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Abstract
Image descriptions are a fundamental aspect of web accessibility,
allowing blind and low-vision users to access visual information
through assistive technologies such as screen readers. Despite their
importance, high-quality alternative text is often missing or inad-
equate, especially for complex images like diagrams, graphs, and
other STEM-related content. Recent advances in generative artifi-
cial intelligence and large language models (LLMs) have renewed
interest in automatically generating image descriptions, raising the
question of whether these systems can reliably support accessibility
at scale.

In this paper, we present a comparative study of human-written
and LLM-generated alternative text for STEM images, focusing
on accessibility-critical aspects rather than surface-level textual
similarity. Using a curated dataset of images with expert-authored
reference descriptions, we evaluate the outputs of state-of-the-art
multimodal LLMs through a mixed-methods approach. Our evalu-
ation combines traditional automated metrics, such as BLEU and
METEOR, with a human-centered analysis targeting accuracy, in-
formational completeness, and the presence of hallucinations.

The results show that while LLMs often produce fluent and seem-
ingly informative descriptions, substantial gaps remain compared
to human-written alt text, particularly in conveying formal seman-
tics and essential structural details required for accessibility. We
further observe that commonly used automated metrics only par-
tially capture accessibility-relevant errors, underscoring the need
for evaluation methodologies based on the needs of screen reader
users. We discuss the implications of these findings for the design,
evaluation, and deployment of generative AI systems in accessible
web and educational contexts.
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1 Introduction
In recent years, the automatic generation of alternative descriptions
(alt text) for images has become a central focus in digital accessi-
bility research, particularly for supporting access to visual content
through screen readers [23]. In this paper, we use “alternative text”
to refer to a textual description associated with a non-textual ele-
ment (such as an image, diagram, or chart) that conveys its content
and function to users who cannot perceive it visually. Traditionally,
authors or accessibility specialists with domain knowledge have
manually created alt text; however, this process is time-consuming,
labor-intensive, and often omitted or minimized in practice, result-
ing in the exclusion of screen reader users from important infor-
mation conveyed by visual representations [7]. This exclusion is
especially problematic in educational and scientific contexts, where
figures and diagrams are essential for communicating complex
concepts and supporting learning.

The advent of large language models (LLMs) and recent multi-
modal AI systems has created new opportunities for automatically
generating richer, more context-aware image descriptions. These
models can interpret visual content and produce textual outputs
with increasing fluency and semantic detail, inspiring a growing
body of research on generative AI for accessibility. Studies have
examined the use of LLMs for captioning and visual understanding
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tasks, yet persistent challenges remain, especially for images with
formal notations, structured layouts, and domain-specific semantics
typical of STEM content [15]. While early work on vision–language
models has shown promising results on everyday images, these
approaches often fall short when generating reliable alt text for
technical figures, where precision, clarity, and conceptual correct-
ness are essential [1].

In web accessibility research and practice, missing or inade-
quate alt text remains one of the most frequently reported barriers
for users with visual impairments, significantly affecting usability
across devices and platforms [7]. Recent studies emphasize that the
lack of meaningful image descriptions impedes access not only to
general web visuals but also to scholarly and educational materi-
als, which increasingly rely on diagrams, graphs, and other STEM
images [14]. Motivated by the need for empirical evaluations of
LLM-based systems in accessibility contexts, we examine the cur-
rent capabilities and limitations of generative models in producing
alt text for STEM images.

Building on this background, recent exploratory work [5] has
begun to investigate the maturity of AI- and LLM-based tools for
generating alternative descriptions of images with STEM content.
These early analyses reveal a mixed picture: while generative sys-
tems show promising capabilities in producing fluent and seemingly
informative descriptions, they also exhibit substantial limitations
in conceptual accuracy, informational completeness, and alignment
with the actual needs of screen reader users. In particular, errors,
omissions, and hallucinated elements remain frequent when models
are asked to describe scientific images that rely on formal semantics,
symbolic conventions, and precise structural relationships.

Given the rapid evolution of multimodal LLMs, it is necessary
to update and extend these findings through systematic and re-
producible evaluations. This work addresses this need by examin-
ing the current capabilities of state-of-the-art LLMs in generating
alternative descriptions for STEM images when guided by struc-
tured, explicit, and accessibility-oriented prompts. The study is
conducted within the framework of the STEMMA project, which
aims to explore methods and tools for reducing digital barriers to
STEM content and supporting inclusive educational practices.

We present a comparative evaluation of automatically gener-
ated alternative descriptions for a set of STEM images from the
field of computer science, assessing the alignment between model-
generated descriptions and expert-defined reference descriptions.
To capture different interaction paradigms commonly used by users
and developers, we evaluate three multimodal LLMs under two
experimental conditions. In a batch setting, each model receives a
collection of images in a single input, reflecting scenarios where
content creators or systems process multiple figures at once. In a
complementary sequential setting, images are submitted individ-
ually, mirroring more interactive and incremental usage patterns.
In both conditions, models are prompted with the same structured
instructions, designed to emphasize accessibility requirements and
the inclusion of essential semantic information.

For each generated alternative description, we assess descrip-
tive accuracy and identify any hallucinations by comparing the
output to a reference description that captures the essential in-
formational content needed for accessibility. By analyzing model
behavior across various input modalities and testing conditions,

this work aims to clarify the reliability and limitations of current
LLM-based approaches to scientific alt text generation.

The contributions of this paper are as follows. First, we introduce
a procedure for evaluating alternative descriptions of STEM figures
through systematic comparison with expert reference descriptions,
focusing on accuracy and informational completeness in domains
with formal semantics. Second, we define and apply a structured,
reproducible prompt explicitly designed to guide LLMs toward
accessibility-oriented descriptions. Third, we present a compara-
tive analysis of multiple multimodal LLMs under different testing
conditions, highlighting strengths, recurring errors, and implica-
tions for the practical use of generative AI in producing accessible
scientific content.

The remainder of the paper is organized as follows. Section 2 dis-
cusses the accessibility challenges of scientific figures and reviews
existing approaches to alt text generation in the STEM domain.
Section 3 describes the image set, the construction of the reference
descriptions, and the structured prompting strategy. Section 4 de-
tails the experimental protocol, evaluation metrics, and comparison
methodology. Section 4 presents and discusses the results, with
particular attention to common error patterns and hallucinations.
Finally, Section 6 concludes the paper and outlines directions for
future work.

2 Related Work
Automatic image description has traditionally relied on large col-
lections of web images. Over the past decade, progress in image
captioning has been driven by the availability of large-scale datasets
such as Flickr8k/30k [11], MS COCO [17], and VizWiz [9]. These
datasets have enabled the training of models that generate descrip-
tions for natural scenes and everyday objects, resulting in substan-
tial improvements in performance and fluency. However, when
applied to the STEM domain — characterized by diagrams, math-
ematical expressions, symbolic notations, and structured layouts
— such models show significant limitations. The main issue is the
lack of training data that captures symbols, formal relationships,
and domain-specific visual conventions, which are central to STEM
imagery.

To address this gap, researchers have introduced datasets specif-
ically designed for diagrammatic and technical content. RL-CSDia
[20], for example, provides thousands of computer science dia-
grams, including trees, graphs, and flowcharts, annotated to support
the learning of abstract and relational representations. Similarly,
Agrawal et al. [2] introduced a dataset of hand-drawn diagrams
that better reflect the variability, noise, and imprecision typical of
real educational settings. Together, these datasets highlight the im-
portance of evaluating models on both clean, computer-generated
diagrams and informal, student-produced representations, as both
frequently appear in instructional materials.

Research on diagram understanding shows that effective inter-
pretation goes beyond detecting individual visual elements. Com-
prehension requires identifying and reasoning about the relation-
ships that connect symbols, shapes, and spatial groupings. Kemb-
havi et al. formalized this concept through Diagram Parse Graphs
(DPGs) [12], proposing a framework that integrates visual recog-
nition with structural parsing and symbolic reasoning. A similar
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perspective appears in studies on mathematical notation, such as
those by Zanibbi and Blostein [24], which highlight how spatial
organization — relative positioning, alignment, and grouping —
directly contributes to semantic meaning. These findings indicate
that accurate diagram descriptions must encode both visual features
and underlying logical structures.

The emergence of LLMs has created new opportunities for gen-
erating richer, more context-aware image descriptions. Recent re-
search shows that LLM-based methods can produce explanations
that are more detailed, coherent, and linguistically flexible than
those from earlier vision–language models [19]. However, LLMs
still struggle with STEM diagrams, especially when descriptions re-
quire explicit reasoning about hierarchical structures, causal flows,
or formal dependencies among elements. This limitation raises con-
cerns about the reliability of automatically generated alt text for
technical images. Recent empirical evaluations reinforce these con-
cerns in accessibility-oriented educational contexts. Buzzi et al. [5]
examined the maturity of generative AI for alternative descriptions
of STEM images by evaluating several AI-powered digital assis-
tants and accessibility-focused mobile applications on a diverse
set of STEM figures, including mathematical expressions, scientific
diagrams, and computational models. Their findings indicate that
conversational AI systems often provide richer and more context-
aware descriptions than traditional mobile applications; however,
they also reveal frequent inaccuracies, omissions, and inconsisten-
cies, particularly when diagrams require explicit reasoning about
structure, relationships, or domain-specific semantics. The study
also highlights the critical role of prompt formulation: progressively
specifying the user’s visual impairment and explicitly requesting a
graphic or educational description significantly alters the level of de-
tail and relevance of the output, yet does not guarantee correctness
or pedagogical adequacy.

Research on accessibility in STEM education underscores the crit-
ical role of high-quality descriptions in ensuring equitable access to
learning materials. Universal design principles and studies on inclu-
sive educational practices [4] consistently show that students with
disabilities face substantial barriers when diagrams and symbolic
content lack adequate textual representations or clear organization.
This research highlights that accessibility is not merely a technical
challenge but also a pedagogical one, requiring descriptions that are
accurate, informative, and aligned with learners’ needs. Prior work
on datasets, modeling approaches, and accessibility frameworks
converges toward a shared objective: developing systems capable
of generating meaningful and truly accessible descriptions of STEM
images.

A further challenge in this area is the lack of standardized bench-
marks and evaluation datasets explicitly designed for accessibility-
oriented descriptions of STEM images. As noted by [6], most exist-
ing evaluations rely on datasets and metrics originally developed
for generic image captioning or diagram understanding, which
do not capture whether a description provides meaningful and
trustworthy access for blind and low-vision users. This absence of
dedicated benchmarks limits comparability across approaches and
obscures accessibility-critical failure modes such as hallucination,
over-abstraction, and omission of structurally relevant information.
Consequently, progress in generative approaches for accessible

STEM image description is constrained not only by model capa-
bilities but also by the lack of evaluation resources aligned with
accessibility and educational requirements.

3 Methodology
In this paper, we evaluate the generation of alternative descriptions
for automata diagrams under two distinct usage scenarios: single-
image interactive description and fully automated batch description.
The adoption of both setups allows us to understand the quality of
model-generated description when focusing on a single image with
a single task, and the impact of providing multiple images with a
single task. Across all experiments we compare model-generated
descriptions with human-written references and evaluate them
using a combination of automated metrics and human-centered
qualitative assessment. The inclusion of qualitative assessment
allows us to investigate whether standard automated metrics are
sufficiently sensitive to the specific types of errors found in complex
scientific imagery.

3.1 Dataset
The dataset consists of 73 images representing automata diagrams
commonly used in introductory computer science and formal lan-
guage theory. The images include deterministic and non-deterministic
finite automata with varying structures, number of states, transition
labels, loops, and accepting states. Many images are intentionally
similar in visual appearance while representing distinct automata,
making them particularly sensitive to descriptive errors. The im-
ages were extracted from undergraduate computer science lecture
slides, representing the visual complexity that students encounter
in a standard curriculum. We selected 73 images as these represent
the full set of automata included in the source lecture slides.

Each image is associated with a human-written alternative de-
scription produced following accessibility-oriented principles, in
particular the W3C and the Diagram Center guidelines [8, 21] which
are in compliance with the Web Content Accessibility Guidelines
(WCAG) 2.2 Level AA [22]. The alternative descriptions used as
a baseline were written by the four authors, all of whom have ex-
pertise in accessibility or computer vision. Importantly, one of the
author is also an end user who regularly relies on screen readers.
The human annotations are constructed following a domain-level in-
terpretation, describing the functional and semantic interpretation
(e.g. State Q1 transits to state Q2 on input ’a’) of the images, rather
than a geometric level description (e.g. A circle with an arrow).
Consequently, these descriptions are intended for readers familiar
with automata theory. These descriptions serve as reference ma-
terial for evaluation, but are not assumed to be a single canonical
ground truth; rather, they represent accessibility-informed human
judgments. The dataset is used exclusively for evaluation purposes
and is not employed for training or fine-tuning any of the models.

3.2 Models and Generative Setup
We evaluate multiple multimodal large language models with vision-
language capabilities, capable of generating textual descriptions
from image inputs. Different models are used depending on the
experimental setup.
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For the single-image interactive setup, we evaluate the following
models:

• ChatGPT 5.2
• Gemini 3 Pro
• Claude Sonnet 4.5

These models are queried individually for each image, with a new
context for every request.

For the batch processing setup, we evaluate a subset of multi-
modal models capable of processing multiple images within a single
execution context. Specifically, we consider:

• Gemini 3 Pro
• Claude 3.5 Sonnet
• GPT-OSS 120b

The models are required to analyze the entire dataset of images
and generate alternative descriptions for all images in one struc-
tured output. All models are evaluated under identical experimental
conditions to ensure comparability.

3.2.1 Single Image Generative Setup. In the single image setup,
wach image is processed independently. For every image, a new
request is issued to the model, and no contextual information from
previous images is retained. This configuration is designed to repli-
cate a real-time interaction scenario, such as on-demand image
description within the context of assistive technology. Each model
receives (i) a single image as input, (ii) a designed prompt specifying
the generation of an alternative description for accessibility, (iii) no
information about other images in the dataaset.

The prompt instructs the model to describe only what is visible
in the image, to avoid guessing missing or unreadable elements,
and to produce an accessibility-oriented description comparable
to human-written alternatives. Because each image is processed in
isolation, the model benefits from maximal perceptual grounding
and minimal contextual interference.

This setup aims to approximate best-case usage conditions for
multimodal language models in assistive technologies.

3.2.2 Batch Generative Setup. In the batch setup, models are re-
quired to generate alternative descriptions for all images in the
dataset within a single, non-interactive generation process. Rather
than issuing one request per image, a single instruction is used to
prompt the model to analyze a collection of images and return a
structured output containing one description per image. Each model
is provided with (i) A fixed system-level prompt, (ii) access to the
whole dataset composed of all the images, and (iii) requirement to
generate a single structured textual output in response.

Descriptions are generated without per-image resets, follow-up
questions, or corrective feedback. All images are processed within
the same execution context, requiring the model to maintain con-
sistency and grounding across multiple inputs.

The batch setup is designed to approximate large-scale accessi-
bility remediation scenarios, such as automatic generation of alter-
native text for image repositories, learning platforms, or archival
datasets. Unlike the single-image setup, this configuration intro-
duces greater information density and potential contextual inter-
ference, allowing us to study model robustness and failure modes
under realistic automation constraints.

All models are queried using exactly the same prompt, without
any model-specific adaptation. The prompt is designed to elicit
domain-level alternative descriptions suitable for users familiar
with the relevant STEM domain, while explicitly forbidding unsup-
ported inference or guessing.

The instructions explicitly require models to describe only what
can be inferred from each image, to avoid guessing missing or
unreadable information, and to mark unclear elements when nec-
essary. All models are required to process the entire dataset within
a single execution context, without resetting between images.

The full prompt used in all experiments is reported in Listing 1..

Listing 1: Full system prompt used in the batch description
experiments.
You are an expert in accessibility and mathematical logic,

specialized in converting STEM technical images (graphs
, trees, automata, set/venn diagrams, logic circuits,
plots, proofs/derivations, tables, geometry, etc.) into
rigorous alternative text.

GOAL
Provide full cognitive access to the visual information for

users who cannot see the image and need a precise,
domain-level interpretation. You must produce a correct
description for EACH specific image in the dataset

folder.

INPUT
The dataset folder containing multiple images.

OUTPUT (MANDATORY)
Produce a single CSV file as your final output (no extra

commentary).
The CSV must contain exactly one row per image.
Include a header row.
Use UTF-8.
Use commas as separators.
If any field contains commas or quotes, properly CSV-escape

it (wrap in double quotes, escape internal quotes by
doubling them).

CSV COLUMNS (MANDATORY)
image_filename
semantic_description

SEMANTIC DESCRIPTION REQUIREMENTS (MANDATORY)
Write a domain-level interpretation of what the image

represents, assuming the reader knows the relevant STEM
domain (e.g., for automata, you may say "states", "

transitions", "accepting state", "alphabet symbol", "
DFA/NFA" if supported by the image).

Describe only what can be inferred from the image itself.
Do NOT guess missing labels, unreadable text, or unstated

semantics.
If text/labels are too small or unclear, explicitly say "

unreadable" or "unclear" and continue with what is
visible.

Be specific: mention the actual labels, symbols, node names,
transition labels, axes labels, legends, numeric

values, set names, etc., when readable.
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If the diagram type is identifiable (e.g., DFA, NFA, rooted
tree, directed graph, bipartite graph, Venn diagram,
Karnaugh map, plot with axes, confusion matrix), state
it.

If the diagram includes multiple subfigures/panels, describe
each panel and how they relate.

PROCESS (MANDATORY)
For each image in the folder:
- Determine the diagram type (automaton/graph/tree/plot/etc

.).
- Extract all readable textual elements (node labels, edge

labels, axis titles, legends, set labels, formulae, etc
.).

- Write an image-specific semantic alternative description
that captures the mathematical/scientific meaning as
shown.

FINAL RESPONSE FORMAT (MANDATORY)
Return ONLY the CSV content (starting with the header row).

Do not include Markdown fences, explanations, or
anything outside the CSV.

This prompting and execution strategy was intentionally chosen
to evaluate the models under fully automated conditions, without
human intervention or corrective feedback. We remark that while
such a setup does not reflect best case interactive usage, it closely
approximates realistic deployment scenarios in which accessibility
descriptions are generated at scale through programmatic model
calls. As a consequence, the evaluation focuses on: robustness to
reduced perceptual grounding, adherence to explicit constraints
against guessing, consistency across multiple images, and suscepti-
bility to hallucination in accessibility-critical contexts.

We compute standard automated text-similarity metrics between
model-generated descriptions and human-written references. Specif-
ically, we report BLEU, ROUGE, and METEOR scores with a compar-
ison between the generated text with the human written description.
These metrics measure lexical overlap and paraphrasing similarity
but do not directly capture accessibility-relevant qualities such as
factual correctness, completeness, or the presence of hallucinated
content. In the context of automata diagrams, two descriptions may
differ substantially in wording while conveying equivalent infor-
mation, or conversely may score highly while sharing the same
incorrect inference. On the other hand, in the xontext of STEM
images and in the context of automata diagrams, these metrics
may be particularly misleading: a model can achieve a high score
by mimicking the expected technical style and structure, yet fail
on critical details such as transition labels or state names. Such
fine-grained errors are catastrophic for accessibility but often have
a marginal impact on n-gram-based scores.

To complement these reference-based metrics, we also incorpo-
rate CLIPScore as a reference-free evaluation measure. Unlike lexi-
cal metrics that are sensitive to exact wording, CLIPScore leverages
a shared multimodal embedding space to assess the semantic align-
ment between the generated description and the original image.
This allows us to capture the degree of visual grounding, providing
an evaluation that remains independent of the specific phrasing
used in human references

To assess the quality of the generated descriptions, we employed
the following metrics:

• BLEU-4: Measures n-gram precision overlap between the
generated text and the reference [18].

• METEOR: Accounts for synonymy and stemming, providing
better correlation with human judgment [3, 13].

• ROUGE-L: Measures the longest common subsequence, cap-
turing sentence-level structure [16].

• CLIPScore: Uses the CLIP model to measure the semantic
similarity and compatibility between the original image and
the generated text, without relying on the reference text
[10].

3.3 Human-Centered Evaluation
To address the limitations of the automated evaluation metrics and
to capture the actual utility of the descriptions, we complement the
automated analysis with human-centered qualitative assessment.
This manual review focuses on the semantic accuracy of the STEM
components that automated metrics may overlook. The descriptions
generated under both setups were independently evaluated by the
four authors of the paper. Any disagreements were discussed and
resolved through consensus.

To measure the functional correctness of the descriptions, we
defined the following metrics, where 𝑆 denotes the set of states and
𝑇 denotes the set of transitions.

• State Coverage (SC): The percentage of states correctly
identified and counted relative to the total number of states
in the ground truth.

𝑆𝐶 =
|𝑆correct |
|𝑆total |

× 100 (1)

• Transition Coverage (TC): The percentage of transitions
correctly identified.

𝑇𝐶 =
|𝑇correct |
|𝑇total |

× 100 (2)

• Initial State Identification (ISI): Binary metric indicating
if the start state is correctly identified (1) or not (0).

• Accepting State Identification (ASI): The count of correct
accepting (final) states identified.

𝐴𝑆𝐼 = |𝑆𝑓 𝑖𝑛𝑎𝑙 ∩ 𝑆𝑖𝑑𝑒𝑛𝑡𝑖 𝑓 𝑖𝑒𝑑_𝑓 𝑖𝑛𝑎𝑙 | (3)

• Hallucination Count (HC): The number of non-existent
elements (states or transitions) invented by the model.

• Hallucination Count Normalized (HCN): The number
of hallucinations normalized by the total complexity of the
automaton.

𝐻𝐶𝑁 =
𝐻𝐶

|𝑆𝑡𝑜𝑡𝑎𝑙 | + |𝑇𝑡𝑜𝑡𝑎𝑙 |
(4)

This evaluation is particularly important for identifying accessibility-
relevant failures that are not captured by automated metrics, espe-
cially in cases where hallucinated information could mislead blind
users.
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Table 1: Results for Batch Image Description. Where SC=State Coverage; TC=Transition Coverage; ISI=Initial State Identification;
ASI=Accepting State Identification; HC=Hallucination Count; HCN=Hallucination Count Normalized. HC is reported as total
sum.

Model SC (%) TC (%) ISI (%) ASI HC HCN

Gemini1 98.8 ± 6.9 92.2 ± 8.2 100.0 ± 0.0 0.95 ± 0.16 13 0.08 ± 0.02
GPT OSS 100.0 ± 0.0 97.6 ± 6.6 100.0 ± 0.0 0.99 ± 0.05 20 0.06 ± 0.02
Claude 96.8 ± 15.1 68.7 ± 30.8 96.6 ± 15.8 0.87 ± 0.53 104 0.21 ± 0.14

Table 2: Results for Single Image Interactive Description. Where: SC=State Coverage; TC=Transition Coverage; ISI=Initial State
Identification; ASI=Accepting State Identification; HC=Hallucination Count; HCN=Hallucination Count Normalized. HC is
reported as total sum.

Model SC (%) TC (%) ISI (%) ASI HC HCN

Gemini 100.0 ± 0.0 99.2 ± 4.4 100.0 ± 0.0 1.00 ± 0.00 10 0.005 ± 0.003
GPT-5.2 100.0 ± 0.0 98.6 ± 4.3 90.4 ± 9.4 1.00 ± 0.00 18 0.008 ± 0.003
Claude 99.6 ± 0.2 88.2 ± 15.9 100.0 ± 0.0 0.86 ± 0.30 204 0.11 ± 0.011

3.4 Annotation Protocol and Reliability
Because our reference descriptions are intentionally domain-level
and reflect accessibility-informed human judgments rather than a
single canonical ground truth, it is important to specify how we
define correctness when computing the structural measures intro-
duced in Section 3.3. Our objective is to assess whether a generated
description provides reliable cognitive access to the automaton’s
semantics (states, initial and accepting markers, and labeled transi-
tions) rather than rewarding textual style or surface similarity. First,
for each image, we score outputs at the level of formal elements:
states (S) and transitions (T). A state or transition is counted as
correct only if it is supported by the diagram and expressed with suf-
ficient specificity to reconstruct the automaton. This element-based
approach reflects the core risk highlighted in this paper: fluent text
can still be structurally wrong in ways that are critical for accessi-
bility. A predicted state contributes to 𝑆𝑐𝑜𝑟𝑟𝑒𝑐𝑡 if it unambiguously
refers to a state label present in the diagram; generic placeholders
(’a state’, ’another node’) are not counted as correct. 𝐼𝑆𝐼 is correct
only if the output explicitly identifies the start state indicated by
the incoming start arrow.𝐴𝑆𝐼 is correct only if the output identifies
the accepting or final state(s) and their role (e.g., by naming them as
final or accepting, or by clearly referring to the diagram’s accepting
marker). Instead, a predicted transition contributes to 𝑇𝑐𝑜𝑟𝑟𝑒𝑐𝑡 only
if it matches (i) the source, (ii) the target, and (iii) the label when
present. For unlabeled edges, correctness requires not inventing
a label; for self-loops, the loop must be attributed to the correct
state. When a label contains multiple symbols (e.g., ’a,b’), we treat
it as a single labeled transition unless the description explicitly
decomposes it into an equivalent representation without altering
semantics; incorrect splitting or merging is treated as label corrup-
tion. 𝐻𝐶 increments when the output introduces states, transitions,
or labels not present in the diagram, including incorrect source
or target pairs asserted as existing edges. We count hallucinations

only when they alter the automaton’s formal structure available to
a screen reader user.

4 Results
In this paper we compare model behavior across two complemen-
tary scenarios:

• Batch, fully automated description, representing large-scale
accessibility remediation.

• Single-image, interactive description, representing best-case
assistive use.

By evaluating both setups, we are able to distinguish between
model capabilities under optimal grounding conditions and their
robustness when deployed in realistic automated pipelines.

4.1 Batch Results
Table 1 reports the performance metrics for the batch API pro-
cessing task. In this setting, models were tasked with generating
descriptions for the entire dataset in a single batch process. Values
are reported as Mean ± Standard Deviation.

As shown in Table 1, GPT demonstrated superior performance
in the batch setting, achieving perfect State Coverage. It correctly
identified every state and label in the dataset, with a Transition
Coverage of 97.6% (± 6.6). Gemini followed closely, with a high
State Coverage of 98.8%, though slightly lower Transition Coverage
(92.2% ± 18.2). Notably, Gemini produced the fewest total halluci-
nations (13), compared to 20 for GPT. However, its reliability was
hampered by a significant refusal rate; the model failed to provide
an alternative description for 38 images in the dataset, providing
a description that cannot be considered alternative description.
Claude exhibited significant difficulties in this mode, with a much
lower Transition Coverage (68.7% ± 30.8), and a drastically higher
total Hallucination Count (104). Beyond these metrics, Claude ex-
perienced 16 cases of catastrophic failure, where the output was
entirely unrelated to the source diagram. These results indicate a
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tendency to fabricate non-existent graph elements and a lack of
robustness under realistic automation constraints.
4.1.1 Single Image Results. Table 2 presents the results for the
interactive, single-image description task. This setting reflects a
typical user workflow of uploading an image to a chat interface.

In the single-image interactive setting, the performance land-
scape shifts dramatically. Gemini achieves perfect scores in State
Coverage (100%), and a near-perfect Transition Coverage of 99.2% (±
4.4). It also maintained the lowest Hallucination Count (10). GPT5.2
showed poorer performance with TC of 98.6% (± 4.3). Claude’s
performance drops with extremely high Hallucination Count of 204
and a Transition Coverage of 88.2%. This represents a systematic
failure to accurately perceive or describe the automata structure in
this interactive mode.

4.2 Automated Metrics Analysis
Table 3 and Figure 1 report the results of the automated evaluation
metrics for the single-image interactive setup, including BLEU-4,
METEOR, ROUGE-L, and CLIPScore. These metrics quantify dif-
ferent aspects of similarity between model-generated descriptions
and the corresponding human-written references, or between text
and image content.

Overall, absolute scores for n-gram–based metrics (BLEU-4 and
ROUGE-L) remain low across all models. This result is expected
given the nature of the task: alternative descriptions for complex
STEM diagrams allow for substantial lexical and syntactic variation
while still being correct and accessible. Consequently, low lexical
overlap does not necessarily imply poor descriptive quality, nor
does higher overlap guarantee accessibility correctness.

Table 3: Automated evaluation metrics for single image de-
scriptions. Gemini achieved the highest lexical scores (BLEU-
4, METEOR, ROUGE-L), while Claude achieved the highest
CLIPScore. Best scores are bolded.

Model BLEU-4 METEOR ROUGE-L CLIPScore

Gemini 0.051 0.257 0.369 20.07
GPT5.2 0.025 0.217 0.307 20.29
Claude 0.035 0.236 0.312 22.31

Among the evaluated models, Gemini achieves the highest scores
for BLEU-4, METEOR, and ROUGE-L. This trend is consistent with
the structural evaluation reported in Section 4.1.1, where Gemini
also achieved near-perfect State Coverage and Transition Coverage
with the lowest hallucination rates. In this case, automated metrics
partially reflect genuine descriptive accuracy, as the model’s outputs
closely align with the content and structure of the human-written
references.

However, the results for Claude illustrate a critical limitation
of automated metrics. Despite exhibiting the highest hallucination
count and substantially lower Transition Coverage in the human-
centered evaluation, Claude achieves the highest CLIPScore among
the three models. This indicates that CLIPScore captures broad
135 images

semantic compatibility between the generated text and the image,
such as recognizing that the image depicts a diagram with circles
and arrows, but remains insensitive to fine-grained structural cor-
rectness. For accessibility purposes, this distinction is crucial: a
description can be semantically “compatible” with an image while
failing to convey the precise relationships required for understand-
ing an automaton.

Similarly, BLEU and ROUGE scores fail to penalize severe struc-
tural errors. Claude’s automated scores are comparable to those of
GPT5.2 despite the presence of an order-of-magnitude difference in
hallucination counts. This suggests that n-gram–based metrics can
be satisfied by fluent, domain-appropriate language even when the
described states, transitions, or accepting conditions do not corre-
spond to the actual diagram. From an accessibility perspective, such
errors are catastrophic, as they may lead blind users to construct
an entirely incorrect mental model of the automaton.

The batch setup further reinforces this observation, as shown
in Table 4. GPT-OSS achieves the highest BLEU-4, METEOR, and
ROUGE-L scores, aligning with its strong structural performance
in batch mode. In contrast, Gemini attains the highest CLIPScore
despite lower lexical similarity to the references, again highlighting
that CLIP-based metrics prioritize coarse image–text alignment
over formal correctness.

Taken together, these findings demonstrate that automated met-
rics alone are insufficient for evaluating the accessibility of the
descriptions of technical diagrams. While such metrics provide use-
ful signals about linguistic fluency and general semantic relevance,
they systematically fail to capture the accuracy and completeness
of formal structures that are essential for STEM comprehension. In
particular, hallucinations involving states, transitions, or labels of-
ten have minimal impact on automated scores despite representing
severe accessibility failures.

These results underscore the necessity of combining automated
metrics with domain-specific, human-centered evaluation when as-
sessing LLM-generated alternative text for STEM images. Without
explicit structural validation, automated scores risk overestimating
the practical accessibility of generated descriptions.

5 Discussion
The results of this study highlight a significant disconnect between
the linguistic fluency of multimodal LLMs and their structural reli-
ability for STEM accessibility. While model outputs often appear
technically authoritative, they frequently lack the semantic pre-
cision required to support functional mental models for screen
reader users. In this section, we analyze the performance disparities
across different usage modes, the limitations of standard automated
metrics, and the broader implications for the safe deployment of
generative AI in accessible STEM education.

5.1 Performance Disparities Across Settings
The results highlight a significant performance disparity between
batch and interactive modes, particularly for GPT and Claude. While
GPT excelled in batch processing its performance dropped pre-
cipitously in the single-image interactive setting (GPT5.2). This
suggests that the model’s behavior is highly sensitive to the inter-
action context or system-prompt variations inherent to the chat
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Figure 1: Comparison of Automated Metrics (BLEU-4, METEOR, ROUGE-L, CLIPScore) across models.

Table 4: Performance comparison of the three models for the batch generative setup. GPT-OSS 120b achieved the highest lexical
scores (BLEU-4, METEOR, ROUGE-L), while Gemini achieved the highest CLIPScore. Best scores are bolded.

Model BLEU-4 METEOR ROUGE-L CLIPScore

Gemini 0.003 0.105 0.266 23.41
Claude Sonnet 4.5 0.009 0.148 0.293 19.43
GPT-OSS 120b 0.033 0.186 0.340 20.44

interface. Gemini, by contrast, demonstrated remarkable stability
and robustness, performing exceptionally well in both settings and
dominating the single-image task.

5.2 Structural vs. Automated Metrics
A key finding of this study is the divergence between human-
computed structural metrics (SC, TC, HCN) and automated NLP
metrics (BLEU, METEOR, ROUGE, CLIPScore).

Comparing the structural results in Table 2 with the automated
metrics in Table 3, we observe that Gemini’s dominance in struc-
tural accuracy (100% SC, 99.2% TC) is reflected in its highest scores
for BLEU-4 (0.051), METEOR (0.257), and ROUGE-L (0.369). This in-
dicates a strong alignment: the model that accurately identifies
graph elements also produces text that lexically resembles the
ground truth.

However, the case of Claude reveals a critical limitation of auto-
mated metrics. Despite failing to identify some states, and having
the worst score on TC (88.2%), Claude achieved the highest CLIP-
Score (22.31). This effectively illustrates that CLIPScore measures
broad semantic image-text compatibility but is insensitive to the
fine-grained structural details required for technical diagrams. A

description can be "compatible" with an image in a visual sense (e.g.,
"This is a diagram with circles and arrows") while being function-
ally useless for a blind user who needs to know exactly which state
connects to which. Similarly, Claude’s BLEU and ROUGE scores
were comparable to GPT’s despite its massive structural hallucina-
tions (204 vs 18), suggesting that n-gram overlap metrics can be
efficiently "gamed" by producing fluent, domain-relevant jargon
that lacks factual grounding.

This discrepancy underscores the necessity of domain-specific
structural evaluation. Automated metrics alone are insufficient for
benchmarking mutlimodal LLMs on technical tasks where precision
is paramount. While they provide a rough proxy for linguistic flu-
ency and general visual relevance, they fail to capture the rigorous
factual accuracy demanded by STEM accessibility applications.

5.3 Irrelevant Physical Detail
Across models and settings, we observe the frequent inclusion of
physically accurate but accessibility-irrelevant details. Examples
include descriptions such as "a downward arrow labeled d", "a
curved arrow", or "a rightward arrow labeled d from q1 to q2" when
these details do not contribute meaningfully to understanding the
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automaton’s structure or behavior. In some cases, spatial charac-
terizations such as "arranged in an L shape" (e.g., Automata 39 and
40, generated by GPT) are included despite having no semantic
relevance to the formal model.

While such descriptions are visually faithful, they increase cog-
nitive load for screen reader users by foregrounding low-level geo-
metric properties instead of higher-level relational information.
From an accessibility perspective, this represents a form of over-
description: information that is correct but distracts from what is
necessary to build a functional mental model of the automaton. This
observation reinforces the distinction between visual fidelity and
accessibility usefulness, highlighting that not all visible features
should be treated as equally salient in alternative descriptions.

5.4 Failure in the Batch Setting
The batch-processing setup exposes more severe and systematic
failures that are not apparent in single-image interactive use.

Claude exhibits a pronounced degradation in this setting. In
many cases, the generated outputs cannot be considered alternative
descriptions at all: descriptions are either unrelated to the source
image, internally inconsistent, or structurally incoherent. These fail-
ures go beyond isolated hallucinations and indicate a breakdown in
the model’s ability to ground descriptions in the actual visual input
when operating under fully automated, dataset-level constraints.
From an accessibility standpoint, such outputs are unusable and
potentially harmful, as they provide confident but misleading in-
formation to blind users.

Gemini, by contrast, often produces descriptions that are for-
mally correct but still fail to function as alternative descriptions. In
the batch setting, we identify at least 18 images for which Gemini
outputs descriptions of the following form: DFA with compound
state labels 1, 1,3, 1,4, 1,3,2. State 1 is start. State 1,3,2 is accepting.
Transitions: 1 to 1,3 (a), 1,4 (b). 1,3 to 1,3,2 (a), 1,4 (b). 1,4 to 1,3 (a),
1,3,2 (b). 1,3,2 loops on a,b. Although this description is internally
consistent and resembles a valid automaton specification, it does
not correspond to the image being described. Instead, it reflects
a canonical or inferred automaton structure that is not visually
present in the diagram. In these cases, Gemini appears to substitute
image-grounded description with a plausible abstract automaton,
effectively ignoring the requirement to describe the specific visual
instance.

This behavior is particularly problematic for accessibility. An
alternative description must provide access to what is actually
shown, not to a mathematically plausible construct. For blind users,
such substitutions are indistinguishable from correct descriptions
and may lead to persistent misconceptions, especially in educational
contexts.

5.5 Accessibility Implications
Taken together, these observations highlight two distinct but equally
critical risks for generative AI in accessibility:

• Over-description of irrelevant visual features, which increases
cognitive load without improving understanding.

• Under-grounded abstraction, where models replace the ac-
tual image with a generic or inferred representation.

Both phenomena are amplified in batch-processing scenarios
and are only weakly reflected in automated evaluation metrics.
Crucially, neither failure mode is easily detectable by blind users
relying on the generated descriptions.

These findings further support the conclusion that current mul-
timodal language models cannot be safely deployed for unsuper-
vised, large-scale generation of alternative descriptions for complex
technical diagrams. While models may perform well in interactive,
single-image scenarios, accessibility-critical applications demand
strict grounding, conservativeness, and human oversight.

6 Conclusion
This paper examines how effectively state-of-the-art multimodal
LLMs generate alternative text for STEM diagrams compared to
human-authored reference descriptions, under two complementary
usage conditions: interactive single-image description and fully au-
tomated batch processing. Using a curated dataset of 73 automata
diagrams with accessibility-oriented human descriptions, we com-
bined automated metrics (BLEU, ROUGE, METEOR, and CLIPScore)
with a human-centered evaluation focused on accessibility-critical
elements (state coverage, transition coverage, identification of ini-
tial and accepting states) and hallucination analysis.

Across both settings, we observed that LLMs often produce flu-
ent and structurally plausible descriptions, but fluency did not
reliably translate into accessibility usefulness. In the batch scenario,
representative of large-scale remediation pipelines, GPT achieved
the strongest overall performance in state and transition coverage,
while Gemini produced relatively few hallucinations but showed a
high refusal rate that substantially limited its practical applicability.
Claude exhibited the most severe robustness issues in batch mode,
including frequent hallucinations and several cases of catastrophic
failure where outputs were unrelated to the source diagrams.

In the interactive single-image setting, closer to optimal assistive
use, performance patterns changed significantly. Gemini achieved
near-perfect coverage and the lowest hallucination counts, while
GPT and especially Claude showed reduced reliability, including
failures on fundamental structural elements (such as initial state
identification) and increased hallucination frequency. These results
indicate that model behavior depends heavily on deployment con-
ditions (batch versus interactive) and that evaluations limited to a
single interaction paradigm risk overestimating real-world reliabil-
ity.

Our findings also highlight significant limitations of commonly
used automated similarity metrics for accessibility evaluation. N-
gram-based measures (e.g., BLEU) remained low overall and did
not consistently reflect the severity of accessibility-critical errors: a
description can match the expected style of the reference while still
omitting or distorting key diagram semantics, such as transition
labels or accepting states. Conversely, CLIPScore captured some
aspects of visual grounding but still failed to guarantee correctness
at the level required for STEM comprehension. Together, these out-
comes reinforce the need for evaluation protocols that explicitly
measure diagram semantics and hallucinations, and that incorpo-
rate human-centered criteria aligned with the needs of screen reader
users.
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This study focuses on a single class of structured STEM figures
(automata diagrams) and expert-authored reference descriptions
that reflect one accessibility-informed writing style. Future work
should (i) expand to additional STEM visual genres (e.g., plots,
circuits, tables, proofs, derivations), (ii) include evaluations with
blind and low-vision participants to directly assess task success and
perceived utility, and (iii) further analyze prompt strategies and
output constraints that reduce hallucinations in both interactive
and batch pipelines. Future benchmarks should also distinguish
between coverage and correctness of formal semantics, since minor
inaccuracies can become catastrophic in educational contexts.
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