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Abstract
Music-induced painting is a unique artistic practice, where
visual artworks are created under the influence of music.
Evaluating whether a painting faithfully reflects the music
that inspired it poses a challenging perceptual assessment
task. Existing methods primarily rely on emotion recognition
models to assess the similarity between music and painting,
but such models introduce considerable noise and overlook
broader perceptual cues beyond emotion. To address these
limitations, we propose a novel framework for music-induced
painting assessment that directly models perceptual coher-
ence between music and visual art. We introduce MPD, the
first large-scale dataset of music–painting pairs annotated by
domain experts based on perceptual coherence. To better han-
dle ambiguous cases, we further collect pairwise preference
annotations. Building on this dataset, we present MPJudge, a
model that integrates music features into a visual encoder via
a modulation-based fusion mechanism. To effectively learn
from ambiguous cases, we adopt Direct Preference Optimiza-
tion for training. Extensive experiments demonstrate that our
method outperforms existing approaches. Qualitative results
further show that our model more accurately identifies music-
relevant regions in paintings.

Introduction
Synesthesia is a cross-sensory phenomenon where the stim-
ulation of one sense can trigger another. For example, hear-
ing music might cause a person to see colors. This phe-
nomenon provides a natural way to explore how humans
perceive connections between different sensory modali-
ties (Xing et al. 2021; ADAJIAN 2006). Inspired by this
phenomenon, music-induced painting refers to the artistic
practice of creating visual artworks influenced by music.
These paintings aim to translate musical properties—such
as rhythm, emotion, and structure—into visual forms, en-
abling cross-modal interpretation and creativity. While the
interplay between music and painting has been widely ex-
plored in cognitive science and art, computational assess-
ment of music-induced paintings remains largely underde-
veloped.

Existing studies related to music and painting primarily
focus on music–painting matching, where the goal is to re-
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Figure 1: Examples of music-induced painting assessment
with ground truth (and predicted) scores at the bottom.

trieve or align paintings and music clips based on shared
emotional content (Verma, Dhekane, and Guha 2019; Zhao
et al. 2020). These methods typically formulate the task as
an emotion alignment problem, leveraging emotion recog-
nition models to estimate whether the two modalities evoke
similar affective states. While emotion serves as an intuitive
bridge for cross-modal correspondence—widely explored
across images (Zhao et al. 2018), music (Han et al. 2022),
and text (Sailunaz and Alhajj 2019)—this reliance intro-
duces several limitations. Emotion recognition models tend
to be imprecise, and relying on them in evaluation further
increases uncertainty. Moreover, focusing solely on emotion
overlooks richer perceptual features such as rhythm, timbre,
spatial composition, and visual texture that are crucial for
accurately assessing cross-modal perceptual alignment.

Building on vision and language modeling paradigms,
most existing methods for music-induced painting assess-
ment adopt dual-encoder architectures, where music and
painting features are extracted independently and combined
using similarity-based losses or shallow regression heads.
However, perceptual coherence in music-induced paintings
appears at multiple levels, ranging from low-level cues
such as color, rhythm, and texture to high-level elements
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like composition, semantics, and emotional tone. Capturing
these subtle relationships requires fine-grained and contin-
uous cross-modal fusion, which simple late-stage interac-
tions cannot achieve. In addition, there is currently a lack
of high-quality datasets for this task. Existing datasets such
as IMAC (Verma, Dhekane, and Guha 2019) and IMEM-
Net (Zhao et al. 2020) focus primarily on emotion-based
alignment. However, in both cases, annotations are gener-
ated by automated emotion recognition models rather than
grounded in direct human perceptual judgments.

To address these limitations, we propose a comprehen-
sive framework for assessing music-induced paintings based
on perceptual coherence. First, we construct a large-scale
dataset with human-aligned perceptual annotations, com-
prising approximately 6,000 pieces of music and 11,000
paintings. From these, we generate over 50,000 mu-
sic–painting pairs, each annotated with a scalar score reflect-
ing perceived coherence. To better handle ambiguous cases
(pairs with scores near 0.5), we additionally collect pairwise
preference annotations from domain experts. Second, we in-
troduce MPJudge, a model that integrates music features
into the visual encoder via modality-adaptive normalization
(MAN). To effectively learn from preference data, we adopt
Direct Preference Optimization (DPO), marking the first use
of this technique in cross-modal painting assessment. Exten-
sive experiments on multiple benchmarks demonstrate that
our method significantly outperforms existing approaches,
and visual analysis shows that our model captures music-
relevant regions more accurately and interpretably.

In summary, our main contributions are as follows:
• We introduce the task of music-induced painting assess-

ment and construct MPD, the first large-scale dataset
with human perceptual annotations for this task.

• We propose MPJudge, a novel music-conditioned visual
encoder with MAN, and apply DPO loss to learn from
ambiguous perceptual supervision.

• We conduct extensive experiments and user studies,
demonstrating that our method surpasses state-of-the-
art approaches and offers better interpretability through
residual activation map visualization.

Related Work
Painting Assessment
Many early works on painting assessment focuses on
emotions or aesthetics. The MART dataset (Yanulevskaya
et al. 2012) includes 500 abstract paintings, each labeled
with a positive or negative emotion. The JenAesthetics
dataset (Amirshahi et al. 2014, 2016) collectes high-quality
paintings and oil paintings from museums. These datasets
are mainly used to study overall aesthetic quality, but they do
not provide detailed labels. Later datasets adds more detailed
evaluations. The VAPS dataset (Fekete et al. 2023) scores
999 famous paintings from five different angles, such as how
expressive or symbolic they are. The BAID dataset (Yi et al.
2023) uses over 60,000 paintings from the internet, and gave
each painting an aesthetic score based on user votes. The
AACP dataset (2024) (Jiang et al. 2024) focuses on chil-
dren’s drawings. It included 1,200 real drawings labeled by

experts on eight different aspects, such as color, composi-
tion, and creativity. A recent work, PPJudge (Jiang et al.
2025) proposes to assess how the artwork evolves over time
and scores intermediate steps.

Unlike the above studies, we focus on assessing music-
induced paintings—artworks created under the influence of
music. Our goal is to evaluate whether a painting percep-
tually aligns with the music that inspired it. This calls for
a new form of assessment, one that directly compares what
people see and what they hear.

Bridging Music and Painting
Bridging Music and Painting, a study on cross-sensory as-
sociations, is in the early stages of research (Mattek and
Casey 2011). To establish a relationship between music and
images, researchers have explored a variety of intermediate
media, including emotional tags and content description.

Emotional tags are an intuitive link between music and
images. Generally, emotion is mainly measured by two rep-
resentative models: Dimensional Emotion Space (DES) and
Categorical Emotion States (CES). DES models, such as
valence-arousal (VA) (Hanjalic 2006) and valence-arousal-
dominance (VAD) (Gunes and Schuller 2013), provide a
continuous space for representing emotions, allowing for
more nuanced and flexible descriptions. On the other hand,
CES models provide clear, easy-to-understand emotion la-
bels (Zhao et al. 2022), such as happy or sad, which facilitate
quick and concise emotional analysis.

Content descriptions, unlike emotional tags, focus more
on what the image contains. CJME (Parida et al. 2020)
and AVGZSLNet (Mazumder et al. 2021) use content tags
(such as ’cat’ and ’dog’) to map audio, video and text into
a shared space, facilitating vision-based retrieval. Another
study (Mercea et al. 2022) uses more complex text labels for
zero-shot learning.

The methods described above rely on intermediate rep-
resentations to bridge the gap between music and painting.
In contrast, our work seeks to establish a direct connection
between music and painting, grounded in human perceptual
judgments rather than proxy representations.

Music Painting Matching Models
The concept of audio-visual correspondence is first explored
by L3-Net (Arandjelovic and Zisserman 2017), which em-
ploys a binary classification to determine the alignment be-
tween audio and images. Following this, emotion recog-
nition emerges as a pivotal tool in both image and mu-
sic domains. Subsequently, many studies have adopted this
emotion-based framework for image-music matching. For
instance, ACP-Net (Verma, Dhekane, and Guha 2019) aimed
to decode the emotional correlations between images and
music using discrete emotion labels. Furthermore, CD-
CML (Zhao et al. 2020) introduced continuous emotion
scores, enhancing the precision of match assessments. Be-
yond emotion-centric methods, alternative approaches have
successfully matched music and images by focusing on con-
tent recognition (Nakatsuka, Hamasaki, and Goto 2023),
which uses simple embedding interaction.

5425



Figure 2: Statistical distribution of our dataset.

In contrast to these approaches, our method adopts a
visual-centric architecture, where music features are inte-
grated into the painting encoder through a modulation-based
fusion mechanism. This design enables deeper cross-modal
interaction and enhances the interpretability of the model.

Dataset
Our dataset MPD consists of tuples (Pi,Mj , Sij), where Pi

denotes the i-th painting, Mj denotes the j-th music clip,
and Sij represents the perceptual coherence score between
them. Ideally, such assessment would be based on paintings
created directly under musical influence. However, due to
the scarcity and limited quality of such data, we construct
MPD using independently sourced content, with expert an-
notations to assess perceptual coherence. Specifically, we
first collect a large number of paintings and music clips.
Then, we randomly pair them to form candidate samples.
Finally, we invite 35 domain experts to annotate each pair
with a scalar score.

Data Collection
Painting. We collect paintings from two primary sources.
The first includes 9,885 artworks from the WikiArt
dataset (Tan et al. 2019), spanning five representative
styles: Art Nouveau Modern (4,268), Abstract Expression-
ism (2,735), Baroque (2,674), Analytical Cubism (110),
and Action Painting (98). These styles are chosen to cap-
ture a diverse range of visual abstraction, emotional expres-
siveness, and structural complexity. Additionally, we incor-
porate approximately 1,200 children’s paintings from the
AACP dataset (Jiang et al. 2024), which introduce more
spontaneous and less conventional visual patterns. The dis-
tribution is shown in Figure 2 (a).

Music. We first collect approximately 1,000 full-length
music tracks from the DEAM dataset (Alajanki, Yang, and
Soleymani 2016). To standardize the input format and in-
crease sample diversity, we segment each track into multiple
non-overlapping 15-second clips, resulting in a total of 6,127
music segments. Each clip is then transformed into a Mel
spectrogram as model input, using a sample rate of 16,000
Hz, FFT size of 1,024, 128 Mel bins, and a hop length of
512. The distribution of emotional content across these mu-
sic clips is illustrated in Figure 3 (b).

Data Annotation
We invite 35 domain experts to annotate the music–painting
pairs. All annotators are either professional instructors or
graduate students from art academies, ensuring a high level
of domain expertise. Additional information on the annota-
tors is provided in the Supplementary Material.

Prior to annotation, we conduct a briefing session to stan-
dardize the annotation protocol. During the session, we ex-
plain the goal of the task and define perceptual consistency
as the degree to which the perceptual experience evoked by
the music aligns with that evoked by the painting. This task
involves cross-modal perception, requiring annotators to
judge whether the music and painting evoke comparable per-
ceptual impressions. Importantly, this notion of consistency
goes beyond basic emotional alignment (e.g., “happy music
matches a happy painting”), encompassing more nuanced,
synesthetic associations—such as rhythm corresponding to
brushstroke dynamics, timbre relating to color palette, or
musical tension aligning with visual composition. Detailed
examples are provided to calibrate annotators’ judgments
and ensure a shared understanding of these cross-sensory
correspondences.

Each music–painting pair is independently annotated by
five annotators. To mitigate the influence of outliers, we dis-
card the highest and lowest scores and compute the average
of the remaining three to obtain the final consistency score
for each pair. In total, we collect annotations for 50,000 mu-
sic–painting pairs, forming a large-scale dataset for cross-
modal perceptual alignment. The score distribution is shown
in Figure 2 (c).

Annotation Analysis
To evaluate annotation reliability, we adopt both statistical
dispersion metrics and inter-rater agreement measures.

For each music–painting pair, we compute the standard
deviation σ of the five raw scores {s1, s2, . . . , s5} to assess
the dispersion of annotators’ judgments. Across all samples,
the average standard deviation is 0.078. A total of 84.8%
of the samples have σ < 0.09, and 99.0% fall below 0.11,
indicating that annotator ratings are generally consistent.

In addition, we adopt Krippendorff’s Alpha to evalu-
ate inter-rater agreement. This metric is well-suited for
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continuous-valued ratings and does not require all raters to
annotate all items, making it appropriate for our setting in
which each sample is rated by a different subset of five out
of 30 experts. Krippendorff’s Alpha is defined as:

α = 1− Do

De
, (1)

where Do denotes the observed disagreement, and De de-
notes the expected disagreement due to chance. For interval-
level data, these are computed as:

Do =

N∑
i=1

∑
j<k

(sij − sik)
2

N∑
i=1

(
ni

2

) , De =

∑
j<k

(sj − sk)
2

(
Nt

2

) , (2)

where sij and sik are scores from two raters for the same
item i, ni is the number of raters for item i, and Nt is the
total number of individual ratings across all items. In our
dataset, the computed alpha score is 0.86, indicating a high
level of consistency among annotators and validating the re-
liability of our perceptual annotations.

Preference Annotation for Ambiguous Pairs
In our initial annotation, each painting–music pair is as-
signed a scalar relevance score s ∈ [0, 1], indicating the
degree of perceptual coherence as rated by expert annota-
tors. However, we observe that a substantial portion of the
scores cluster around 0.5, reflecting annotator uncertainty or
the intrinsic ambiguity of certain pairs. To better capture nu-
anced perceptual preferences in such cases, we construct a
secondary dataset based on pairwise preference judgments.

Construction of Preference Pairs. We focus on the
ambiguous region where the mean consistency scores fall
within the range [0.4, 0.6]. From these samples, we ran-
domly generate preference pairs of the form {(Mi,Mj) |
Pm} and {(Pi, Pj) | Mn}, where the task is to select, for
a given query Pm or Mn, which of the two candidate items
((Mi,Mj) or (Pi, Pj)) is more perceptually aligned. In to-
tal, we construct 10,428 such preference tasks.

Quality Control. Each preference task is labeled by at
least three annotators. To ensure label reliability, we retain
only those instances where a consensus (i.e., majority agree-
ment) is reached. This results in 5,582 music-to-painting and
5,403 painting-to-music preference samples. These pairwise
annotations serve as the foundation for our Direct Preference
Optimization (DPO) training objective.

Method
Overview
Given a set of paintings P = {Pi}Ni=1 and music clips
M = {Mi}Ni=1, our goal is to learn a prediction model fθ
that estimates the perceptual relevance between any paint-
ing–music pair:

fθ : (Pi, Sj) → [0, 1],

where each music clip Mj is represented as a mel-
spectrogram Sj ∈ RH×W×1, and each painting Pi is rep-
resented as an RGB image Pi ∈ RH×W×3.

The overall architecture is illustrated in Figure 3. We first
extract music features using a lightweight convolutional en-
coder tailored for spectrogram inputs. The corresponding
painting is then encoded using a Transformer-based image
encoder, augmented with a Modality-Adaptive Normaliza-
tion (MAN) module to integrate music information. Finally,
the fused representation is used to predict perceptual coher-
ence, supervised jointly with a regression loss (on scalar rel-
evance scores) and a preference loss based on Direct Prefer-
ence Optimization (DPO), capturing both absolute and rela-
tive perceptual coherence.

Music Encoder
We adopt a lightweight convolutional encoder to extract fea-
tures from mel-spectrogram inputs. Unlike natural images,
mel-spectrograms exhibit relatively low structural complex-
ity and contain more localized time–frequency patterns.
Therefore, a deep hierarchical architecture is not required.
The encoder consists of four convolutional blocks, each
comprising a convolutional layer, batch normalization, and a
SiLU activation. After convolutional processing, the output
feature map of shape [C,H ′,W ′] is reshaped into a token
sequence of shape [H ′ ×W ′, C]. A linear projection is then
applied to map the features to a fixed embedding dimension
compatible with downstream modules.

Painting Encoder
Painting and music belong to distinct sensory modalities.
Paintings convey visual information, while music conveys
auditory signals. As a result, using the same type of encoder
for both is suboptimal. Visual images typically contain rich
semantic content such as objects, scenes, and spatial lay-
out (Liang et al. 2025). In contrast, mel-spectrograms lack
such high-level spatial structure and exhibit more localized
patterns. Therefore, we treat music features not as indepen-
dent inputs but as contextual signals that guide the represen-
tation learning of visual content. To support this design, we
adopt an asymmetric dual-branch architecture. The paint-
ing encoder serves as the main processing stream, and mu-
sic features—extracted by a lightweight convolutional en-
coder—are injected at multiple stages of the visual back-
bone.

Based on this inspiration, we introduce a module called
Modality-Adaptive Normalization (MAN) to inject music
features into the visual stream. In this formulation, painting
features x ∈ RB×L×d serve as the content input, and music
features y ∈ RB×d act as the modulation signals. MAN can
be defined as:

MAN(x, y) = γ(y) · x− µ(x)

σ(x) + ϵ
+ β(y), (3)

where µ(x) and σ(x) denote the mean and standard devi-
ation of x across the sequence dimension, computed per
feature channel. The functions γ(·) and β(·) are linear pro-
jections applied to the music features to produce scale and
shift parameters. This operation is inserted after each self-
attention block, allowing dynamic modulation of painting
representations based on the corresponding music context.
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Figure 3: Pipeline of our model. The mel spectrogram is processed by the music encoder to extract music features. The painting
is passed through the painting encoder, where the extracted music features are incorporated via a fusion module. A regression
head then predicts a perception score for each music-painting pair. We optimize the model using a regression loss based on the
ground truth scores, and additionally apply a DPO loss to learn from pairwise preference annotations in ambiguous cases.

To analyze how the strength of music-conditioned modu-
lation evolves across the visual encoder, we compute a layer-
wise Modulation Intensity Map (MIM). At each layer, we
measure the average change in token representations before
and after applying the MAN module. Specifically, let x(l)

a

and x
(l)
b denote the token features before and after modula-

tion in layer l. The modulation intensity is defined as:

MIM(l) =
1

N

N∑
i=1

∥∥∥x(l)
b,i − x

(l)
a,i

∥∥∥
1
, (4)

where N is the number of visual tokens, i indexes the tokens,
and ∥·∥1 denotes the L1 norm. Each layer produces a spatial
modulation map that reflects the extent to which music af-
fects the visual features at that stage. Comparing these maps
across layers provides insight into how audio conditioning
influences both low-level appearance features and high-level
semantic structures in the painting encoder.

Although the mathematical form of MAN resembles
AdaIN, the purpose is fundamentally different. Instead of
transferring style between visual domains, MAN enables
modality-conditioned feature modulation. This allows the
visual encoder to dynamically adapt its internal representa-
tions based on the corresponding audio context, enhancing
the model’s ability to capture perceptual coherence.

Training Objective
We adopt a hybrid supervision strategy that combines abso-
lute and relative signals to train the model. Specifically, we
use both a regression loss based on scalar annotations and a
preference loss based on pairwise judgments.

Regression Loss. Given the predicted score Ŝ and the
groundtruth human rating S ∈ [0, 1], we apply a standard
Mean Squared Error (MSE) loss to supervise absolute con-

Music Encoder Painting Encoder

Param. FLOPs Param. FLOPs

L3-Net 4.69 M 2.21 G 4.83 M 2.41 G
ACP-Net 3.21 M 6.32 M 7.37 M 14.68 M
CDCML 11.69 M 1.82 G 25.56 M 4.09 G

Ours 3.02 M 3.02 G 44.65 M 21.16 G

Table 1: Comparison of parameter counts and FLOPs of dif-
ferent models. For models with fusion layers, their parame-
ter and FLOPs are included in the Painting Encoder.

sistency:
Lreg = ∥Ŝ − S∥2 (5)

DPO Loss. Let ([ypos, yneg] | x) denote a pairwise pref-
erence sample, where x is the conditioning modality (either
painting or music), ypos is the preferred candidate, and yneg
is the less preferred one. The model fθ(x, y) serves as a
learnable scoring function predicting the perceptual coher-
ence between inputs, while fref(x, y) denotes a fixed refer-
ence model used to anchor preference direction. The DPO
loss is defined as:

LDPO(θ) = − log σ

(
β·
[
fθ(x, ypos)− fθ(x, yneg)

− fref(x, ypos) + fref(x, yneg)
])

(6)

Here, β > 0 is a temperature parameter that controls the
sharpness of the preference modeling. This formulation en-
courages the model to prefer the positive candidate relative
to the reference model.
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Method IMAC Dataset IMEMNet Dataset Our Dataset
Precision Recall ACC SRCC PLCC MAE ACC SRCC PLCC MAE ACC

L3-Net 0.37 0.38 0.57 0.33 0.32 0.29 0.61 0.48 0.48 0.21 0.72
ACP-Net 0.42 0.44 0.62 0.36 0.35 0.27 0.66 0.53 0.54 0.17 0.78
CDCML 0.47 0.49 0.66 0.36 0.34 0.28 0.63 0.57 0.56 0.15 0.80

Ours 0.59 0.61 0.75 0.50 0.49 0.21 0.80 0.68 0.66 0.04 0.93

Table 2: We compare methods with three SOTA methods on three different music-painting datasets.

Total Loss. The final objective integrates both compo-
nents:

Ltotal = λreg · Lreg + λDPO · LDPO (7)

where λreg and λDPO balance the contribution of the two loss
terms. Specifically, we apply only the regression loss to non-
preference data with scalar scores, and apply both regression
and DPO losses to preference-labeled data.

Evaluation
Experimental Details
Music Representation. The Mel spectrogram is computed
using the Fast Fourier Transform (FFT) with a window size
of 1024, a hop length of 512, and 128 mel filterbanks. Under
this configuration, the resulting Mel spectrogram has a size
of 469 × 128.

Painting Representation. The painting is resized to
256 × 256 × 3, with a patch size of 16 × 16. The painting
encoder consists of 12 Transformer blocks, with 8 attention
heads and an embedding dimension of 512.

Training Details. Our model is trained on eight NVIDIA
H100 GPUs using PyTorch. During training, we use the
Adam optimizer with a learning rate of 1 × 10−5 and a
weight decay of 0.05. The batch size is set to 1024, and the
hyperparameters λreg and λDPO are set to 1 and 0.5, respec-
tively.

Quantitative Experiments
Baselines. We compare our method with three other SOTA
music painting matching methods: L3-Net (Arandjelovic
and Zisserman 2017), ACP-Net (Verma, Dhekane, and Guha
2019), and CDCML (Zhao et al. 2020). These methods dif-
fer in architecture complexity and fusion strategy. Table 1
summarizes their parameter counts and computational costs
(FLOPs) for both the music and painting encoders.

Dataset. We compare all methods on three datasets:
IMAC dataset (Verma, Dhekane, and Guha 2019), IMEM-
Net dataset (Zhao et al. 2020), and our dataset. IMAC dataset
consists of about 85,000 images and 3,812 songs, each sam-
ple labeled with one of the three emotions: positive, neutral
and negative. IMEMNet dataset consists of 25620 images
and 1802 pieces of music, resulting in 144435 music-image
pairs with continuous relevance scores.

Table 2 presents a comprehensive comparison across all
datasets. For the IMAC dataset, we report Precision, Recall,
and Accuracy. For the IMEMNet dataset and ours, we eval-
uate using Spearman Rank Correlation Coefficient (SRCC),

Figure 4: Statistical analysis of user study on music-painting
matching.

Pearson Linear Correlation Coefficient (PLCC), Mean Ab-
solute Error (MAE), and Accuracy (with a fixed threshold).
Our method consistently outperforms all baselines across all
metrics and datasets. Notably, on our dataset, it achieves
an SRCC of 0.86 and an MAE of 0.04, indicating strong
alignment with expert perceptual judgments. In addition,
we observe that all methods perform better on our dataset,
likely because our labels are manually annotated, avoiding
the noise often introduced by sentiment recognition models.

User Study

In addition to objective evaluation metrics, we conduct a
user study to assess the alignment between our model’s pre-
dictions and human perceptual judgments. We recruited 20
participants (7 females and 13 males, aged 20–30) and de-
signed two tasks. In the first task, each participant is pre-
sented with 10 matched and 10 mismatched music–painting
pairs in randomized order. Participants listen to each piece
of music and judge whether the accompanying painting is
a good match. We compute the agreement rate between hu-
man judgments and model predictions to assess classifica-
tion consistency. In the second task, participants are asked to
rank a set of five paintings based on their perceived relevance
to a given piece of music. We randomly sample 5 pieces of
music, each paired with 5 candidate paintings. The Spear-
man Rank Correlation Coefficient (SRCC) between model
rankings and user rankings is calculated and averages across
users.

As shown in Figure 4, the results demonstrate that our
model aligns well with human perception in both binary
matching and ranking tasks. The relatively small error
bars indicate the model’s stability and consistent perceptual
alignment across participants.
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Figure 5: Visualization of Modulation Intensity Maps (MIMs) across layers. We show MIM results from the first three and last
three Transformer blocks in the painting encoder. Brighter regions indicate stronger modulation by the music input. The ground
truth (and predicted) scores are: 0.2 (0.17), 0.9 (0.94), 0.1 (0.14).

Module SRCC PLCC MAE ACC

w/o DPO Loss 0.63 0.62 0.08 0.89

Baseline 0.34 0.31 0.31 0.64
+ Concat 0.55 0.54 0.12 0.83
+ C.A. 0.61 0.60 0.09 0.90

Ours 0.68 0.66 0.04 0.93

Table 3: Ablation studies of the impact of DPO loss and dif-
ferent fusion strategies.

Ablation Study
We conduct ablation experiments to evaluate the contribu-
tions of the Direct Preference Optimization (DPO) loss and
our proposed cross-modal fusion strategy. Results are sum-
marized in Table 3.

Effect of DPO Loss. Without the DPO loss, the model is
trained solely using scalar scores. This setting struggles with
ambiguous samples whose relevance scores cluster around
0.5, leading to unstable supervision signals and suboptimal
learning. Incorporating DPO enables the model to learn from
relative preference signals instead, which improves all eval-
uation metrics.

Comparison of Fusion Strategies. We start from a base-
line model that uses only a painting encoder. We then com-
pare three fusion methods: (i) simple feature concatenation
of painting and music embeddings; (ii) cross-attention-based
fusion; and (iii) our proposed Modality-Adaptive Normal-
ization (MAN). Our method achieves the best results across
all metrics, outperforming cross-attention while being sim-
pler and more efficient. This confirms the effectiveness of
our design in leveraging music context to modulate visual
features.

Visualization
We conduct qualitative analyses to understand how the mu-
sic input modulates painting representations across different
layers of our model. As shown in Figure 5, we visualize the
MIMs computed at various Transformer blocks within the
painting encoder. These maps reflect the extent to which the
painting features are altered by the music-conditioned mod-
ulation at each layer. We observe that in early layers, the
modulation primarily emphasizes low-level visual regions,
such as textures or localized color patterns, that are acous-
tically resonant with rhythmic or tonal cues. In contrast,
deeper layers exhibit more global and semantic-level mod-
ulation that is perceptually coherent with the music. These
observations highlight the interpretability and effectiveness
of our MAN design, as it enables music to guide visual en-
coding in a hierarchical and perceptually coherent fashion.

Conclusion
In this paper, we investigate the problem of perceptual as-
sessment of music-induced paintings. To support this task,
we construct a large-scale human-annotated dataset that in-
cludes both scalar coherence scores and pairwise prefer-
ences. We propose a novel architecture that integrates music
and visual information through modality-adaptive normal-
ization. Furthermore, we incorporate direct preference op-
timization to better leverage relative judgments in ambigu-
ous cases. Extensive experiments demonstrate that our ap-
proach outperforms state-of-the-art baselines across multi-
ple datasets and evaluation metrics. Qualitative analysis and
user studies further confirm that the model aligns well with
human perceptual judgments.

In future work, we plan to explore broader types of vi-
sual content, such as sketches or abstract art, and extend our
model to generative or interactive settings.
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