 1 2, we ingested
the two sources into separate indexes and combined
them via a LlamaIndex ComposableGraph, enabling
multi-index retrieval guided by index summaries.

3.3.2 Second set of Experiments: large number,
semi-automatically generated

In all experiments, as a last step, we evaluated them
using the manually corrected automatically generated
questions that are described in the Experiment design.

The experiments in the second set follow an incre-
mental design, where each configuration introduces a
targeted modification over the baseline.

Experiment 2 1 (baseline). Only the official
MPS documentation was ingested and indexed.

Experiment 2 2 (added source, single index).
Compared to Experiment 2 1, the maintainable MPS
generator blog was added and merged with the docu-
mentation into a single index.

Experiment 2 3 (separate indexes with com-
posable graph). Compared to Experiment 2 2, the
documentation and the generator blog were ingested

into separate indexes and combined using a Lla-
maIndex ComposableGraph. Manually defined index
summaries were introduced to guide query routing
between the indexes; the corresponding composable
structure is shown in the following listing.

composable_graph = ComposableGraph.
from_indices(

root_index_cls=
GPTSimpleKeywordTableIndex ,

children_indices=[mpdsdoc_index ,
mpdsother_index],

index_summaries=[
"This is the main MPS documents

for most questions.",
"Use this for questions related

to maintainable MPS
generator , "

"best practices for generator
such as predefined generation
plans. "

"Also , use this for questions
related to Mbeddr Example."

]
)

Experiment 2 4 (refined summaries). Com-
pared to Experiment 2 3, the same composable graph
configuration was retained, but the index summary for
the maintainable MPS generator blog was refined to
be more specific and keyword-oriented in order to im-
prove query routing and retrieval quality. The updated
summary is shown in the following listing.

composable_graph = ComposableGraph.
from_indices(

root_index_cls=
GPTSimpleKeywordTableIndex ,

children_indices=[mpdsdoc_index ,
mpdsother_index],

index_summaries=[
"Use this for general questions

about MPS.",
"Use this for questions related

to MPS generator.
Maintainable , IF, LOOP , "

"SWITCH , generator
configuration , Mbeddr some of
the keywords."

]
)

Experiment 2 5 (proposed approach). Com-
pared to Experiment 2 4, the composable graph con-
figuration was retained, but the index summaries
were generated semi-automatically using an LLM
and lightly adjusted to ensure coverage of key terms.
This approach enables scalable summary creation for
larger document collections and achieved the best
overall performance. The resulting summaries are
shown in the following listing.



Table 1: Summary of ingestion and indexing configurations across experiments.

Experiment Data Sources Indexing Strategy Composable Graph Index Summaries
1 1 / 2 1 (Baseline) MPS documentation

only
Single index No None

1 2 / 2 2 Documentation + gener-
ator blog

Single merged index No None

1 3 / 2 3 Documentation + gener-
ator blog

Separate indexes Yes Manual

2 4 Documentation + gener-
ator blog

Separate indexes Yes Keyword-oriented

2 5 (Proposed) Documentation + gener-
ator blog

Separate indexes Yes Semi-automatic

composable_graph = ComposableGraph.
from_indices(

root_index_cls=
GPTSimpleKeywordTableIndex ,

children_indices=[mpdsdoc_index ,
mpdsother_index],

index_summaries=[
"Use this for general questions

about MPS.",
"Use this for questions related

to MPS generator. MPS
Generators , Tests and testing
, "

"Preprocessing , Error Handling ,
LOOP , SWITCH ,IF, Template

Switch , Configuration Pattern
, "

"Copy with Trace , Generator
Priorities , Logical
Checkpoints some of the
keywords."

]
)

To automate the summary creation, we used an-
other LLM model, specifically the gpt-3.5 version,
which was different from the gpt-4 model that we
used for the evaluation tasks. We used the maintain-
able MPS Generator blog as an input that was in-
gested to the LLM for summary and keywords. We
then manually modified the generated summary to
make sure it incorporated the keywords. This resulted
in better summaries that were semi-automatically cre-
ated that semantically guided the composable graph,
resulting in improved performance.

3.4 Evaluation using the RAGAs
Framework

To validate our approach, we conducted an empirical
performance evaluation consistent with established
practices in software engineering research (Wohlin
et al., 2024) and following the first principle identi-

fied by Gray et al. (Gray and Rumpe, 2016), which
emphasizes the need for transparent, repeatable, and
interpretable empirical evidence that enables mean-
ingful comparison across alternative configurations.
In line with these practices, our evaluation clearly de-
fines the experimental setup, controls variables across
configurations, applies consistent evaluation criteria,
and reports results in a form that supports compari-
son and replication. For this purpose, we employed
the RAGAs (Retrieval-Augmented Generation As-
sessment) framework (Es et al., 2024), which pro-
vides a structured and interpretable set of metrics
specifically designed for the evaluation of retrieval-
augmented generation systems.

RAGAs evaluates systems across three key dimen-
sions: answer correctness, faithfulness to retrieved
content, and context relevance. This allows for a com-
prehensive, automated assessment of chatbot perfor-
mance in scenarios where domain-specific and con-
textually rich responses are required. Compared to
traditional evaluation approaches such as BLEU (Pa-
pineni et al., 2002) and ROUGE (Ganesan, 2018),
which capture surface-level text similarity, RAGAs
offers deeper semantic evaluation by focusing on the
alignment between retrieved documents and gener-
ated responses. Likewise, although metrics like pre-
cision, recall, and F1-score are common in retrieval
tasks, they fall short in measuring the nuanced inter-
play between retrieval and generation in RAG sys-
tems, especially when external sources are integrated
(Lewis et al., 2020).

Human evaluation methods, though robust, are
resource-intensive and impractical at scale (Karpin-
ska et al., 2021). RAGAs strikes a balance by offer-
ing automated scoring while maintaining contextual
sensitivity, making it a scalable and reliable alterna-
tive for performance validation in our domain-specific
chatbot. This framework aligns well with our goal
of ensuring faithful and relevant integration of exter-
nal information during generation, and it has been
previously adopted in academic RAG applications to



assess fine-tuning impact and retrieval relevance, as
demonstrated by Aytar et al. in (Aytar et al., 2024).

As RAGAs relies on LLM-based judgments, some
variability across runs is expected due to model
non-determinism. To mitigate this, all experiments
were conducted using fixed configurations, consistent
prompts, and identical evaluation pipelines. Our anal-
ysis therefore focuses on relative performance trends
across configurations rather than absolute metric val-
ues, which remained stable across repeated execu-
tions.

4 RESULTS & DISCUSSION

4.1 RAGAs evaluation criteria

From the RAGAs framework (Es et al., 2024), we
chose the following evaluation criteria as the most
representative for the document type of chatbot that
we created:

Faithfulness: ensures the answers are grounded in
truth.

• Definition: Measures how well the generated
answers adhere to the retrieved evidence or
source material.

• Importance: Ensures that the system does not
“hallucinate” or create incorrect information
not supported by the source.

Answer Relevancy: measures how well the an-
swers fit the question.

• Definition: Assesses how directly the generated
answer addresses the posed question.

• Importance: Ensures that answers are concise,
focused, and pertinent to the user’s query.

Context Utilization: tracks how much of the re-
trieved material is used.

• Definition: Evaluates how effectively the sys-
tem uses the retrieved context (e.g., documents,
paragraphs) to generate answers.

• Importance: Measures the ability of the system
to integrate relevant parts of the retrieved con-
tent without omitting or misinterpreting crucial
details.

Harmfulness: ensures answers are safe, unbiased,
and appropriate.

• Definition: Identifies the presence of content in
the generated answer that could be misleading,
offensive, or potentially harmful to users.

• Importance: Critical for maintaining ethical
standards, avoiding misinformation, and ensur-
ing user trust in sensitive applications.

The evaluation questions are explicitly listed in
the publicly available Zenodo dataset (Meacham,
2025) and in the open-source code repository.

4.2 First set of experiments

The results from the first set of experiments are il-
lustrated in Figure 1, with numerical scores reported
in Table 2 and their qualitative interpretation summa-
rized in Table 3.

(a) Experiment 1 1

(b) Experiment 1 2

(c) Experiment 1 3
Figure 1: Results from the first set of experiments.

Overall, the first experiment set demonstrates
a clear progression in performance. Moving be-
yond documentation-only ingestion and introducing



Table 2: RAGAs results for the first set of experiments.

Exp. Faith. Ans. Rel. Ctx. Util. Harm.
1 1 0.25 0.96 0.75 0.25
1 2 0.43 0.98 0.75 0.00
1 3 0.75 0.97 0.75 0.25

Table 3: Results and interpretation for the first set of exper-
iments.

Experiment Key observations
Experiment 1 1 Low faithfulness (0.25) indicates fre-

quent hallucinations when relying
solely on official documentation, de-
spite very high answer relevancy
(0.96). Context utilization is moder-
ate, and a small amount of harmful
content is observed.

Experiment 1 2 Adding expert-curated material im-
proves faithfulness (0.43) and elim-
inates harmful outputs, while main-
taining very high answer relevancy
(0.98). This suggests that expert
knowledge complements official doc-
umentation effectively.

Experiment 1 3 Using a composable graph with sep-
arate indexes substantially improves
faithfulness (0.75) while preserving
high answer relevancy. However, the
added semantic complexity slightly
increases harmfulness, highlighting a
trade-off between expressiveness and
control.

expert-curated material improves grounding, while
composable graph retrieval further enhances faithful-
ness at the cost of a small increase in harmfulness.
These results motivate the use of structured, multi-
index retrieval in subsequent experiments.

4.3 Second set of experiments

Results for the second set of experiments are illus-
trated in Figure 2, with numerical scores reported in
Table 4 and their qualitative interpretation summa-
rized in Table 5.

Table 4: RAGAs numerical results for the second set of ex-
periments.

Exp. Faith. Ans. Rel. Ctx. Util. Harm.
2 1 0.42 0.60 0.58 0.13
2 2 0.83 0.62 0.72 0.08
2 3 0.90 0.50 0.51 0.18
2 4 0.99 0.60 0.69 0.05
2 5 0.99 0.64 0.71 0.08

Table 5: Qualitative interpretation of the second set of ex-
periments with representative metrics.

Experiment Key observations (selected metrics)
Experiment 2 1 Documentation-only ingestion yields

moderate answer relevancy (0.60)
but relatively low faithfulness (0.42),
indicating susceptibility to halluci-
nations due to limited contextual
grounding.

Experiment 2 2 Adding expert-curated material
substantially improves faithfulness
(0.83) and context utilization (0.72),
while reducing harmful outputs
(0.08), confirming the value of
expert knowledge beyond official
documentation.

Experiment 2 3 Introducing composable graph re-
trieval further increases faithfulness
(0.90) but reveals sensitivity to sum-
mary quality, reflected in lower con-
text utilization (0.51) and increased
harmfulness (0.18).

Experiment 2 4 Refining index summaries with tar-
geted keywords leads to very high
faithfulness (0.99) and improved con-
text utilization (0.69), yielding the
best balance between grounding and
safety (harmfulness 0.05).

Experiment 2 5 Semi-automatically generated sum-
maries maintain very high faithful-
ness (0.99) and achieve the high-
est answer relevancy (0.64) and con-
text utilization (0.71), demonstrating
scalability without loss of reliability.

Overall, the second experiment set demonstrates
a clear progression in performance. While incorpo-
rating expert-curated material substantially improves
grounding over the documentation-only baseline, the
introduction of composable graph retrieval highlights
the importance of effective index summaries. Refin-
ing these summaries leads to strong gains across all
evaluation metrics, and the semi-automatic summary
generation used in Experiment 2 5 achieves compara-
ble or superior performance while enabling scalabil-
ity, establishing it as the proposed approach.

4.4 Proposed approach and Discussion

Our proposed approach is embodied in Experi-
ment 2 5, which combines composable graph re-
trieval in LlamaIndex with semi-automatically gen-
erated index summaries. The key insight emerg-
ing from the experimental progression is that per-
formance improvements are not achieved merely by
adding more content, but by explicitly guiding re-
trieval through lightweight semantic cues encoded in
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(c) Experiment 2 3 (d) Experiment 2 4

(e) Experiment 2 5
Figure 2: Results from the second set of experiments

the summaries. As shown in Tables 4 and 5, this con-
figuration achieves very high faithfulness (0.99) while
also yielding the best context utilization (0.71) and
answer relevancy (0.64) among all configurations.

Earlier experiments demonstrate that composable
graphs alone are insufficient to guarantee optimal
performance: Experiment 2 3 improves faithfulness
but exhibits reduced context utilization and increased
harmfulness, indicating sensitivity to how retrieval
across multiple indexes is orchestrated. Refining
summaries manually in Experiment 2 4 confirms that
summary quality directly affects routing and ground-
ing. Experiment 2 5 generalizes this insight by show-
ing that summary generation can be partially auto-
mated without degrading performance, addressing a
key scalability concern when extending the approach
to larger or evolving document collections.

From a methodological perspective, the proposed
approach strikes a balance between expressiveness
and control. Composable graphs enable richer seman-
tic integration across heterogeneous sources, while
concise, targeted summaries act as a stabilizing mech-
anism that constrains retrieval and mitigates halluci-
nations. This explains why the proposed configura-
tion achieves strong grounding without a correspond-
ing increase in harmful outputs, a trade-off that is par-
ticularly important in educational settings.

Beyond the specific MPS case study, the re-
sults suggest broader applicability to other Model-
Based Software Engineering tools and technical do-
mains characterized by steep learning curves and
fragmented documentation. In such settings, expert
knowledge often exists but remains weakly struc-
tured; the proposed approach offers a practical way



to encode this knowledge incrementally without re-
quiring full knowledge graph construction. While fu-
ture work could explore integrating explicit semantics
(e.g., knowledge graphs or ontologies), the results in-
dicate that substantial gains can already be achieved
using lightweight, semi-automated mechanisms built
on top of existing RAG frameworks.

4.5 Addressing the Research Questions

In conclusion, this is how we addressed the research
questions outlined in Section 2.

RQ1: How can retrieval-based techniques, such
as those enabled by LlamaIndex, overcome token lim-
itations in LLMs to enhance chatbot performance in
MBSE education?

Our study demonstrated that retrieval-based tech-
niques, implemented using LlamaIndex, effectively
address token limitations inherent in LLMs. By de-
coupling the retrieval of context from the generation
process, LlamaIndex enables the integration of exten-
sive and diverse resources, such as the official MPS
documentation and specialized blogs on maintainable
MPS generators. The composable graph structure al-
lowed for the seamless organization and retrieval of
context-specific information, ensuring that responses
were both precise and contextually relevant. Through
this approach, token constraints were mitigated, lead-
ing to enhanced chatbot performance, particularly in
handling large-scale technical content.

RQ2: What role do composable graphs play in
improving the integration and retrieval of domain-
specific knowledge for educational chatbots?

Composable graphs, a core feature of LlamaIn-
dex, played a pivotal role in organizing and inte-
grating domain-specific knowledge. By dividing the
knowledge base into structured indexes and link-
ing them through semantic relationships, the chat-
bot could efficiently retrieve the most relevant in-
formation. This was particularly beneficial for han-
dling advanced MPS topics, as it allowed the chat-
bot to address questions requiring a combination of
general documentation and specific generator-related
insights. Our experiments showed that composable
graphs improved the chatbot’s ability to utilize con-
text effectively, as evidenced by higher faithfulness
and context utilization scores in the RAGAs evalua-
tion framework (Es et al., 2024).

5 CONCLUSIONS

Onboarding to JetBrains MPS is difficult not only
because of tool complexity but because language

engineering asks learners to work with meta-
concepts—designing languages, implementing gen-
erators, and composing languages. We introduced
a retrieval-augmented, LLM-powered assistant that
intentionally combines official documentation with
expert-curated material and organizes both via com-
posable graph indexes with lightweight, targeted in-
dex summaries.

Across five configurations evaluated with RAGAs
(faithfulness, answer relevancy, context utilization,
harmfulness), the assistant improves grounding rel-
ative to a documentation-only baseline: faithfulness
increases from 0.42 to 0.99, best context utilization
reaches 0.71, answer relevancy holds in the 0.50–0.64
range for the larger study, and harmfulness is as low
as 0.05 (0.08 in the final configuration). These out-
comes support three claims: (i) curated expert knowl-
edge—beyond official docs—is crucial for onboard-
ing to meta-level concepts, (ii) composable graphs
materially improve grounding, and (iii) brief index
summaries are a low-effort lever for reliability and
scalability.

Key takeaways.
• Meta-concept support: pairing docs with expert

material helps learners bridge abstract generator
and composition concepts to practice.

• Composable retrieval: composing multiple in-
dexes focuses retrieval and boosts faithfulness
without sacrificing relevance.

• Lightweight guidance: short, targeted index sum-
maries improve context use and are easy to main-
tain.

Limitations and future work. The evaluation is
metrics-based and MPS-focused; it does not yet in-
clude controlled classroom or user studies, nor com-
prehensive human validation of chatbot responses.
Future work will study learning outcomes with in-
structors and students, incorporate systematic human
validation to identify incorrect or misleading outputs,
extend sources and languages, inject explicit seman-
tics (e.g., knowledge graphs), and package the assis-
tant for other MBSE tools with steep learning curves.
As with other LLM-based evaluators, RAGAs may
exhibit run-to-run variance; future work will therefore
complement metrics-based evaluation with broader
human studies.



Code Availability

The code developed for this study is publicly
available at: https://github.com/stsasakou/
MPS-documentation-helper.
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