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Abstract

Large Language Models are increasingly used to generate web inter-
faces from natural language specifications. Automated accessibility
tools evaluate these interfaces by detecting syntactic violations
such as missing attributes, but cannot assess whether accessibility
content is actually meaningful—an image with alt=“image” passes
every check yet conveys nothing to screen reader users. We inves-
tigate the prevalence of such semantic accessibility violations in
LLM-generated interfaces. Analyzing 300 Uls produced by three
commercial models, we identify 541 semantic violations across
six fault types. We validate an LLM-as-judge approach through
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controlled fault injection, achieving recall rates of 80-92%, and tri-
angulate with a preliminary human annotation study. Our findings
suggest that LLM judges can extend accessibility evaluation into the
semantic dimension that automated tools miss, opening opportuni-
ties for their integration as reward signals in accessibility-aware
development workflows.
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1 Introduction

The emergence of large language models has changed how we ap-
proach web interface development, enabling developers to generate
complete web interfaces and applications through natural language
prompts [12, 14]. While this capability promises to streamline web
development by increasing efficiency and lowering technical barri-
ers, it simultaneously raises an important question about whether
these automatically generated interfaces remain accessible to all
users, including the over one billion people worldwide who live
with disabilities [11].

Most existing websites already fail to meet basic accessibility
standards [10], and when LLMs are trained on this flawed data,
they naturally tend to replicate these same problematic patterns [1,
4]. Recognizing this issue, recent research has begun developing
accessibility-aware training approaches and iterative feedback mech-
anisms [5, 7, 9, 13] to help LLMs generate more accessible code.
However, these methods optimize primarily for metrics that auto-
mated accessibility tools can measure.

Consider how automated tools like Axe-core ! evaluate accessi-
bility. These tools excel at detecting what we might call syntactic
violations: missing alt attributes, absent form labels, or incorrect
ARIA roles. If an image has an alt attribute, Axe-core marks it as
compliant, regardless of whether that attribute actually describes
the image meaningfully. An image with alt="image" passes every
automated check, yet when a screen reader announces “image” to
a blind user, no meaningful information has been conveyed. The
required syntax exists, but the semantic content—the actual mean-
ing that users need—is absent. Where automated tools ask "does an
alt attribute exist?", semantic evaluation asks the deeper question:
"does the alt text actually describe what the image shows?".

This disconnect between syntactic compliance and semantic
meaning creates what we term the semantic accessibility gap: the
space between passing automated accessibility checks and actually
conveying meaningful information to users of assistive technolo-
gies. While prior work has documented the existence of such se-
mantic violations [4, 8], no systematic study has measured their
prevalence in LLM-generated interfaces.

In this paper, we investigate what kinds of semantic violations
appear in LLM-generated interfaces, and how prevalent they are.
We define semantic accessibility violations as cases where required
accessibility attributes are present but fail to convey meaningful
information to users—for example, an image with alt="image" or
a link reading “Click here” with no indication of its destination.
We focus on six violation types drawn from WCAG guidelines and
prior accessibility research [3, 4, 8]. In particular, our categorization
aligns with the semantic violation class identified by Fathallah et al.
[3], who propose a taxonomy distinguishing syntactic, semantic,
and layout accessibility issues.

To detect these violations at scale, we employ an LLM-as-judge
approach, in which an LLM evaluates the generated HTML for
semantic accessibility issues given a structured prompt defining the

https://www.deque.com/axe/axe-core/

Tommaso Calo, Alexandra-Elena Gurita, and Luigi De Russis

violation types. We validate this approach through controlled fault
injection: we systematically introduce known semantic faults into
Uls and measure whether judges correctly identify them, thereby
calibrating our confidence in their assessments of original, unmod-
ified Uls.

We analyze 300 UIs generated by three frontier models (Claude,
Gemini, and GPT), identifying 541 semantic violations that pass
automated checks. Our judges achieve recall rates between 80%
and 92% on injected faults. We further triangulate through human
annotation of 324 UI components by four expert annotators.

In summary, this work makes the following contributions:

e An empirical analysis of semantic accessibility violations
across 300 LLM-generated web interfaces, identifying 541
violations across six fault types;

o A validated LLM-as-judge methodology, calibrated through
controlled fault injection, for detecting semantic accessibility
issues beyond the reach of automated tools;

o A preliminary human annotation study comparing LLM and
human judgments on component-level semantic accessibility,
along with an open-source annotation platform.

2 Experimental Design

To measure whether LLM-generated interfaces contain semantic ac-
cessibility violations, we validate our approach through controlled
fault injection. We inject known violations into Uls and measure
whether LLM-as-judge can reliably detect them. High recall on in-
jected faults calibrates our confidence in the violations judges
identify in original, unmodified UIs. We start by generating
300 web Uls using three LLMs? from diverse real-world website
prompts [13]. Into these Uls, we systematically injected semantic
faults. Table 1 shows the six fault types, each representing a com-
mon way that accessibility attributes can be present but meaningless.

Table 1: Six semantic fault types used for validation. Each
represents attributes that pass automated checks but fail
users.

Type Example

Alt text

Link purpose
Button label
Heading mismatch
ARIA label

Form label

alt="image" instead of describing the image
“Click here” instead of describing the destination
“Submit” without context for the action

Heading text unrelated to section content
Inaccurate or generic ARIA descriptions

“Field 1” instead of meaningful label

We created 721 faulty Ul variants, each containing exactly one
injected fault along with a log recording what was changed. The dis-
tribution of variants across fault types was determined by element
availability in each UI (e.g., a UI with no images cannot receive an
alt-text fault), resulting in an approximately balanced distribution
across the six categories. Three LLM judges (the same models used
as generators) then evaluated these Uls, receiving the HTML and a
structured prompt defining the violation types.

In addition, to validate whether LLM judgments align with hu-
man perception, we conducted a preliminary human annotation

2Claude (claude-sonnet-4), Gemini (gemini-2.5-flash), and GPT (gpt-4o).
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study with four expert annotators. All annotators were HCI re-
searchers with graduate-level training in web accessibility and
familiarity with WCAG 2.1 guidelines; two had prior experience
conducting accessibility audits. Before annotating, they received
written instructions defining each of the six semantic fault types
with examples, followed by a calibration session on two practice Uls
(excluded from analysis). Using a custom component-level annota-
tion platform, annotators independently evaluated 324 individual
Ul elements (images, links, buttons, headings, ARIA labels, and form
fields) across 9 randomly selected Uls, marking each as semantically
adequate or violated for the applicable fault types.

How should we quantify judge performance? We report two
complementary metrics. Recall measures the percentage of injected
faults that judges correctly identify, providing a direct estimate of
detection sensitivity since we know exactly which violations exist in
our controlled faulty Uls. Coefficient of Variation (CV) captures intra-
rater consistency by running each judge five times on a subset of 10
Uls and computing the standard deviation of detected issue counts
divided by their mean, expressed as a percentage, where lower CV
indicates more stable judgments across repeated evaluations of the
same content. For the human annotation study, we measure inter-
rater agreement using Cohen’s kappa, which quantifies agreement
between pairs of raters while correcting for chance, with values
below 0.20 indicating slight agreement, 0.21 to 0.40 fair, 0.41 to 0.60
moderate, and above 0.60 substantial to near-perfect agreement.

3 Results

Across 300 original interfaces, our judges identified 541 semantic
accessibility issues before any fault injection, averaging nearly two
violations per UI (Figure 1a-b). The distribution of these violations
reveals that generic button labels and vague link text are the two
most prevalent categories, each accounting for roughly a quarter of
all issues (27% and 26%, respectively). Buttons labeled “Submit” or
“Click” provide no context about the action they perform, while link
phrases like “Read more” or “Learn more” fail to indicate their des-
tination, leaving users who navigate by links without meaningful
orientation cues. Together, these two categories account for over
half of all semantic violations in LLM-generated Uls. Poor alt text
follows at 20%, with ARIA issues (14%) and generic form labels (12%)
completing the distribution. This pattern suggests that interactive
elements—which commonly assume meaning from spatial context
not available to screen reader users—receive particularly superficial
accessibility treatment during generation.

Can we trust these measurements? To establish confidence in
our judges, we validated their accuracy through controlled fault
injection, creating 721 faulty Ul variants with known violations and
measuring detection rates (Figure 1c-d). Our judges achieved recall
between 80% and 92%, though performance varied considerably by
fault type: alt text violations proved easiest to detect, likely because
the pattern of generic placeholder text is relatively unambiguous,
while heading mismatches were hardest to identify, requiring judges
to reason about cross-element semantic relationships between a
heading and the content it introduces. This variation reflects inher-
ent differences in task complexity, as some semantic issues present
clear textual patterns that models readily recognize, while others
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demand more sophisticated reasoning about document structure
and meaning.

Do different models exhibit different strengths and weaknesses
as judges? The cross-modal analysis reveals substantial variation
in performance both across models serving as judges and across
Uls from different generators (Figure 2a-b). GPT detected only
about half of heading mismatches, while Claude and Gemini per-
formed considerably better on this challenging category. Interest-
ingly, faults in Gemini-generated Uls proved hardest for all judges
to detect, suggesting that some generators may produce violations
that are subtler or more contextually embedded. No single judge
or generator performed uniformly best or worst across all condi-
tions, pointing toward potential complementarity in an ensemble
approach.

4 Human Annotation Study

While automated evaluation provides scalability, we don’t know
if human evaluators perceive the same semantic accessibility vi-
olations that LLM judges detect. To triangulate our findings, we
conducted a preliminary human annotation study using a custom
web-based platform? that decomposes Uls into constituent acces-
sibility components (Figure 3). Annotators assess individual ele-
ments—images, links, buttons, headings, ARIA-labeled components,
and form inputs—for the six semantic fault types.

Four expert annotators evaluated 324 components across 9 Uls.
Results revealed fair inter-rater reliability among humans (x ~
0.24), with pairwise agreement ranging from near-zero to moder-
ate (x = 0.46). Human-LLM agreement matched human-human
agreement almost exactly (k ~ 0.24), while LLMs showed substan-
tially stronger agreement with ground truth (x = 0.69-0.94) than
humans did (x = 0.23 average). Disagreements among annotators
concentrated on borderline cases—for instance, whether a button
labeled “Submit” in a single-form page provides sufficient context,
or whether alt text like “company logo” is adequately descriptive.
These cases illustrate the inherent ambiguity in semantic accessi-
bility judgment: what seems “vague” to one evaluator may appear
sufficiently descriptive to another given the surrounding context.
This pattern may indicate that our controlled fault injection creates
relatively unambiguous patterns that LLMs detect more readily
than humans, or that humans apply more contextually variable
criteria when evaluating semantic quality. Given the small sample
of four annotators, these preliminary findings warrant cautious
interpretation; however, they demonstrate that component-level
annotation is feasible and that LLM judges show alignment with
human judgment at levels comparable to human inter-rater relia-
bility.

5 Discussion

Our findings suggest that optimizing for automated tools alone
offers an incomplete picture of accessibility. Training methods that
reward high Axe-core scores [13] may inadvertently teach models to
produce syntactically compliant but semantically empty attributes—
a generator rewarded for including alt attributes receives limited
signal to make them descriptive. Our validation indicates that LLM
judges can detect many of the semantic violations that automated

3https://semaccess.paperbackwriters.club/
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Figure 1: Semantic violations and judge validation. (a) Distribution of 541 violations found across 300 original UIs by the six
semantic fault types from Table 1, dominated by generic buttons and vague links. (b) Average violations per Ul by generator
model. (c-d) Judge validation across 721 injected faults shows detection varies by fault type; alt text is easiest to detect, heading
mismatches hardest.

(a) By Generator Model (b) Judge x Fault Type (%) (c) Recall vs Consistency

100 1

o
86.9% 90.3% .Gemini
Claude 30 A
= =
& g
g 8
& 5 20
c Gemini 2
o o
3 = .Claude
2 X
8 3 101
GPT consisterkg)OPT Best:
lower recall High & consistent
T T T 0 T T T T
Claude Gemini GPT Alt Link Btn Head ARIA Form 80 85 90 95

Recall % (higher better)

Figure 2: Cross-modal analysis and recall-consistency tradeoff. (a) Detection rates vary by generator model, with Gemini-
generated Uls hardest for all judges. (b) Heatmap reveals model-specific blind spots. (c) Tradeoff between recall and consistency:
Gemini achieves highest recall but most variability, GPT most consistent but lower recall, Claude balances both dimensions.

tools miss, consistent with prior work on LLM-based accessibility
evaluation [6, 7], while extending it toward generation-time assess-
ment. However, we note that our evaluation focused on isolated
HTML interfaces; whether these findings generalize to full web
applications with stateful interactions remains an open question.

Choosing a judge involves tradeoffs (Figure 2c). Gemini achieves
the highest recall but varies considerably across runs. GPT is the
most consistent but catches fewer violations. Claude balances both
dimensions. For practical deployment, high-stakes applications
might prefer consistency, while broad screening might prioritize
recall. The varying performance across fault types also reflects task
complexity: heading-content relationships prove the most challeng-
ing, while alt text patterns are comparatively well-handled.

6 Conclusion and Future Work

This paper presents preliminary evidence that LLMs can serve as
semantic accessibility evaluators, extending assessment beyond
what automated tools currently measure. Through controlled fault
injection, we validated that LLM judges detect violations like non-
descriptive alt text and vague link purposes with recall rates of 80—
92%, while revealing challenges with heading-content mismatches.
Our preliminary human annotation study (324 components, 9 Uls,

4 expert annotators) provides initial triangulation, showing that
LLM judges achieve agreement with humans at levels comparable
to human inter-rater reliability. These findings represent a first step
toward addressing the semantic accessibility gap in LLM-generated
interfaces. The validated judge framework, along with our open-
source annotation platform, could provide complementary reward
signals for Constitutional AI [2] or RLHF training pipelines, and
the cross-modal analysis points toward ensemble approaches lever-
aging different models’ strengths.

However, several limitations qualify these contributions. Our val-
idation relies on deliberately injected faults, whereas naturally oc-
curring semantic issues may be more subtle and context-dependent.
We evaluate isolated HTML files rather than complete web ap-
plications, leaving navigation flows and stateful interactions for
future work. The small sample size and fair inter-rater reliabil-
ity (x ~ 0.24) in our human study mean these findings warrant
cautious interpretation. The higher LLM—-ground truth agreement
compared to human-ground truth agreement may indicate that
our controlled fault injection creates artificial patterns more readily
detectable by LLMs than by humans, or it may reflect genuine dif-
ferences in semantic interpretation. Expanding this work to include
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Figure 3: Component-level annotation interface showing individual element evaluation with context.

diverse annotators—particularly users of assistive technologies—
across larger samples of both injected and naturally occurring vio-
lations would help distinguish these possibilities.

Ultimately, these technical metrics need grounding in lived ex-
perience. Do the semantic violations that we detect correspond to
real barriers experienced by users? Participatory evaluation with
people with disabilities would validate whether our proxy measures
capture what actually matters for accessibility. Our core finding is
encouraging: the same LLMs that generate potentially inaccessible
interfaces can also help identify—and eventually help prevent—
semantic accessibility failures.
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