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Abstract
Automated assessment of student modeling tasks is difficult to
scale because UML diagrams are open-ended, graphical, and highly
contextual. This paper presents a production-ready extension of
Athena, an open-source feedback system that integrates directly
with the learning platform Artemis to provide human-in-the-loop
support for modeling exercises.

The approach introduces ApollonUML, a domain-specific textual
representation that improves LLM interpretability while preserv-
ing precise links to diagram elements. Combined with rubric-style
grading instructions, the system generates contextualized, pedagog-
ically aligned feedback suggestions that human graders can review,
adapt, or reject within their existing grading workflow.

A large-scale retrospective observational validation study on
authentic student submissions shows that LLM-based feedback can
approximate human grading, with characteristic deviations such as
generosity toward weaker work, harshness toward stronger work,
and failure cases tied to prompt context and model complexity.
The analysis further reveals inconsistencies in human grading that
LLMs may help surface. These findings indicate that LLM-based
assessment is capable of reducing human grader workload while
maintaining oversight in modeling education.

CCS Concepts
• Social and professional topics→ Student assessment; • Ap-
plied computing→ Education; • Software and its engineering
→ Unified Modeling Language (UML).
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1 Introduction
Modeling is a fundamental activity in software engineering that
supports abstraction, communication, and design analysis across
the development lifecycle [10, 16, 28]. Unified Modeling Language
(UML) diagrams are widely used in both industry and academia to
express structural and behavioral aspects of software systems [32].
Educational research highlights the pedagogical value of teaching
modeling early in computer science curricula to foster higher-level
design thinking [1, 20].

Despite its importance, assessing modeling tasks at scale remains
a challenge. Manual grading is time-consuming and introduces in-
consistencies, as human graders may interpret solutions differently
or apply criteria unevenly [22]. In large courses with hundreds of
participants, this creates bottlenecks that delay feedback and re-
duce opportunities for iterative improvement. For students, delayed
or inconsistent feedback can hinder progress and motivation [15].
For instructors, reviewing each submission individually makes it
difficult to sustain high-quality feedback across multiple exercises.

While automated assessment techniques exist for code, the open-
ended and graphical nature of UML models complicates assessment
and feedback delivery. Existing approaches often focus on syntactic
checks or similarity measures, which fall short of providing mean-
ingful, pedagogically aligned feedback. This leaves educators with
a difficult trade-off: either invest substantial resources into manual
assessment or accept reduced feedback quality at scale.

To address this gap, this paper extends Athena [24], an open-
source feedback system, with a module for automated assessment
of UML submissions using large language models (LLMs). The goal
is to support human graders by generating high-quality, contex-
tualized feedback aligned with learning objectives. The proposed
approach transforms student models into a domain-specific textual
representation, incorporates exercise-specific grading criteria, and
leverages LLMs to generate element-level feedback integrated into
the modeling environment.

This paper presents a scalable, production-ready system for LLM-
based feedback generation in modeling exercises. It introduces
a pipeline that converts graphical UML models into structured
prompts, enabling more effective interaction with LLMs. It proposes
a strategy for incorporating structured grading criteria to align LLM
output with pedagogical goals. An empirical evaluation compares
LLM-generated to human grader feedback across multiple exercises
with a focus on the following research questions (RQ):

RQ1 Score Alignment: To what extent can LLM-based assess-
ment replicate human grading of student modeling submis-
sions?

RQ2 Failure Cases:What are the limitations and failure cases of
LLM-based modeling feedback generation?
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The remainder of the paper is structured as follows: Section 2
reviews related work on automated feedback and modeling assess-
ment. Section 3 describes the functionality of the system, model
representation, prompt design, and grading alignment. Section 4
presents the study setup and results, discusses key findings, limita-
tions, and implications. Section 5 concludes and outlines directions
for future work.

2 Related Work
Automated assessment of modeling tasks has been approached
through diverse methods, ranging from rule-based and machine
learning techniques to emerging LLM-based solutions. To contex-
tualize this work, we review prior UML-specific approaches, recent
LLM applications in modeling, and broader studies on LLMs for
automated scoring.

2.1 Automated Assessment of UML Before LLMs
Early systems relied on rule-based comparison of student diagrams
to instructor-provided solutions. UMLGrader [14] identifiedmissing
or erroneous elements in class diagrams by directly comparing them
against a sample solution, offering formative feedback but only in
tightly constrained exercises. UMLGrade [11] extended this idea
by generating structured assessment reports based on semantic,
syntactic, and design rule checks, aiming to reduce grading effort
while reinforcing object-oriented design principles.

Other approaches focused on improving flexibility. Ametamodel-
based method [7] mapped student class diagrams to instructor
reference models using syntactic, semantic, and structural criteria,
enabling recognition of multiple valid solutions. Similarly, Fauzan
et al. [12] combined semantic similarity (lexical information) and
structural similarity (diagram topology), finding that experts weigh
both dimensions equally and that the approach achieves reliability
comparable to human assessors. Beyond class diagrams, Striewe and
Goedicke [26] applied dynamic checks to UML activity diagrams
using trace generation and sequence alignment, demonstrating how
behavioral aspects can be evaluated automatically.

Several tools emphasized learner support. Thomas et al. [27]
proposed a five-stage framework to grade student-drawn ER dia-
grams, addressing missing or malformed elements and achieving
high agreement with human graders. Hoggarth and Lockyer [17]
developed one of the earliest systems for interactive comparison of
student diagrams with model solutions, prioritizing feedback for
learning over grading automation. Similarly, COCLAC [6] trans-
formed UML diagrams into Java code for testing, providing imme-
diate correctness checks and linking modeling with programming
practice.

To improve scalability, machine learning techniques were also ex-
plored. Krusche [18] presented a semi-automatic assessment system
that learned from manually graded submissions to propose scores
and feedback for new ones. Applied in a large course with over 800
students, it achieved up to 80% automation with low adjustment
rates by human graders, improving both efficiency and consistency.
In contrast, Stikkolorum et al. [25] trained regression and classifi-
cation models to predict UML class diagram grades but reported
limited predictive accuracy, highlighting the need for larger datasets
and more robust features. Collectively, these pre-LLM approaches

show the promise of automation but reveal strong dependencies
on predefined reference models, constrained solution spaces, or
extensive training data.

2.2 LLM-based Assessment and Feedback for
Modeling

With the advent of LLMs, new approaches have emerged that
promise greater flexibility and contextualization. Ardimento et al.
[2] introduced a retrieval-augmented generation (RAG) system in-
tegrated into a cloud-based modeling tool, which provided targeted
feedback on more than 5,000 labeled UML diagrams. Extending this,
UML Miner [3] combined process mining with RAG-based LLMs in
a Visual Paradigm plugin, offering continuous, personalized feed-
back throughout the modeling workflow.

Other studies explored textualization strategies to make UML
diagrams more interpretable for LLMs. Bouali et al. [8] converted
visual class diagrams into textual descriptions and compared grades
assigned by GPT o1-mini, Claude Sonnet, and human assessors.
Their results showed strong alignment, with correlation coefficients
above 0.76 and mean absolute errors below four points on a 40-
point scale. Similarly, Wang et al. [30] applied GPT to evaluate use
case, class, and sequence diagrams across 11 predefined criteria,
reporting high but inconsistent alignment with human experts.

Critical perspectives also highlight limitations. Cámara et al.
[9] documented semantic inconsistencies and scalability issues in
ChatGPT’s UML feedback, pointing to gaps in domain-specific
reasoning. DUET [13], a prototype for UML and ER diagrams, em-
ployed a multi-stage LLM pipeline to generate reflective feedback.
While praised for accessibility and scalability in interviews with ed-
ucators, concerns remained around reliability and potential misuse.
These works illustrate the potential of LLMs for modeling tasks but
remain prototypes or small-scale studies, lacking production-level
integration or systematic human-in-the-loop evaluation.

2.3 LLMs for Automated Scoring Beyond
Modeling

Research outside UML provides additional evidence for the scoring
capabilities of LLMs. In programming education, Mendonça et al.
[21] compared LLaMA 3.2 and GPT-4o against human graders using
rubric-based evaluations, finding that premium LLMs can produce
grading patterns statistically indistinguishable from humans. In
essay scoring, Xia et al. [33] tested ChatGPT on TOEFL writing
tasks, showing operational feasibility but regression effects and
prompt sensitivity. Broader comparisons between human and auto-
mated scoring highlight fairness concerns, particularly for English
learners, where automated systems and human graders diverge
[29].

At a larger scale, LLMs have also been studied as evaluators in
NLP and software engineering tasks. JUDGE-BENCH [5] bench-
marked 11 LLMs across 20 datasets, showing that reliability varied
widely by dataset and evaluation property. Similarly, Wang et al.
[31] found that prompting LLMs as evaluators could achieve near-
human correlation on code translation and generation tasks, but
performance was inconsistent across tasks. Together, these studies
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show that LLMs can approximate human scoring in diverse con-
texts, while also underscoring the importance of domain adaptation
and validation when applying them to modeling education.

Unlike prior work on rule-based comparison, ML-assisted grad-
ing, or recent LLM prototypes, this paper contributes a production-
ready integration of LLM-based assessment into a widely used
learning management system (LMS). The approach emphasizes
human-in-the-loop workflows, large-scale evaluation on thousands
of authentic submissions, and systematic analysis of grading align-
ment and deviations, highlighting both the opportunities and limi-
tations of LLM-based modeling assessment.

3 Approach
To enable high-quality, automated feedback for UML modeling
exercises, we extended the existing open-source1 feedback system
Athena with support for assessing modeling submissions. Athena
is responsible for generating feedback and is integrated with the
open-source2 learning platform Artemis [19], which students use
to submit their modeling solutions and review the feedback they
receive.

Artemis supports a variety of interactive exercise formats, includ-
ing programming, quizzes, and modeling exercises. For modeling
exercises, Apollon [20], an open-source3 modeling editor, is em-
bedded directly into the Artemis interface, allowing students to
construct and submit their models seamlessly within the context of
an exercise.

3.1 Reference Implementation
The open-source system Athena serves as the reference implemen-
tation of the proposed approach. Athena is designed as an extensible
feedback system that integrates with learning platforms such as
Artemis to deliver automated feedback for multiple exercise types.
For modeling exercises, Athena supports human graders during the
manual assessment process by generating draft feedback sugges-
tions for student-submitted models.

Figure 1 shows Athena’s top-level architecture and its integra-
tion points. In the evaluated deployment, Artemis, acting as the
Learning Management System, receives student submissions and
forwards them to Athena via a REST interface. Athena routes each
request to the responsible feedback module and returns the gener-
ated feedback in the format required by Artemis for presentation
in the assessment interface. Although the evaluation focuses on
Artemis, Athena remains LMS-agnostic and exposes a standardized
OpenAPI4 interface that enables integration with other learning
platforms.

Athena follows a modular microservice architecture. A central
Module Manager handles all incoming feedback requests, verifies
authorization, and forwards them to the appropriate modules. In
addition to the modeling module introduced in this work, Athena
provides dedicated modules for programming and text exercises
(ProgrammingLLM and TextLLM).

1https://github.com/ls1intum/Athena
2https://github.com/ls1intum/Artemis
3https://github.com/ls1intum/Apollon
4https://www.openapis.org
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Figure 1: UML component diagram showing the top-level
architecture of the reference implementation Athena.

Following Athena’s microservice architecture, the modeling feed-
back component is realized as a separate module (ModelingLLM)
that generates feedback for modeling submissions using LLMs. This
design aligns with Athena’s modular structure, which allows inde-
pendent deployment and scaling of feedback modules according to
the needs of specific exercises or student cohorts.

Figure 2 describes the process of generating and delivering LLM-
based feedback for modeling exercises. The process begins when a
student creates and submits a UML model using Apollon embedded
within Artemis. Upon submission, Artemis forwards the model to
Athena for analysis. The feedback generation pipeline in Athena
consists of three stages: formatting, predicting, and parsing.

In the formatting stage, Athena collects all relevant context in-
formation, including the exercise problem statement, an optional
example solution, and any grading instructions defined by the in-
structor. Both the student’s model and the example solution are
transformed into a domain-specific language (DSL) representation
to improve LLM interpretability. These inputs are then injected into
a predefined prompt template that guides the LLM’s response.

During the predicting stage, Athena invokes the configured LLM
to generate a response based on the formatted prompt. The LLM
returns textual feedback suggestions describing issues or areas for
improvement in the submitted model.

In the parsing stage, Athena extracts individual feedback items
from the LLM response and maps them to the feedback structure re-
quired by Artemis. This includes resolving references from the DSL
representation back to the original model elements to enable inline
feedback visualization. Feedback that can be linked to a specific
model element is classified as referenced feedback, while general
comments or suggestions about missing elements are considered
unreferenced feedback.

After the feedback has been returned to Artemis, human graders
are presented with the suggestions for reviewwithin the assessment
interface. Feedback appears either inline—directly attached to the
relevant model elements—or below the diagram, depending on
whether it refers to specific parts of the model or more general
aspects of the submission. Human graders can review, modify, or
discard any feedback item before finalizing the assessment. Figure 3
illustrates how referenced feedback is anchored inline to a specific
model element within Apollon, allowing for immediate contextual
review.

General feedback, shown in Figure 4, appears beneath the mod-
eling canvas and typically addresses missing elements or provides
high-level guidance. From the student’s perspective, the interface
mirrors this structure, but omits the assessment controls for modi-
fying or approving feedback.

https://github.com/ls1intum/Athena
https://github.com/ls1intum/Artemis
https://github.com/ls1intum/Apollon
https://www.openapis.org


ICSE-SEET ’26, April 12–18, 2026, Rio de Janeiro, Brazil Maximilian Sölch and Stephan Krusche
St

ud
en

t

Submit SolutionView Assessment

A
th

en
a

  Predicting

  Formatting

Generate Prompt Collect ContextFeedback
Prompt Context

Submission

Invoke LLM LLM Response

Convert Model to
ApollonUML

H
um

an
 G

ra
de

r yesAccept Feedback

noAdapt Feedback

Finalize
Assessment

Feedback
correct? Review FeedbackAssessment

  Parsing

Parse Feedback
from Response

FeedbackFeedbackFeedback

Figure 2: UML activity diagram visualizing the process of generating and delivering LLM-based feedback for modeling exercises
with Athena.

Figure 3: Referenced feedback suggestion anchored to a spe-
cific model element in the assessment interface of Artemis.

3.2 Model Representation
To prepare UML submissions for LLM-based feedback generation,
Athena transforms student-created models into a concise, semanti-
cally explicit textual representation. Although Apollon internally
stores diagrams in a structured JSON format, this format is not well
suited for direct use with large language models, as it is verbose,
nested, and tightly coupled to the internal structure of the editor.
To improve interpretability and reduce prompt complexity, we con-
vert each model into a DSL called ApollonUML, which serves as

Figure 4: General, unreferenced feedback suggestion in the
assessment interface of Artemis.

an intermediate representation between the diagram and the LLM
prompt.

ApollonUML preserves the essential structure and semantics
of the original UML diagram while expressing elements and re-
lationships in a compact textual format. The syntax draws inspi-
ration from notations such as PlantUML5 and Mermaid6, but it
avoids symbolic shorthand in favor of fully spelled-out constructs

5https://plantuml.com
6https://mermaid.js.org

https://plantuml.com
https://mermaid.js.org
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to improve clarity. This explicit format reduces the likelihood of
misinterpretation by the LLM and simplifies prompt engineering.
Internally, the transformation pipeline parses the Apollon JSON
and extracts diagram elements, relationships, and their hierarchies.
It also maintains a mapping between elements in the DSL and their
corresponding diagram identifiers to support feedback anchoring
and referencing.

To ensure naming consistency, the DSL includes a name dis-
ambiguation mechanism. When multiple elements share the same
name, suffixes (e.g., #A, #B) are appended to distinguish them. El-
ements without a name receive placeholder identifiers (e.g., ##A).
This guarantees uniqueness in the representation while preserving
human readability in the LLM prompt.

The DSL supports all diagram types currently available in Apol-
lon, including various forms of UML, as well as BPMN models and
Petri nets. An example of the ApollonUML format is shown in
Listing 1.� �
UML Diagram Type: [type]

@Elements:
[type] ElementName {
attributes:
attributeName: type

methods:
methodName(parameters): returnType

marker: [markerType]
}

@Relations:
R1: SourceElement (relationType) --> TargetElement: label {
SourceElement: {
role: roleLabel
multiplicity: multiplicityValue

}
messages: [
{ name: messageName, to_direction: targetElement }

]
}

@Owners:
OwnerElement: ChildElement1, ChildElement2� �
Listing 1: Structure and syntax of the ApollonUML format
used to represent UML diagrams textually for LLM input.

3.3 Grading Instructions
To generate consistent and pedagogically aligned feedback, Athena
incorporates structured grading instructions defined within the
Artemis platform. These grading instructions act as rubric-based
criteria that guide both human graders and the LLM in evaluating
student submissions. Each instruction includes predefined feedback,
associated points, and optionally examples, allowing instructors
to specify exactly what constitutes correct, incorrect, or partially
correct modeling constructs. Although students do not see these
instructions directly, they receive feedback that reflects the applied
criteria whenever a human grader or Athena attaches a correspond-
ing grading instruction to a specific model element.

When generating LLM-based feedback, Athena includes the rel-
evant grading instructions in the system prompt. This ensures that
the LLM’s output aligns with the instructor’s expectations and the
learning goals of the specific exercise. Without these structured

instructions, the LLM would default to generating generic feed-
back, which may be educational but does not necessarily reflect the
intended evaluation criteria.

To further improve consistency and reduce instructor workload,
Athena automatically generates structured grading instructions
if the instructor did not define any when setting up the exercise
in Artemis. For this functionality, Athena uses a dedicated LLM
prompt, which is shown in Listing 2, to transform the problem
statement, example solution, and any informal grading notes into
a machine-readable rubric. The resulting instructions serve as a
high-quality starting point for manual refinement or direct use and
follow a detailed, criteria-based format to ensure alignment with
the pedagogical goals of the exercise.� �
You are an AI tutor for {submission_uml_type} modeling exercise assessment at
a prestigious university.

Create a structured grading instruction based on the given grading instructions
(important), the solution diagram (if present) and the problem statement. The
structured grading instruction should be highly detailed to ensure consistent
grading across different tutors.

<Exercise Problem Statement>
{problem_statement}

<Grading Instructions>
Max points: {max_points}, bonus points: {bonus_points}

Instructions:
{grading_instructions}

<Official Example Solution>
{example_solution}

Please return the structured grading instructions in the correct output json format.� �
Listing 2: Prompt for generating structured grading
instructions.

3.4 Feedback Prompt Design
To generate high-quality, contextualized feedback for modeling sub-
missions, Athena constructs prompts that incorporate a rich set of
information specific to the exercise and the student’s solution. Each
prompt includes the exercise problem statement, an example solu-
tion (if available), and the structured grading instructions defined
by the instructor. This information enables the LLM to generate
feedback that is not only technically accurate, but also aligned with
the pedagogical intent of the assignment.

Athena uses a single-shot prompt structure based on the Chat
Completions API format, consisting of a system message that de-
fines the task and a human message that provides the input. The
system message frames the LLM as an AI tutor responsible for pro-
viding feedback a human grader would accept, and explicitly lists
characteristics that the feedback should fulfill, such as being con-
structive, specific, and educational. The human message includes
the student’s submission in a domain-specific textual format and
instructs the LLM to return feedback in a predefined JSON format.

Listing 3 shows the template used as the system message when
generating feedback for modeling exercises. Notably, the prompt
also includes structured grading instructions in a machine-readable
JSON format, allowing the LLM to reason over grading criteria
explicitly. This integration helps align the generated feedback with
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the expectations set by the instructor, improves consistency across
assessments, and supports point-based evaluation logic.

Athena is designed to be LLM-agnostic and supports a range of
language models through a unified API layer based on LangChain7.
This enables flexible deployment across cloud-based and self-hosted
models, including OpenAI models8, Anthropic’s Claude9, or open-
source models such as Llama10, depending on institutional con-
straints and privacy requirements.� �
You are an AI tutor for {submission_uml_type} modeling exercise assessment at a
prestigious university.

Create graded feedback suggestions for a student's {submission_uml_type}
modeling submission that a human tutor would accept.
Meaning, the feedback you provide should be applicable to the submission with
little to no modification.

<Feedback Style>
1. Constructive
2. Specific
3. Balanced
4. Clear and Concise
5. Actionable
6. Educational
7. Contextual

<Exercise Problem Statement>
{problem_statement}

<Grading Instructions>
Max points: {max_points}, bonus points: {bonus_points}

Instructions:
{structured_grading_instructions}

<Official Example Solution>
{example_solution}

Important:
− Make sure to provide detailed feedback for each criterion. Always try to be as
specific as possible.
− Also make sure your feedback adds up to the correct number of points. If there
are n points available and everything is correct, then the feedback should add up to
n points.
− Deeply think about the diagram and what the student potentially missed,
misunderstood, or mixed up.
− For the `element_name` field in the output, reference the specific diagram
element, attribute, method, or relation related to the feedback. Use the following
formats:

− For classes or elements: `<ClassName>`
− For attributes: `<ClassName>.<AttributeName>`
− For methods: `<ClassName>.<MethodName>`
− For relations: `R<number>` (e.g., `R1`, `R2`)

− If the feedback is not related to a specific element, leave the `element_name`
field empty.

<UML Diagram Format>
The submission uses the following UML diagram format:
{uml_diagram_format}
− Note: Don't mention elements that have no name, by their artificial name: e.g. ##A
or ##B, instead just say e.g. the task in ... is missing ...� �
Listing 3: Prompt template for generating feedback for
modeling exercises.

7https://www.langchain.com/
8https://openai.com/
9https://www.anthropic.com/
10https://llama.meta.com

4 Evaluation
This section outlines the methodology used to evaluate the effec-
tiveness of LLM-based feedback generation in the context of UML
modeling exercises, as implemented in Athena. The evaluation fo-
cuses on assessing how closely LLM-generated scores align with
human grading across real student submissions. It presents the
study design, quantitative and qualitative results, a summary of
key findings, a discussion of the implications, and a reflection on
potential limitations.

4.1 Study Design
Following recent guidelines for empirical studies with large lan-
guage models [4], the evaluation consists of a retrospective obser-
vational validation study, similar to approaches used in previous
work [8, 21]. This design was appropriate because all data (stu-
dent submissions and human-assigned scores) already existed prior
to the study, and no experimental manipulation was applied. The
study empirically assesses the degree of alignment between LLM-
generated scores and human grading in authentic educational prac-
tice.

We address RQ1 (Score Alignment) through quantitative er-
ror analysis comparing human and LLM scores and RQ2 (Failure
Cases) through a qualitative categorization of extreme score devia-
tions.

To empirically evaluate the scoring accuracy of LLM-generated
feedback, the evaluation includes a retrospective observational
validation study using student submissions from four modeling
exercises in an undergraduate software engineering course with up
to 2,000 students. These exercises cover both UML class and activity
diagrams and vary in complexity and point value. An overview
is provided in Table 1, including the number of submissions per
exercise, average model size, and average human-assigned scores.
The distribution of human-assigned scores per exercise is shown
in Figure 5.

Figure 5: Distribution of human-assigned scores per exercise.

All four exercises had instructor-defined grading instructions in
Artemis. Therefore, Athena did not generate any grading instruc-
tions automatically. Instead, the LLM-based feedback generation
relied directly on the provided rubric-style criteria, ensuring con-
sistency with the human graders’ assessment setup.

https://www.langchain.com/
https://openai.com/
https://www.anthropic.com/
https://llama.meta.com


Scaling Assessment of Student Models with LLMs: Integrating Feedback into Practice ICSE-SEET ’26, April 12–18, 2026, Rio de Janeiro, Brazil

Table 1: Overview of the four modeling exercises used for the evaluation.

Id Title Diagram Points Submissions Elements (avg.) Relations (avg.) Score (avg. %)

7030 H07E02 Model the Strategy Pattern UML Class Diagram 5 954 15.0 6.3 75.0
7186 L09E02 Model an Activity Diagram UML Activity Diagram 4 932 13.3 13.9 84.8
7190 H09E02 Model a Food Delivery Process UML Activity Diagram 8 843 25.8 30.5 92.0
7220 H10E02 Continuous Deployment UML Class Diagram 10 639 23.7 8.5 58.9

The evaluation included all submissions without sampling or fil-
tering. The original human grader assessments in Artemis serve as
the baseline for comparison. In these four exercises, trained and ex-
perienced students who had previously completed the course served
as human graders and carried out the assessments. LLM-based feed-
back was generated in August 2025 using Athena configured with
GPT-4o, deployed via a private Azure OpenAI instance.

The system processed each submission, generated feedback, and
derived a score based on the instructor-defined grading instruc-
tions. To capture performance and operational metrics, all LLM
interactions were instrumented and traced using Langfuse11, which
recorded end-to-end latencies, token usage, and costs for every sub-
mission.

The evaluation is quantitative and measures the difference be-
tween LLM-generated scores and human-assigned scores. The anal-
ysis reports the error per submission (defined as LLM score –
Human score) and analyzes the distribution of errors using descrip-
tive statistics, including mean, median, and mean absolute error
(MAE).

In addition to the quantitative error analysis, we conducted a
qualitative inspection of the most contradicting submissions, de-
fined as those with an absolute score deviation of at least 70 per-
centage points (pp) between human grader and LLM assessment.
A total of 26 out of the 3,368 submissions fell into this category.
To better understand the underlying causes, each case was cate-
gorized into one of three error categories: LLM Overgrading, LLM
Undergrading, or Mutual Misgrading. LLM Overgrading refers to
cases where the LLM assigned substantially higher scores than war-
ranted, while LLM Undergrading captures cases where otherwise
valid work was evaluated too harshly. Mutual Misgrading denotes
situations in which both human grader and LLM scores deviated
noticeably from the desired grading quality of the submission.

4.2 Results
Across all 3,368 submissions, the mean score assigned by human
graders was 78.90%, while the LLM-generated scores averaged
64.68%. The overall mean absolute error (MAE) between human
and LLM scores was 20.21 percentage points (pp), with a 95% boot-
strap confidence interval of [19.67, 20.76], and the median absolute
error was 18.75 pp (95% bootstrap CI [15.00, 18.75]). On average, the
LLM assigned lower scores than human graders, as indicated by a
mean error of -14.22 pp (95% CI [-14.95, -13.48]) and a median error
of -12.50 pp. A paired t-test confirmed a systematic undergrading
tendency of the LLM (𝑡 (3367) = −37.91, 𝑝 < .001), with a moderate
standardized effect size (𝑑𝑧 = −0.65, 95% bootstrap CI [-0.69, -0.61]);
this result was robust under a Wilcoxon signed-rank test (𝑝 < .001).

11https://langfuse.com

Figure 6a provides a histogram of the overall errors (LLM – Hu-
man) across all four exercises. The distribution shows a skew toward
negative values, indicating that the LLMmore often underestimates
scores compared to human grading. Figure 6b shows a box plot of
errors (LLM – Human) per exercise.

(a) Distribution of errors (LLM–Human) across all 3,368 submissions.
The vertical dashed line marks the mean error.

(b) Box plots of errors (LLM – Human) per exercise. The dashed line
at 0 represents perfect agreement.

Figure 6: Error analysis of LLM-generated scores compared
to human grading. (a) shows the overall distribution across
all submissions, while (b) highlights variation between exer-
cises.

https://langfuse.com
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The per-exercise error metrics show notable variation: For Ex-
ercise 7030, the mean absolute error was 21.34 pp, with a median
absolute error of 20.0 pp. The mean error was -13.86 pp, and the
median error -15.0 pp. For Exercise 7186, the MAE was 12.59 pp,
with a median absolute error of 12.5 pp. The mean error was smaller
at -3.0 pp, and the median error was 0.0 pp, indicating a close align-
ment. Exercise 7190 had the highest observed deviation, with an
MAE of 25.35 pp, a median absolute error of 25.0 pp, a mean error
of -24.47 pp, and a median error of -25.0 pp. Finally, Exercise 7220
resulted in an MAE of 22.87 pp, a median absolute error of 20.0 pp,
a mean error of -17.58 pp, and a median error of -20.0 pp.

Beyond grading accuracy, we also examined the efficiency and
cost of generating feedback. Table 2 reports the end-to-end latency
distribution and model usage costs per exercise. Median generation
times ranged from 3.7 to 6.7 seconds per submission, with p95
latencies between 5.2 and 11.8 seconds. Overall costs were modest:
the average expense per submission remained below two cents,
with token consumption between 3,300 and 4,800 tokens on average.
These results indicate that automated feedback generation is both
time efficient and economically feasible at scale.

Table 2: Cost and end-to-end (trace) latency per exercise. La-
tencies in seconds.

Exercise p50 p90 p95 p99 Total $ $/Subm. Tok/Subm.
7030 5.060 7.399 8.234 10.049 13.95 0.01462 4073
7186 3.682 4.777 5.409 8.088 10.81 0.01160 3341
7190 3.842 4.801 5.217 6.407 13.53 0.01605 4872
7220 6.704 10.306 11.772 14.928 11.09 0.01736 4628

Figure 7 plots the grading error (defined as LLM score minus
human score) against the human-assigned score, with binned mean
residuals shown in red. Each point represents a single submis-
sion, while the red curve illustrates the average error within 10-
percentage-point bins of human scores. For the first five bins (0-
50%), the LLM tends to assign higher scores, while for higher human
scores (above 50%), the LLM consistently assigns lower scores com-
pared to human graders.

Figure 7: Residuals of LLM-generated scores compared to
human scores across all exercises.

To better understand extreme deviations, we qualitatively ana-
lyzed the 26 submissions with an absolute score difference of at least
70 percentage points. Each case was reviewed from an instructor
perspective by comparing the feedback provided by human graders
and the LLM, and then categorized into one of three error types:
LLM Overgrading, LLM Undergrading, or Mutual Misgrading.

The distribution in Table 3 shows that the most frequent fail-
ure case was LLM Undergrading, where valid submissions received
scores that were substantially underestimated. Typical cases in-
cluded otherwise correct models with only minor omissions (e.g., a
missing method or a small syntax error) that the LLM penalized dis-
proportionately. Another common pattern was Mutual Misgrading,
in which both human and LLM scores deviated substantially from
the desired grading quality. For instance, some diagrams received
full credit from human graders despite evident flaws, while the
LLM simultaneously graded them overly harshly. In several cases
of LLM Overgrading, the LLM assigned high or even full scores to
empty submissions by mistakenly referencing elements from the
example solution provided in the prompt; only in one out of six
such cases did the LLM correctly assign zero points.

The breakdown by exercise further illustrates variation in fail-
ure cases. Exercise 7190 showed only undergrading cases, often
involving complex activity diagrams where the LLM penalized over-
lapping or unused elements too severely, despite the submissions
being of high overall quality. By contrast, Exercises 7030 and 7186
displayed a more mixed distribution across all three categories:
in 7030, human graders sometimes awarded excessive points for
incomplete class diagrams while the LLM responded with very
low scores, whereas in 7186, the LLM overgraded empty or flawed
activity diagrams and undergraded others with only minor issues.
Overgrading was particularly pronounced in Exercise 7220 due
to multiple empty object diagrams being credited with substan-
tial scores, while more complete submissions with small structural
mistakes were often scored far too low.

Table 3: Categorization of the 26 submissions with ≥70 pp
score deviation, showing variation across exercises.

Exercise LLM Overgrading LLM Undergrading Mutual Misgrading
7030 2 2 3
7186 3 4 3
7190 0 4 0
7220 2 1 2
Total 7 11 8

4.3 Findings
The results of the quantitative evaluation show that LLM-generated
scores exhibit moderate alignment with human grading across the
four modeling exercises. The overall mean absolute error (MAE)
was 20.21 percentage points (pp), with a median absolute error
(MdAE) of 18.75 pp. The LLM consistently assigned lower scores
than human graders on average, as reflected in a negative mean
error of -14.22 pp.

Exercise 7186 showed the closest alignment with human scores
(MAE = 12.59 pp), while Exercise 7190 had the largest discrepancies
(MAE = 25.35 pp). Interestingly, these two exercises also differ in
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structural complexity. Exercise 7186 had relatively low complexity,
with an average of 13.3 elements and 13.9 relationships per submis-
sion. In contrast, Exercise 7190 was the most complex, averaging
25.8 elements and 30.5 relationships. This observation suggests that
structural complexity may negatively impact the LLM’s ability to
generate accurate scoring.

A residual analysis revealed that the LLM tends to overestimate
scores for low-performing submissions and underestimate them
for higher-performing ones. While this underlines limitations in
replicating exact human grader scores, the observed alignment is
sufficient to consider LLM-generated assessments as useful drafts
for human review.

Main Finding for RQ1 (Score Alignment): LLM-
generated scores moderately align with human grading
(MAE = 20.21 pp), supporting their use as draft assessments
to accelerate human grader workflows.

Beyond this general alignment, the analysis also uncovered a
systematic factor influencing LLM performance: the structural com-
plexity of the diagrams. More complex submissions tended to yield
larger deviations, suggesting that model size and intricacy can
challenge the LLM’s reasoning capacity.

Additional Finding for RQ1 (Score Alignment): Struc-
tural complexity correlates with LLM performance: more
complex diagrams with many elements and relationships
tend to produce larger score deviations.

Beyond numeric score differences, we inspected cases with ex-
treme deviations to better understand potential failure cases. Specif-
ically, we analyzed the 26 submissions with an absolute score devia-
tion of at least 70 percentage points and categorized them into three
recurring error types: LLM Overgrading, LLM Undergrading, and
Mutual Misgrading. The most critical failure case was the misclas-
sification of empty submissions, where the LLM often attributed
example solution content (included in the prompt) to students’
work. Only in one out of six empty-submission cases did the LLM
correctly assign zero points. Other discrepancies were caused by
overly harsh LLM grading of otherwise valid submissions, as well
as situations where both human grader and LLM deviated from
plausible scores. In contrast, some smaller deviations arose from
overly generous or inconsistent human grading — for example,
submissions with evident structural issues that still received full
credit. These observations suggest that structural complexity in-
teracts with failure cases: more complex exercises such as 7190
were especially prone to undergrading, whereas simpler ones still
showed risks of overgrading when empty submissions occurred.

Main Finding for RQ2 (Failure Cases):Major score devi-
ations were caused by prompt limitations (e.g., misgrading
empty submissions) and systematic LLM misgrading, with
additional inconsistencies in human grading.

4.4 Discussion
The evaluation demonstrates that LLM-generated feedback can
serve as a valuable support mechanism in the assessment of UML
modeling exercises. While the observed alignment between LLM
and human scores is not sufficient for fully automated grading in
high-stakes scenarios, it is strong enough to meaningfully reduce
human grader workload. In practice, the system allows human
graders to focus their attention on refining and validating feedback
rather than producing it from scratch. This shift in responsibility
may foster deeper instructor-student interactions and more consis-
tent assessment practices.

At the same time, the evaluation highlights clear limitations in
fully relying on LLMs for assessment. Certain failure cases, such
as scoring empty submissions, reveal that the current prompt de-
sign does not sufficiently constrain the model’s behavior in this
case. These limitations stress the importance of maintaining human
oversight, particularly in edge cases, and suggest the need for more
robust prompt engineering and input validation mechanisms.

Another issue arises from the impact of structural complexity
on LLM performance. More complex models with many elements
and relationships tended to produce larger score deviations, indi-
cating that the current configuration struggles with reasoning over
intricate structures. This issue may be mitigated by improving how
context is presented to the model, for example through more com-
pact prompt representations, selective inclusion of salient elements,
or enhanced framing strategies that help the LLM focus on the most
relevant aspects of the diagram.

Interestingly, some of the largest score deviations were not due to
LLM faults but rather inconsistencies in human grading. In several
cases, human graders awarded full credit to submissions with visible
modeling flaws, whereas the LLM appropriately deducted points.
This observation raises the possibility of using LLM-generated
feedback to support human grader calibration or identify outliers
in grading behavior.

The design of the prompt and the way context is framed within
it play a critical role in ensuring useful output. Including both the
problem statement and the example solution provides the model
with rich context, but also introduces risks—most notably the LLM
conflating example content with student work. This issue was par-
ticularly evident in the contradicting cases, where several empty
submissions received high scores because the model mistakenly as-
sessed the example solution instead. Future versions of the prompt
should therefore more clearly delineate submission content from
example material to avoid such confusion. In addition, empty sub-
missions could be detected prior to invoking the LLM, preventing
this systematic error altogether while simultaneously reducing
unnecessary computation costs.

Beyond accuracy, interpretability and trustworthiness of feed-
back are crucial for practical adoption. The integrationwith Artemis
ensures that referenced feedback is presented inline within the
student’s model, allowing human graders to quickly verify its rele-
vance and correctness. This visual anchoring of feedback supports
efficient review and correction, potentially increasing the trust of
human graders and reducing cognitive load.
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Finally, Athena’s open-source foundation enables seamless in-
tegration with existing educational platforms while allowing in-
stitutions to adapt the system to their specific needs. Its modular
design supports experimentation with different LLMs or feedback
strategies without major implementation overhead, ensuring that
the approach can evolve alongside new pedagogical requirements
and technological advancements.

Overall, while limitations remain, the proposed system demon-
strates strong potential for enhancing feedback workflows in mod-
eling education. With further refinement, the accuracy of LLM-
generated feedback can be improved, reducing error rates and en-
abling more reliable support for both summative and formative
assessment across diverse modeling scenarios.

4.5 Limitations
To outline the limitations of the conducted evaluation, we adopt
the categorization framework proposed by Runeson and Höst [23],
addressing potential threats to internal, external, and construct
validity as well as reliability:

Internal Validity: The reference scores used in the evaluation
were provided by individual human graders without peer review
or double marking. This introduces the risk of subjective bias or in-
consistency, potentially affecting the reliability of the ground truth
against which the LLM was compared. Additionally, the evaluation
used the default temperature and sampling parameters of GPT-4o,
without controlling for stochastic variability in the model’s output.
This may limit the reproducibility of specific results.

External Validity: The evaluation was conducted on data from a
single course at one university, which may limit the generalizabil-
ity of the results to other contexts, such as different institutions,
education levels, or domains. While Athena supports a variety of
UML diagram types, the evaluation was limited to class and activity
diagrams. It remains unclear how the system performs on other
diagram types, such as sequence or component diagrams. Further-
more, only GPT-4o was used as the backend model. The general-
izability of the results to other LLMs—such as Claude, LLaMA, or
DeepSeek—was not assessed. Finally, human graders did not inter-
act with the LLM-generated feedback during actual grading. Thus,
the real-world impact of the system on human grader workflows
or student learning outcomes was not part of this evaluation.

Construct Validity: The evaluation focused exclusively on the
alignment of overall scores between LLM and human grading. How-
ever, score similarity does not necessarily reflect the pedagogical
value, specificity, or usefulness of the generated feedback. No quali-
tative analyses or user studies with human graders or students were
conducted to assess these aspects. Similarly, the extent to which
the feedback aligns with intended learning outcomes remains un-
explored.

Reliability: The evaluation pipeline, including data loading, met-
ric computation, and figure generation, is fully scripted in auto-
mated evaluation scripts and included in the replication package, to-
gether with all relevant input data (student submissions, tutor feed-
back, and LLM-generated feedback), enabling exact re-execution.
However, LLM outputs are inherently non-deterministic, so re-
generating feedback may yield slightly different results unless the
original outputs are reused. Only the categorization of failure cases

relied on manual annotation and may therefore introduce minor
subjectivity.

5 Conclusion
This paper presented a production-ready, human-in-the-loop sys-
tem for automated feedback on UML modeling tasks that inte-
grates tightly with Artemis via Athena. A central contribution is
the domain-specific textual representation ApollonUML, which im-
proves LLM interpretability, enables precise anchoring of feedback
to diagram elements, and applies uniformly across all supported
modeling types rather than being tied to a single notation. In a
retrospective study on 3,368 authentic submissions across four ex-
ercises, LLM-generated scores showed moderate alignment with
human grading (MAE = 20.21 pp; MdAE = 18.75 pp). The evaluation
revealed systematic deviations—LLMs often graded weaker submis-
sions too generously and stronger submissions too harshly—which
were closely linked to failure cases such as empty or structurally
complex models. Notably, some inconsistencies also stemmed from
human grading, underlining the value of LLMs not only as an au-
tomation aid but also as a potential calibration tool for human
graders. The system further proved efficient and economical (me-
dian latency 3.7-6.7s; average cost under $0.02 per submission),
supporting its use at course scale.

These results indicate that LLM-based assessment is ready to
accelerate human grader workflows at scale, provided human over-
sight remains in place. The most pressing improvements are minor
prompt and input adjustments to prevent critical errors, for exam-
ple by better separating example material from student content and
detecting empty submissions before invoking the model. Building
on these refinements, we plan to evaluate human grader acceptance
in a field study, examining how often feedback suggestions are
adopted, adapted, or rejected. Possible directions for further work
include testing robustness on high-complexity diagrams, conduct-
ing evaluations with LLMs beyond GPT-4o, investigating the quality
of automatically generated rubrics, and studying the longer-term
impact on student learning and feedback literacy. Overall, this work
provides a concrete step toward reliable and scalable feedback in
modeling education, bridging the gap between research prototypes
and practical deployment in large courses.
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