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Abstract—Modern music retrieval systems often rely on fixed
representations of user preferences, limiting their ability to
capture users’ diverse and uncertain retrieval needs. To ad-
dress this limitation, we introduce Diff4Steer, a novel generative
retrieval framework that employs lightweight diffusion models
to synthesize diverse seed embeddings representing potential
directions for music exploration. Unlike deterministic methods
that map user query to a single point in embedding space,
Diff4Steer provides a statistical prior on the target modality
(audio) for retrieval, effectively capturing the uncertainty and
multi-faceted nature of user preferences. Furthermore, Diff4Steer
can be steered by image or text inputs, enabling more flexible
and controllable music discovery combined with nearest neighbor
search. Our framework outperforms deterministic regression
methods and LLM-based generative retrieval baseline in terms
of retrieval and ranking metrics, demonstrating its effectiveness
in capturing user preferences, leading to more diverse and
relevant recommendations. Listening examples are available at
tinyurl.com/diff4steer.

Index Terms—generative retrieval, music recommendation,
diffusion models.

I. INTRODUCTION

Modern retrieval systems [1], [2], including those for mu-
sic [3], often employ embedding-based dense retrieval system
for candidate generation. These systems use a joint embedding
model (JEM) [4], [5] to obtain deterministic representations of
queries, known as seed embeddings, within a semantic space
shared with the retrieval candidates. The seed embeddings
provide the personalized starting point in the target embedding
space for retrieving similar music via nearest neighbor search.

While JEM-based system provides computationally efficient
retrieval solution, they are insufficient in modeling user’s
diverse and uncertain retrieval preference. First, JEM only
supports user to express music preference or steer the retrieval
results via specific modalities that the JEM is built on. More-
over, music discovery is inherently a task with many possible
outcomes — there is not an one-to-one mapping between the
query and seed embedding given the large uncertainty how a
user’s music preference can be fully specified. For example,
“energetic rock music” could mean “punk rock” for some,
or hard rock” for others. Modeling user preference using
deterministic seed embedding can lead to monotonous and
inflexible recommendations [6].

To better represent diversity and uncertainty in user’s re-
trieval preference, we introduce a novel framework Diff4Steer
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(Figure 1) for music retrieval that leverages the strength
of generative models for synthesizing potential directions to
explore, implied by the generated seed embeddings: a collec-
tion of vectors in the music embedding space that represent
distribution of user’s music preferences given retrieval queries.
Concretely, our lightweight diffusion-based generative models
give rise to a statistical prior on the target modality — audio in
our application focus — for the music retrieval task. Further-
more, the prior can be steered by either image or text inputs,
to generate samples in the audio embedding space learned
by the pre-trained joint embedding model. They are then
used to retrieve the candidates using nearest neighbor search.
Given that constructing a large-scale multimodal dataset that
contains the aligned multimodal data (steering info, source
modality, target modality) is very difficult, we also leverage
the generative models’ ability on classifier-free guidance to
help us to steer the models trained with bimodal alignment
data, eliminating the need for expensive, data-hungry joint
embedding training across all modalities.

While we have seen that diffusion-based generative ap-
proaches [7]-[9] can ensure diversity and quality in the embed-
ding generation, in this work we investigate their performance
on retrieval tasks. We demonstrate that our generative music
retrieval framework achieves competitive retrieval and ranking
metrics while introducing much-needed diversity.

II. APPROACH

Music Embedding Diffusion Prior Following the
EDM [10] formulation, our diffusion prior is parametrized by
a denoiser neural network D(Zy, 0, ¢), which learns to predict
the clean music embedding z, given a noisy embedding
Zm = Zm + €0, noise level o and cross-modal query g, by
minimizing the ¢y loss:

L(Q) = Eﬁ,a,(zm,q) p‘(a) ' HDO(Emvaa Q) - Zm||2] ; (D

where € draws from a standard Gaussian N'(0, 1), o from a
training distribution 7(o), and paired examples (zp,q) from
training dataset D. A denotes the loss weighting. Sampling is
performed by iterative denoising of random noise, embodied
by solving the stochastic differential equation (SDE) backward
from ¢t =1 to O:

dgm,t = [(OI't/Ut)gm,t - Q(dt/at)DO(ém,taata (Iﬂ dt

+ AV4 that th, (2)
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where oy = o(t) denotes a prescribed noise schedule (in-
creasing with diffusion time t), Z,: represents the partially
denoised latent state at ¢, and W is the Wiener process. The
SDE is solved with initial condition Zy, 1 ~ N(0, 04—1), using
a first-order Euler-Maruyama solver.

Classifier-free Guidance (CFG) [11] is used to enhance
the alignment of the sampled music embeddings to the cross-
modal inputs. During training, the condition ¢ is randomly
masked with a zero vector with probability ppyask, such that
the model simultaneously learns to generate conditional and
unconditional samples with shared parameters. At sampling
time, the effective denoiser Dy, is an affine combination of the
conditional and unconditional versions

Dy(Zm,0,q9) = (1 +w)Dy(Zm, 0,q) — wDg(Zm,0,0), (3)

where w denotes the CFG strength, which boosts alignment
with ¢ when w > 0.

Additional text steering can be applied when the underly-
ing music embedding space is that of a text-music JEM [4].
In such case, the JEM provides a text encoder E; : T — z
with a text-music similarity measure via the vector dot product
(2, zm). This allows us to incorporate (potentially multiple)
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text steering signals by modifying the denoising function at
sampling time:

DIQI (va g,q, [Zt,17 21,25 ]) = Dé(éma g, Q)
+ Y knVz, (Dh(Em,0,9), 2n) , ()

where £, is the strength for the n-th text steer signal z . Each
ky, can be positive/negative depending on whether features
described by corresponding texts are desirable/undesirable in
the samples. We note that such steering comes in addition to
explicit condition ¢, which may itself contain text inputs.

III. EXPERIMENTAL SETTINGS

A. Tasks and Datasets

In our retrieval experiments, we use our diffusion prior
model to perform several downstream tasks simultaneously,
namely image-to-music retrieval, text-to-music retrieval and
image-to-music retrieval with text steering. For image-to-
music tasks the query embedding is CLIP [12]. For text-to-
music retrieval or text steering, text is encoded via MuLan text



embedding and incorporated as a steering condition to steer
the seed embedding generation using genre or music caption.

YouTube 8M (YT8M) [13] is a dataset originally developed
for the video classification task, equipped with video-level
labels. We use the 116K music videos in this dataset to
generate (music, image) pairs by extracting 10s audios and
randomly sampling a video frame in the same time window.
This dataset is primarily used for training.

We use two other expert-annotated datasets for evaluation.
First, MusicCaps (MC) [14] is a collection of 10s music audio
clips with human-annotated textual descriptions. We extend the
dataset with an image frame extracted from the corresponding
music video. MelBench (MB) [15] is another collection of
images paired with matching music caption and music audio
annotated by music professionals.

B. Model and training

We use a 6-layer ResNet with width of 4096 as the backbone
of the denoising model. For classifier-free guidance, we use
a condition mask probability pmask = 0.1, in order to simul-
taneously learn the conditional and unconditional denoising
model under shared parameters. We train the denoising model
on paired image and music embeddings from the YT8M music
videos. We use the Adam [16] optimizer under cosine annealed
learning rate schedule [17] with peak rate 1075, Our model
has 282.9M parameters in total and can fit into one TPU. We
train our model for 2M steps, which takes around two days
on a single TPU v5e device.

C. Baselines

MulLan. [4] As a text-music JEM, MuLan enables text-to-
music retrieval through a nearest neighbor search based on
the dot product similarity between a text query and candidate
music embeddings.

Regression model. We train a regression baseline model
that maps the query embeddings (CLIP image embedding)
to MuLan audio embeddings deterministically using the same
architecture as the diffusion model (excluding noise).

Multi-modal Gemini. The multi-modal Gemini serves as
a strong baseline for our image-to-music retrieval tasks. We
leverage a few-shot interleaved multi-modal prompt that given
an image it can generate image caption or matching music
caption. Specifically, Gemini-ImageCap encodes the generated
image caption into a MuLan text embedding for retrieving
candidate audio embeddings. Gemini-MusicCap encodes the
generated music caption into a MuLan text embedding for
retrieving candidate audio embeddings.

D. Evaluation Metrics

Embedding Quality. We use two metrics to measure
the quality of generated music embeddings: Fréchet MuLan
Distance (FMD) and mean intra-sample cosine similarity
(MISCS). FMD is inspired by Fréchet Inception Distance
(FID) [18] and measures the similarity of a set of generated
music embeddings to a population of real music embeddings
in distribution.

Music-image Alignment (M2I). Assessing alignment be-
tween generated music embeddings and input images is chal-
lenging due to their distinct domains. Leveraging the shared
text modality in CLIP and MuLan, we use text as a bridge
for evaluating music-image (M2I) alignment following [15] .
This approach eliminates the need for paired data and instead
requires a set of images and a separate set of texts. By
encoding texts into both CLIP and MuLan embeddings, M2I
is calculated as the average of the product of two cosine
similarities.

Retrieval Metrics. We evaluate retrieval results using three
metrics. First, we report recall@K (R@K), a standard metric
in information retrieval. However, image-to-music or text-
to-music retrieval is inherently subjective, often featuring
one-to-many mappings. Thus, recall@K alone is insufficient,
and we also report diversity using mean intra-sample cosine
similarity (MISCS) and triplet accuracy (TA) to provide a more
comprehensive evaluation.

IV. RESULTS AND DISCUSSION

In this section, we present experimental results that demon-
strate: (1) our Diff4Steer model effectively generates high-
quality seed embeddings using a diffusion-based approach;
(2) Diff4Steer achieves competitive retrieval performance com-
pared to other cross-modal retrieval methods and significantly
improves retrieval diversity, and enables effective and person-
alized steering of seed embeddings during inference.

A. Quality of the Generated Seed Embeddings

Table II presents a comparison of embedding quality be-
tween Diff4Steer and the regression baseline for both image-
to-music and text-to-music tasks across multiple datasets.
Results show that our diffusion prior model consistently
exhibits significantly lower FMD, indicating higher quality
and greater realism in generated MuLan audio embeddings
compared to the baseline. In addition, the diffusion model
achieves significantly lower MISCS scores across all datasets,
indicating that it allows us to generate diverse samples, which
is impossible with a regression model.

There is a dynamic relationship between -classifier-free
guidance (CFG) strength w and the quality and diversity
of embeddings generated by our diffusion model. With a
guidance strength of w = —1.0, corresponding to uncon-
ditional samples, FMD initially deteriorates, then improves,
and eventually gets worse again with excessively high w.
Conversely, diversity consistently decreases with increasing w,
highlighting the inherent trade-off between embedding quality
and diversity.

B. Embedding-based Music Retrieval

We show embedding-based music retrieval results in Table I.
The image CFG strength is an important hyperparameter,
and we tune it using the FMD score, based on the YT8M
evaluation split. For the remaining evaluations in this paper,
we set the image guidance strength to be 19.0.



TABLE I
MUSIC RETRIEVAL RESULTS OF OUR MODEL AND VARIOUS BASELINES, EVALUATED ON MC AND MB.

Method Input MC w/ Images MB

R@100 R@10 M2I TA R@100 R@10 M2l TA
Gemini-ImageCap + MuLan image 0.215 0.055 89.12 0.488 0.162 0.036 90.32 0.685
Gemini-MusicCap + MuLan image 0210 0.049 84.48 0.521 0.145 0.026 88.09 0.695
Regression image 0.129  0.026 96.21 0.646 0.165 0.032 95.79 0.724
Diff4Steer (ours) image 0.334 0.105 89.69 0.778 0.341 0.086 90.28 0.836
CLAP genre TODO TODO NA NA 0.107 0015 NA NA
Regression (txt) genre 0.378 0.103 90.63 0.838 0.147 0.016 92.20 0.739
Diff4Steer (ours) genre 0.389 0.108 88.02 0.855 0.165 0.019 89.65 0.762
CLAP caption TODO TODO NA NA 0260 0.054 NA NA
Regression (txt) caption 0.419 0.131 90.72 0.871 0.380 0.086 91.40 0.872
Diff4Steer (ours) caption 0.435 0.127 87.79 0.877 0.384 0.085 89.67 0.876
Diff4Steer (ours) image + genre  0.425 0.165 91.91 0.889 0.384 0.090 94.47 0.883
Diff4Steer (ours) image + caption 0.536 0.184 91.56 0.915 0.488 0.141 93.19 0.916

TABLE II
FMD AND MISCS OF THE GENERATED MUSIC EMBEDDINGS.

Method FMD | MISCS |

YT8M MC MB YT8M MC MB
Regression 0480 0507 0.518 1.000  1.000  1.000
Diff4Steer (ours) | 0.161  0.152 0.172 0.805 0.391 0.404

High-quality embeddings leads to high recall. A key find-
ing from Table I is that our Diff4Steer model has significantly
higher recall and triplet accuracy, compared to the regression
and multi-modal Gemini baselines. This underscores the value
of our approach for music retrieval applications. Notably,
while the regression model has the highest M2I in the image-
to-music task, it falls short in standard retrieval metrics. This
observation, along with the FMD results in Section IV-A,
highlights the crucial role of high-quality seed embeddings
in achieving optimal retrieval performance.

Modality gap may harm retrieval results. For the multi-
modal Gemini baselines, the image-to-music embedding gen-
eration is broken down to multiple stages. We use text (im-
age or music captions) as an intermediate modality, thereby
introducing potential modality gap. As shown in Table I,
despite the power of the general-purpose LLMs, multi-modal
Gemini baselines have worse retrieval performance than our
Diff4Steer model, likely due to the loss of information with
the modality gap. Additionally, our model offers a significantly
lighter weight solution in terms of training consumption and
latency compared to multi-modal foundation models.

One model for all modalities. Notably, our Diff4Steer
model shows competitive performance on genre-to-music and
caption-to-music retrieval tasks (the second and third groups
in Table I) despite not being trained on paired text and music
data. This is achieved by unconditionally generating audio
embeddings guided by text-music similarity. Compared to the
regression baseline, Diff4Steer achieves superior results on
most retrieval and ranking metrics, especially on tasks involv-
ing higher retrieval uncertainty (e.g. genre-to-music retrieval).

Text steering improves recall. Furthermore, we explore the
extent to which text steering helps with retrieval. In addition to
the image input, we also provide our diffusion model with the
genre label or ground truth caption at inference time. The last
group in Table I shows that when steered with the additional
textual information, the diffusion prior achieves significantly
higher recall and triplet accuracy.

TABLE III
IMAGE-TO-MUSIC EVALUATION ON MB WITH GENRE DIVERSITY
METRICS.

w R@101 TAT MISCS| H@I0r H@201T H@507T
-1.0 0.004 0.505 0.338 1.876 2.196 2.395
5.0 0.082 0.822 0.710 1.049 1.183 1.284
9.0 0.089 0.832 0.772 0.920 1.030 1.113
11.0 0.087 0.833 0.789 0.881 0.988 1.066
15.0 0.085 0.834 0.807 0.843 0.945 1.019

C. Retrieval Diversity

Diff4Steer generates diverse seed embeddings, as quan-
tified in Table III. For each image, we generate 50 seed
embeddings and measure diversity using MISCS and entropy
(H@K, with K € {10, 20,50}), calculated on the distribution
of ground-truth genres in retrieved music pieces. Varying
guided strengths w during inference effectively modulates this
diversity. Unconditional generation (w = —1.0) yields the
lowest MISCS and highest entropy in recommended genres.
Increasing GS initially decreases embedding diversity, with
retrieval metrics peaking around w = 9.0 before declining.

V. CONCLUSION AND LIMITATIONS

We introduce a novel generative music retrieval framework
featuring a diffusion-based embedding-to-embedding model.
By generating non-deterministic seed embeddings from cross-
modal queries, our approach improves the quality and diver-
sity of music retrieval results. Our model ensures semantic
relevance and high quality, while text-based semantic steering
allows user personalization. Extensive evaluations have shown
our method’s superiority over existing alternatives.
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