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Abstract

Large language models (LLMs) have recently shown promising
results in supporting software model completion. Despite this, an
open issue is what to provide as context to the LLM and how that in-
fluences completion correctness. We refer to the selection of model
parts given as context to the LLM as software model slicing for
LLM-based software model completion. Improving completion cor-
rectness directly benefits modelers by reducing manual corrections
and additional prompting, while slicing models into smaller parts
lowers token usage, reducing inference time.

In this paper, we formalize model slicing in a task-independent,
metamodel-agnostic manner based on graph representations of
software models and instantiate different representative slicing ap-
proaches, including radius-based, modularization-based, and LLM-
based slicing. Thereupon, we systematically evaluate the influence
of model slicing and compare the different approaches against iden-
tity and random baselines on 1,000 real-world models from two
public datasets using open-source LLMs. Our results show that
appropriate model slicing significantly improves completion cor-
rectness while simultaneously reducing token usage across several
structural and semantic evaluationmetrics. This is particularly note-
worthy as reducing context might be expected to remove relevant
information and degrade performance. In particular, radius-based
and modularization-based slicing outperform both the identity and
random baselines. These findings establish model slicing as a key
factor in LLM-based model completion and provide guidance for
effective context selection for other modeling tasks.
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1 Introduction

Software models can grow substantially in size, particularly in real-
world industrial settings [73]. For instance, an industrial case study
from the railway domain reports models containing, on average,
more than 20 000 elements [73]. Advancements in large language
models (LLMs) have recently made it possible to support and par-
tially automate tasks in model-driven software engineering, for
example, by assisting with model creation, evolution, and mainte-
nance [17–19, 31, 74, 75, 77].

While initial drafts of software models generated by LLMs from
specifications are often incomplete [17, 20, 30, 33], models also
evolve as systems are extended and maintained, making incom-
pleteness a recurring issue. Software model completion addresses
this problem by inferring missing elements and relations from par-
tially specified models. Although LLMs already perform well in
software model completion on smaller models in generic domains
by providing the partial model as input to the LLM [18], limited con-
text size becomes a significant challenge when scaling to large-scale,
domain-specific models [26, 74]. Even though there exists work in
machine learning on extending the context lengths of an LLM, it
has been shown that, even if large or theoretically sufficient context
windows are available, LLM performance degrades as input length
increases, indicating that sheer input size can hinder the effective
use of task-relevant information [29, 44, 51]. With this in mind, the
question arises which parts of a software model are relevant to
provide as context for model completion with an LLM. We refer to
this problem henceforth as software model slicing [67, 74, 77] for
LLM-based software model completion.

Prior work has addressed the limited context challenge only
implicitly. Some approaches select task-specific subsets of the soft-
ware model as LLM input, for example, providing class names
for class name completion [18, 19]. Other approaches adopt task-
independent strategies, for example, by operating on change-based
graph representations derived from historical model data [74].
Other techniques restrict the context to a local neighborhood around
the user’s current working position [77].

In any case, the impact of software model slicing on model com-
pletion performance, that is, the correctness of the model elements
predicted by the LLM, generally remains a crucial, open question.
This is particularly relevant because improved completion per-
formance can benefit modelers: More accurate recommendations
reduce manual corrections and make modeling faster and easier.
Furthermore, slicing can enable the modeling support for large,
real-world, industry models that are otherwise too large to be pro-
cessed by current LLM context limits, and operating on smaller
slices can reduce inference cost and improve response time.
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We therefore set out to investigate the impact of model slicing on
model completion performance and systematically compare differ-
ent task-independent and metamodel-agnostic slicing approaches
for software models on two large, real-world, publicly available
datasets. For this purpose, we operate on unified graph represen-
tations of software models as proposed in the literature [67, 74]
and formally define a set of representative software model slicing
approaches that build on and extend existing slicing techniques, in-
cluding LLM-based slicing, which delegates the selection of relevant
model elements to an LLM query, radius-based slicing, which in-
cludes local neighborhoods, and a modularization-based approach.

We evaluate the impact of model slicing, in general, and the
performance of individual slicing approaches, in particular, using
various correctness metrics that capture different aspects of the sug-
gested model elements, such as structural correctness (e.g., whether
a predicted model element has the correct relations to other model
elements) and semantic correctness (e.g., whether the predicted
element matches or is semantically similar to the expected one).

We further compare the slicing approaches to two baselines: iden-
tity slicing, which provides the complete software model without
removing any elements, and random slicing, which selects model
elements at random to form a slice. Importantly, the slicing ap-
proaches that we consider are, in principle, applicable to software
models of arbitrary types through the underlying graph-based rep-
resentation, independent of specific datasets, and can thus be easily
extended. We systematically compare the slicing approaches on
a set of 1,000 software models from two large datasets, the real-
world RepairVision dataset [62, 63] and ModelSet dataset [52].
The datasets contain real-world Ecore and UML models, covering
multiple domains within model-driven engineering.

We find that model slicing indeed significantly improves model
completion performance, with smaller slices consistently yielding
higher accuracy across metrics, datasets and LLMs. This is par-
ticularly noteworthy, as one might expect that reducing context
removes relevant information; instead, our results indicate that care-
fully selecting relevant context is more important than providing
larger inputs. In particular, radius-based and modularization-based
slicing outperform both baseline approaches and LLM-based slicing.

Note that, being uniform, metamodel-independent approaches,
our example slicing approaches can be applied to different software
models. This opens up opportunities for further extensions, includ-
ing the development of additional slicing approaches. At the same
time, our systematic comparison provides insights for research
on model completion and other modeling tasks by clarifying how
slicing influences model completion performance.

In summary, we make the following contributions1:

(1) We extend a graph-based formalism of software models with
a definition of slicing criteria from the literature [74, 77],
resulting in a task-independent and metamodel-agnostic
problem formulation.

(2) We express five different concrete slicing approaches, in-
cluding radius-based, modularization-based, and LLM-based
slicing in this formalism.

1The paper artifacts and additional material are available on the supplementaryWebsite
(https://github.com/se-sic/ModelCompletionSlicing).

(3) We systematically evaluate and compare the different slic-
ing approaches on two real-world datasets using two open-
source LLMs and a comprehensive set of evaluation metrics,
including BLEU score, embedding-based and TF–IDF-based
cosine similarity, as well as type and structural correctness.

(4) Our comparison provides practical guidelines to reduce re-
finement effort, token usage, and cost, while clarifying the
isolated impact of slicing on completion performance.

2 Related Work

In this section, we provide an overview of existing work on (LLM-
based) model completion and generation, as well as model slicing
approaches that mainly focus on producing well-formed slices for
manual inspection, rather than selecting relevant context for LLMs-
based model completion.

2.1 Model Completion

Early approaches on software model completion leveraged pattern
catalogs by detecting changes via pattern- or graph-matching and
subsequently applying the corresponding missing elements [24, 41,
42, 45, 46, 50, 60]. These approaches depend on domain-specific
pattern catalogs that require manual creation and maintenance.

Early efforts to integrate natural language processing techniques
into modeling support rely on semantic representations, such as
knowledge bases, semantic networks [1, 2], clustering [32], and
word embeddings [16, 53], to capture similarity and recommend
model elements. More recently, deep-learning models have been
adapted to software modeling tasks, for example, by using encoder-
decoder architectures to suggestmodel element types [26, 27]. Other
approaches provide similar examples of models through collabora-
tive filtering [25] and similarity-based filtering [28], but ultimately
rely on users to apply the final model completion [3]. Some ap-
proaches instead learn from existing modeling data. These include
transformer-based models trained from scratch to suggest meta-
model concepts [78], as well as fine-tuned language models for
recommending metamodeling elements in textual DSLs [23].

More recent approaches employ LLMs without task-specific fine-
tuning, relying instead on knowledge acquired during large-scale,
general training [18, 19, 74, 77]. Chaaben et al. [18, 19] use GPT-3
to suggest new model class names, attributes, and associations by
providing examples from unrelated domains. For prompting, the
model is sliced by applying a task-specific slicing approach, e.g., for
class name completion, they select randomly between two and four
pairs of related classes, enclose the class names in square brackets,
and include them in the prompt.

Apvrille and Sultan [6] use ChatGPT to complete SysML models
by providing partial models together with JSON-encoded domain
descriptions. Syntactic errors are fed back to ChatGPT in an iterative
loop. To keep prompts manageable, the model completion is split
into small, task-specific steps (e.g., actors, use cases, relations).

Other approaches adopt task-independent strategies and concen-
trate on the neighborhood of the most recently changed element
[74, 77]. For example, Tinnes et al. [74] focus on the localized area
by operating on difference graphs derived from historical model
evolution data. In addition to Chaaben et al. [19] they incorporate

https://anonymous.4open.science/r/ModelCompletionSlicing-E435
https://github.com/se-sic/ModelCompletionSlicing
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domain-speci�c context through similarity-based few-shot retrieval
from the software model repository.

Welter et al. [77] propose a multi-location model completion
approach, alternating between local LLM-based model completion
where a radius-based slicing is used and a global embedding-based
neural network that predicts additional locations requiring modi�-
cation. Overall, however, the impact of software model slicing (and
possible variants thereof) on model completion performance has
not been studied systematically and remains an open question.

2.2 Model Generation
While model completion focuses on changing and extending a given
software model, model generation focuses on the generation of soft-
ware models directly from natural language descriptions [17,20,75],
requirements [7, 20, 31, 33, 35, 71, 79], user stories [43], or images
of UML diagrams [22]. However, existing approaches often produce
only partially correct models on the �rst attempt [17, 20, 30, 33].
Generated models often require substantial iterative re�nement,
limiting scalability to large real-world models and motivating fur-
ther re�nement via model completion [30, 33].

2.3 Slicing for Software Models
Earlier work on software model slicing primarily aimed to trace
requirements to model elements and to extract relevant parts of
models for a given task to reduce manual inspection e�ort, im-
proving model understanding, and better support manual mainte-
nance [4, 15, 47, 48, 67]. While several model slicing approaches
have been proposed since then, however, most are limited to spe-
ci�c model types or executable models [4, 47, 48]. As a result, these
approaches do not readily transfer to models with di�erent or non-
executable semantics [67]. Blouin et al. [15] and Pietsch et al. [67]
summarize some of the few generally applicable model slicing ap-
proaches that support the generation of new, well-formed models
from slices. The actual slicing criterion is de�ned by the user.

In the context of LLM-based model slicing, only limited prior
work exists. Luitel et al. [55] use an LLM to extract requirement-
relevant slices from textualized Simulink models; however, their
approach is type-dependent and primarily designed for human
analysis rather than automated model completion.

However, no systematic comparison between di�erent slicing
approaches exists, particularly with respect to their impact on LLM
performance in software model completion.

2.4 Supporting Evolution and Consistency
Further related work includes approaches that identify relevant
parts of models, but target di�erent goals. This includes change
impact analysis and traceability across models, requirements, docu-
mentation, and code [5, 8, 34, 57] and metamodel co-evolution [21,
37, 65, 66]. Closely related is also model repair [12, 56], which
focuses on automatically correcting inconsistencies in software
models. Most approaches rely on graph transformation rules or
OCL-like constraints to automatically repair models [49, 59, 61, 62],
while others organize �xes (additionally) into repair trees [58, 68].

From a machine learning perspective, some model repair ap-
proaches use reinforcement learning, where rewards are based on
achieving consistency and improving model quality [10, 11, 38].

While these works pursue di�erent goals and we do not explicitly
investigate slicing for these tasks, our results may provide valuable
insights for tasks in these domains.

3 Metamodel-Independent Slicing for
LLM-Based Model Completion

This section presents the formalization of software models based
on prior work and further introduces slicing criteria examples that
are serialization-independent, metamodel-independent and task-
independent.

3.1 Preliminaries
We represent software models as graphs to provide a uni�ed ab-
straction across diverse modeling formats and model types, as is
common in the literature [39, 40, 54, 67, 72, 74]. In particular, we
adopt the de�nition by Tinnes et al. [74], ensuring that all rele-
vant information, such as types, is preserved, for example, as node
attributes. Consequently, our slicing criteria generalize to semanti-
cally and syntactically rich models such as UML. In fact, any artifact
that can be represented as a typed graph is in scope.

De�nition 3.1 (Software model graph). An abstract syntax graph
� < of a software model< is an attributed graph typed over an
attributed type graphTG, which is de�ned by a metamodelTM. The
type graphTGguarantees that all elements adhere to the structural
and semantic constraints speci�ed byTM.

The abstract syntax graph� < is represented as a labeled directed
graph� < = ¹+• �• ; º over an alphabet! , with nodes+ , directed
edges� � + � + , and a labeling function; : + [ � ! ! [74]. An
example is given in Figure 1.

We de�ne slicing of software models similarly to de�nitions in
the literature [55, 67, 77].

De�nition 3.2 (Slicing criterion). Given a software model< , the
slicing criterione is de�ned ase¹� < º ! � < , where< is a given
model, and� < is a set of graph elements.

For LLM-based software model completion, slicing is used to
provide a suitable context for the LLM by selecting a subset of
existing model elements� < � +< [ � < . An example is given
in Figure 1. Furthermore, additional context in the form of task-
speci�c, external knowledge (e.g., descriptions or requirements),
depending on the available data, is conceivable but not further
relevant for this paper.

3.2 Focus-driven Model Slicing
Initial drafts of software models are barely complete [17, 20] and
therefore need to be iteratively extended and re�ned, with modelers
typically focusing on small parts of the model at a time.

Recent advances in the model domain [6,77] as well as in the code
domain [9, 76, 80, 81] follow this principle by proposing iterative
approaches that operate on localized contexts in each iteration step.
For example, iterative line-level code completion focuses on the
context around the developer's current cursor.

Motivated by this observation, we introduce the notion offocus-
driven model slicing, where slicing is repeatedly applied around the
current user focus in each iteration to dynamically re�ne the work-
ing context for the LLM during model completion (see Figure 2).
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Figure 1: Example of an abstract syntax graph � < of a model,
including element names and types corresponding to the
metamodel. Current user focus is highlighted in green. An
example slice � 0

< is highlighted dark grey and green.

Figure 2: Visualization of focus-driven model slicing. Starting
from the current user focus � < and the abstract model graph
� < , a focus-driven slicing criterion e is applied to derive the
slice used as input for LLM-based model completion.

De�nition 3.3 (Focus-driven model slicing). Given a slicing cri-
terion e, an abstract syntax graph� < of a software model, and a
previous focus area� < , focus-driven model slicing is de�ned as
e¹� < • � < º ! � 0

< , where� < is the current set of relevant graph
elements and� 0

< is a set of graph elements.

More speci�cally, we consider slicing criteriae¹� < • � < º that
derive slices� 0

< from < as a preprocessing step, which serve as an
input to an LLM for software model completion. If a completion fails
or needs revision, this is handled by the completion approach itself.
Existing approaches already support such iterations [6]. A second
form of iteration can occur after a successful completion, as models
often require multiple changes, possibly at di�erent locations. In
such cases, new locations are predicted by existing multi-location
completion approaches [77], and slicing is applied to each location
accordingly.

3.3 Slicing Criteria: Example Approaches
Following prior work, our formulation of slicing criteria operates
on a graph-based representation of software models and is therefore
not restricted to a speci�c metamodel [74]. In the following, we
formalize graph-based slicing criteria from the literature [18, 19,
74, 77]. To enable a fair and generalizable comparison, this work
focuses on slicing criteria that satisfy the following properties:

� Serialization-independent:The slicing approach operates on
the abstract model representation and is independent of
concrete serializations (e.g., XMI syntax).

� Metamodel-independent:The slicing approach does not rely
on language-speci�c modeling constructs and can be applied
across di�erent metamodels.

� Task-independent:The slicing approach does not depend on
a speci�c, more �ne-grained completion task (e.g., attribute
generation or class name prediction).

Identity Slicing. The identity slicing criterion returns the input
model< unchanged.

eid ¹� < • � < º = � < ”

Identity slicing serves as a baseline and allows us to quantify the
e�ect of any form of context reduction introduced by other slicing
approaches.

Random Slicing. Random slicingerand selects a subset of model
elements from� < independently of� < . Random slicing serves as
a baseline to compare criterion-driven slicing against uninformed
context reduction.

Radius-based Slicing. Radius-based slicing selects model el-
ements based on their graph distanceA 2 N to an initial set of
relevant elements� < .

erad=A¹� < • � < º = + 0
< [ � 0

<

with
+ 0

< = f G2 +< j 9 2 2 � < : dist< ¹2• Gº � Ag•

� 0
< = f ¹D• Eº 2 � < j D• E2 + 0

< g•

wheredist< is the shortest-path distance in� < . Similar concepts
exist in the literature: Tinnes et al. [74] introduce simple change
graphs as a slicing criterion, while Welter et al. [77] employ radius-
based slicing.

Louvain-based Slicing. Louvain slicing uses the Louvain method
of community detection [14] applied to the model graph by opti-
mizing modularity, grouping elements such that intra-community
connectivity is maximized relative to connections between commu-
nities.

Given the elements� < , the slicing criterion selects all elements
that belong to the same communities:

elou¹� < • � < º = + 0
< [ � 0

< •

with
+ 0

< =
Ø

22� <

community¹2º•

� 0
< = f¹D• Eº 2 � < j D• E2 + 0

< g•

wherecommunity¹2º denotes the graph community assigned to
element2.

LLM-based Slicing. LLM-based slicing relies on a semantic
grouping of model elements obtained via a large language model.
The names of all elements in the model are provided to an LLM,
which groups them into clusters2.

2Note that clustering in general groups elements based on a feature-space represen-
tation, e.g., it operates on semantic metalevel representations of graph elements. In
contrast, community detection operates directly on the graph structure and identi�es
groups based on connectivity [13, 14] .
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Given an initial set of relevant elements� < , the slicing criterion
then selects all model elements that belong to the same clusters as
the elements in� < .

eclust¹� < • � < º = + 0
< [ � 0

< •

with

+ 0
< =

Ø

22� <

cluster¹2º• � 0
< = f¹D• Eº 2 � < j D• E2 + 0

< g•

wherecluster¹2º denotes the cluster assigned by the LLM to the
class associated with element2. By operating on semantic clusters
rather than purely structural connections, we capture high-level
conceptual relationships that may not be explicitly represented in
the model graph. A related concept is introduced by Chaaben et al.
[19], who include a small number of pairs of related classes, written
in square brackets, as contextual input to the LLM prompt.

4 Evaluation
We empirically evaluate the impact of model slicing on model com-
pletion performance and systematically compare the introduced
slicing approaches using two datasets. In this section, we outline
our research questions, describe the evaluation setup and data used,
and present the results.

4.1 Research Questions
Prior work in machine learning suggests that restricting context
of LLMs can improve performance [29, 44, 51]. Motivated by this
observation, we investigate whether slicing software models into
smaller subsets according to our slicing criteria introduced in Sec-
tion 3.3 improves LLM-based model completion performance as
compared to providing the complete software model to the LLM.
We are further interested in how di�erent slicing approaches a�ect
model completion performance across di�erent datasets and LLMs.
All considered slicing approaches are metamodel-independent and
operate on graph representations of software models. We system-
atically compare diverse slicing approaches on two datasets and
with two di�erent LLMs. We include random slicing as a baseline to
distinguish meaningful context selection from arbitrary reductions.

RQ 1 Does slicing software models improve the performance
of LLM-based software model completion?

Further, we investigate speci�cally the relationship between
context size and model completion performance. While slicing
reduces the number of tokens provided to the LLM, potentially
lowering inference cost and latency, it may also remove relevant
contextual information, decreasing performance.

RQ 2 How does the slice size in�uence model completion per-
formance?

4.2 Datasets
To answer our research questions, we use two commonly estab-
lished datasets.

RepairVision . TheRepairVision dataset [62, 63] consists of
versioned modeling projects and is essential for our study, as it pro-
vides ground-truth information on changes that were actually per-
formed by modelers in real-world scenarios, rather than synthetic
or simulated edits. The dataset comprises 41 modeling projects with
a total of 912 commits and each commit includes over 160 changes
on average [77]. Exact dataset statistics are given in Table 1.

ModelSet . The ModelSet dataset [52] consists of labeled
snapshots of software models and is widely used in model-driven
engineering research [23, 26]. ModelSet lacks version histories,
though, requiring the construction of model evolution sequences
as a preprocessing step for our experiments, as commonly done in
existing literature [18, 19].

Overall, the datasets contain real-world Ecore and UML models,
covering multiple domains within model-driven engineering, in-
cluding real-world applications (e.g., banking), technical areas (e.g.,
Petri nets), BPMN, and transformation languages/tools.

Table 1: Dataset statistics for ModelSet [52] and RepairVi-
sion [62, 63]. Values denote the median, with the interquar-
tile range (25th�75th percentile) in parentheses, and the max-
imum value in brackets.

Dataset # Graphs # Nodes # Edges

ModelSet 7534 96 (56�164) [2993] 220 (124�379) [7389]
RepairVision 1249 284 (155�504) [14874] 507 (267�871) [22851]

4.3 Data Preparation
First, each software model is transformed into a uni�ed graph
representation and serialized intoJSONfollowing our de�nitions
in Section 3.1.

Second, to construct partial models from theModelSet dataset,
we randomly select a target element as ground truth and remove it
from the original model graph. This process yields pairs including
the incomplete model graph� < and ground truth graph elements
~0 that are to be correctly completed by the LLM. Focusing on a
single ground truth element allows us to isolate the e�ect of slicing
on completion performance, controlling other factors that could
in�uence completion performance such as varying complexity of
the task when multiple elements are missing. Note that this step is
not strictly necessary for theRepairVision dataset, as ground-truth
information is already included in the data. Nevertheless, to ensure
comparability, we randomly select one element per model from the
ground truth information, if multiple ground-truth elements are
available (e.g., due to several changes per commit).

We consider an iterative setting in which slicing is repeatedly
applied around the current user focus to dynamically re�ne the
context provided to the LLM [77]. In this setting, the user focus� <
corresponds to one of the neighbors of the ground truth element
in the original model graph. The focus element� < is explicitly
marked, while the actual ground truth is removed.

4.4 LLM Inference
Given a partial software model� < and the ground truth elements
~0, we formulate a prompt? that includes a task description and the
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respective slice� 0
< computed via the slicing criterione¹� < • � < º !

� 0
< and the focus area� < , which is explicitly highlighted within

the slice, following the setup proposed by Tinnes et al. [74, 77]. The
prompt? is then provided to the respective LLM, which produces
the response~. The full prompt as well as an example for~ are
given on the supplementary Website.

Instruction tuning. In preliminary experiments, we used a
short prompt instructing the LLM to predict the missing element.
However, the LLM frequently failed to follow the task and instead
produced descriptions of the model or other unrelated outputs.

To address this problem, we �rst introduced a more structured
prompt that clearly speci�es the input format, domain constraints,
prediction task, and required output format. Second, we added a
short reminder after the inserted software model summarizing the
key instructions (e.g., returning only JSON without explanations).

Since the structures of theModelSet andRepairVision datasets
di�er slightly, separate example models were included in the prompt
for few-shot learning. This improved prompt signi�cantly reduced
the number of unusable predictions.

Note that the instruction explicitly states that the completion
should be performed around the focus area� < . Since we consider
only a single ground-truth element, this constraint is necessary
to ensure a fair evaluation. Without explicitly guiding the LLM
towards the focus area, larger slices would introduce more poten-
tial completion locations, increasing the number of plausible but
non-matching predictions. This would arti�cially penalize larger
slices, as multiple conceivable completions may exist while~ is
only compared to one ground truth~0 in the evaluation.

4.5 Experimental Setup
For both research questions, the experimental setup is as follows.

From each of our two datasets,RepairVision andModelSet ,
we randomly sample 500 models from the datasets. This ensures a
manageable evaluation size for LLM inference and computational
resources, while still obtaining a su�ciently large sample to draw
statistically meaningful conclusions. Afterwards, the data are pre-
processed according to Section 4.3 to obtain a partial model and
ground truth with some additional information on the focus area
� < . Afterwards, the respective slicing criteriae¹� < • � < º ! � 0

<
are applied to our preprocessed datasets (see Figure 2). The re-
sulting slice is then provided to the LLM together with a prompt
(see Section 4.4). We evaluate multiple LLMs to assess whether the
observed results depend on the choice of LLM. In particular, we
consider two openly available LLMs,gpt-oss-20b(context window
of ~128k tokens3) andLLaMA-3.1-8B(128k context window [36]),
and compare their performance across all experiments.

4.6 Performance Metrics
To assess the correctness of the model elements predicted by the
LLM, we employ a set of evaluation metrics to capture di�erent
aspects of correctness. Speci�cally, we compare the LLM output
~ with the corresponding ground truth~0, whose extraction is
described in Section 4.3. An example of~0 is given in Figure 3. The
LLM output~ is desired to match~0 as closely as possible.

3https://developers.openai.com/api/docs/models/gpt-oss-20b

The ground truth~0 consists of at most one new node and its
connecting edges. The motivation behind this setup is to isolate
the in�uence of slicing from other factors, such as the number of
elements to be completed. In this setup, checking the correctness
of the generated modeling graphs becomes straightforward and
reduces to a direct comparison between~ and~0. Since only a single
ground truth element is considered, no ambiguity arises in matching
predicted graph elements to multiple ground truth elements, which
would otherwise require additional alignment strategies and graph
matching.

{ "nodes": [{
"id": "30",
"name": "B"
"eClass": "Class",
"isfocusedNode": "False"

}],
"links": [{

"source": "27",
"target": "30",
"key": "0"

}]
}

Figure 3: Simpli�ed example of ground truth ~0.

We employ a set of di�erent evaluation metrics capturing dif-
ferent aspects of correctness, including syntactic, semantic, and
structural properties of the generated model completion candidates.
All selected metrics are well-established in the literature and can
be computed automatically, enabling a reproducible evaluation.
Since we additionally only compare the prediction~ against a sin-
gle ground truth~0, the results provide a conservative estimate of
model completion performance, as other correct predictions may
be conceivable, while enabling a scalable evaluation with minimal
manual e�ort. Speci�cally, we considerBLEUscore, cosine simi-
larity of embeddings, and TF-IDF cosine similarity. In addition, we
evaluate format, type correctness and structural correctness.

Valid JSON (+json ). To assess whether slicing a�ects the ability
of the LLM to produce outputs in the expected format, we mea-
sure whether the prediction can be parsed as valid JSON. Minor
deviations from the format, such as missing closing brackets, are
corrected during post-processing.

Valid Graph (+graph ). To assess whether slicing a�ects the
ability of the LLM to generate structurally correct graphs, we mea-
sure whether a valid JSON prediction conforms to the expected
graph schema, i.e., contains required �elds such asnodesandlinks
with appropriate identi�ers.

BLEU score (bleu). We useBLEUscore [64] as a measure of
content overlap between the prediction~ and the ground truth~0.
It computes the=-gram overlap between representations. Since the
task involves completing a single node and its connected edges,
graph comparison reduces to a string-based comparison. Both rep-
resentations are tokenized by removing punctuation (e.g., brackets
and commas). We use= = 1, such that the score captures the fraction
of tokens in the prediction that appear in the ground truth.
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Embedding-Based Cosine Similarity (cosq ). While ~ and
~0 may di�er in their exact wording, resulting in a lowerBLEU
score, they can still express the same intent; embedding-based
cosine similarity captures this semantic equivalence between~
and~0. Both strings are preprocessed into a canonical form. The
resulting strings are then encoded using a pre-trained BERT-based
sentence embedding model (all-MiniLM-L6-v2 ), resulting in:

cosq ¹~•~0º =
q¹~º � q¹~0º

kq¹~ºk � kq¹~0ºk
•

with q¹�º denoting the embedding function.
TF�IDF Cosine Similarity (cost€df ). We use TF�IDF cosine

similarity to emphasize informative tokens and reduce the in�uence
of correctly predicting common terms, making the comparison more
sensitive to meaningful di�erences between~ and~0. Both strings
are preprocessed into a canonical form. The TF�IDF vectors are
constructed as follows [69]:

C¹~º =
�
t€df ¹C1•~º• t€df ¹C2•~º• ” ” ”

�
•

with

t€df ¹C•3º = tf ¹C•3º � log
#

df ¹Cº
•

wheretf ¹C•3º denotes the term frequency of termCin document3,
df ¹Cº denotes the number of documents in the corpus containing
termC, and# denotes the total number of documents in the corpus.
In our case:# = 2. The similarity is then computed as the cosine
between the resulting TF�IDF representations, yielding:

cost€df ¹~•~0º =
C¹~º � C¹~0º

kC¹~ºk � kC¹~0ºk
•

whereC¹�º denotes the TF�IDF vector representation.
Type Correctness (type). While the previous metrics focus

on content, we further computetype correctness[74], indicating
whether the predicted element in the generated output~ has the
same type as the corresponding element from the ground truth~0.

Structural Correctness (struct ). We compute structural
correctness to assess whether the predicted elements maintain
the same connectivity as the ground truth~0. If the ground truth
contains one missing node, we evaluate whether the predicted node
is connected to the correct neighboring nodes. Not having enough
edges or predicting too many edges is penalized.

4.7 Results
RQ1. We report average overall model completion performance
for each context-aware slicing criteria introduced in Section 3.3.
For statistical signi�cance, we apply a paired one-sided Wilcoxon
signed-rank test comparing each slicing approach with identity
slicing. The test is performed over all model completion tasks (1•000
models evaluated with two di�erent LLM calls each).

Furthermore, we additionally compare slicing approaches across
LLMs and datasets using multiple evaluation metrics, we report
format correctness in Figure 4. Overall, most generated graphs
(i.e. completed models) conform to the JSON schema across slicing
approaches. The identity slicing baseline achieves moderate correct-
ness forLLaMA (over 75% correct), but below 58% of the predictions
are format correct according to the JSON format forGPT. Random
slicing and LLM-based slicing also perform well in most cases, with

Table 2: Average performance metric values per slicing ap-
proach. � (? Ÿ 0”05) and �� (? Ÿ 0”01) indicate that the respec-
tive approach performs signi�cantly better than identity
slicing (paired one-sided Wilcoxon signed-rank test).

Approach bleu cosq cost�df struct type

Identity 0.107 0.667 0.229 0.014 0.017
Random 0.165�� 0.724�� 0.274�� 0.010 0.047��

LLM-based 0.184�� 0.726�� 0.288�� 0.041�� 0.049�

Louvain-based 0.289�� 0.795�� 0.389�� 0.131�� 0.256��

Radius-based 0.337�� 0.813�� 0.440�� 0.171�� 0.378��

a noticeable drop forGPTon the RepairVision dataset. In con-
trast, radius-based and louvain-based slicing consistently yield the
highest correctness scores across both datasets and models. Re-
garding graph correctness, the identity slicing approach performs
worst. Random slicing and LLM-based slicing achieve moderate
performance, while louvain-based and radius-based slicing yield
comparatively high correctness.

All other correctness metrics in Table 3 assume a validJSON
schema; invalid outputs receive a score of0. Table 3 reports the
overall average results, highest values are highlighted. In most
cases, radius-based slicing achieves the highest scores, particularly
on theRepairVision dataset. The louvain-based approach performs
competitively. TheBLEUscore, structural correctness, and type
correctness metrics are generally low, whereas the embedding-
based cosine similarity scores are comparatively high.

To compare the di�erent approaches, we apply a paired one-sided
Wilcoxon signed-rank test withU = 0”01. A result is considered sta-
tistically signi�cant only if an approach signi�cantly outperforms
all other approaches for every metric, dataset, and LLM. In particu-
lar, this means that we compute statistical signi�cance separately
for each combination of dataset, LLM, and metric, and only report
a result signi�cant if all comparisons are signi�cant. More detailed
results are provided in our supplementary Website.

Graph-aware slicing methods (louvain-based slicing and radius-
based slicing) show the most signi�cant improvements across all
datasets (RepairVision and ModelSet ) and LLMs, consistently
outperforming LLM-based slicing, the identity slicing baseline, and
random slicing. Radius-based slicing outperforms louvain-based
slicing on theRepairVision dataset. However, LLM-based slicing
does not have a statistically signi�cant advantage over either ran-
dom slicing or the identity slicing across all metrics and datasets.

RQ2.We are further interested in whether slice size, measured
in token counts, in�uences model completion performance. To
analyze this e�ect, we group instances into logarithmically spaced
token count bins and compute the median performance within each
bin. Logarithmic binning is commonly used for heavy-tailed data
such as token counts, to avoid over-representing dense regions
at smaller values. This allows us to visualize performance trends
across increasing input sizes, as shown in Figure 5.

We report results for three semantic similarity metrics:BLEU
score, TF-IDF and embedding-based cosine similarity. Binary met-
rics such as structural and type correctness are omitted from this
analysis, as they are less informative. We additionally compute



MODELS 2026, October 04�09, 2026, Málaga, Spain Alisa Welter, Benedict Bliem, Omer Iqbal, and Sven Apel

Figure 4: Validity of LLM-generated prediction. Values indicate the fraction of predictions that satisfy each validity criterion
(+json : generated LLM output ~ is a valid JSON,+graph : generated LLM output is a valid graph).

Table 3: Average values for the slicing approaches with re-
spect to di�erent metrics, datasets, and LLMs.

Identity Random LLM- Louvain Radius
based -based -based

LLaMA-3.1-8B
ModelSet

bleu
cosemb
cost�df
Struct.
Type

0.05
0.51
0.17
0.01
0.00

0.11
0.60
0.20
0.01
0.02

0.14
0.59
0.22
0.04
0.01

0.25
0.79
0.32

0.09
0.09

0.24
0.76
0.32
0.10

0.08

gpt-oss-20b
ModelSet

bleu
cosemb
cost�df
Struct.
Type

0.08
0.34
0.15
0.02
0.02

0.17
0.59
0.25
0.01
0.02

0.19
0.58
0.25
0.03
0.03

0.26
0.78

0.34
0.06
0.05

0.26
0.78
0.35
0.09
0.08

LLaMA-3.1-8B
RepairVision

bleu
cosemb
cost�df
Struct.
Type

0.08
0.56
0.16
0.00
0.00

0.10
0.55
0.20
0.00
0.02

0.08
0.41
0.14
0.02
0.02

0.25
0.68
0.38
0.16
0.20

0.39
0.80
0.51
0.22
0.37

gpt-oss-20b
RepairVision

bleu
cosemb
cost�df
Struct.
Type

0.04
0.24
0.08
0.01
0.01

0.08
0.29
0.12
0.00
0.02

0.05
0.20
0.08
0.01
0.02

0.30
0.69
0.40
0.17
0.26

0.40
0.79
0.52
0.24
0.42

the Spearman rank correlations between input token count and
performance metrics for each slicing approach and LLM.

For the identity slicing, performance drops with increasing token
count across all metrics and LLMs. In particular, performance de-
creases until around104 tokens, after which it stabilizes at a lower
level. With regard to Spearman rank correlations, we observe no
consistent overall trend forLLaMA across the evaluated metrics. In
contrast,GPTshows a weak negative correlation [70], with d values

lower between� 0”32(BLEUscore) and� 0”49(cost�df ). For random
slicing, performance decreases steadily, showing a weak negative
correlation for both models, withd ranging from� 0”32(cosq , GPT)
to � 0”47 (cost�df , LLaMA). For LLM-based slicing, performance
decreases up to around104 tokens. Beyond this point, performance
shows a slight increase for some metrics. LLM-based slicing shows
a moderate negative correlation (� 0”48to � 0”52) for LLaMA and
a weak negative correlation forGPT. For Louvain-based slicing,
performance shows a slight increase up to around103”5 tokens,
followed by a decrease for larger token counts. Overall, we observe
only a weak negative correlation forLLaMA (d: � 0”16to � 0”30).
In contrast, radius-based slicing exhibits a di�erent pattern, with
performance increasing and reaching a peak between103 and103”4

tokens. Accordingly, radius-based slicing shows a weak positive
correlation (d: 0”06to 0”23).

5 Discussion
To better support modelers with more accurate model completion
during modeling and maintenance tasks, we study the in�uence of
model slicing on LLM-based model completion performance.

5.1 Findings RQ1
For RQ1, we analyze whether and to what extent slicing improves
LLM-based model completion. The results show that providing the
complete model as context consistently yields the lowest perfor-
mance metric scores across datasets and LLMs. Graph-aware slicing
methods (louvain-based and radius-based slicing) show the most
consistent improvements across both datasets (RepairVision and
ModelSet ) and LLMs, outperforming LLM-based slicing, random
slicing and the identity slicing baseline. This indicates that the
choice of slicing strategy has, in fact, a signi�cant impact on model
completion performance.

It is important to note that these results not only apply to large
models that exceed the context size of the respective LLM, but also
to smaller models that �t within the LLM context, as paired compar-
isons across the same model instances and completion tasks show
that slicing signi�cantly improves model completion performance.
These �ndings align with prior work suggesting that large inputs
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