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Abstract

Large vision-language models are increasingly used in domains where the input image is incomplete, including damaged
paintings, cropped artworks, and restoration scenarios. In these settings, a plausible answer is not sufficient: the model should
distinguish between visible evidence and inferred content, communicate uncertainty, and abstain when the available cues are too
weak. This paper presents the current repository-backed stage of TrueVision, a bilingual English-Romanian dataset and annotation
platform for explainable visual completion on artworks and other incomplete images. The current reportable experimental bundle
contains a shared 100-task overlap annotated by three production annotators, yielding 300 bilingual annotation instances and
deterministic 76/10/14 train-validation-test splits. The live platform already supports a richer structured workflow that separates
visible cues from inferred hidden content in both languages, but the committed gold overlap still follows the earlier single-prediction
annotation format and is therefore the basis of the quantitative results reported here. The paper includes four reproducible local
baselines: zero-shot and few-shot Qwen2-VL 2B prompting, a metadata-aware retrieval baseline, and a lightweight supervised
visual baseline trainable on Apple Silicon. On the held-out test split, retrieval remains the strongest non-learned reference in
English similarity (0.4820), while the trained baseline provides the strongest learned result, with 0.4746 Romanian similarity,
0.4507 English token F1, 0.3223 Romanian token F1, 0.5093 confidence macro-F1, and 0.4853 difficulty macro-F1. These results
show that the TrueVision pipeline is operational end to end and already supports controlled comparison of explainable visual
completion methods in a low-resource bilingual setting.

Keywords:  vision-language models, explainable Al, cultural heritage, dataset construction, multimodal reasoning, uncertainty

estimation, Romanian resources

1. Introduction

General-purpose vision-language models such as Flamingo, BLIP-2, and LLaVA have demonstrated
strong multimodal capabilities, but they are typically evaluated on tasks where the relevant evidence is
present in the image (Alayrac et al., 2022; Li et al., 2023a; Liu et al., 2023). Cultural heritage analysis and
restoration introduce a different setting: the image may be partially destroyed, occluded, or cropped, while
the system is still expected to produce meaningful, evidence-aware explanations. In this context, a visually
plausible completion is only one part of the problem. The more important question is whether the model
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can justify what is visible, state what is inferred, and signal uncertainty when the scene does not support a
reliable conclusion.

Existing work already shows two complementary limitations. On the one hand, modern inpainting
systems produce realistic completions, yet they do not explain why a specific completion is plausible (Lug-
mayr et al., 2022). On the other hand, large vision-language models may hallucinate unsupported objects
or claims when the visual signal is weak or incomplete (Li et al., 2023b). This gap becomes even more
problematic in art analysis, where historically or stylistically inappropriate completions can mislead hu-
man experts. Recent work on artwork explanation and damage analysis confirms that explanation quality,
uncertainty, and domain specificity remain open challenges (Hayashi et al., 2024; Ivanova et al., 2025).

TrueVision is designed as a practical response to this gap. This research targets explainable visual
completion on incomplete artworks, with bilingual annotations in English and Romanian and a workflow
that explicitly captures abstention and confidence. The long-term goal is to fine-tune and evaluate models
that can reason about missing content without collapsing into confident hallucination. The goal of the
present paper is narrower and more realistic, to document the research problem, the dataset design, the
implemented annotation tool, and the evaluation plan that will support the later experimental phase.

2. Related Work and Research Gap

Multimodal foundation models have expanded the scope of image understanding, but their benchmarks
rarely require explicit reasoning under missing evidence (Alayrac et al., 2022; Li et al., 2023a; Liu et
al., 2023). Work on object hallucination shows that models can output linguistically fluent yet visually
unsupported claims, which is especially risky when parts of the image are absent (Li ef al., 2023b). When
the relevant region is hidden or damaged, these models may fall back to dataset priors rather than grounded
visual reasoning. Cultural heritage and analogue media datasets show that damage patterns are diverse and
difficult to generalize across, even for specialized segmentation and restoration tasks (Ivanova et al., 2025).

TrueVision treats this gap as a benchmark design problem. Instead of asking only for a caption or an
answer, it asks for a structured bilingual explanation of the likely hidden content together with uncertainty
metadata. This shifts the focus from generic multimodal fluency to responsible reasoning under partial
observability.

A further motivation is linguistic coverage. Romanian remains under-represented in multimodal tools
and datasets, which limits both evaluation and downstream model adaptation in local contexts (Mitrofan
et al., 2025). TrueVision addresses this by treating bilingual annotation as a core design constraint, not
a post-processing step. This gives the project value beyond restoration. It can also support explainability
research in low-resource multimodal settings.

Work on multimodal explanations also supports the idea that natural-language justification should be
treated as a direct modeling target rather than a by-product of captioning (Park et al., 2018). This is espe-
cially relevant when the model must communicate what is supported by the visible image and what remains
speculative.

The research gap can therefore be stated precisely: existing pipelines either prioritize visual comple-
tion without explanation, or textual explanation without explicit modeling of missing evidence. TrueVision
positions itself between these directions by coupling incomplete-image inputs with structured human ex-
planations, uncertainty signals, and a bilingual annotation workflow.

2.1. Image completion, amodal reasoning, and explanation

Inpainting methods such as Context Encoders, LaMa, RePaint, and Palette show that missing pixels can
be reconstructed with high visual realism (Pathak et al., 2016; Suvorov et al., 2022; Lugmayr et al., 2022;
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Saharia et al., 2022). Yet these methods do not explain why a completion is plausible or how certain the
model is about the missing content. In parallel, recent amodal reasoning work, including Amodal Ground
Truth and Completion in the Wild, pix2gestalt, AURA, and Open-World Amodal Appearance Completion,
moves closer to the challenge addressed here by reasoning about occluded content rather than only visible
regions (Zhan et al., 2024; Ozguroglu et al., 2024; Li et al., 2025; Ao et al., 2025). Complementary work
on multimodal explanations shows that grounded language explanations are themselves a distinct modeling
target rather than a by-product of captioning (Park et al., 2018).

Still, these methods primarily optimize visual outputs such as masks, reconstructions, or amodal shapes.
TrueVision differs because its target output is communicative: what cues are visible, what hidden content is
plausible, and when the evidence is insufficient for a reliable answer.

2.2. Reliability, hallucination, and multilingual explanation

The reliability literature provides the final motivation. Large vision-language models are known to
hallucinate unsupported content, especially when the input is ambiguous or weakly constrained (Li et al.,
2023b). This becomes more severe when the hidden region is semantically decisive. At the same time, mul-
tilingual studies show that explanation quality can degrade outside English. Recent artwork-explanation and
cross-lingual artwork benchmarks are therefore particularly relevant to the bilingual design of TrueVision
(Hayashi et al., 2024; Ozaki et al., 2025), while Romanian resource surveys highlight the practical need for
evaluation in a low-resource multimodal setting (Mitrofan ef al., 2025). Calibration and abstention research
further motivates explicit confidence and reject-option modeling when evidence is insufficient (Guo et al.,
2017; Geifman & El-Yaniv, 2019).

The research gap can be stated precisely. Current pipelines either emphasize visual completion without
explanation, or textual explanation without explicit modeling of missing evidence. TrueVision positions
itself between these directions by coupling incomplete-image inputs with human-authored explanations,
abstention, confidence, and bilingual supervision.

3. Methodology and Benchmark Design

3.1. Task definition

For each masked image x and corresponding mask m, the benchmark target is a structured bilingual
output that contains visible-cue text, hidden-content text, and uncertainty metadata. The output tuple is
defined as follows:

¥ = (Zobs,ens Lobs,ro» finf,ens finf,ro» @ C, d) (3.1

In Equation (3.1), #,bs denotes observation grounded in the visible image, #,r denotes the inferred hid-
den content, a is the abstention flag, c is a three-level confidence score, and d is the perceived difficulty
label. Each annotation instance therefore records both content and epistemic status, allowing evaluation
to measure not only semantic plausibility but also whether a method remains appropriately cautious under
missing evidence.

3.2. Dataset construction pipeline

The benchmark pipeline begins with artwork collection, continues with synthetic mask generation and
shared task assignment, and ends with annotation, gold aggregation, dataset preparation, and baseline eval-
uation. The pipeline is summarized in Figure 1. The dataset used in this paper includes a seeded pool of
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1000 masked tasks, together with a shared evaluation subset of 100 tasks annotated by three production an-
notators. Synthetic masking is deliberately diverse: rectangular, elliptical, and irregular polygon masks are
used so that the benchmark covers both semantically central and semantically peripheral missing regions.

Artwork Mask Task Annotation Gold Dataset Baselines and
collection creation assignment interface aggregation preparation evaluation
> > hared > Masked-i first > M d > >
Curated art Synthetic masks Share asked-image-nirs! erge Training, Prompting,
images from the with diverse ann;:tat;‘on plan 'E’.’l.u': Wltlh aunarffzt?gf:tsr;r:d validation, and retrieval, learned
source dataset shapes and sizes ar?r:;tartiers rels::)%usaes a e);ports test-ready data baseline, metrics

Figure 1. TrueVision pipeline from artwork collection to evaluation.

3.3. Annotation interface and masked-image-first workflow

The annotation platform is implemented locally with Flask, SQLite, and Pillow. Each annotator logs
in, receives a queued task, sees the masked image by default, and can optionally reveal the original image.
This masked-image-first design is not cosmetic. It forces the primary judgment to begin from incomplete
evidence rather than from direct inspection of the full painting. The combined interface views are shown in

Figure 2.
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Figure 2. Annotation interface before and after revealing the original image.
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The application supports bilingual text fields, confidence, difficulty, queue management, skip behavior,
and export operations. The annotation controls used in the benchmark are summarized in Table 1, while the
schema used for structured prediction is visualized in Figure 3.

Table 1. Annotation fields and controls used in the benchmark workflow.
Description

English and Romanian responses for the masked region, separated into visible cues
and inferred hidden content.

Element
Bilingual text entry

Abstention Boolean field used when the hidden content cannot be inferred reliably from the
visible evidence.

Confidence Three-level scale with values 1, 2, and 3.

Difficulty Ordinal label with easy, medium, and hard.

Mask families
Queue actions

Rectangle, ellipse, and irregular polygon masks.
Save-and-next, skip, progress tracking, and undo-last-save behavior.

s N
Input

Masked artwork image
+ mask type + style metadata

\ l\
e N N

Observed cues

observed_cues_en
observed_cues_ro

Inferred hidden content

inferred_hidden_content_en
inferred_hidden_content_ro

l l

s N

Uncertainty metadata
abstain | confidence (1/2/3) | difficulty (easy/medium/hard)

- J

Figure 3. Annotation schema for visible cues, inferred hidden content, and uncertainty metadata.

Figure 4 restates the benchmark pipeline in a compact schematic form: data collection feeds masking
and curation; curated tasks enter the bilingual annotation interface; structured exports support both baseline
construction and evaluation; and the final release packages the dataset, code, and documentation needed for
reproducible reuse.

End-to-end workflow for the TrueVision benchmark

ata sources : nnotation B li Evaluation elease
pat Mesking & | { annotation un | [ Stpuctured Rel
Real damaged artworks Mask generation, BilinguallEN/RO JSON/CSV export with Generation, retrieval, Similarity; Dataset{codey
and synthetic quality filtering, and e o e end e reliability, and ettty
occlusions metadata collection and difficulty systems Th P Y

hidden content agreement analysis checklist

Figure 4. End-to-end workflow diagram for data sourcing, annotation, export, baselines, evaluation, and release.
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3.4. Frozen splits and experimental material

The benchmark subset used in this paper consists of 100 distinct tasks completed by three production
annotators, which yields 300 bilingual annotation rows. These rows are organized into frozen train, valida-
tion, and test bundles. The split statistics are given in Table 2. The reported dataset is intentionally fixed so
that all baselines are compared under identical conditions and the same randomization of mask placement
and annotation pairing.

Table 2. Dataset summary and frozen split composition.

Subset / component Tasks | Annotation instances | Notes

Seeded task pool 1000 300 Masked-image pool used for task assignment and later expansion.
Shared evaluation subset 100 300 Three production annotators per task.

Training split 76 228 Used for retrieval indexing and supervised baseline training.
Validation split 10 30 Used for model selection and ablation analysis.

Test split 14 42 Held-out evaluation used only for final comparison.

To select the lightweight supervised baseline, the repository uses a validation composite score that
prioritizes bilingual semantic quality while preserving structured-prediction behavior. The model-selection
scalar is defined as:

S comp = 0.3 Simgy + 0.3 Simgp + 0.2 Flgy + 0.2 Flgo. (3.2)

Equation (3.2) is used for model selection, not for final evaluation. The final comparison relies on
the full metric suite reported in the results section so that semantic quality, label prediction, and metadata
reliability remain visible rather than being collapsed into a single scalar.

4. Experiments

4.1. Baselines

The baseline ladder contains four systems. The first two are prompt-only Qwen2-VL 2B variants: a
zero-shot prompt and a few-shot prompt. The third is a metadata-aware retrieval baseline built on CLIP-
style image-text representations (Radford et al., 2021; Wang et al., 2024) and training-split nearest-neighbor
reuse. The fourth is a lightweight trained visual baseline that uses a frozen image encoder with trainable
prediction heads for bilingual hidden-content labels and metadata. This final model is intentionally compact,
but it is operationally important because it tests whether supervised learning is preferable to prompt-only
behavior when the input is incomplete.

4.2. Metrics

The reported metrics combine free-text similarity and structured prediction. Simgy and Simgo mea-
sure English and Romanian semantic similarity against human reference annotations; these are normalized
semantic-overlap scores for free-form generation and should not be interpreted as classification accuracy.
Flgy and Flgo evaluate structured hidden-content label prediction derived from the textual outputs, while
confidence and difficulty are evaluated with macro-F1. This combination is essential because a completion
benchmark should reward not only plausible wording, but also stable label prediction and reliable uncer-
tainty estimates.
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4.3. Evaluation setting

Validation uses the 30 annotation instances associated with the shared 10-task validation slice. Test
uses the 42 instances associated with the 14-task held-out slice. All experiments were run locally and
reproduced under the same workflow so that each baseline is evaluated on the same benchmark split, with
identical masks and paired human references.

5. Results

5.1. Validation comparison across baselines

The full validation comparison is shown in Figure 5 and summarized numerically in Table 3. Three
conclusions stand out. First, zero-shot prompting is clearly inadequate: it yields low bilingual similarity
and almost no useful structured prediction behavior. Second, the few-shot prompt improves lexical overlap,
but it remains unreliable because it collapses to repeated answers, which indicates imitation of the prompt
examples rather than grounded reasoning. Third, the retrieval baseline and the trained visual baseline form
the first genuinely useful pair of baselines. Retrieval is competitive on English similarity and remains
a strong non-parametric reference, but the trained visual baseline is stronger on label F1 and confidence
prediction, which is more important for an explainable benchmark.

Validation comparison across current baselines

B Zero-shot Qwen2-VL 26 WM Retrieval baseline
0.6 mem Few-shot Qwenz-VL 2B W Trained visual baseline
0.5 1
0.4 4
,g 0.3 4
0.2
0.1
0.0
EN sim RO sim EN F1 RO F1 Conf. macro-F1
Figure 5. Validation comparison across the benchmark baseline ladder.
Table 3. Validation performance across baselines using semantic similarity and macro-F1.
Baseline ENsim. | ROsim. | ENF1 | RO F1 | Conf. macro-F1
Zero-shot Qwen2-VL 2B 0.310 0.291 0.087 0.015 0.153
Few-shot Qwen2-VL 2B 0.544 0.497 0.456 | 0.329 0.249
Retrieval baseline 0.462 0.423 0.397 0.204 0.372
Trained visual baseline 0.485 0.430 0.428 | 0.261 0.551

The few-shot prompt deserves special caution. Its higher similarity scores are accompanied by near-
total output collapse. In practice, it behaves like a template copier rather than a robust reasoner over masked
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images. For this reason, the paper treats it as an exploratory ablation rather than as the preferred strong
baseline. The comparison that matters more is retrieval versus trained supervision. The retrieval baseline
shows that training-set reuse is already informative when the hidden region is constrained by painterly
context, while the trained visual baseline shows that modest supervised learning can convert that signal into
better metadata prediction and better label-level stability.

5.2. Held-out test results

The held-out comparison between the retrieval and trained visual baselines is shown in Figure 6 and
reported in Table 4. On the test set, retrieval remains slightly stronger on English similarity, but the trained
visual baseline is better on Romanian similarity, both label F1 scores, and both metadata macro-F1 scores.
This pattern is encouraging because it suggests that supervision is helping precisely where the benchmark
is structurally more difficult: cross-lingual consistency and uncertainty-related prediction.

Held-out test comparison: retrieval vs trained visual baseline

0.7 EEm Retrieval baseline
’ mm Trained visual baseline
0.6
0.5
L 0.4
=]
@
0.3
0.2
0.1
0.0
EN sim RO sim EN F1 RO F1 Conf. macro-F1 Diff. macro-F1
Figure 6. Held-out test comparison between retrieval and trained visual baselines.
Table 4. Held-out test results for the two strongest benchmark baselines.
Baseline ENsim. | ROsim. | ENF1 | ROF1 | Conf. macro-F1 | Diff. macro-F1
Retrieval baseline 0.482 0.436 0.412 0.235 0.420 0.420
Trained visual baseline | 0.468 0.476 0.450 | 0.322 0.509 0.486

The test-set pattern highlights the complementary strengths of the two strongest methods. Retrieval
remains competitive on English semantic similarity because it directly reuses stylistically related training
examples. However, the trained supervised baseline is stronger on Romanian similarity, both hidden-content
F1 scores, and both metadata macro-F1 scores. This indicates that supervision helps precisely on the di-
mensions that matter most for explainable visual completion: cross-lingual consistency, label stability, and
uncertainty prediction.

5.3. Learning dynamics of the trained visual baseline

The learning dynamics in Figure 7 show that the trained visual baseline converges quickly, with the
strongest validation composite appearing early and remaining stable afterward. This behavior is typical for
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a compact supervised head on top of a frozen image encoder: training loss continues to decrease, but valida-
tion gains plateau once the model has extracted the most informative cross-task visual cues. Operationally,
this is useful because it shows that the benchmark can support reproducible training even on modest local
hardware.

Learning curve of the trained visual baseline
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0.8
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E
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Figure 7. Learning curve of the trained visual baseline used for model selection.

5.4. Agreement buckets and benchmark difficulty

A useful property of TrueVision is that it does not collapse disagreement into annotation noise. The
shared three-annotator design makes it possible to define agreement buckets that separate clearer cases from
genuinely ambiguous ones. The current repository scaffold produces the frozen bucket distribution shown in
Figure 8: 40 high-agreement tasks, 20 neutral tasks, and 40 ambiguous tasks. This near-symmetric structure
is valuable because it prevents the benchmark from becoming dominated by trivially easy examples while
still preserving a core of clearer cases for stable comparison.

Frozen agreement buckets in the v2 scaffold

Tasks

ambiguous neutral high_agreement

Figure 8. Agreement bucket distribution used in the benchmark split.
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The existence of a large ambiguous bucket is not a weakness of the dataset; it is part of the phenomenon
being studied. In incomplete-image reasoning, several completions may remain compatible with the visible
evidence. A trustworthy model should therefore reflect this ambiguity through lower confidence, abstention,
or less specific hidden-content claims instead of committing to a single overconfident hallucination.

5.5. Qualitative analysis

Qualitative inspection supports the same interpretation as the quantitative results. The representative
examples in Figure 9 show a partial success and a clear failure of retrieval baseline v1. In the left example,
the system retrieves another harbor scene and predicts boats and open water, which is compatible with the
painterly context and mask placement. In the right example, retrieval confuses a face-and-hand sketch with
a landscape scene, which demonstrates how brittle nearest-neighbor matching can become when the missing
region is semantically central but the visible context is visually sparse or stylistically misleading.

Left task 98, partialsuccess on harborscene Right task 44, failure from face region to landscape

Figure 9. Qualitative retrieval examples: partial success on task 98 and clear failure on task 44.

This type of error is precisely why the benchmark should not be reduced to a retrieval-style similarity
task. Strong retrieval can look convincing when painterly themes align, but it can also import the wrong
object class, scene type, or narrative element when the visible evidence is weak. The trained visual baseline,
even though still modest, is already more reliable on structured prediction because it does not depend on a
single nearest-neighbor match.

6. Discussion

The reported semantic-similarity values should be interpreted in relation to the benchmark definition.
Simgy and Simgo are free-form semantic-overlap scores, not exact-match accuracy values. Because the
task asks for bilingual natural-language explanations of masked content, often with several plausible com-
pletions, scores in the 0.45-0.48 range already reflect meaningful alignment between model output and
human reference explanations. In this setting, an apparently modest numeric difference often corresponds
to a visible qualitative change in grounding and hallucination behavior.

Across baselines, the main lesson is that stronger prompting alone is not sufficient for reliable hidden-
region reasoning. Prompt-only methods are prone to generic completions and mode collapse, while re-
trieval and supervised learning preserve more task-specific structure. The strongest overall result in this
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paper is therefore not a single headline number, but the pattern across metrics: retrieval offers a robust
non-parametric reference, whereas the trained visual baseline provides the most balanced performance on
bilingual content prediction and uncertainty metadata. For cultural-heritage applications, this balance is
more important than visually plausible but weakly supported completions.

7. Conclusion

TrueVision formulates incomplete-image reasoning as a benchmark for explainable visual completion
rather than as a variant of generic captioning. The benchmark couples masked artworks, bilingual human
explanations, and explicit uncertainty signals in order to evaluate whether a model can remain grounded
when decisive visual evidence is missing.

The paper contributes a complete account of the dataset design, annotation workflow, benchmark splits,
quantitative evaluation, and qualitative analysis. The included figures and tables document the full experi-
mental pipeline, from masking and annotation to held-out comparison across baseline families.

Empirically, the benchmark shows a clear hierarchy of methods. Prompt-only inference is the weakest
strategy because it collapses toward generic answers; metadata-aware retrieval is a strong reference baseline;
and lightweight supervised learning delivers the best balanced results on Romanian semantic similarity,
structured hidden-content prediction, and uncertainty metadata. These findings demonstrate that explainable
visual completion is both measurable and experimentally tractable, and they establish TrueVision as a strong
foundation for future multimodal research on incomplete artworks.
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