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Abstract. Cross-modal music generation from text and visual inputs
is uniquely challenging due to its subjective, one-to-many nature. Cur-
rent methods face three major limitations: they are bottlenecked by
scarce paired data, lack explicit one-to-many modeling, and isolate gen-
eration from retrieval. To address these issues, we propose MERIC, a
unified framework for multimodal music generation and retrieval. Our
core innovation is a music semantic anchor that decouples multimodal
understanding from acoustic synthesis. We employ a two-stage train-
ing pipeline. First, a Flow Matching decoder learns to synthesize audio
from anchor embeddings using large, unpaired music corpora. Second, a
lightweight generative diffusion module maps multimodal inputs into this
continuous anchor space using limited paired data. This decoupled de-
sign explicitly models cross-modal ambiguity and exploits unpaired data
to bypass the paired data bottleneck. During inference, the predicted an-
chor embedding simultaneously acts as a condition for acoustic synthesis
and a query for music retrieval. Extensive experiments demonstrate that
MERIC achieves state-of-the-art performance across text-to-music and
vision-to-music generation and retrieval benchmarks.

1 Introduction

The past few years have witnessed remarkable advances in multimodal generative
models across images [10,48], video [3,46], natural audio [11,28], and speech [20].
Music, however, occupies a singular position among these modalities: as an in-
herently artistic and abstract medium, its connection to visual scenes or text
is subjective, culturally situated, and one-to-many, making cross-modal music
generation and retrieval uniquely challenging. This challenge is increasingly rec-
ognized at scale: Google’s Lyria 3 [14], a multimodal music generation model
integrated into Gemini [7], highlights unified music-vision-language understand-
ing and generation as a core capability for next AGI systems.
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Existing academic work on cross-modal music generation mainly focuses on
individual input modalities. A dominant research line explores text-to-music
generation [1, 6, 34|, while a separate body of work targets video-to-music syn-
thesis [12,42,57]. Some recent methods have attempted to unify multiple input
modalities [5,29,40]. Some works extract per-modality features and train a gen-
erative model conditioned on these features using paired data [40]; others align
non-text modalities into the conditioning space of a text-to-music model [5,29].

Despite recent progress, we identify three fundamental limitations that re-
main unaddressed in academic multimodal music generation. (i) Limited scal-
ability from paired data bottleneck. Current approaches rely heavily on
scarce paired data (visual-music or text—music pairs) for end-to-end training |5,
28,29,40]. This constraint severely limits data scale and, consequently, the acous-
tic quality of generated music. Larger, unlabeled, single-modality music corpora
remains largely unexploited. (ii) Lack of explicit one-to-many modeling.
The correspondence between a multimodal prompt and music is inherently am-
biguous: a sunset video could inspire a melancholic piano piece as readily as
an uplifting orchestral swell. Existing models implicitly handle this ambiguity
through stochastic noise in their generative process [40], without any explicit
or interpretable mechanism for representing semantic diversity. (iii) Absence
of unified generation and retrieval. Retrieval and generation serve comple-
mentary roles in music applications [47,53]. Yet current systems treat these as
entirely separate models [49], missing the opportunity to leverage a shared cross-
modal understanding for both tasks, and to use retrieved candidates to guide or
augment generation in challenging long-tail scenarios [51].

Motivated by these challenges, we propose MERIC, a unified framework for
cross-modal music generation and retrieval from text, image, and video inputs.
The key insight behind MERIC draws from recent findings in representation-
aligned generation (REPA [52] and RAE [54]): a well-structured semantic rep-
resentation of the target modality greatly facilitates its generative modeling. We
therefore introduce a music semantic anchor, a semantic embedding space de-
fined by a dedicated music semantic encoder, and use it to decouple multimodal
understanding from acoustic synthesis. Understanding is modeled as a mapping
from arbitrary multimodal inputs into the anchor space (a one-to-many process);
synthesis is modeled as a mapping from the anchor space to acoustic waveforms.

This decomposition yields a two-stage training pipeline that directly ad-
dresses all three limitations. Stage I trains a Flow based DiT [33] decoder to
reconstruct music from anchor embeddings using unpaired, single-modality music
data, decoupling acoustic quality from paired data availability. Stage II trains
a generative Music Head, a lightweight diffusion module to map multimodal
embeddings extracted by Qwen3-VL-Embedding [25] into the anchor space, us-
ing paired multimodal-music data. Because the anchor is a continuous semantic
space rather than a deterministic point, the Music Head naturally models the
one-to-many structure of cross-modal music association. At inference, the anchor
embedding produced by the Music Head serves simultaneously as the condition
for acoustic synthesis and as the query embedding for retrieval against a mu-
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sic library indexed in the same anchor space, unifying generation and retrieval
within a single forward pass.
We summarize our main contributions as follows:

— We propose MERIC, the first unified framework supporting both generation
and retrieval of music from multimodal inputs (text, image, video).

— We introduce a music semantic anchor that decouples multimodal under-
standing from acoustic synthesis, enabling joint exploitation of large un-
paired music corpora and scarce paired multimodal data—significantly im-
proving both data scalability and generation quality.

— Our anchor-based architecture provides an explicit, interpretable one-to-
many semantic mapping, going beyond noise-driven diversity to capture gen-
uine cross-modal ambiguity.

— Extensive experiments demonstrate that MERIC achieves state-of-the-art or
competitive performance on text-to-music generation, vision-to-music gener-
ation, text—music retrieval, and vision—music retrieval benchmarks. Project
page: https://audiofool934.github.io /meric.

2 Related Work

2.1 Flow Matching

Flow Matching (FM) is a generative modeling framework that constructs contin-
uous probability paths from a simple prior to complex data. Built on Continuous
Normalizing Flows, it uses simulation-free training by directly regressing condi-
tional vector fields, avoiding costly ODE solving. It combines diffusion models’
strengths with faster sampling and more stable training. Lipman et al. [27] intro-
duced this framework and demonstrated strong performance on image generation
benchmarks, while Holderrieth et al. [18] further elaborated on its mathematical
foundations, covering both ODE and SDE perspectives.

2.2 Multimodal Music Generation

Recent advances have propelled music generation from symbolic representations
to waveform synthesis, drawing on Transformer architectures [45] and diffusion
models [17]. Multimodal approaches extend this by conditioning on diverse in-
puts such as text, images, and videos [1].

Text-to-Music Text-to-music generation synthesizes audio from descriptive
prompts specifying genre, instruments, or emotions. Copet et al. [6] introduced
MusicGen, a single-stage sequence-to-sequence Transformer for high-fidelity and
controllable generation. Latent diffusion variants, such as AudioLDM2 [28], com-
press Mel-spectrograms via VAEs [23] and progressively refine intermediates for
improved coherence. These models excel at capturing explicit musical attributes
but struggle with non-textual conditioning, motivating multimodal extensions.
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Vision-to-Music Vision-to-music generation translates visual inputs into mu-
sic by capturing emotional tones or scenic contexts. Early methods [9,43] used
pre-trained networks like VGG [39] to extract affective features for MIDI or wave-
form synthesis. Art2Mus [36] generates music from artworks via latent diffusion,
bypassing intermediate text. GVMGen [57] establishes video-to-music baselines
but shows limitations in emotional accuracy.

Multimodal-to-Music Multimodal-to-music generation combines heteroge-
neous inputs for holistic music synthesis. M2UGen [29] leverages large language
models to unify multimodal representations before feeding into generators like
MusicGen. Chowdhury et al. [5] augmented text conditioning with image inputs,
and MusFlow [40] pioneered flow matching with MLP adapters [19] to align
CLIP/CLAP [35,49] embeddings from image-story—caption—music quadruplets.
AudioX [44] offers a unified anything-to-audio framework with improved cross-
modal alignment. Our proposed Meric advances this line by unifying generation
and retrieval within a single pipeline through a shared music semantic anchor.
By decoupling cross-modal mapping from waveform synthesis, it provides an ex-
plicit one-to-many mechanism and overcomes the paired-data bottleneck of prior
end-to-end approaches.

2.3 Music Generation Evaluation

Single-Modality Evaluation Single-modality metrics assess audio fidelity and
distributional similarity in isolation: Fréchet Audio Distance (FAD) [22] mea-
sures distributional similarity between generated and reference audio embed-
dings using backbones such as VGGish [16], CLAP [49], or MERT [26], while
Inception Score (IS) analogs [37] and KL divergence further quantify generation
diversity and distributional discrepancy [24].

Multimodal Evaluation Multimodal evaluation additionally requires assess-
ing semantic alignment between heterogeneous conditioning inputs and gener-
ated audio. Existing cross-modal metrics such as the CLAP score [49], ImageBind
Score [13], and IMSM [5] provide partial proxies for text-audio and vision-audio
alignment, yet remain fragmented, modality-specific, and poorly correlated with
holistic human judgment [21]. Meanwhile, the LLM-as-a-judge paradigm has
demonstrated strong scalability in related domains: GPT-4 achieves over 80%
agreement with human preferences on dialogue benchmarks [55], and G-Eval [31]
enables fine-grained assessment via chain-of-thought prompting, with similar ap-
proaches extended to vision-language tasks [4]. However, LLM-based evaluation
for multimodal music generation remains largely unexplored. This gap moti-
vates us to incorporate a multimodal LLM judge capable of jointly reasoning
over audio, visual, and textual signals as a complementary evaluation strategy.



Meric: Music Generation and Retrieval via Representation Anchor 5

3 Method

We present Meric, a unified framework that addresses multimodal-to-music gen-
eration and retrieval within a single architecture. Given an arbitrary query from
text, image, or video modality, Meric produces either a music waveform (gener-
ation) or a ranked list of music items (retrieval).

The key insight is that generation and retrieval share the same semantic
bottleneck: a music semantic embedding predicted from the multimodal query.
For generation, this embedding is decoded into music waveform via a flow de-
coder and a waveform decoder; for retrieval, it serves directly as the query vector
against a pre-indexed music embedding (encoded by a music semantic encoder).
This design eliminates the need for separate models or training objectives for
the two tasks.

The remainder of this section is organized as follows. Section 3.1 reviews
the generative model preliminaries: diffusion models and flow matching, that
underpin our acoustic decoder. Section 3.2 describes the Meric framework and
its inference-time behavior for both tasks. Section 3.3 details our two-stage de-
coupled training strategy. Section 3.4 introduces our LLM-as-Judge evaluation
protocol, which uses an multimodal LLM to assess the semantic correspondence
between multimodal inputs and generated music.

3.1 Preliminary

Diffusion Models. Diffusion models [17,41] learn to reverse a gradual noising
process. Given a data sample xg ~ ¢(Xg), a forward Markov chain adds Gaussian
noise over T steps: q(x; | xo) = N (x¢; /& %o, (1 — @;)I), where ay = Hizl(l -
Bs) and {8} is a predefined noise schedule. A neural network €y is trained to
predict the added noise via:

Laiw = Fxy enncton, | lle = eox0,1,0)|] (1)

where ¢ denotes an optional conditioning signal. We exploit this objective to
train our Music Head module (Section 3.2) to bridge multimodal semantics and
music semantics.

Flow Matching. Flow Matching (FM) [27,30] defines a probability path between
a simple source distribution py = N(0,I) and a target data distribution p; via
an ordinary differential equation (ODE): 2 = v (xy,t,c), where vy is a neural
velocity field. The conditional FM objective regresses vy onto the ground-truth
velocity along linear interpolants x; = (1 — t)xg + tx1:

Lont = Eo o | IVo(xe,t,€) = (51 = x0) ] (2)

Compared to vanilla diffusion, FM yields straighter sampling trajectories and
requires fewer function evaluations at inference, making it well-suited for high-
fidelity audio latent decoding. We use a Diffusion Transformer (DiT) [33] back-
bone as the velocity field, referred to as the Flow-DiT Decoder.
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Fig. 1: Meric framework and training stages. At inference, multimodal queries
(image / video / text) are encoded by a frozen Qwen3-VL-Embedding model. The
Music Head maps the resulting query embedding to a music semantic embedding,
which serves as the common interface for both generation (decoded via Flow-DiT and
a latent decoder) and retrieval (matched against pre-indexed music embeddings).

3.2 Meric Framework

Meric consists of four components: (i) a multimodal encoder, (ii) a Music Head,
(iii) a Flow-DiT Decoder, and (iv) a Music Semantic Encoder. Figure 1 illustrates
the full pipeline.

Multimodal Encoder. We adopt Qwen3-VL-Embedding [25] as a frozen uni-
versal encoder to extract semantic representations from all supported query
modalities. Given a query ¢ of any modality (text string, image, or video frames),
the encoder produces a fixed-dimensional embedding:

eq = fouLe(q) € R (3)

Using a single pre-trained vision—language embedding model for all modali-
ties ensures consistent semantic alignment across modalities without requiring
modality-specific encoders.

Music Head. The Music Head g4 is a lightweight diffusion-based module that
translates the multimodal query embedding e, into a music semantic embedding
Zy € RIm:

Rather than performing a deterministic mapping, we formulate this translation
as a conditional diffusion process conditioned on e,, which allows the model
to capture the inherent one-to-many correspondence between a visual/textual
concept and suitable music semantics. The Music Head is trained with Lgig
using paired multimodal-music data (Section 3.3).
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Flow-DiT Decoder. The Flow-DiT Decoder hy, maps the music semantic embed-
ding 2,, to a compressed latent 1 € R7:*C:

1= hy (20 225 1] ), (5)
where z,, ~ N(0,I) is the initial noise sample and the ODE integration is per-

formed using the learned velocity field. The decoder is trained with Lgy condi-
tioned on music semantic features extracted by the Music Semantic Encoder.

Latent-to- Wave Decoder. A pre-trained variational autoencoder decoder Dy
converts the latent 1 into a time-domain waveform: wave = D,y (1).

Music Semantic Encoder. A dedicated Music Semantic Encoder fysg encodes
a music track m into a semantic embedding z,, = fusg(m) living in the same
space as Z,,. This encoder is used both as a conditioning signal during acoustic
decoder training and as the index-side encoder during retrieval.

Unified Inference for Generation and Retrieval. At inference time, for genera-

. . . fQvLE dé hoy Duwav .
tion, the pipeline executes: q ERLLLN ey — Zm 5 1 =% wave. For retrieval,

. . fqvie g ~ . .
the pipeline executes: ¢ EAALLN eq 22 Zm, and the music score for a candidate

track m; is computed as:
S(Qa mz) = Cos(in’u fMSE(mZ))7 (6)

where the music embeddings { fpsg(m;)} are pre-computed and indexed offline.
Both tasks thus share the identical forward pass up to z,,, requiring no task-
specific branches or heads at inference time.

3.3 Training of Meric

We decouple the training of Meric into two sequential stages, each formulated as
a generative learning problem. This decoupling avoids the interference between
acoustic quality objectives and cross-modal alignment objectives, and allows each
stage to be scaled independently.

Stage I: Music Acoustic Modeling. In the first stage, we train the Flow-DiT
Decoder hy on music-only data, independent of any multimodal input. Each
training sample is a music track m. The Music Semantic Encoder fysg extracts a
semantic conditioning embedding: z,, = fumse(m). Separately, a wave-to-latents
encoder Eyay extracts the acoustic latent representation: 1 = Eyay(m). The Flow-
DiT Decoder is then trained to reconstruct 1 from noise conditioned on z,,:

EStageI = ]Em,t,zn th(Xt,t,Zm) - (1 - Zn)||2 y (7)

where x; = (1 —t)z,, +t1is the linear interpolant. After this stage, hy can faith-
fully reconstruct high-fidelity audio latents from any music semantic embedding.
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Stage II: Cross-Modal Semantic Alignment. In the second stage, we train the
Music Head g4 using paired multimodal-music data {(g;,m;)}. Given a multi-
modal query g;, the frozen Qwen3-VL-Embedding model provides: e;, = fqvre(¢:).
The paired music m; is encoded by the (also frozen) Music Semantic Encoder:
Zm; = fmse(m;). The Music Head is trained to translate e,, into z,,, via a
diffusion objective, treating z,,, as the denoising target conditioned on ey,:

Lstagen = E(gm), e, ¢ Me — 9o (Varzm +V1— €, t, e) HQ] ) (8)

Because z,,, lives in a compact semantic space rather than the raw audio, train-
ing converges rapidly and the learned mapping generalizes well across modalities.

Decoupled Training Enables Both Tasks. After both stages, Meric is equipped for
generation: g4 predicts a music semantic embedding from a multimodal query,
and hy (with waveform decoder Dyy) renders it into audio. Retrieval emerges
as a zero-cost byproduct: since g4 maps queries into the same semantic space
as fumsg, cosine similarity between z,, and pre-indexed z,,, directly supports
ranking—no retrieval-specific training is required.

3.4 LLM as Judge for Cross-Modal Evaluation

Evaluating the semantic relevance between a multimodal query (text, image, or
video) and a generated music piece is inherently subjective, making automatic
metrics such as FAD [22] or CLAP score [49] insufficient and imprecise on their
own. Human evaluation is reliable but costly and difficult to reproduce at scale.

We propose an LLM-as-Judge protocol that leverages a large multimodal
language model (specifically Gemini [7]) as an automatic evaluator of cross-
modal semantic alignment between generated music and its conditioning input.

Given a multimodal query ¢ and a generated audio clip, we prompt Gem-
ini with both modalities simultaneously using a structured four-step reasoning
framework: (1) visual scene description, (2) audio attribute extraction,
(3) alignment /mismatch analysis, and (4) calibrated scoring. The prompt
instructs the model to assess correspondences in mood, energy, and thematic at-
mosphere, outputting a scalar score as well as a detailed chain-of-thought ratio-
nale. The judge score is as below, with specific prompts detailed in Supplement.

Sjudge (¢, wave) = Gemini( [prompt], ¢, wave) € [0, 100]. 9)

4 Experiments

4.1 Experiment Setup

Datasets. We organize training data into two categories. Unimodal music
data is used to train the Flow Decoder via standard flow matching, comprising
100K full-length songs from FMA [8], 130K clips from MusicSet, and 400K clips
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Fig. 2: Performance comparison of different evaluators on cross-modal audio-visual
alignment. The test set contains 300 6-way multiple-choice questions (100 MelBench +
100 ARIA-Unsplash + 100 ARIA-WikiArt): given an image, select the matching audio
from 1 ground-truth and 5 distractors (random chance: top-1 = 16.7%, top-3 = 50.0%).
Metric-based methods (Metric, ImageBind) pick the highest-scoring candidate; Gemini
scores each candidate individually (Section 3.4); humans answer directly. Gemini 2.0
Flash achieves the best overall accuracy (44.0%), exceeding human performance.

from AudioSet-Music. Cross-modal data for pretraining the Music Head con-
sists of 369K vision-audio pairs drawn from AudioSet-Music (a music subset cu-
rated from AudioSet, subsuming the Mulmage and MuVideo [29] training splits
after YouTube-ID deduplication), MelBench [5], and EmoMV [50]. We further
introduce ARIA (Art-Referenced Instrumental Audio), a curated art-music
dataset of 5K images (50% Unsplash photographs, 50% WikiArt artworks), each
captioned three times by Gemini 3 Flash and paired with instrumentals from a
commercial system (3 tracks, ~9 10s segments of per image; 4K /1K train/test
split), used for supervised fine-tuning. For evaluation, we benchmark vision-to-
music generation on MelBench, Mulmage, EmoMV, and ARIA; text-to-music
generation on MusicCaps [1] and ARTA; and cross-modal retrieval on MelBench,
MusicCaps, and ARIA. For video inputs, up to 3 keyframes are extracted via
CLIP-based diversity selection.

Evaluation Metrics. For generation quality we report Fréchet Audio Distance
(FAD) [22] with three variants: MERT [26], CLAPyusic [49], and VGGish [16],
and paired KL divergence (KLyert). For retrieval we report RQk (ke{l,10})
and MRR. For cross-modal semantic alignment we propose Sem, an LLM-based
score where Gemini 3 rates each image-audio pair on a 0-100 scale (Sec. 3.4).
Baselines. For vision-to-music generation we compare with Art2Mus [36], GVM-
Gen [57], AudioX [44], and two cascade baselines that route Qwen3-VL-8B-
Instruct [2] captions through MusicGen [6] or AudioLDM2-Large [28]. For text-
to-music generation we compare with MusicGen (Medium/Large), AudioLDM2
(Music/Large), and Stable Audio Open [11]. For retrieval we compare with Im-
ageBind [13] (image-music) and CLAP [49] (text-music).

Implementation Details. Meric uses frozen Qwen3-VL-Embedding-2B [25]
(2048-d) followed by a 27M-parameter Music Head projecting into a 512-d mu-
sic semantic anchor space. Specifically, we utilize a pretrained MuQ [56] en-
coder to extract the target music semantic representations. The Music Head is
pretrained on 369K vision-audio pairs with squared cosine schedule [32] and v-
prediction [38], then fine-tuned on 4K ARIA pairs with EMA, min-SNR [15], and



10 Xihua Wang et al.

Table 1: Vision-to-music generation performance. We compare Meric against baselines
across four benchmarks. The Qwen3VL cascade methods first translate visual input
into captions via Qwen3VL, then generates music with text-to-music models. FAD and
KL measure audio quality (lower is better); Sem denotes the cross-modal semantic
consistency introduced in Sec. 3.4 (higher is better). Best results are bold; second-best
are underlined. Meric achieves SOTA or near-SoTA across all four benchmarks.

Method FAD.e:./FAD.1op) FAD, el KLyl Semf
MelBench

Art2Mus [36] 31.60 0.945 13.72 0.0145 39.1

GVMGen [57] 3.5 0.483 5.78 0.0072 52.9

AudioX [44] 16.48 0.723 13.69 0.0127 53.8

Qwen3VL [2]+ MusicGen [6] 442 0497 656  0.0076  80.6
Qwen3VL [2] + AudioLDM2-L [28]  6.57  0.408 592  0.0078  77.6

Meric (Ours) 1.55 0.127 1.27  0.0059 4.7

Mulmage

Art2Mus [36] 30.75 0.902 15.28 0.0151 45.3

GVMGen [57] 3.78 0.549 8.73 0.0086 49.6

AudioX [44] 13.90 0.623 14.44 0.0130 51.8

Qwen3VL [2]+ MusicGen [6] 2.99 0418 893  0.0079  85.6

Qwen3VL [2]+AudioLDM2-L [28] 459 0274 608 00079  87.2
Meric (Ours) 1.79 0.169 3.20 0.0078 87.1

EmoMV

Art2Mus [36] 33.86 1.109 14.55 0.0147 44.3

GVMGen |[57] 3.96 0.617 7.20 0.0057 63.6

AudioX [44] 4.75 0.487 5.45 0.0071 79.0

Qwen3VL [2]|+MusicGen (6] 7.08 0.736 7.65 0.0083 80.3

Qwen3VL [2|+AudioLDM2-L [28] 8.61 0.609 7.41 0.0086 78.7

Meric (Ours) 3.06 0.253 2.45 0.0060 81.0
ARIA

Art2Mus [36] 15.05 0.560 7.02 0.0077 45.3

GVMGen [57] 4.18 0.337 5.83 0.0052 60.0

AudioX [44] 20.15 0.766 11.71 0.0120 38.5

Qwen3VL [2]+MusicGen [6] 5.09 0.283 2.04 0.0059 76.6

Qwen3VL [2] + AudioLDM2-L [28]  9.95  0.262  3.66  0.0069  77.6

Meric (Ours) 3.30 0.247 2.08 0.0055 79.6

15% AudioSet replay. The Flow Decoder is trained on large-scale music data,
conditioning on the MuQ embedding from each music clip, under standard flow
matching training framework. Sampling of Music Head: 20 DDIM steps (guid-
ance 2.0 for generation/ARIA retrieval; 10.0 for MelBench /MusicCaps retrieval).
Sampling of Flow Decoder: guidance scale 5.0 with dopri5 solver. Wave decoder
decode latents to a 10s waveform at 44.1 kHz.

4.2 Effectiveness of LLM-Judger

FAD measures distributional quality but not whether generated music semanti-
cally matches its visual input. We design an LLM-based protocol and validate
it against human annotators.
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Table 2: Text-to-music generation performance. FAD (lower is better) and Sem (higher
is better) measure audio quality and cross-modal semantic alignment 3.4, respectively.
Meric achieves first or second place on both benchmarks.

MusicCaps ARIA
Method FAD,.....\FAD..,) Sem? FAD,\FAD..,,, Sem?
MusicGen-Medium [6] 3.80 0.421 65.1 3.00 0.272 71.1
MusicGen-Large [6] 3.51 0.409 67.1 2.55 0.248 72.4

AudioLDM2-Music [28] 4.60 0.260 68.0 4.63 0.251 68.6
AudioLDM2-Large 28] 4.17 0.178 76.7 3.93 0.211 77.5
Stable-Audio-Open [11]  3.85 0.268 68.3 3.50 0.324 57.8
Meric (Ours) 1.87 0.110 74.2 2.14 0.155 74.5

Table 3: Vision-music retrieval performance (%, higher is better). Note that MelBench
is a one-to-one retrieval task, while ARIA is a one-to-many task (1,000 vision queries
— ~9,000 audio candidates). Recall@K (noted as RQK) is computed as the fraction of
ground-truth matches retrieved within the top-K results. =M denotes vision as query.

MelBench ARIA
I—-M M—I I—-M M—I
Method R@Q1 R@10 R@1 R@10 R@l R@10 R@l1 RQI0

ImageBind [13] 4.38 18.00 3.66 17.00 0.30 2.30 0.13 1.77
Meric (Ours) 1.34 8.62 1.12 9.54 0.40 2.80 0.39 2.40

Benchmark & Protocol. We construct a 300-task, 6-way forced-choice bench-
mark across three visual domains (100 MelBench, 100 Unsplash, 100 WikiArt;
chance R@1=16.7%). For artistic subsets, all candidates are ARIA-pipeline in-
strumentals demanding fine-grained discrimination. Gemini 3 Flash scores each
image-audio pair (0-100) via chain-of-thought pointwise reasoning; 203 human
annotations from 8 annotators serve as ground truth.

Results. As shown in Fig. 2, all evaluators exceed random chance. ImageBind
leads on MelBench (76.0%) via pre-trained cross-modal alignment, but Gemini
outperforms on the harder artistic domains (34.0% Unsplash, 27.0% WikiArt)
by reasoning about abstract correspondences. Gemini achieves the highest over-
all accuracy (44.0%, MRR=0.644) and follows the same difficulty pattern as
humans, validating its use as our Sem evaluator.

4.3 Generation Performance

Vision-to-Music. As shown in Table 1, Meric achieves the lowest FADor¢
and FAD.,, across all four datasets. For Sem, Meric closely matches or leads
cascades on three of four benchmarks while exceeding all direct baselines by >20
points.

Text-to-Music. Because Qwen3VLE encodes both images and text into the
same space, Meric supports text-to-music generation without any text-audio
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Table 4: Text-music retrieval performance (%, higher is better).

MusicCaps ARIA
T—-M M—=T T—-M M-=T
Method R@l R@10 R@l R@10 R@l R@l0 R@l1 RQI10
CLAP [49] 4.31 19.48 5.54 23.53 0.17 2.30 0.63 3.73

Meric (Ours) 3.27 18.80 2.82 16.42  0.83 5.47 0.73 6.40

Table 5: Ablation on Music Head projector architectures. All methods use Qwen3VL-
Embedding [25] features. Results of the Music Head are reported without ensemble.

FAD pertl R@1 / R@10 (%)1

Method Loss MelB. ARIA MelB. ARIA

Linear Contrastive 12.94 20.04 1.70/9.02 0.70/5.50
Linear MSE 4.37 7.01 0.82/5.56 0.50/4.10
BridgeVAE MSE+KL 4.06 9.35 0.84 /6.28 0.80/3.50
CrossVAE ~ MSE+KL+Cos 3.48 7.22 0.98 /5.88 0.80/4.30
Music Head Diffusion 1.96 4.32 1.52/9.30 0.80/4.80

training. As shown in Table 2, Meric achieves the best FAD on both Music-
Caps and ARIA, surpassing all dedicated T2M models. Meric’s Sem (74.2) also
outperforms all baselines except AudioLDM2-Large.

4.4 Retrieval Performance

Since the Music Head projects visual inputs into the music semantic anchor
space, Meric can perform cross-modal retrieval via cosine similarity—without
contrastive training.

Image-to-Music. Table 3 compares Meric with ImageBind [13]. On MelBench,
ImageBind leads owing to its pre-trained cross-modal space; on ARIA (~9K
art-referenced segments), Meric outperforms ImageBind in both directions, sug-
gesting that the anchor space captures artistic correspondences that generic em-
beddings miss.

Text-to-Music. Table 4 compares Meric with CLAP [49] (630K text-audio
pairs). On MusicCaps, Meric approaches CLAP’s T—M recall (RQ10: 18.80%
vs. 19.48%). On ARIA, Meric substantially outperforms CLAP (T—M RQI:
0.83% vs. 0.17%), demonstrating its superior ability to capture and align fine-
grained artistic semantics compared to general-purpose contrastive models.

4.5 Ablative Analysis

Projector Architecture. Table 5 compares five projectors, all using the same
frozen Qwen3VLE encoder. The results reveal a discriminability—fidelity trade-
off : contrastive linear achieves the best retrieval but catastrophic FAD (6.6x the
Music Head); MSE linear yields good FAD but poor retrieval by collapsing to
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Table 6: Effect of different vision encoders. Qwen3VLE performs better than CLIP.

FAD,ucrc) R@1 / R@10 (%)1
Backbone Dim MelB. ARIA MelB. ARIA
CLIP-ViT-H-14 [35] 1024 2.54 4.73 1.60/10.00 0.90/4.10
Qwen3VLE [25] 2048 1.95 3.98 1.52/9.30 0.80/4.80
s 3.53 3.28 4.28 4.01 .20 3.8 425 3.92 1.00
95 BE B
a4 @ = e E
§3 T, l 2 0.50
) g oz
2 2 0.00
[ Relevance 3
1 [ Quality :,L‘—; 025
s=‘1 s=‘5 s=‘10 s=‘20 . . . T T
DDIM Steps GT MuQ s=1 s=5 s=10 =20
(a) Human MOS ratings (relevance & quality) (b) Intra-group pairwise cosine similarity

Fig. 3: Effect of DDIM steps on Music Head. (a) Human MOS (n=100 images x 4
steps); s=5/10/20 are indistinguishable (p>0.2). (b) Fewer steps produce collapsed
embeddings; s=20 matches the GT distribution.

the conditional mean; VAE methods strike a moderate balance but share MSE’s
deterministic collapse (Sec. 4.5). Only the Music Head resolves this trade-off—
best FAD on both benchmarks with competitive retrieval—because iterative
denoising produces predictions that are individually accurate yet collectively
diverse. Note that to ensure a fair comparison, the Music Head evaluated here
uses an earlier version of the pretrained baseline (i.e., trained solely on the 369K
pairs without v-prediction) rather than the final Meric model.

Vision Encoder. Table 6 isolates the vision encoder by fixing the Music Head
projector. Replacing CLIP ViT-H-14 with Qwen3VLE consistently improves
FAD (2.54—1.95 on MelBench), confirming that richer vision-language repre-
sentations benefit cross-modal translation even with a frozen backbone.

Music Head Sampling Steps. Since the Flow Decoder dominates the acoustic
characteristics of the final output, FAD becomes insensitive to the step counts
of Music Head; we therefore conduct a human listening study (100 images x
4 step counts, 1-5 MOS). As shown in Fig. 3(a), s=1 is significantly worse
(p<0.001), but s>5 are statistically indistinguishable (p>0.2). The mechanism
is revealed by the pairwise cosine similarity distribution of the generated em-
beddings (Fig. 3(b)): fewer steps produce collapsed, low-diversity embeddings;
at s=20 the distribution closely matches GT. We use s=20 as a conservative
default, though s=5 suffices at 4x lower latency.
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(a) Diversity vs. generation quality (b) Ensemble retrieval
i 225
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Fig. 4: Benefits of Music Head stochasticity. (a) Projectors in PairCos—FAD space
(MelBench). Only the Music Head achieves both GT-level diversity and low FAD.
(b) Ensemble retrieval across five benchmarks: N-seed averaging improves R@Q10 on
natural-audio datasets (+4-10%) but not on ARIA.

Stochasticity and Ensemble. The intrinsic uncertainty of human musical
creativity means that the same visual inspiration can lead to diverse yet equally
valid composition outcomes. The Music Head’s iterative denoising elegantly
models this by naturally introducing controlled stochasticity: different initial
noise vectors yield diverse semantic predictions for the same input.

Output diversity. We measure PairCos (mean pairwise cosine similarity; lower
= more diverse). Fig. 4(a) reveals three regimes: (i) deterministic collapse (MSE,
VAEs; PairCos=0.61, 2.5x above GT), (ii) diverse but unfaithful (contrastive;
low PairCos, catastrophic FAD), and (iii) diverse and faithful (Music Head;
PairCos=GT, lowest FAD).

Ensemble retrieval. Averaging N seed predictions reduces per-sample noise.
Fig. 4(b) shows N=10 improves R@10 by +4-10% on natural-audio datasets but
not on ARIA, where the bottleneck is embedding-level discriminability rather
than per-sample noise.

5 Conclusion

We present Meric, a unified framework for multimodal music generation and
retrieval. By introducing a music semantic representation as an anchor, we de-
couple cross-modal understanding from music synthesis, enabling the two stages
to be trained on paired multimodal data and large-scale unimodal music data
respectively. This design simultaneously addresses the data scarcity bottleneck,
endows the model with explicit one-to-many generation capability, and allows
the learned embeddings to serve retrieval without any architectural overhead.
Extensive evaluations demonstrate that Meric achieves state-of-the-art acoustic
fidelity and semantic alignment in both vision-to-music and text-to-music gener-
ation tasks, while also enabling direct zero-shot cross-modal retrieval. Our future
work will build upon this Meric framework to jointly generate music, artistic im-
ages, and lyric text, moving toward a fully unified multimedia ecosystem.
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