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Abstract

Accessible names are central to screen-reader navigation, speech control, and
inclusive interaction. This paper reports a reproducible empirical evaluation of
generated accessible labels for desktop interface components using the
specified Ul Component Semantic Description Dataset. The experimental
corpus contains 559 human-labelled Ul events, eight component classes, three
screen-density levels, and ground-truth semantic descriptions such as “refresh
button” and “email inbox searchbar.” The source data package contains 100
screenshots, while the CSV used for quantitative evaluation references 82
unique screenshot filenames with labelled left-click events; the experiments
therefore evaluate every record with a human reference label. We compare
seven deterministic label generators and one non-deployable label-reuse oracle
under screenshot-level 10-fold group validation. The evaluated systems
include role-only labelling, class-majority labelling, coordinate heuristics, TF-
IDF nearest-neighbor retrieval, logistic-regression closed-label prediction, and
a hybrid rule-retrieval variant. The primary metric is intent F1, which excludes
generic role words such as button, icon, link, and input so that a system receives
credit for predicting the user-facing function rather than merely restating the
component type. The best deployable generator was logistic regression, with
exact match 0.036, token F1 0.392, intent F1 0.060, and approximate label-in-
name pass rate 0.041. The role-only baseline had higher token F1 at 0.481 but
intent F1 of only 0.009, demonstrating that surface lexical overlap can
overstate accessibility usefulness. The label-reuse oracle reached exact match
0.166 and token F1 0.559, establishing an empirical upper bound for methods
restricted to labels observed in training folds. The results show that available
class, depth, density, and coordinate metadata are sufficient to preserve
component roles but insufficient to recover fine-grained functions. This finding
supports the need for screenshot-aware and structure-aware language or vision-
language systems, while also providing a transparent baseline package against
which such systems can be audited.

Introduction

Accessible user-interface semantics define how a control is exposed to assistive technologies. A button that is visually
obvious to a sighted user may be unusable to a screen-reader or voice-control user if it is announced only as “button”
rather than “delete email button.” WCAG 2.1 formalizes related expectations through criteria such as Label in Name and
Name, Role, Value, while the Accessible Name and Description Computation describes how browsers and assistive
technologies derive an object name from markup and associated text [1], [2]. WAI-ARIA authoring practices further
specify role and property patterns for custom widgets that cannot rely solely on native HTML semantics [3]. These
standards make clear that a label is not decorative text: it is an operational interface affordance.

Accessible labels also connect information architecture with inclusive design. A label should be short enough for
repeated screen-reader announcements, specific enough for disambiguation, and aligned with visible text when visible
text exists. The same icon shape can mean search, zoom, inspect, or filter depending on the surrounding UI, and the same
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word can refer to a command, a navigation destination, or an input value. This contextual nature makes automated
labelling a semantic task rather than a simple object-recognition task. It also makes evaluation difficult: a generated label
can be grammatically well formed yet still fail the user if it names the wrong action. For this reason, the present paper
evaluates the generated strings against human labels and separates generic role recovery from functional intent.

Automatic generation of accessible labels is attractive because missing or uninformative labels remain common in real
applications. Chen et al. reported that more than 77% of 10,408 Android apps had missing-label issues and proposed
LabelDroid to predict natural-language labels for image-based mobile GUI components [5]. Ross et al. similarly framed
Android accessibility barriers as a population-level empirical problem, including missing labels, duplicate labels, and
uninformative labels [14]. The problem is not merely one of compliance. An inaccurate label changes the task model a
user forms, increases navigation effort, and may create safety-critical confusion when controls affect deletion, payment,
privacy, or navigation.

Large Ul corpora and Ul-understanding models have created a foundation for label generation. Rico introduced a large
mobile-app dataset with screenshots and view hierarchies for data-driven design applications [4]. Later work learned
design semantics from mobile screens [17], generated natural-language descriptions for widgets [6], mapped natural-
language instructions to Ul actions [16], and learned multimodal UI representations through ActionBert, UlBert,
Screen2Vec, VINS, Screen Recognition, Screen Parsing, and icon annotation systems [7]-[13]. These studies
collectively show that component meaning depends on image evidence, surrounding text, screen hierarchy, interaction
traces, and app context. General language and vision-language advances, including Transformers, BERT, GPT-style
few-shot learning, and CLIP, further motivate modern LLM/VLM approaches to Ul semantics [18]—[21].

However, publication-quality evaluation requires more than plausible examples. A generated accessible label must be
compared with a reference label over a fixed dataset, with explicit metrics, reproducible code, and a split strategy that
avoids training and test leakage. This paper therefore evaluates generated labels on the specified Ul Component Semantic
Description Dataset. The study intentionally reports every numeric result from a reproducible script rather than
unmeasured examples. The contribution is threefold. First, it documents the dataset properties used by the experiments,
including class, density, depth, event, and label distributions. Second, it compares seven transparent label-generation
baselines and an oracle under screenshot-level cross-validation [39-47]. Third, it shows why role agreement alone is not
a sufficient accessibility outcome, because role-only labels achieve high token overlap while failing to recover functional
intent.

The paper is positioned as an audit baseline for LLM/VLM accessible-label systems [26-38]. The deterministic
generators evaluated here do not claim to equal a state-of-the-art proprietary model. Instead, they establish a fully
reproducible floor, identify which aspects of the dataset can be solved from metadata alone, and expose where
screenshot-level semantics are necessary. This framing is important for inclusive design research: a future LLM/VLM
labeler should outperform these transparent baselines not only in aggregate scores but also for high-risk classes such as
checkboxes, radio buttons, and text inputs whose labels often encode the actual user decision [48-54].

A second reason for using transparent baselines is reviewability. Accessible-label generation is a domain where errors
are often subtle: a phrase may be fluent, concise, and syntactically valid, while still directing the user to the wrong object
or action. A deterministic baseline makes each source of evidence inspectable. If a future model improves over RoleOnly,
reviewers can ask whether the improvement comes from visible text, coordinates, icon recognition, or memorization of
common labels. If a future model fails on a class where LogReg already performs reasonably, reviewers can identify a
regression. This audit perspective is especially important when generated labels are proposed for production tools that
assist developers or automatically repair interfaces.

Method

The evaluation unit is a labelled UI event. Each row in semantic labels.csv contains a screenshot filename, an event
type, click coordinates, a human ground-truth label, SOM depth, component class, and screen density. All 559 rows were
included. The event type is left click for every row. The source data package contains 100 screenshots, and the CSV
references 82 unique screenshot filenames. This difference is handled explicitly: quantitative evaluation is performed
only on CSV rows because each tested output must have a corresponding human label. Screenshots without a labelled
event do not contribute test items. Table 1 summarizes the evaluated corpus.

The dataset contains eight component classes. Buttons, dropdowns, and icons each contribute 90 labelled events,
followed by text inputs with 79, checkboxes with 65, radio buttons with 61, links with 48, and switches with 36. Table
2 shows that label uniqueness is high: 486 normalized labels occur across 559 rows. This uniqueness makes exact-match
generation difficult because many functional phrases are seen only once. Table 3 reports density and depth distributions.
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The dataset is balanced across high, medium, and low density at 205, 200, and 154 rows respectively, while SOM depth
is concentrated at depth 3. These properties constrain what a metadata-only generator can learn.

The experiment uses 10-fold GroupKFold validation grouped by screenshot filename. In each fold, every row from the
held-out screenshot filenames is evaluated after training on all other screenshot groups. The folds contain 55 or 56
labelled events and 7 to 9 screenshot groups. This design prevents the same screenshot filename from appearing in both
training and test data. It is stricter than random row splitting and better matches the target deployment setting, where a
labeler must generate names for a previously unseen screen.

The compared generators are deliberately simple and reproducible. RoleOnly outputs only the canonical component role,
such as “button” or “text input.” ClassMajority outputs the most frequent training label within the same component class.
LocationRole applies fixed coordinate heuristics, for example mapping top-left buttons to “navigation button” and right-
edge buttons to “next button.” TFIDF 1NN and TFIDF 5NN represent class, density, depth, coordinate bin, and
screenshot-name tokens with TF-IDF features, then retrieve labels from same-class training examples. LogReg uses a
sparse feature dictionary over class, density, depth, coordinate bins, class-depth interactions, class-density interactions,
and normalized coordinates to predict a closed label vocabulary. Hybrid uses TFIDF 1NN unless the retrieved label is
too generic, in which case it falls back to LocationRole. OracleReuse is not deployable; it predicts the ground truth only
when the same normalized label exists in the training fold and otherwise falls back to RoleOnly. It provides an upper
bound for training-label reuse.

Generated labels were normalized by lowercasing, removing punctuation, and collapsing whitespace. A post-processing
step appended the component role when a generator produced a label without an identifiable role token. This step reflects
accessible-name practice: the function phrase should be accompanied by a recognizable role in the surrounding
accessibility tree, either through the label text or the role property. Metrics were computed on the final generated label.
The primary score is intent F1, a token-level F1 score after removing generic role words such as button, input, icon,
checkbox, radio, switch, link, dropdown, menu, and field. Token F1, exact match, Jaccard similarity, normalized edit
similarity, role agreement, approximate label-in-name pass rate, and acceptable-at-0.5 token F1 are also reported. BLEU,
ROUGE, and METEOR motivated the use of automatic text overlap metrics in generated-language evaluation, although
the short-label setting requires task-specific metrics that expose intent rather than sentence fluency [22]-[24]. The
implementation uses scikit-learn for TF-IDF, logistic regression, and grouped validation [25].

The evaluation deliberately reports both strict and tolerant metrics [55-61]. Exact match is easy to interpret but harsh
because accessible labels may have acceptable synonyms. Token F1 is more tolerant but can over-credit role words. Edit
similarity captures surface closeness, but it can assign moderate scores to labels that are semantically unrelated yet share
characters. Role agreement captures whether the generated label preserves a meaningful component type. Label-in-
name80 approximates whether the generated string contains most of the human-reference words. No single metric is
treated as sufficient. The reported interpretation uses the whole metric panel, with intent F1 as the primary score because
it most directly addresses whether the generated name communicates purpose.

A key methodological choice is the screenshot-level split. A random row split would put visually and semantically
related events from the same screenshot into both training and test sets. That would inflate retrieval and closed-label
classification because the model could see labels from the same interface state while evaluating another element from it.
Grouping by screenshot filename reduces this leakage. It does not remove all broader app-level similarity because paired
screenshots may still share naming patterns, but it is a clear improvement over row-level random validation and is fully
reproducible. The folds are saved in outputs/folds.csv so that reviewers can verify the exact number of events and
screenshots in each test fold.

The model set was chosen to expose different kinds of evidence. RoleOnly tests whether the component class alone
satisfies automatic metrics. ClassMajority tests whether common labels within a role are enough. LocationRole tests
whether spatial priors such as top-left navigation and right-edge progression are useful. TF-IDF retrieval tests whether
sparse contextual metadata can find similar labelled events. Logistic regression tests whether the same metadata supports
a supervised closed-label classifier. Hybrid tests whether retrieval and rules combine beneficially. OracleReuse tests the
label vocabulary itself. These conditions are simple by design; they provide a baseline that a more expensive LLM/VLM
system should surpass.

The complete run is deterministic. The random seed is 17. All predictions are saved in outputs/predictions.csv, all
aggregate tables are saved in outputs/*.csv, and all figures are regenerated from these files. Every table and figure
contains values computed by the experimental script. Figure 1 gives the workflow used to generate the paper results.
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Figure 1. Reproducible experimental workflow used for all reported results.

Table 1. Dataset overview used in the experiment.

Property Value
Labeled events evaluated 559
Source package screenshots 100
Unique screenshot filenames in CSV 82
Event type values left click
Component classes 8
Density levels 3
Unique normalized labels 486
SOM depth range 1-4
Mean SOM depth 2.712
Mean human-label tokens 3.254

Table 2. Component-class distribution and label diversity.

Class n Unique labels Mean depth Mean label tokens
Button 90 83 2.644 3.267
Checkbox 65 58 2.462 3.646
Dropdown 90 83 2.656 2.900
Icon 90 77 2.778 2.300
Link 48 46 2.979 3.979
Radio Button 61 54 3.033 4.721
Switch 36 26 2.556 3.000
Text Input 79 60 2.646 2.949

Table 3. Density and SOM-depth distributions.
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Group n Unique labels Mean depth Mean label tokens
High Density 205 188 2.702 3.263
Low Density 154 139 2.760 3.208
Medium Density 200 186 2.685 3.280
-- depth distribution
Depth 1 9 8 2.667
Depth 2 176 158 3.295
Depth 3 341 299 3.217
Depth 4 33 33 3.576
Table 4. Representative human labels by component class.
Class Examples from ground truth
Button share button; get mail plus button; user profile button
resources & support dropdown; who we are
Dropdown dropdown; products dorpwdown
Icon bing icon; microsoft edge icon; firefox icon
Text Input email input; file search input; email search input
Checkbox select email checkbox; checkbox item; terms of
service agreement checkbox
Radio Button radio button item; tailor typeform radio button; do not
tailor typeform radio button
Link proton's secure business email link; app apk
download link; app sha256 fingerprint link
Switch toggle switch; preview switch; powershell switch
Table 5. Compared label generators.
Generator Input features Output rule
Canonical role phrase only; e.g.,
RoleOnly Class button, text input.

.. .. Most fi t -class label i
ClassMajority Class + training labels thgirai;eigzeﬁ) lg‘ame class fabel In
LocationRole Class + coordinates Fixed spatial rules such as back,

next, account, search.
TFIDF 1NN Class, density, depth, coordinate | Nearest same-class training event

bins, screenshot-name tokens

by TF-IDF metadata similarity.
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Most frequent label among five

TFIDF_5NN Same as TFIDF 1NN same-class nearest neighbors, tie-
broken by similarity.
Sparse categorical and numeric | Closed-vocabulary logistic-
LogReg P g regression prediction with role
metadata .
post-processing.
. . Retrieval unless output is generic;
Hybrid TF-IDF retrieval + fixed rules otherwise coordinate fallback.
Training labels + test reference | Non-deployable upper bound for
OracleReuse availability labels already observed in training.
Table 6. Evaluation metrics.
Metric Definition

Exact match

human label.

1 if normalized generated label equals normalized

Multiset token precision/recall F1 over full
Token F1 .

normalized labels.
Intent F1 Token F1 after removing generic Ul role words;

primary metric.

Set overlap divided by set union for normalized
Jaccard

tokens.

Edit similarity

1 minus normalized Levenshtein distance.

Role agreement

class alias.

1 if generated label contains a role token or accepted

Label-in-name&80

generated label.

1 if at least 80% of human-label tokens appear in

Acceptable50

1 if full token F1 is at least 0.5.

Dataset class distribution
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Figure 2. Distribution of the 559 labelled events across Ul component classes.
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Figure 3. Density and SOM-depth distributions for the evaluated labels.
Results and Discussion

Table 7 gives the overall comparison. The label-reuse oracle is the strongest condition, with exact match 0.166, token
F1 0.559, intent F1 0.170, label-in-name80 0.166, and acceptable50 0.606. Because OracleReuse is allowed to know
whether the test reference label is present in the training fold, it is interpreted as an empirical upper bound, not as a
deployable method. Its limited exact-match score is still informative: even a perfect reuse strategy can exactly recover
only a minority of labels under screenshot-level splitting. This follows from the 486 unique normalized labels shown in
Table 1.

Among deployable generators, LogReg has the highest primary score, with intent F1 0.060 and exact match 0.036.
ClassMajority follows with intent F1 0.054, and TFIDF 1NN follows with 0.045. These values are low in absolute terms,
but they are not arbitrary failures: they quantify the difficulty of recovering functional names from metadata that lacks
pixels, visible surrounding text, and full screen-object-model content. The role-only baseline has token F1 0.481 and
acceptable50 0.578, apparently strong values, but its intent F1 is only 0.009 and exact match is zero. This contrast is the
central empirical result. A system can look good under token overlap because it says “button” for a reference such as
“share button,” yet it still fails to tell the user what the button does.

Figure 4 visualizes the same point. Token F1 rewards generic role overlap; intent F1 penalizes missing functional
content. Figure 5 shows that all models have role agreement of 1.000 because the post-processor ensures a recognizable
component role, yet label-in-name80 remains near zero for deployable models. The finding is consistent with
accessibility standards: role exposure is necessary but not sufficient. A screen reader can announce “button,” but the
accessible name must identify the purpose of that button for efficient navigation and activation [1]-[3].

Bootstrap confidence intervals in Table 8 compare each model against RoleOnly on intent F1. LogReg improves by
0.051 with a 95% bootstrap interval from 0.032 to 0.072. ClassMajority improves by 0.045, TFIDF 1NN by 0.036,
TFIDF 5NN by 0.034, Hybrid by 0.032, and LocationRole by 0.017. The intervals do not cross zero for any non-role
baseline, indicating that each generator adds some functional tokens beyond the generic role. The gain is statistically
visible but practically small. This is a useful warning for LLM/VLM papers: a model must be evaluated on intent-
sensitive metrics, not only role preservation or broad lexical overlap.

Table 9 reports LogReg by component class. Text Input has the best intent F1 at 0.152, followed by Button at 0.090,
Checkbox at 0.073, Link at 0.067, and Dropdown at 0.059. Icon, Radio Button, and Switch are weaker. Text inputs
perform best because the dataset contains repeated lexical cues such as searchbar, URL, e-mail, and name fields; logistic
regression can reuse some of these patterns from coordinate and class contexts. Buttons remain difficult because they
encode many independent actions, including weather navigation, e-mail actions, subscription choices, and form
submission. Radio buttons are especially difficult because their labels often contain long option text rather than a simple
role phrase.

Table 10 reports LogReg by density and depth. High-density screens obtain the highest intent F1 at 0.096 and exact
match 0.063, while medium-density screens obtain intent F1 0.034. The difference is not interpreted as high-density
screens being intrinsically easier. Instead, high-density records appear to contain more repeated application contexts in
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the CSV, allowing closed-label models to reuse a few functional words. Depth 1 has high scores for retrieval-based
methods in the detailed outputs but contains only nine events; therefore, depth-level findings for depth 1 are unstable.
The dominant depth 3 group contains 341 rows and is the most reliable basis for generalization claims.

Table 11 lists representative LogReg errors with low intent F1. The examples show that failures are semantically serious
even when roles are correct. “themes category” was predicted as “web login button,” “reddit searchbar” was predicted
as “connection encoding input,” and “email inbox searchbar” was predicted similarly. These errors would be confusing
to assistive-technology users because they substitute a different task domain. The error pattern also shows that coordinate
and class alone cannot distinguish a searchbar in Reddit, a location search field, and an e-mail inbox search field. The
missing evidence is visual and contextual text.

The exact-match results should also be read in light of the dataset vocabulary. With 486 unique normalized labels across
559 rows, most labels are rare. A closed-label classifier is therefore forced to predict labels that appeared in training,
while many test labels are novel under the grouped split. This is why OracleReuse exact match is only 0.166 even though
it is given privileged knowledge about whether the target label exists in the training fold. In a real system, an LLM/VLM
should not be restricted to a closed label set. It should synthesize labels for unseen controls by reading the visual context
and inferring purpose. The oracle score therefore functions as a lower-level memorization ceiling, not as a ceiling for
semantic generation.

The stored fold table supports the stability of the evaluation. Each of the ten folds contains 55 or 56 rows, and the held-
out screenshot group count ranges from 7 to 9. This distribution avoids a single oversized fold dominating the results.
The bootstrap intervals are row-level intervals over the generated predictions, so they measure uncertainty in the
observed event population rather than uncertainty over external applications. The intervals are narrow enough to show
that LogReg consistently adds intent terms beyond RoleOnly, but the absolute scores remain low enough to justify the
conclusion that metadata alone is insufficient.

The results support three design implications. First, accessible-label evaluation should separate role correctness from
functional intent. RoleOnly is a strong role baseline and a weak accessibility labeler. Second, short generated labels need
metrics that are interpretable at the token level; full-sentence caption metrics alone can obscure whether the action word
was recovered. Third, LLM/VLM systems should be evaluated against deterministic baselines and an oracle. If a model
improves only token F1 but not intent F1, it may be producing fluent generic labels rather than useful accessible names.
If a model surpasses the oracle reuse bound, it is evidence that it synthesizes new functional labels instead of memorizing
common training phrases.

For information architecture, the findings imply that accessible names should be treated as part of the product vocabulary
rather than as an afterthought. Many labels in the dataset are short domain concepts: “share button,” “delete email
button,” “products dropdown,” or “location searchbar.” A model that cannot infer the domain concept cannot provide a
usable label even if it identifies the widget class. For inclusive design, the findings also imply that automatic repair
should be conservative. A low-confidence label may be worse than a missing label if it directs the user to an incorrect
action. Baseline metrics can therefore inform triage: high-confidence exact or near-exact outputs can be suggested
automatically, while low-intent outputs should be routed to a developer or accessibility reviewer.

The per-class pattern is also informative for dataset design. Classes with visually compact labels, such as icons and
switches, can look easier to a computer-vision system because the graphical glyph is salient, but they are difficult for
metadata-only methods because the CSV exposes no pixels. Conversely, text inputs can have repeated lexical
conventions: searchbars, login fields, e-mail fields, and location fields. The best deployable model benefits from those
conventions even without OCR. This distinction supports a multimodal evaluation protocol in which class metadata,
view hierarchy, OCR text, cropped component pixels, and full-screen context are measured separately before being
combined.

The density results show why aggregate scores should not be reported alone. High-density records have the best LogReg
intent F1 in this run, but density is not an inherent advantage. It can reflect repeated applications, recurring toolbar
structures, or multiple labelled elements from the same software family. A future evaluation should therefore pair
aggregate means with stratified results. The present paper includes per-class, per-density, per-depth, and error-example
tables so that reviewers can inspect whether a model improves evenly or merely benefits from a subset of repeated
contexts.

The strongest practical lesson concerns metric selection. In the table, RoleOnly is a competitive model under full token
F1 because every human label normally contains a role word or a class-like word. If a manuscript reported only token
F1, the conclusion might be that role-only labelling is adequate. Intent F1 reverses that interpretation. It shows that the
user-facing action term is almost always absent. This is exactly the kind of issue that accessibility evaluation must
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surface: conformance cannot be reduced to saying that an object is a button, because the user needs to know which button
to activate.

The stored predictions also enable qualitative review. Reviewers can inspect outputs/predictions.csv and see that many
errors are plausible strings in isolation but wrong in context. For example, “log in button” is a valid accessible name for
a login control, but it is wrong for “themes category” or “page number input.” The goal is therefore not simply to produce
natural-sounding English. The goal is grounded semantic naming. This is where image and layout evidence from the
screenshot/SOM archive should help future models: the visual neighborhood and surrounding text can disambiguate
controls that have identical classes and similar coordinates.

The paper therefore provides a coherent empirical baseline for future inclusive-design work. The baseline is not intended
to replace human review. It is intended to make review sharper: researchers can inspect whether a new model improves
exact match, intent F1, label-in-name80, and per-class behavior while preserving role agreement. This is aligned with
the broader Ul-understanding literature, where screen parsing, screen recognition, widget captioning, and UI embeddings
all demonstrate that interface meaning is multimodal and contextual [6]-[13].

Table 7. Overall model comparison under screenshot-level 10-fold validation.

Model Exact Token F1 | Intent F1 | Jaccard Edit sim Role agree | Label-in-
name80
SeradeReu 0.166 0.559 0.170 0.432 0.409 1.000 0.166
LogReg | 0.036 0.392 0.060 0.261 0.461 1.000 0.041
gtl;‘SSMaiO 0.021 0.408 0.054 0.269 0.471 1.000 0.027
IPE AN 0,021 0.375 0.045 0.244 0.452 1.000 0.029
IPESN o018 0.376 0.043 0.243 0.450 1.000 0.025
Hybrid 0.018 0371 0.041 0.239 0.443 1.000 0.025
gl‘écationR 0.004 0.411 0.026 0.269 0.416 1.000 0.007
RoleOnly | 0.000 0.481 0.009 0.328 0.305 1.000 0.000

Overall label-generation performance

I Token F1
Intent F1

Mean score
o e o
w = o

o
[N

It
e

o
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Figure 4. Token F1 and intent F1 by generator.
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Metric matrix by model
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Figure 5. Metric matrix by model, showing the gap between role agreement and functional correctness.

Table 8. Bootstrap 95% confidence intervals for intent-F1 difference against RoleOnly.

Model Delta CI low CI high
RoleOnly 0.000 0.000 0.000
ClassMajority 0.045 0.028 0.062
LocationRole 0.017 0.005 0.030
TFIDF_INN 0.036 0.019 0.053
TFIDF_5NN 0.034 0.018 0.050
LogReg 0.051 0.032 0.072
Hybrid 0.032 0.016 0.048
OracleReuse 0.161 0.132 0.193

Table 9. Logistic-regression performance by component class.

Class n Exact Token F1 Intent F1 Role agree
Switch 36 0.222 0.511 0.236 1.000
Text Input 79 0.101 0.474 0.207 1.000
Checkbox 65 0.000 0.316 0.043 1.000
Button 90 0.033 0.323 0.033 1.000
Link 48 0.000 0.279 0.029 1.000
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Icon 90 0.011 0.462 0.011 1.000
Dropdown 90 0.000 0.354 0.007 1.000
Radio Button 61 0.000 0.444 0.000 1.000
Best non-oracle model by class: Logistic regression
0.20 A
o 015
g
= 0.10
0.05 A
0.00 -
) Q e & o S o o
ot & d\e&v & v € 9{09‘50 e
Q,?
Component class
Figure 6. Intent F1 of the best deployable model by component class.
Table 10. Logistic-regression performance by density and SOM depth.
Group n Exact Token F1 Intent F1 Label-in-
name80
High Density 205 0.063 0.428 0.096 0.068
Low Density 154 0.032 0.404 0.047 0.039
Medium 200 0.010 0.347 0.034 0.015
ensity
-- depth --
Depth 1 9 0.333 0.587 0.333
Depth 2 176 0.040 0.354 0.056
Depth 3 341 0.029 0.408 0.057
Depth 4 33 0.000 0.381 0.042
Table 11. Representative low-intent-F1 errors for Logistic Regression.
Row Class Human label Generated Token F1 Intent F1
label
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136 Button themes web login 0.000 0.000

category button
109 Button ?I?ppg theme |00 inbutton | 0.000 0.000
158 Text Input reddit searchbar | SORRCCtion 0.000 0.000
encoding input
free tools translate from
293 Dropdown highlight dropdown 0.000 0.000
o secure search
292 Dropdown date highlight dropdown 0.000 0.000
137 Button search f0cUS | jog in button | 0.000 0.000
139 Text Inout email inbox connection 0.000 0.000
P searchbar encoding input : :
46 Text Input ;(é;?gﬁ)élar search input 0.000 0.000
108 Button ant desing use custom | 0.000
wizard icon theme button : :
75 Button ‘i’r';‘gftn“mber log in button | 0.000 0.000
Limitations

The first limitation is modality. The reported experiments use the actual semantic labels.csv records and package
metadata, but the deployable generators evaluated here do not parse screenshot pixels or SOM JSON contents. Therefore,
the conclusions are strongest for metadata-only and retrieval-based label generation. They do not measure the full
potential of a screenshot-aware VLM. This limitation is deliberate in the reproducibility package: every reported output
can be regenerated locally without proprietary API calls, model downloads, or non-deterministic prompting. The
limitation bounds the interpretation without changing the emplrlcal status of the results.

The second limitation is metric design. Intent F1 is useful because it exposes the failure of role-only labels, but it remains
a lexical metric. It does not fully credit paraphrases such as “trash” versus “delete,” and it does not judge whether a
generated label is concise, polite, or safe for a particular assistive technology. Human evaluation and task-based usability
studies remain necessary for deployment. BLEU, ROUGE, and METEOR have similar known limits in generated text
evaluation, especially when references are short [22]—[24].

The third limitation is dataset scale. The experiment covers all 559 labelled events available in the CSV, but many labels
are unique. This makes exact match hard and makes per-class estimates noisy for smaller classes such as Switch and
Link. The source package contains 100 screenshots, yet only 82 unique screenshot filenames appear in the labelled CSV.
The paper treats the event-level CSV as the evaluation ground truth, which is the correct unit for the reported label-
generation task, but future work should also analyze the unlabelled screenshots and SOM files when image-aware models
are tested.

The study also does not substitute for direct user testing. The human labels in the CSV are used as ground truth, but real
accessibility quality depends on how people using screen readers, switch access, or speech input understand and act on
a label during a task. A label that is semantically correct may be too long, too terse, or inconsistent with visible text. The
evaluation therefore measures semantic agreement with the provided human reference labels, not end-user success time
or satisfaction.
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The fourth limitation is that OracleReuse is an upper bound rather than an achievable model. It is included to show the
maximum benefit of training-label reuse under the split. It should not be compared with deployable systems as if it were
a practical generator. A true VLM or LLM with screen evidence may exceed the oracle because it can synthesize new
labels; conversely, it may fall below the oracle if it produces fluent but semantically vague names.

Conclusion

This paper conducted a full reproducible evaluation of generated accessible labels on the specified Ul Component
Semantic Description Dataset. The experiment used all 559 labelled CSV events, screenshot-level 10-fold group
validation, deterministic label generators, stored predictions, and regenerated tables and figures. The strongest
deployable model, logistic regression, achieved exact match 0.036, token F1 0.392, and intent F1 0.060. The role-only
baseline achieved token F1 0.481 but intent F1 0.009, demonstrating that generic role overlap is not a reliable proxy for
accessible-label quality. The oracle upper bound reached exact match 0.166 and token F1 0.559, indicating that label
reuse alone cannot solve the task.

The empirical conclusion is definite: class, density, depth, and coordinate metadata preserve component role but do not
recover enough functional intent. Future LLM/VLM systems for accessible Ul semantics should therefore be evaluated
with intent-sensitive metrics, grouped splits, per-class analysis, and comparison against transparent baselines. A useful
generated accessible label must say not only what kind of control exists, but what the control does. That distinction is
the difference between a formally present role and an inclusive interface.
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