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Text2Image 

Original painting

Fidelity

Comparison

Generation

Title: 'Starry Night'
Artist: Vicnent van Gogh
Style: Post-Impressionism

Date: 1889
...

· 74k paintings 
· 743 artists 
· 20 styles
· 5 centuries

The Four Perspectives

"A turbulent, swirling sky dominates
the scene, set above a quiet village
sleeping under a crescent moon..."

"The composition employs powerful
diagonal and circular brushstrokes to
create rhythmic movement across..."

"An atmosphere of profound anxiety
and awe pervades the scene — the
writhing sky evokes both terror..."

"Characteristic of Van Gogh's late
period at Saint-Rémy(1889),

reflecting his psychological..."

"Painted at Saint-Rémy in 1889, Van Gogh's The Starry Night depicts a swirling
nocturnal sky above a sleeping village, anchored by a dark cypress rising from the

left foreground. Powerful circular brushstrokes and a deep blue-indigo palette
animate the heavens with radiant yellow halos..."

Narrative - Formal - 

Emotional - Historical -

Unified Caption:

What MMArt Further Enables

Perspective-conditioned generation  
Art Visual Question Answering
Multi-perspective VLM training
Art collection summarization
...

Description Correct match found

Perspective(s)

Perspective-Guided
Painting Retrieval 

Gallery

Painting reconstruction
Analysis

Figure 1: Overview of the MMArt dataset. Each painting is annotated with four independently generated perspectives —
Narrative, Formal, Emotional, and Historical that are harmonized into a unified caption. Perspective validity is evaluated
through a text-to-image reconstruction and perspective guided retrieval experiment measuring fidelity.

Abstract
Recent vision-language models demonstrate impressive general
visual understanding, yet their art interpretation remains shallow:
they describe surface content but struggle with formal analysis,
grounded historical interpretation, or affective characterization.
This is not a model but a dataset limitation. Existing art datasets are
single perspective resources, where no dataset provides narrative,
formal, emotional, and historical perspectives simultaneously for
the same artworks. We introduce MMArt, a large-scale dataset of
74,234 WikiArt paintings, each annotated with four independently
generated perspectives plus a harmonized unified caption, produced
by specialized vision-language models or human annotation and
validated through complementary quality evaluations. Two com-
plementarity analyses establish that perspectives encode genuinely
distinct information. A generative analysis shows that formal anal-
ysis descriptions best preserve compositional style, and historical
descriptions carry strong affective signal in reconstructed images. A
discriminative retrieval analysis reveals task-asymmetry: narrative
descriptions drive retrieval (R@1 = 44.0%), while formal descrip-
tions, strongest for reconstruction, are nearly non-discriminative
at retrieval scale (R@1 = 7.8%). Leave-one-out analysis further
confirms that historical descriptions are the least replaceable per-
spective across both tasks. Together, the two analyses establish

MM ’26, Rio de Janeiro, Brazil
2026. ACM ISBN 978-x-xxxx-xxxx-x/YYYY/MM
https://doi.org/10.1145/nnnnnnn.nnnnnnn

that no single perspective suffices for all tasks, directly motivating
MMArt’s multi-perspective design. Dataset, code and supplemen-
tary materials: https://shuaiwang97.github.io/MMArt.

CCS Concepts
• Applied computing→ Fine arts; • Computing methodolo-
gies→ Natural language generation.

Keywords
Artwork Analysis, Multi-perspective Dataset, Multimodal Reason-
ing, Vision-Language Models, Art Understanding

ACM Reference Format:
Shuai Wang, Wangyuan Ding, Yixian Shen, Jia-Hong Huang, Stevan Rud-
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MMArt: A Multi-Perspective Multimodal Dataset for Visual Art Under-
standing. In Proceedings of Proceedings of 2026 International Conference on
Multimedia (MM ’26). ACM, New York, NY, USA, 7 pages. https://doi.org/
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1 Introduction
Understanding a painting is not a simple act of perception. It is a
layered process that draws simultaneously on visual attention, affec-
tive response, formal knowledge, and historical memory [4, 16, 22].
A viewer encountering Vermeer’s Girl with a Pearl Earring1 may

1https://en.wikipedia.org/wiki/Girl_with_a_Pearl_Earring
1
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first register the luminous skin and direct gaze: a narrative ob-
servation. A trained eye may then notice the sfumato technique
and restricted palette: a formal judgment. The same viewer may
feel unease or intimacy: an emotional response. And an art histo-
rian will situate the work within the Dutch Golden Age domestic
portrait tradition: a contextual interpretation. These four acts of
understanding are concurrent and interacting perspectives on a
single visual object.

Recent vision-language models have demonstrated impressive
capabilities in general visual understanding [2, 9, 19], yet their
performance on art interpretation remains shallow: they describe
surface content competently but struggle to produce formal anal-
ysis, grounded historical interpretation, or affective characteriza-
tion [5, 30, 33]. We argue this is not primarily a model limitation
but also a data limitation. Existing computational art datasets are
single-perspective resources, each capturing one interpretive di-
mension in isolation (Tab. 1): SemArt [12] provides iconographic
and historical commentary; ArtEmis [1] covers affective response
at scale; ExpArt [14] contributes expert formal analysis for a small
subset; OmniArt [27] offers broadmetadata coverage but no natural-
language perspectives. No existing resource provides multiple in-
terpretive dimensions simultaneously for the same artworks. As a
result, models trained on these resources learn to describe paintings,
but not to interpret them in the full sense.

We introduceMMArt, a large-scale multi-perspective dataset of
74,234 paintings designed to close this gap. Each painting is anno-
tated with four independently generated perspectives: Narrative
and Scene Interpretation, Formal Visual Analysis, Emotional Re-
sponse, and Historical and Contextual Analysis, plus a harmonized
unified caption. A key design principle is perspective specialization:
ensuring each perspective reflects genuine domain expertise rather
than a single generalist model output. MMArt uses GalleryGPT [5]
for formal analysis, ArtRAG [30] for historically grounded context,
and ArtEmis annotation-conditioned generation [1] for emotional
response. Perspectives are collected independently to preserve in-
terpretive diversity and harmonized into a unified caption through
an explanation synthesis step.

We validate MMArt’s multi-perspective design through two com-
plementarity analyses probing perspective distinctiveness from
opposite directions. A generative complementarity analysis tests
whether each perspective recovers a distinct visual dimension:
given only text, we measure which perspectives best reconstruct
style, composition, and affective tone via text-to-image generation.
A discriminative complementarity analysis evaluates each perspec-
tive(s) as a retrieval query against the full 74k gallery. Perspective
contributions prove task-asymmetric: the narrative perspective
drives retrieval (R@1= 44.0%), while formal descriptions, which
achieve the highest generative fidelity, are nearly non-discriminative
at retrieval scale (R@1 = 7.8%). Together, they establish that no sin-
gle perspective suffices for all tasks, directly motivating MMArt’s
multi-perspective design.MMArt is designed to support perspective-
conditionedmodel training, affective computing on visual art, knowl-
edge-intensive art question answering, and retrieval-augmented
generation tasks that current single perspective datasets cannot
support simultaneously. Our contributions are:

• Multi-Perspective Visual Art Dataset. We introduce
MMArt, a large-scale dataset of 74,234 WikiArt paintings

each annotated with four independently generated interpre-
tive perspectives of narrative, formal, emotional, historical,
via specialized human annotation or vision-language mod-
els, and a harmonized unified caption.

• Perspective Complementarity Analyses. We propose a
two-directional evaluation framework formulti-perspective
art datasets: a generative perspective-to-painting recon-
struction and a discriminative perspective-guided cross-
modal retrieval, jointly probing whether perspectives en-
code distinct and complementary visual information.

• Public Release.MMArt is fully open: dataset, generation
and validation pipeline are publicly available to ensure
reproducible research in multimedia art understanding.

2 Related Work
We discuss related work along two key relevant dimensions: ex-
isting visual art understanding datasets and methods for multi-
perspective art explanation.

2.1 Visual Art Understanding Datasets
Existing datasets for computational art understanding are predomi-
nantly single-perspective resources, each typically capturing a sin-
gle interpretive dimension. SemArt [12] providesWebGallery of Art
(WGA) paintings paired with museum-catalog commentaries that
blend iconographic and historical content, enabling cross-modal
retrieval but offering no formal, emotional, or narrative perspec-
tive. ArtEmis [1] collected 439K crowd-sourced affective utterances
across WikiArt paintings — the largest coverage of emotional re-
sponse to art — but contains no formal, historical, or scene-level
descriptions. ExpArt [14] contributes expert formal and historical
explanations for approximately 3,500 artworks, while Artpedia [26]
separates visual sentences from contextual ones for 2,930 paint-
ings. ArtCaps [20] and earlier captioning datasets [8, 24] target
general or iconographic descriptions at smaller scale. OmniArt [27]
offers the broadest coverage (432K artworks) but provides only
structured metadata rather than natural-language perspectives. For
visual question answering on art, Garcia et al. [13] and ArtQuest [7]
introduce benchmarks that probe factual and semantic understand-
ing but again operate within a single question-answering register.
The common limitation of these datasets is that each captures one
slice of art interpretation: studying the interplay of formal analysis
and affective response typically requires combining incompatible
datasets with different scales, annotation conventions, and artwork
populations. MMArt addresses this gap by providing four comple-
mentary perspectives narrative, formal, emotional, and historical
simultaneously for the same 74,234 paintings, with a unified caption
integrating four explicitly defined perspectives. Table 1 summarizes
the interpretive coverage of existing datasets.

2.2 Perspective-conditioned Art Explanation
Prior work has addressed art explanation from individual interpre-
tive perspectives. Bai et al. [3] come closest, generating separate
content, form, and context descriptions augmented with Wikipedia
knowledge retrieval. However, their framework is trained on Se-
mArt [12], whose museum-catalog commentaries blend multiple
topics without dedicated per-perspective annotation — with more
than 80% of paintingsmissing at least one perspective. GalleryGPT [5]

2
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Table 1: Comparison of art understanding datasets across
interpretive dimensions: Narr. = Narrative, Form. = Formal
Analysis, Emot. = Emotion, Hist. = Historical Context. ✓ =
dedicated annotation;∼ = partial ormetadata only; – = absent.

Dataset Size Narr. Form. Emot. Hist. Unified

SemArt [12] 21K ✓ ∼ – ✓ –
ArtEmis [1] 80K – – ✓ – –
Artpedia [26] 3K ✓ – – ∼ –
ExpArt [14] 3.5K – ✓ – ✓ –
ArtCaps [20] 4K ✓ – – – –
OmniArt [27] 432K – – – ∼ –
MMArt (ours) 74K ✓ ✓ ✓ ✓ ✓

fine-tunes a vision-language model for formal compositional anal-
ysis on the PaintingForm dataset; ArtGPT-4 [33] targets general
artistic understanding via an LLaVA adapter. Both confirm that
specialized models outperform generalists on individual perspec-
tives, yet neither combines multiple perspectives into a unified
dataset. Knowledge grounding is equally critical for historical in-
terpretation, where pure visual inference leads to frequent factual
confabulation [15]. ArtRAG and VL-KGE [10, 30] demonstrates that
art-historical knowledge graphs substantially improve factual accu-
racy and interpretive depth. The key departure of MMArt from all
prior work is scale and coverage: where existing resources capture
one interpretive dimension independently, MMArt provides all four
simultaneously for 74k paintings, enabling the cross-perspective
complementarity analyses that form the core of our validation.

3 MMArt Dataset Construction
The four-perspective architecture is grounded in Panofsky’s frame-
work [22] for layered art interpretation, which distinguishes factual
description, formal analysis, and symbolic meaning as distinct and
non-reducible acts of understanding. We operationalize this as four
computational perspectives: narrative description, which supports
scene-level retrieval and VQA; formal analysis, which enables style
transfer and compositional modeling; emotional response, which
grounds affective computing research; and historical context, which
supports knowledge-intensive generation and RAG benchmarks.
Each perspective targets a distinct downstream task family that
no existing single-perspective dataset can support simultaneously
— this is the core design rationale for MMArt. MMArt is built on
WikiArt2, a publicly accessible repository that has served as the
foundation for numerous computational art understanding bench-
marks [1, 11, 31]. It covers approximately 75k artworks across 20
style categories spanning the 15th through the 21st century, each
associated with structured metadata including title, artist name,
production date, style, and school. The remainder of this section
describes the four-perspective architecture, generation pipeline,
and quality control procedures.

3.1 Four-Perspective Architecture
Rather than generating a single descriptive caption, MMArt decom-
poses each artwork’s annotation into four independently generated
perspectives and one unified description:

2https://www.wikiart.org

𝑃 (𝑖) = {𝑒narr, 𝑒 form, 𝑒emot, 𝑒hist 𝑒unif}, (1)
where 𝑖 denotes a painting and each component captures a dis-

tinct interpretive dimension. Narrative and Scene Interpretation
(𝑒narr): A factual account of the depicted entities, figures, scene
composition, and visual elements as they appear in the image. This
perspective answers what is shown, without invoking symbolic or
historical interpretation. Formal Visual Analysis (𝑒 form): An analysis
of the painting’s compositional structure, including spatial organi-
zation, color palette, brushwork, use of light and shadow, and visual
rhythm. This perspective corresponds to the vocabulary of formal
art criticism, focusing on how the work is constructed. Emotional
Response (𝑒emot): An affective characterization of the painting’s
perceived mood, atmosphere, and psychological tone by a viewer.
This perspective captures the phenomenological dimension of art
encounter—what it feels like to look at the work. Historical and Con-
textual Analysis (𝑒hist): An art-historical interpretation situating the
work within its cultural context: movement affiliation, iconographic
codes, period-specific symbolic meaning, and relevant biographical
or historical circumstances. This perspective answers why the work
looks and means as it does.

In addition to the four independent perspectives, each painting
receives a unified caption 𝑒unif produced by harmonizing all four
into a single coherent description. This unified caption serves as a
strong single-text baseline in benchmark evaluations.

3.2 Generation Pipeline
A central design principle of MMArt is perspective specialization:
each perspective is generated by a model chosen for its demon-
strated strength in the corresponding interpretive task. This is a
deliberate data construction strategy, not a fragmentation of inter-
pretation. Generating perspectives independently with specialized
models ensures each dimension reflects genuine domain expertise,
providing the clean per-perspective supervision that joint multi-
perspective VLM training requires.

Narrative perspective. Qwen3-VL-8B-Instruct [2] is selected for
its broad visual pretraining that minimizes art-domain bias, keeping
output anchored in observable scene content. Narrative captions
are generated from the painting image and metadata alone using
a prompt (𝜋narr) that explicitly prohibits symbolic, historical, or
emotional reference, constraining output to visually observable
entities, figures, and spatial relationships.

Formal analysis. Formal perspectives are generated using spe-
cialized GalleryGPT [5], a LLaVA-7B [19] model fine-tuned on
its PaintingForm dataset specifically for formal art analysis. No
general-purpose VLM matches GalleryGPT’s adherence to formal
criticism vocabulary on this task. Its supervised fine-tuning on
expert-annotated PaintingForm data makes it the only publicly
available model purpose-built for this perspective. The prompt
(𝜋form)instructs themodel to analyze compositional structure, palette,
brushwork, and spatial organization while suppressing narrative
or interpretive content.

Emotional response. Emotional perspectives are generated using
Qwen3-VL-8B-Instruct [2], conditioned on the painting image to-
gether with human-written affective utterances from ArtEmis [1,

3
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Figure 2: Overview of the MMArt dataset construction pipeline. Each painting is processed through four specialized vision-
language models to produce independently generated perspectives (narrative, formal, emotional, historical), which are then
harmonized into a unified caption.

21], a large-scale emotion dataset collected over the same WikiArt
corpus, providing on average 5.7 authentic human responses per
painting. This overlap ensures that affective grounding draws on
real viewer reactions to the exact paintings in MMArt rather than
out-of-domain sentiment signals. Qwen3-VL is chosen here because
its instruction-following capability allows reliable conditioning on
the ArtEmis utterances as affective anchors. The prompt (𝜋emot)
instructs the model to characterize perceived mood and psycho-
logical tone grounded in the provided human utterances, without
describing scene or historical context.

Historical and contextual analysis. Historical perspectives are
generated usingArtRAG [30] augmentedwith structured art-historical
context retrieved via . For each artwork, the top-5 context docu-
ments covering artist biography, movement affiliation, and relevant
historical events are retrieved by embedding ranking and concate-
nated as generation context. This retrieval-augmented approach is
chosen over direct VLM generation because historical and biograph-
ical facts are not recoverable from visual appearance alone [30].
Instead, grounding generation in verified external knowledge sub-
stantially reduces factual error. The prompt (𝜋hist) instructs the
model to situate the work within its cultural and art-historical con-
text using the retrieved documents, explicitly suppressing scene
description and subjective affect.

Unified caption. Given the four independently generated perspec-
tives {𝑒narr, 𝑒 form, 𝑒emot, 𝑒hist}, a unified caption 𝑒unif is produced via
Qwen3-8B [2] using a harmonization prompt that synthesizes the
four perspectives into a single coherent, non-redundant description
of approximately 150 words. The unified caption preserves inter-
pretive breadth while eliminating cross-perspective repetition, and
is designed for downstream tasks such as retrieval and language-
model grounding where a holistic single-text representation is pre-
ferred. Formally, the generation of perspective 𝑣 for painting 𝑤

with image 𝐼 , metadata𝑀 , and optional retrieved context S is:

𝑒𝑣 = VLM𝑣 (𝐼 , 𝑀, S, 𝜋𝑣) , (2)
where 𝜋𝑣 is a perspective-specific prompt template designed to

enforce interpretive focus and minimize cross-perspective overlap.
All perspectives are generated with model’s default decoding tem-
perature and max_tokens = 256. Full prompt templates for all five
generation steps are provided in the supplementary website.

3.3 Quality Control and Data Characterization
Text quality filtering. We apply four automated cleaning steps

to the raw generated output. (i) Script contamination: perspectives
containing non-Latin characters are filtered out, as these indicate
generation failure in which the model switches output language
rather than describing the painting. (ii) Length filtering: 𝑒 length
under 30 words are nulled and filtered out as uninformative, and
explanations exceeding 150 words is truncated at the nearest sen-
tence boundary to remove generation runoff without discarding
content. (iii) Duplicate detection: exact-duplicate descriptions values
across paintings are nulled, as these indicate model collapse on
visually similar inputs. The full dataset retains all 75,336 paintings
with nulls preserved; the experiment-ready subset requires all four
perspectives to be non-null, yielding 74,234 paintings.

A core claim of MMArt is that the four perspectives encode
distinct information rather than stylistic paraphrases of each other.
We validate this at two levels.

Semantic distinctiveness. To quantify the degree of overlap be-
tween perspectives for the same painting, we compute pairwise
cosine similarity between perspective embeddings using CLIP ViT-
L/14 text encodings on a random sample of 1,000 paintings. Ta-
ble 2 reports the mean pairwise similarity between all perspec-
tive pairs. All pairs exhibit low cosine similarity (<0.55), with
the narrative–formal pair showing the greatest divergence and
narrative–historical showing the most overlap, consistent with

4
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the shared factual grounding of both perspectives. These results
confirm that the perspectives are semantically non-redundant.

Table 2: Mean pairwise CLIP-text cosine similarity across per-
spectives. Lower indicate greater semantic distinctiveness.

𝑒narr 𝑒 form 𝑒emot 𝑒hist

𝑒narr 1.00 0.41 0.48 0.52
𝑒 form 0.41 1.00 0.43 0.44
𝑒emot 0.48 0.43 1.00 0.46
𝑒hist 0.52 0.44 0.46 1.00

Table 3: LLM-as-judge quality ratings (1–5 scale, mean±std.)

Perspective Fidelity Accuracy Depth

Narrative 4.49±0.80 4.33±0.95 3.77±0.45
Formal 3.70±1.17 3.62±1.32 3.03±0.74
Emotional 4.99±0.12 4.41±0.71 3.98±0.17
Historical 4.86±0.42 4.28±0.76 3.78±0.43
Unified 4.64±0.68 4.13±1.04 4.08±0.43

LLM-as-judge evaluation. We evaluate all five perspectives using
Gemma-3-27B [28] as an independent vision-language judge on 300
randomly stratified paintings. As a model from a different family
than all generation models used in dataset construction, Gemma-
3-27B mitigates self-evaluation bias. Each perspective is rated on
three dimensions (1–5 scale): perspective fidelity (if the text focuses
on the correct aspect), factual accuracy (if the content is correct,
assessed against both the painting image and metadata), and depth
(if it provides substantive detail beyond generic description). Each
perspective is rated independently in a single zero-shot pass; the
rating prompt instructs the judge to assess only the specified dimen-
sion without reference to other perspectives. The full judge prompt
is provided in the supplementary materials. Table 3 reports the re-
sults. Three patterns are notable. First, 𝑒emot achieves near-perfect
fidelity (4.99±0.12) with the lowest variance of any perspective,
reflecting the accurate information of ArtEmis affective labels. Sec-
ond, 𝑒 form is the weakest perspective across all three dimensions,
particularly in depth (3.03±0.74), attributable to GalleryGPT’s base
model (LLaVA-7B) smaller model capacity relative to the models
used for narrative and historical generation. Third, 𝑒unified achieves
the highest depth score (4.08±0.43) of any perspective, confirming
that the harmonization step produces captions with richer substan-
tive detail than any single-perspective source. Figure. 3 reports the
distribution of constructed MMArt dataset.

Ethical Considerations and License. MMArt is built entirely from
WikiArt, a publicly accessible repository of artworks whose copy-
right has expired or which have been made available for educa-
tional use. The dataset contains no personal data, private images, or
crowd-sourced human annotations beyond the published ArtEmis
dataset [1], which was collected under institutional review. All gen-
erated perspectives describe artworks, not individuals. No licence
terms of the source materials are violated. MMArt is released under
the Creative Commons Attribution 4.0 International license (CC
BY 4.0) for academic and research use.

Narrative (N) Formal (F) Emotional (E) Historical (H) Unified (U)
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Year (bar = Interquartile Range, white line = median; thickness = sample count)
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Northern Renaissance
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Figure 3: Top: Characteristic vocabularies for different per-
spectives, using TF-IDF weighted word clouds. Bottom:
Chronological distribution and volume of art styles.

4 Perspective Complementarity Analyses
Having established that the four perspectives are semantically non-
redundant in Section 3.3, a deeper question remains: Do they con-
tribute differently across tasks? A perspective may encode distinct
information yet still be uninformative for a particular downstream
application. We introduce a two-directional analysis framework
to probe precisely this: whether each perspective’s utility is task-
asymmetric. Both analyses evaluate nine conditions: four singles
(𝑒narr, 𝑒 form, 𝑒emot, 𝑒hist), four leave-one-out triples (each omitting
one perspective), and the unified caption 𝑒unif. Conditions are eval-
uated on the same stratified 1,000 painting samples.

4.1 Two-directional Framework
We designed two-directional analysis framework for the experi-
ment. The generative analysis investigates whether a perspective
can reconstruct a painting, which probing what visual information
each perspective encodes. Given text from one or more perspectives
without the original image, a text-to-image model generates a re-
construction of the original painting. Multi-perspective conditions
are first synthesized into a single coherent ∼80-word prompt using
Qwen3-8B, ensuring all conditions enter the image generator in
the same text format so that differences in fidelity are attributable
to perspective content rather than formatting. Two text-to-image
models including FLUX.2-Klein-4B [6] and Qwen-Image-2512 [32]
are used to confirm that findings are model-agnostic. Reconstruc-
tion fidelity is measured against the original painting across three
complementary metrics:

F (𝑤, 𝑤̂) =
(
𝛿style, 𝛿comp, 𝛿emot

)
, (3)

where 𝛿style is CLIP ViT-L/14 [23] cosine similarity and 𝛿comp
is DINOv3-vitl16-pretrain-lvd1689m embedding cosine similarity.
The two metrics are complementary by design: CLIP’s image–text
contrastive training makes it sensitive to global style and seman-
tic content, while DINOv3’s self-supervised image-only training
yields representations more attuned to local spatial structure and
compositional layout [25]. Together they capture different visual
dimensions of reconstruction fidelity that a single metric would
conflate [29]. 𝛿emot is CLIP zero-shot emotion agreement, measur-
ing the proportion of paintings for which the regenerated image
and the original share the same top-1 ArtEmis emotion label.

5



581

582

583

584

585

586

587

588

589

590

591

592

593

594

595

596

597

598

599

600

601

602

603

604

605

606

607

608

609

610

611

612

613

614

615

616

617

618

619

620

621

622

623

624

625

626

627

628

629

630

631

632

633

634

635

636

637

638

MM ’26, November 10–14, 2026, Rio de Janeiro, Brazil Shuai Wang et al.

639

640

641

642

643

644

645

646

647

648

649

650

651

652

653

654

655

656

657

658

659

660

661

662

663

664

665

666

667

668

669

670

671

672

673

674

675

676

677

678

679

680

681

682

683

684

685

686

687

688

689

690

691

692

693

694

695

696

N F E H
NFE NFH NEH FE

H U
0.0

0.2

0.4

0.6

0.8

Sc
or

e

Singles Leave-one-out Full

CLIP Similarity
(Style / Semantic)

N F E H
NFE NFH NEH FE

H U
0.0

0.1

0.2

0.3

0.4

0.5

0.6

0.7

Sc
or

e

Singles Leave-one-out Full

DINOv3 Similarity
(Composition)

N F E H
NFE NFH NEH FE

H U
0.0

0.2

0.4

0.6

0.8

Sc
or

e

Singles Leave-one-out Full

Emotion Agreement
(Affective Tone)

FLUX.2-Klein Qwen-Image

Figure 4: Reconstruction fidelity across nine perspective conditions for FLUX.2-Klein (blue) and Qwen-Image (red). Shaded
regions separate singles, leave-one-out triples, and the full four-perspective condition. Error bars show ±1 standard deviation.

The discriminative direction asks whether a perspective can
identify a painting among all MMArt candidates, probing how
unique the encoded information is. A perspective that reconstructs
well may still fail to discriminate, and vice versa; only together
do the two directions establish genuine complementarity. We em-
bed all 74,234 MMArt paintings as a fixed gallery using Qwen3-
VL-Embedding-2B [18] and Jina-CLIP-v2 [17], two architecturally
distinct embedding models, to confirm that findings are model-
agnostic. Given a textual perspective as a query, we evaluate de-
scription to painting retrieval on the same stratified 1,000-painting
sample and nine perspective conditions. Retrieval performance is
measured by Recall at 𝑘 (R@𝑘 for 𝑘 ∈ {1, 5, 10}), Precision at 𝑘
(P@𝑘 for 𝑘 ∈ {1, 5, 10}) and NDCG, Mean Reciprocal Rank (MRR),
all computed over the full 74k painting gallery.

Painting Reconstruction Analysis Results. Figure 4 reports recon-
struction fidelity across all nine conditions for image generators.
The unified perspective condition 𝑒unif outperforms all single per-
spectives on both CLIP style similarity and DINOv3 composition,
confirming that combining perspectives yields richer visual ground-
ing than any individual caption. Among singles, 𝑒 form achieves the
highest CLIP fidelity, while FEH leads on emotion agreement, indi-
cating that 𝑒narr contributes less to affective tone than the remaining
perspectives. Leave-one-out analysis confirms that 𝑒hist is the hard-
est perspective to replace, contributing the largest marginal gain
across all three metrics. Together, these results show that each
perspective recovers a distinct subset of fidelity dimensions, and
reconstruction improves as perspectives are combined.

Perspective-Guided Painting Retrieval Results Figure 5 reports re-
trieval performance across all nine conditions. 𝑒narr is the strongest
single perspective (R@1 = 44.0%, MRR= 0.537), while 𝑒hist is nearly
non-functional as a retrieval query (R@1 = 2.2%, MRR= 0.037). This
ordering is the inverse of the regeneration results in Figure 4, where
𝑒 form achieves the highest CLIP fidelity and 𝑒narr the lowest. Leave-
one-out analysis further reveals that 𝑒hist is the least replaceable per-
spective across all three fidelity metrics, while𝑒narr’s contribution to
style and composition is partially redundant when the other three
perspectives are present. The unified caption 𝑒unified (R@1= 45.1%,
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Figure 5: Description to painting retrieval performance
across perspective conditions from the full MMArt gallery.

MRR= 0.548) marginally outperforms 𝑒narr by incorporating com-
plementary scene detail from all four perspectives.

5 Conclusion
We presented MMArt, a large-scale dataset of 74,234 WikiArt paint-
ings, each annotated with four independently generated interpre-
tive perspectives and a harmonized unified caption. Two com-
plementarity analyses establish that perspective utility is task-
asymmetric. No single perspective suffices across reconstruction,
retrieval, and generation, and this directly shows the effectiveness of
MMArt’s multi-perspective design. Leave-one-out analysis shows
that historical descriptions are the least replaceable perspective
across style, composition, and affective tone. The MMArt further
enable perspective-conditioned VLM training, affective comput-
ing research, and knowledge-intensive art question answering and
retrieval-augmented generation. Dataset, generation scripts, and
pre-computed embeddings are publicly released to support repro-
ducible research across all these applications.
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