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Abstract

Retrieving music using natural language de-
scriptions has improved with contrastive au-
dio—text models such as CLAP, but current sys-
tems remain limited to coarse semantic queries.
When descriptions specify fine-grained musi-
cal attributes such as tempo, key, chord pro-
gression, or rhythmic structure, existing mod-
els often fail to retrieve the correct audio. We
show that this limitation stems from the con-
trastive learning objective itself: despite being
trained on long captions, CLAP-based models
effectively utilize only the first few tokens, dis-
carding much of the information encoded in
detailed prompts. Then, we propose FIGMA
(FIne-Grained Music RetrievAl), a multi-view
contrastive architecture that addresses this limi-
tation by jointly optimizing global audio—text
alignment and frame-level, token-wise align-
ment. This design enables FIGMA to cap-
ture both high-level semantic context and fine-
grained musical attributes within a unified rep-
resentation space. Moreover, we formalize
the task of Fine-Grained Music Retrieval and
construct Fine-Grained Music Caption dataset
(FGMCaps), a large-scale dataset of 380K mu-
sic—caption pairs for training along with a 10K
test set, both annotated with tempo, key, chord
progression, beat count, as well as genre and
mood. Extensive experiments demonstrate
that FIGMA consistently outperforms exist-
ing CLAP-based music retrieval models across
multiple music retrieval benchmarks, includ-
ing out-of-domain evaluations, with relative
improvements of up to 73.3%.

1 Introduction

Music retrieval refers to the automatic matching
of natural language descriptions to relevant audio
tracks within large music collections. This capa-
bility is used in a wide range of applications, in-
cluding creating personalized recommendation en-
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Figure 1: Current retrieval models struggle to retrieve
music with fine-grained captions, whereas our pro-
posed method, FIGMA is able to understand dense fine-
grained captions to retrieve music.

gines, on-the-fly playlist curation, and rapid con-
tent discovery and matching for both casual lis-
teners and professional musicians. Early music
retrieval systems relied on handcrafted audio de-
scriptors, such as MFCCs (Davis and Mermelstein,
1980; Logan, 2000) and chroma vectors (Fujishima,
1999; Gémez, 2006), and measured similarity us-
ing fixed distance metrics or simple metric-learning
schemes. Modern approaches instead embed text
queries and audio clips into a shared representation
space and optimize contrastive objectives. Follow-
ing the success of CLIP in computer vision (Rad-
ford et al., 2021), this paradigm was extended to
audio through models such as CLAP (Wu et al.,
2024). While general-purpose audio—text models,
including LAION CLAP (Wu et al., 2024) and Mi-
crosoft CLAP (Elizalde et al., 2023a,b), achieve
strong zero-shot performance across diverse audio
tasks, they often underperform on music-specific
retrieval.

To address this gap, prior work has proposed con-
trastive architectures tailored to music, including
MuLaN (Huang et al., 2022), CLAMP (Wu et al.,
2023), and MuQMuLaN (Zhu et al., 2025). These
models are trained exclusively on music—text pairs
and have achieved substantial gains in music re-
trieval and music understanding. However, despite
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Figure 2: Retrieval @1, 5, and 10 performance of MuQMuLaN on the MusicBench Test Set. We observe that
retrieval performance saturates beyond 50 tokens, indicating that current retrieval models are unable to fully

understand and use detailed captions.

their effectiveness, they struggle with detailed tex-
tual queries that specify precise musical attributes,
posing a significant challenge in practical settings.
For example, a song composer who wants to search
amusic clip from a personal collection of 10K-20K
tracks would use a query such as “a song in F major
at 110 BPM with a 4/4 beat pattern.” Rather than
relying on coarse descriptors like genre or mood,
such queries require retrieval based on chord struc-
ture, tempo, key, and rhythmic profile—criteria
under which existing models often fail to return
appropriate matches.

We refer to this task of retrieving music clips us-
ing detailed textual descriptions that include both
high-level attributes (e.g., genre, instrumentation)
and precise musical parameters (e.g., key, chord
progression, tempo, beat count) as Fine-Grained
Music Retrieval. This capability is essential for en-
abling musicians and producers to efficiently locate
and repurpose audio material according to exact
musical specifications.

We show that existing contrastive audio—text mod-
els fail to effectively utilize long, detailed music
captions. Empirically, retrieval performance satu-
rates once captions exceed 40-50 tokens, indicating
that additional musical information in longer de-
scriptions is largely ignored. We demonstrate this
behavior on the MusicBench test set (Melechovsky
et al., 2024), where models consistently underper-
form on queries with fine-grained attributes such as
tempo, chord progression, and beat count. Further-
more, fine-tuning LAION CLAP on the FGMCaps
training split yields only marginal improvements
despite the presence of richly detailed captions.
This limitation stems from a fundamental property
of standard contrastive learning objectives. Ex-
isting architectures collapse both audio and text
into single global embeddings; typically by mean-
pooling audio features over time and representing

captions with a single CLS token. This global ag-
gregation discards temporal structure in the audio
and token-level distinctions in the text, causing
long captions to behave as bags of words. Conse-
quently, even when fine-grained musical attributes
are present in captions, these models lack a mecha-
nism to align them with corresponding features in
the audio.

To address this challenge, we propose FIGMA,
a novel architecture incorporating a Multi-View
Contrastive loss. In addition to a standard global
contrastive objective, we introduce a frame-level,
token-wise contrastive loss that explicitly aligns
audio frames with caption tokens. This dual-level
training objective preserves both global semantic
features and fine-grained correspondence between
musical attributes and their textual descriptions,
leading to substantially improved retrieval perfor-
mance. We summarize our contributions as fol-
lows:

1. We identify a fundamental limitation of exist-
ing CLAP-based models for music retrieval,
showing that standard contrastive objectives
cause long captions to collapse into coarse
representations, with tokens beyond the first
40-50 contributing little to retrieval perfor-
mance. To address this, we formalize the task
of Fine-Grained Music Retrieval and pro-
pose FIGMA, a novel architecture based on a
Multi-View Contrastive loss that jointly opti-
mizes global audio—text alignment and frame-
level, token-wise alignment.

2. We introduce FGMCaps, a large-scale dataset
for fine-grained music retrieval, comprising
380K music—caption pairs for training and
a 10K test set annotated with music-centric
attributes including tempo, key, chord progres-
sion, beat count, genre and mood metadata.
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3. Through extensive experiments, we demon-
strate that FIGMA consistently outperforms
existing CLAP-based music retrieval models
across multiple benchmarks, including out-
of-domain evaluations, with relative improve-
ments of up to 73.3%.

2 Related Work

Contrastive learning for classification and retrieval
first gained attention with the introduction of CLIP
(Radford et al., 2021) in the computer vision do-
main. In the audio research field, CLAP (Con-
trastive Language—Audio Pretraining) (Wu et al.,
2024) has similarly demonstrated impressive zero-
shot audio and music retrieval capabilities. Early
general-purpose audio models adopted contrastive
objectives, most notably LAION-CLAP (Wu et al.,
2024), trained on 630 K audio—text pairs, and Mi-
crosoft’s CLAP 2022 (Elizalde et al., 2023a) and
2023 model (Elizalde et al., 2023b), trained on 4.6
million pairs. While these models excel at broad au-
dio classification and retrieval, they often struggle
with music-specific retrieval, which requires the
model to have knowledge about musical features.

To address this gap, researchers have devel-
oped models trained on music—text datasets, typi-
cally music captions, using contrastive learning to
achieve stronger music retrieval performance. The
MuLaN model (Huang et al., 2022), for example,
was trained on 44 million music recordings paired
with textual annotations and exhibits robust music
understanding and retrieval accuracy. More recent
efforts continue to tailor CLAP-style architectures
to the music domain: CLAMP (Wu et al., 2023)
integrates sheet-music representations, whereas the
MuQ paper (Zhu et al., 2025) introduces a dedi-
cated music encoder and its MuQ-MuLaN variant,
which processes raw audio directly in the style of
LAION-CLAP and Microsoft-CLAP.

A concurrent line of work, FLAM (Wu et al.,
2025), also combines global and frame-level con-
trastive alignment for audio-language modeling.
FIGMA differs from FLAM in two key respects.
First, we adopt an InfoNCE-style frame-level ob-
jective rather than FLAM’s SigLIP-style Binary
Cross-Entropy (BCE) loss. BCE requires careful
initialization of a logit bias 5 to compensate for the
severe 1:(B-1) positive-to-negative class imbalance,
whereas InfoNCE sidesteps this issue through im-
plicit softmax normalization, yielding more stable
and hyperparameter-robust training. Second, rather
than performing full model pre-training, we train

only lightweight projection heads (~22M param-
eters) atop frozen MuQ and E5 encoders, making
FIGMA substantially more compute-efficient while
still achieving effective frame-level alignment.

3 Methodology

CLAP Models Struggle with Long Captions. To
assess how effectively CLAP models leverage the
full semantic content of long captions, we designed
an experiment in which each text prompt was trun-
cated to its first k tokens, with k varying from 5
up to the caption’s natural maximum in increments
of 5. For a given k, every caption is shortened to
its first k tokens before retrieval, and we evaluate
on Mustango’s MusicBench Test set (Melechovsky
et al., 2024). At each truncation level, we record
Retrieval @1, Retrieval @5, and Retrieval @10 to
quantify how retrieval performance evolves as more
tokens become available.

As shown in Figure 2, all models’ Retrieval @1,
@5, and @10 curves rise steeply at low & but then
plateau once captions exceed roughly 40-50 tokens.
Beyond this threshold, adding further tokens yields
negligible gains, indicating that the models fail
to exploit the richer, fine-grained information en-
coded in longer prompts. We hypothesize that full
utilization of every caption token - thereby cap-
turing subtler musical attributes and descriptive
nuances - would strengthen the alignment between
audio clips and their textual descriptions, ultimately
boosting downstream retrieval metrics.

We attribute this limited improvement to the in-
herent shortcomings of the vanilla contrastive ob-
jective employed by CLAP. In its standard form,
the audio encoder’s output is mean-pooled across
time to yield a single d-dimensional vector, while
the text encoder uses the [CLS] token as a global
summary of the caption. The contrastive loss is
then applied only between these two pooled rep-
resentations. By averaging over the audio frames
and collapsing the token sequence into one embed-
ding, frame-level acoustic nuances and token-level
semantic details are discarded. Consequently, the
model optimizes only for alignment of these coarse
global features and cannot capture the richer, fine-
grained correspondences that our detailed captions
provide.
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Figure 3: Our dataset construction pipeline consists of three stages. First, we do audio collection and preprocessing. Second,
parallel automatic feature extraction applies BeatNet for tempo and beat count, Omnizart for chord progression, and Essentia
KeyExtractor for musical key. Third, caption generation constructs prompts from extracted features and metadata, randomizes
their order, and employs Qwen3-Next-80B-A3B-Instruct to generate coherent single-sentence descriptions. Quality control
filters failed extractions and validates completeness, yielding 380K training, 10K validation, and 10K test audio-caption pairs.

3.1 FIGMA
3.1.1 Overview

For our architecture we use two frozen encoders:
the MuQ audio encoder (Zhu et al., 2025), pre-
trained in a self-supervised manner on large-scale
music data, and Microsoft’s Multilingual E5 Large
Instruct text encoder (Wang et al., 2024), selected
for its robust language understanding. The au-
dio encoder receives a 10-second audio clip A
sampled at 24kHz and the text encoder receives
the audio clip’s corresponding caption 7'. We de-
note a minibatch of B pairs by {(A;,T;)}2 ;. The
MuQ encoder produces frame-level audio features
H® = fyug(A) € REXTX1024 'ywhere T = 250
frames, and the E5 encoder produces token-level
text features H! = gp5(T) € RBXELX1024 \where
L = 128 tokens. We derive global embeddings by
mean-pooling the audio frames and extracting the
[CLS] token for text as formulated below:

T
W= S HE. B = Hig,
t=1
We retain the full matrices H® and H! for fine-
grained learning. Both global (71“, Bt) and fine-
grained (H @ H t) features are projected into a
shared 512-dimensional space via lightweight

prOjeCtOTS- SpeCiﬁcaHY’ (Zglobal’ Zg"ame) =
AudioProj(h®, H*) and (Zhpas Zoeen)

TextProj(h!, H'). Our audio and text projec-
tors each comprise two Transformer encoder lay-
ers followed by a linear layer mapping to a 512-
dimensional embedding space. After projection,
we extract both global and fine-grained embed-
dings from the audio and text encoders. The global

representations, obtained via mean-pooling, cap-
ture high-level semantic alignment across modali-
ties, while the frame-level and token-level features
preserve detailed temporal and lexical correspon-
dences.

We then apply our Multi-View Contrastive loss on
these embeddings, which consists of two comple-
mentary contrastive objectives: a vanilla global
contrastive loss on the global audio-text embed-
dings {Zg),pa1 Zgiobal}» and a frame-level con-
trastive loss on the fine-grained audio-text em-
beddings {Z¢, ., Z!., ., }. These multi-view con-
straints drive the model to learn robust, semanti-
cally rich representations at both coarse and fine
granularities. Detailed formulations of these losses
are given in Section 3.1.2, Section 3.1.3 and Sec-
tion 3.1.4, and our model’s architecture is illus-
trated in Figure 4.

3.1.2 Global Contrastive Loss

Vanilla global contrastive learning aligns paired au-
dio—text embeddings while repelling mismatched
examples within a minibatch using the InfoNCE
objective. Each matching audio—text pair (4;, T)
is treated as a positive example, while all other
pairs in the batch act as negatives. The objective
encourages high similarity between matched pairs
and low similarity between mismatched pairs.

— t _ ot
Let 2§ = Z3 ., and z; = Zg ;. ; denote the
global audio and text embeddings for examples ¢
and j, respectively, each normalized to unit norm.
We define cosine similarity as sim(u,v) = u'v,

and let s; j = sim(z, z§) The symmetric global
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Figure 4: Architecture and training overview of FIGMA. FIGMA uses a MuQ audio encoder and ES5 text encoder. It
uses a weighted sum of global and frame-level local contrastive loss or training.

contrastive loss for example ¢ is then defined as:

gelobal _ 1 log exp(sii/T)
' 2 Z‘]le eXp(SZJ/T)
4 log exp(si,i / T) ,

5o exp(si/ )

where 7 > 0 is a temperature hyperparameter
controlling the sharpness of the similarity distri-
bution. The final global contrastive loss is ob-
tained by averaging over the minibatch, Lgioha1 =
= Zf; 1 Elgk’bal. Minimizing Lgjobal encourages
matching global audio—-text embeddings to align
while pushing apart all other pairs. By contrasting
true audio—text pairs against many in-batch nega-
tives, the model learns to capture shared high-level
semantics.

3.1.3 Frame-Level Contrastive Loss

To capture fine-grained temporal and lexical cor-
respondences beyond global alignment, we intro-
duce a frame-level contrastive loss that enforces
alignment between individual audio frames and
text tokens.

a _ a a t —
Let Zframe,i - [Zi,17 te 7Zi,T] and Ztoken,j -
2%, ..., 2} ] denote the (3-normalized frame and

token embeddings (each z € R512) for audio sam-
ple ¢ and caption j, respectively. For each audio
frame ¢ in input sample 7, we compute its maximum
similarity (s;¢;;) to any token in sample j:

. a t
Sit:s — MMaX SIM\Z,; +,Z, ). 1
thv.j 1<0<L, ( l,t7 j,e) ( )

The max operation identifies the best-matching to-
ken for each frame, preserving fine-grained corre-
spondences. Averaging over all frames yields the
frame-level similarity score (Sgame-level(%, 7)) as
shown below:

T

o1
Strame-level (7, ) = T Z Sistige 2)
t=1

We then apply InfoNCE-style contrastive losses
bidirectionally by computing both audio—text and
text—audio loss as shown below:

eXp(Sframe—level(ia Z)/T)

Zszl exXp (Sframe-level(ia ])/T) ’
3)
The final frame-level contrastive loss averages both
directions as formulated below:
1 B
5 D (e + i) @)
i=1

a—t,t—a
i,frame

= —log

Lframe =

This objective treats matching audio-text pairs as
positives and all others as negatives, encouraging
the model to learn detailed temporal and seman-
tic alignments that complement the global-level
objective.

3.1.4 Multi-View Contrastive Loss

Our Multi-view contrastive loss is defined as:

['MultifVieW =w Eglobal + (1 - Oé) Eframea

where o € [0, 1] is a hyperparameter, which bal-
ances coarse-grained and fine-grained objectives.
Empirically, & = 0.6 gives the best performance,
leveraging high-level semantic alignment and de-
tailed temporal correspondence.

We utilize a multi-view contrastive loss in which
the model learns from both coarse-grained and
fine-grained features by using global and frame-
level contrastive losses, respectively. We use both
losses rather than only the frame-level loss because
the global contrastive loss helps the model capture
high-level audio features and high-level semantic
information in the text, with the CLS token provid-
ing a holistic representation of the caption, helping
the model learn the complete caption’s relation to
the audio. The frame-level contrastive loss, in con-
trast, helps the model learn relationships between
individual audio frames and specific caption tokens
and is essential for capturing music-specific fea-
tures and fine-grained details present in the text.
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Captions with music

Dataset #Samples (Train/Test) Chord Tempo Beat Key theoretic attributes
JamendoMaxCaps 189,515/0 X X X X X
Music4All 108,042 /0 X X X
MTG-Jamendo 48,709 /2,707 X X X X X
MusicBench 52,768 / 400

MusicCaps 5521/0 X X X X X

SDD 1,106 /0 X X X X X

FGMCaps (ours) 380,878 / 10,000

Table 1: Comparison of datasets with respect to sample count and the presence of metadata in captions.

As a result, both losses are complementary and
necessary, and we therefore utilize both.

3.2 FGMCaps

3.2.1 Dataset construction details

To address the lack of detailed musical annota-
tions in existing datasets, we introduce FGMCaps,
comprising 380K training samples and 10K test
samples with comprehensive annotations including
chord progression, tempo, beat count, key, genre,
and mood.

Audio Sources. We curate our dataset from
four publicly available music collections: MTG-
Jamendo (Bogdanov et al., 2019), which provides
rich metadata including 55 genre tags, 87 theme
tags and 40 instrument tags, Music4All (Santana
et al., 2020) containing 108K music clips with
genre metadata, JamendoMaxCaps (Roy et al.,
2025) offering diverse 200K music samples, and
MusicBench (Melechovsky et al., 2024) which pro-
vides high-quality music with detailed natural lan-
guage descriptions.

Music Feature Extraction. We employ state-of-
the-art music theory-specific tools to extract precise
musical attributes. BeatNet (Heydari et al., 2021),
a multi-task deep neural network, extracts beat
count, tempo (BPM), and time signature through
particle filtering-based beat tracking. Omnizart’s
chord recognition module (Wu et al., 2021), using
a pre-trained deep learning model operating at 10
Hz frame rate, provides chord progressions with
temporal boundaries. We apply post-processing to
remove consecutive duplicate chords and identify
repeating patterns. Essentia’s KeyExtractor (Bog-
danov et al., 2013), implementing the Krumhansl-
Schmuckler key-finding algorithm (Krumhansl,
1990) on chroma features, determines musical key,
scale (major/minor), and confidence scores.
Caption Generation. To generate natural lan-

guage descriptions incorporating extracted features
and metadata, we employ Qwen3-Next-80B-A3B-
Instruct (Qwen-Team, 2025). For each audio clip,
we construct prompts containing five musical char-
acteristic sentences derived from extracted features:
BPM description, tempo text (e.g., "Allegro"), time
signature, chord progression, and musical key. For
MTG-Jamendo samples, we additionally include
genre, theme, and instrumentation metadata. For
Music4All samples, we include genre metadata.
We randomize the order of musical characteristics
to prevent position-dependent biases. The model is
instructed to generate single-sentence captions us-
ing factual, objective language without subjective
interpretations.

Dataset Splitting. We employ stratified splitting
to ensure balanced representation across source
datasets. The test set contains 10,000 samples:
2,707 from MTG-Jamendo (all available test sam-
ples), 3,646 from Music4All, and 3,647 from Ja-
mendoMaxCaps. The validation set follows iden-
tical distribution with 10,000 samples. The train-
ing set comprises all the train-set samples from
MTG-Jamendo and the remaining samples from
Music4All and JamendoMaxCaps, which results
in approximately 330K samples, augmented with
50K filtered music-caption pairs from MusicBench,
resulting in approximately 380,000 training sam-
ples in total. For MusicBench we carefully filter
the training data, retaining only samples from the
AudioSet train set, ensuring no data leakage, and
we utilize MusicBench’s main caption as well as
alternative caption to help increase caption diver-
sity.

Quality Control. We implement filtering proce-
dures to remove samples with failed feature extrac-
tion (< 0.5% of data), validate caption complete-
ness, and verify key extraction confidence exceeds
0.5 threshold.
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Text-to-Audio Retrieval

Audio-to-Text Retrieval

Model R@l R@5 R@10 R@20 R@]1 R@5 R@10 R@20
LAION-CLAP General Audio) 23.86 48.73 62.94 77.16 2792 53.81 76.65 86.80
LAION-CLAP General audio with variable-lengthy  19.80 44.67 57.87 73.10 23.35 5279 62.94 78.17
LAION-CLAPmusic) 25.38 55.84 68.53 79.70 2538 61.93 76.14 89.34
LATON-CLAPMusic and Speech) 19.29 46.19 64.47 77.66 19.80 48.22 65.48 80.20
LAION-CLAPMusic, Speech and General Audioy 19.80 54.82 65.99 77.16 2690 59.39 71.57 83.76
MS-CLAP 2022 06.09 17.26 2741 41.62 08.63 22.34 3452 49.24
MS-CLAP 2023 20.30 44.67 57.87 70.05 23.86 55.84 70.56 83.25
MuQ-MuLaN 20.81 47.71 6294 74.62 17.76 43.65 57.86 78.68
M2D-CLAP 25.38 55.33 70.05 78.17 36.55 63.96 75.63 84.77
CLAMP 3 28.43 57.87 74.62 89.85 05.08 24.37 34.01 52.28
LAION-CLAP continued Training on FGMCaps)  10.66  36.55 48.73  68.53 13.71 36.55 52.79 70.05
FIGMA 34.52 65.99 81.73 91.37 39.09 68.02 80.71 88.83

Table 2: Retrieval performance (R@XK) on MusicBench. Best values are in bold and second-best values are underlined.

3.2.2 Comparison with other datasets

Table 1 compares FGMCaps with existing music
datasets. As shown, FGMCaps is the only dataset
that contains captions with comprehensive music
theory attributes like chord, tempo, beat, key at a
large scale of 380K training samples and 10K test
samples. MusicCaps (Agostinelli et al., 2023) pro-
vides high-quality captions but lacks music theory
attributes. Music4All includes only tempo and key,
whereas MTG-Jamendo provides valuable genre
tags but lacks any details about chords or tempo.
SDD contains only 1,106 samples. MusicBench
contains music theory attributes but has a much
smaller size of 52K captions as compared to FGM-
Caps 380K captions. With the largest scale among
datasets with detailed music-theoretic annotations,
FGMCaps provides a very comprehensive resource
for training music retrieval models as well as their
evaluation.

4 Experiments

Model Architecture. We train FIGMA using the
Multi-View Contrastive loss defined in Section
3.1.4, which combines global and frame-level con-
trastive objectives. Our architecture employs two
frozen pre-trained encoders: the MuQ audio en-
coder, pre-trained in a self-supervised manner on
large-scale music data, and the Microsoft Multi-
lingual ES Large Instruct text encoder, selected
for its robust multilingual language understand-
ing. The audio encoder processes 10-second audio
clips sampled at 24kHz, while the text encoder
processes the corresponding captions. Both en-
coders remain frozen during training, totaling ap-

proximately 800M parameters, and training is re-
stricted to the projection heads with approximately
22M trainable parameters. This design significantly
reduces computational cost while enabling faster
training and effective alignment.

Our audio and text projection heads each consist of
two Transformer encoder layers (8 attention heads,
feed-forward dimension 512) followed by a linear
projection into a shared 512-dimensional embed-
ding space. We adopt this Transformer-based de-
sign instead of linear projections due to its stronger
capacity to model sequential dependencies in audio
frames and text tokens, which is essential for the
frame-level contrastive objective.

Model Training. We train FIGMA on the FGM-
Caps training split, consisting of 380K music-
caption pairs with detailed annotations including
chord progression, tempo, beat count, key, as well
as genre and mood. The model is trained for 15
epochs with a batch size of 256 and utilizes early
stopping. We employ the Adam optimizer with a
learning rate of 1 x 10~*. The temperature parame-
ter 7 in the InfoNCE loss is set to 0.07, and the loss
weighting hyperparameter « is set to 0.6, balancing
the global and frame-level objectives.

Evaluation Datasets and Metrics. We evaluate re-
trieval performance using Retrieval @K for K in 1,
5, 10, 20, measuring the percentage of queries for
which the correct match appears within the top K
retrieved results. We assess bidirectional retrieval:
text-to-audio (T2A), where text queries retrieve au-
dio clips, and audio-to-text (A2T), where audio
queries retrieve captions. For each query, we com-
pute cosine similarity between the query embed-
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Text-to-Audio Retrieval

Audio-to-Text Retrieval

Model R@l R@5 R@10 R@20 R@]1 R@5 R@10 R@20
LAION-CLAP General Audio) 01.90 07.40 11.30 18.60 04.00 12.10 19.10 27.60
LAION-CLAP General audio with variable-lengtny  00.70 05.10 09.00 17.40 02.20 07.30 11.50 21.10
LAION-CLAPmusic) 02.60 09.40 14.80 21.60 03.00 11.60 18.50 28.10
LATON-CLAPMusic and Speech) 02.80 09.50 14.10 20.20 02.40 09.80 17.40 25.50
LAION-CLAPMusic, Speech and General Audioy 03.00 07.50 12.90 20.80 02.80 10.10 17.90 28.00
MS-CLAP 2022 00.60 03.30 04.60 08.70 00.80 03.40 06.80 12.00
MS-CLAP 2023 01.50 04.90 09.30 14.80 02.90 08.30 15.50 22.90
MuQ-MuLaN 04.10 12.40 17.80 27.50 03.90 11.70 19.10 28.10
M2D-CLAP 01.90 06.70 1140 17.80 03.30 11.90 19.70 30.80
CLAMP 3 07.50 20.70 30.80 43.10 01.10 04.10 06.40 11.70
LAION-CLAP continued Training on FGMcCapsy 06.10 18.30 26.50 36.80 06.00 20.00 30.10 40.90
FIGMA 13.00 28.00 37.60 48.60 13.20 33.30 42.90 53.40

Table 3: Retrieval performance (R@K) on FMACaps-Eval. Best values are in bold and second-best values are underlined.

ding and all candidates in the test set, ranking by
descending similarity. We evaluate on two bench-
marks: FMACaps-Eval-TestB (Melechovsky et al.,
2024), containing 1,000 music-caption pairs from
the Free Music Archive (Defferrard et al., 2017),
and MusicBench (Melechovsky et al., 2024), pro-
viding high-quality music with detailed natural lan-
guage descriptions. These benchmarks assess both
fine-grained music retrieval capability and general-
ization to diverse data distributions.

5 Results

We evaluate FIGMA on two benchmarks:
FMACaps-Eval and MusicBench. Tables 2 and
3 show that FIGMA substantially outperforms all
baseline models across both text-to-audio (T2A)
and audio-to-text (A2T) retrieval tasks.
MusicBench Results. On MusicBench (Table 2),
FIGMA achieves 34.52% R@1 and 65.99% R@5
for T2A retrieval, achieving 21.4% relative im-
provement over CLAMP3 in R@1. For A2T re-
trieval, FIGMA obtains 39.09% R@]1 and 68.02%
R @5, surpassing M2D-CLAP and all other base-
lines. This confirms that standard contrastive ob-
jectives are insufficient for capturing fine-grained
musical attributes, indicating our multi-view objec-
tive learns more transferable representations.
FMACaps-Eval Results. On FMACaps-Eval (Ta-
ble 3), FIGMA achieves 13.00% R@1 and 28.00%
R@5 for T2A retrieval, representing a 73.3% rel-
ative improvement over the second-best model
CLAMP 3. For A2T retrieval, FIGMA achieves
13.20% R@1 and 33.30% R@5, more than dou-
ble the performance of LAION-CLAP with con-

Text-to-Audio Retrieval on FMACaps-Eval

Score (%)

R@S R@10
Retrieval @ K

Figure 5: Ablation study on the effect of negative set size on
different Recall@K values for FMACaps-Eval in text-to-audio
retrieval.

tinued training on FGMCaps. The strong out-of-
domain performance on FMACaps-Eval demon-
strates FIGMA’s generalization capability.

5.1 Negative Set Size Ablation

We study the effect of negative set size by varying
the batch size, where the number of negatives is
fixed to 8x the batch size. As shown in Fig. 5, in-
creasing the negative set size consistently improves
diverse recall across all recall levels. Larger neg-
ative pools lead to notable gains, with substantial
improvements at higher recall thresholds (R@10
and R@20), indicating better coverage of diverse
relevant items. This trend suggests that scaling the
negative set strengthens contrastive discrimination
and enhances fine-grained text-to-audio retrieval
performance on FMACaps-Eval.

5.2 Robustness to Fine-Grained Attribute
Perturbations

To evaluate whether FIGMA relies on genuine fine-
grained alignment rather than coarse distributional
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Attribute Changed R@1 R@5 R@10 R@20
Original (no change) 46.53 74.97 83.97 89.57
Key 3890 6797 77.63 84.77
BPM 40.30 67.87 7697 84.43
Tempo marking 3577 6587 7583 83.97
Beat count 3487 65.17 7490 83.57
Chords 4320 65.80 7590 84.53

Table 4: Audio-to-text retrieval performance of FIGMA on
hard-negative evaluation sets. For each row, exactly one mu-
sical attribute in the caption is perturbed. FIGMA maintains
strong R@1 across all perturbation types, indicating robust-
ness to fine-grained attribute changes.

cues, we construct hard-negative evaluation sets
from a 3K subset of our test set. For each caption,
we generate modified versions by altering exactly
one attribute at a time (key, BPM, tempo marking,
beat count, or chord sequence), producing five eval-
uation sets of 3K samples each. We then measure
FIGMA’s audio-to-text retrieval performance using
these perturbed captions. Results are reported in
Table 4.

When a single attribute is altered, retrieval per-
formance decreases relative to the original cap-
tions, as expected. However, FIGMA still retrieves
the correct audio with strong accuracy (R@1 be-
tween 34.87% and 43.20%), demonstrating that the
model is robust to fine-grained attribute changes
rather than collapsing under small textual pertur-
bations. This indicates that FIGMA’s multi-view
objective learns representations that are genuinely
grounded in fine-grained musical attributes, not
merely surface-level caption distributions.

6 Conclusion

We introduced FIGMA, a novel framework that ad-
vances fine-grained music retrieval by addressing
a fundamental limitation of existing CLAP-based
models; their inability to effectively utilize long,
attribute-rich music descriptions. By combining a
multi-view contrastive objective that jointly aligns
global audio—text semantics and frame-level, token-
wise correspondences with our large-scale FGM-
Caps dataset containing explicit music-theoretic
annotations, FIGMA learns representations that
faithfully capture both high-level musical context
and precise structural attributes such as tempo,
key, chord progression, and rhythm. Extensive
evaluations across in-domain and out-of-domain
benchmarks including MusicBench and FMACaps
demonstrate that FIGMA consistently and substan-
tially outperforms prior music retrieval models,

achieving up to 73.3% relative improvement, while
remaining computationally efficient through frozen
backbone encoders. Together, our results establish
fine-grained alignment as a critical design principle
for music—language models and position FIGMA
as a strong foundation for music retrieval research.

7 Limitations and Future Work

While FIGMA achieves strong fine-grained music
retrieval performance, we identify a few impor-
tant limitations and future directions. First, our
experiments use English-centric music captions.
Although we use a multilingual text encoder, we
do not explicitly evaluate cross-lingual retrieval,
and future work should assess and extend FIGMA
on non-English music-caption datasets to verify
its multilingual generalization. Second, our train-
ing corpus, FGMCaps focuses on tempo, key, beat
count, and chord progression; future extensions
could incorporate higher-order musical structure,
such as song sections (e.g., verse and chorus),
harmonic tension, modulation, or rhythmic mo-
tifs, to further enrich fine-grained music retrieval.
Third, our frame-level objective relies on a max-
operator-based similarity formulation, which does
not theoretically guarantee perfectly fine-grained
alignment between specific musical attributes and
their corresponding acoustic features. Future work
could explore softer aggregation mechanisms (e.g.,
attention-based or averaging strategies) to further
improve attribute-level alignment.
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A Additional Results

A.1 Retrieval Performance on FGMCaps Test
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In addition to the MusicBench and FMACaps-Eval
benchmarks reported in the main paper, we also
evaluate all baselines and FIGMA on the FGM-
Caps test set, consisting of 10,000 music-caption
pairs with detailed music-theoretic annotations
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(Section 3.2). Table 5 reports bidirectional retrieval
performance (R@K for K € {1, 5, 10,20}) on this
benchmark. FIGMA substantially outperforms all
baselines across both retrieval directions and all
values of K, with R@1 reaching 26.15% for text-
to-audio retrieval and 26.86% for audio-to-text re-
trieval, compared to under 8% for the strongest
baseline. These results reinforce our main findings:
standard contrastive objectives cannot effectively
leverage the fine-grained musical attributes present
in FGMCaps captions, whereas FIGMA’s multi-
view objective captures them successfully.

B Additional Dataset Details

We provide additional details on LAION-CLAP
variants in Table 6 and Table 7

B.1 Training Dataset Composition

FGMCaps is constructed by aggregating multiple
publicly available music datasets, each contribut-
ing complementary metadata and musical diversity.
Table 8 summarizes the individual source datasets
and their contribution to the final training, valida-
tion, and test splits. All datasets are used strictly for
research purposes and are released under licenses
permitting non-commercial academic use.

We do not collect any new human annotations.
All musical attributes are obtained through auto-
matic music analysis tools, and all textual captions
are generated automatically based on extracted fea-
tures and existing metadata.

B.2 Dataset Splits

FGMCaps is split into training, validation, and test
sets using stratified sampling to preserve balanced
representation across source datasets. The test set
consists of 10,000 samples and is disjoint from
all training data. Special care is taken to avoid
data leakage from MusicBench by retaining only
samples originating from the AudioSet training
split during FGMCaps construction.

C Caption Generation and Quality
Control

This section describes the automatic caption gener-
ation pipeline used to construct FGMCaps, includ-
ing musical feature extraction, prompt construction,
and quality control procedures. No human annota-
tors are involved at any stage of this process.

C.1 Automatic Musical Feature Extraction

To obtain fine-grained musical attributes, we apply
established music analysis tools to each audio clip.

BeatNet: We use BeatNet, a multi-task deep neu-
ral network for joint beat, downbeat, and meter
tracking, to extract tempo (in BPM), beat count,
and time signature information from each audio
clip. BeatNet operates using a convolutional recur-
rent architecture combined with particle filtering,
enabling robust tempo and rhythmic structure esti-
mation across diverse musical genres.

Omnizart: We extract chord progressions using
the chord recognition module of Omnizart, which
produces frame-level chord predictions at a fixed
temporal resolution. We apply post-processing to
remove consecutive duplicate chords and to iden-
tify repeating chord patterns, resulting in concise
chord progression descriptions suitable for textual
captioning.

Essentia: Musical key and scale (major or mi-
nor) are extracted using Essentia’s KeyExtractor,
which implements a chroma-based key detection
algorithm. We retain the estimated key and mode
along with the associated confidence score for sub-
sequent filtering and caption generation.

C.2 Caption Generation Procedure

Captions in FGMCaps are generated automatically
using a large language model, Qwen3-Next-80B-
A3B-Instruct, conditioned on structured musical
attributes extracted from audio.

For each audio clip, we construct a prompt con-
taining factual musical descriptors such as tempo,
time signature, chord progression, and musical
key. When available, high-level metadata provided
by the source dataset (e.g., genre or instrumenta-
tion tags) is also included. The order of musical
attributes in the prompt is randomized to avoid
position-dependent biases.

The model is instructed to generate a single-
sentence caption using objective, descriptive lan-
guage. Subjective interpretations, emotional de-
scriptions, and creative embellishments are explic-
itly discouraged. Each caption is generated inde-
pendently and conditioned only on the extracted
musical attributes and available metadata.

An example prompt used for caption generation
is shown in Figure 6.
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Text-to-Audio Retrieval

Audio-to-Text Retrieval

Model R@l R@5 R@10 R@20 R@]l R@5 R@10 R@20
LAION-CLAP General Audio) 00.09 00.40 00.68 01.30 00.24 00.92 01.55 02.95
LAION-CLAP General audio with variable-lengtny  00.10 00.46  00.76 01.43 00.25 00.82 01.41 02.19
LAION-CLAPMusic) 00.18 00.62 01.17 02.18 00.29 01.43 02.47 03.94
LAION-CLAP Music and Speech) 00.14 00.58 01.07 01.94 00.23 00.90 01.72 03.08
LAION-CLAPMusic, Speech and General Audioy 00.10 00.65 01.08 01.99 00.28 01.21 02.16 03.58
MS-CLAP 2022 00.08 00.17 00.32 00.62 00.06 00.27 00.45 00.91
MS-CLAP 2023 00.16 00.65 01.07 01.90 00.28 01.12 01.98 02.99
MuQ-MuLaN 00.85 03.06 05.29 08.61 01.47 04.85 07.39 11.16
M2D-CLAP 00.09 00.54 00.96 01.66 00.34 01.15 01.98 03.36
CLAMP 3 02.22 08.16 12.67 18.33 00.35 01.33 02.32 04.05
FIGMA 26.15 52.68 63.64 74.07 26.86 54.25 65.17 75.16

Table 5: Retrieval performance (R@K) on the FGMCaps test set. Best values are in bold and second-best values are underlined.

Text-to-Audio Retrieval

Audio-to-Text Retrieval

Model R@] R@5 R@10 R@20 R@] R@5 R@I10 R@20
LAION-CLAP General Audio) 23.86 48.73 62.94 77.16 27.92 53.81 76.65 86.80
LAION-CLAP General audio with variable-lengthy  19.80 44.67 57.87 73.10 23.35 5279 62.94 78.17
LAION-CLAP Music) 25.38 55.84 6853 79.70 2538 61.93 76.14 89.34
LAION-CLAPMusic and Speech) 19.29 46.19 64.47 77.66 19.80 48.22 65.48 80.20
LAION-CLAPMusic, Speech and General Audioy 19.80 54.82 65.99 77.16 26.90 59.39 71.57 83.76
LAION-CLAP continued Training on FGMCaps)y  10.66  36.55 48.73 68.53 13.71 36.55 52.79 70.05
FIGMA 34.52 65.99 81.73 91.37 39.09 68.02 80.71 88.83

Table 6: Retrieval performance (R@K) on MusicBench. Best values are in bold and second-best values are underlined.

C.3 Quality Control and Filtering

We apply multiple quality control steps to ensure
the consistency and reliability of FGMCaps. Au-
dio clips for which musical feature extraction fails
are discarded. Captions that do not contain all re-
quired musical attributes or that violate formatting
constraints are removed.

For musical key extraction, we retain only sam-
ples whose estimated key confidence exceeds a pre-
defined threshold to reduce noise from uncertain
predictions. We additionally verify that generated
captions are non-empty and conform to the single-
sentence requirement.

These filtering steps remove a small fraction of
samples and ensure that all retained captions consis-
tently describe explicit musical attributes suitable
for fine-grained music retrieval.

D Baseline Details

D.1 General-Purpose Audio-Text Baselines

We compare FIGMA against several general-
purpose audio-text contrastive models that are

trained on large-scale audio—caption datasets span-
ning diverse audio domains, including speech, en-
vironmental sounds, and music.

LAION-CLAP: We evaluate multiple variants of
LAION-CLAP trained on different mixtures of gen-
eral audio, music, and speech data. These models
employ a standard global contrastive learning ob-
jective and serve as strong zero-shot baselines for
cross-modal audio—text retrieval.

MS-CLAP: We include both the 2022 and 2023
releases of Microsoft CLAP, which are trained on
millions of audio—text pairs and have demonstrated
strong performance on a wide range of audio clas-
sification and retrieval tasks. Similar to LAION-
CLAP, these models rely on global audio and text
embeddings optimized using a contrastive objec-
tive.

These general-purpose baselines provide a ref-
erence point for evaluating fine-grained music re-
trieval performance and highlight the limitations of
global contrastive learning when applied to long,
music-specific captions.
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Text-to-Audio Retrieval

Audio-to-Text Retrieval

Model R@l R@5 R@10 R@20 R@] R@5 R@10 R@20
LAION-CLAP General Audio) 01.90 07.40 11.30 18.60 04.00 12.10 19.10 27.60
LAION-CLAP General audio with variable-lengtny  00.70 05.10 09.00 17.40 02.20 07.30 11.50 21.10
LAION-CLAPmusic) 02.60 09.40 14.80 21.60 03.00 11.60 18.50 28.10
LATON-CLAPMusic and Speech) 02.80 09.50 14.10 20.20 02.40 09.80 17.40 25.50
LAION-CLAPMusic, Speech and General Audioy 03.00 07.50 12.90 20.80 02.80 10.10 17.90 28.00
LAION-CLAP continued Training on FGMCapsy  06.10 18.30 26.50 36.80 06.00 20.00 30.10 40.90
FIGMA 13.00 28.00 37.60 48.60 13.20 33.30 42.90 53.40

Table 7: Retrieval performance (R@K) on FMACaps-Eval. Best values are in bold and second-best values are underlined.

Dataset # Train  # Validation # Test
MTG-Jamendo 48,709 2,707 2,707
Music4All 108,042 3,646 3,646
JamendoMaxCaps 189,515 3,647 3,647
MusicBench 52,768 - 400
FGMCaps (Total) ~380,000 10,000 10,000

Table 8: Source datasets used to construct FGMCaps.
All datasets are publicly available and used solely for
research purposes.

D.2 Music-Specific Baselines

We additionally compare FIGMA against music-
specific audio—text retrieval models that are trained
exclusively or primarily on music data and are de-
signed to capture musical structure more effectively
than general-purpose leads.

MuQ-MuLaN: MuQ-MuLaN combines the MuQ
self-supervised music audio encoder with the Mu-
LaN contrastive framework. The model processes
raw audio using a music-specialized encoder and
aligns it with text using a global contrastive ob-
jective. It represents a strong baseline for music
retrieval with learned music representations.
CLAMP: CLAMP is a contrastive language-music
pretraining model that integrates symbolic music
representations alongside audio features. It is de-
signed to capture higher-level musical structure
and has demonstrated competitive performance on
music retrieval benchmarks.

M2D-CLAP: M2D-CLAP adapts CLAP-style
training to music by leveraging masked audio mod-
eling and music-domain pretraining. While it im-
proves music representation quality, it continues to
rely on global audio—text embedding alignment.

These models represent the state of the art in
music-focused contrastive learning and serve as
strong baselines for evaluating fine-grained music
retrieval.

Prompt (Caption Generation).

You are a music caption generator. Your task is to com-
bine the following musical characteristics into a single,
coherent, natural-sounding caption that describes a mu-
sic audio clip.

Metadata: - genre: dance, downtempo, electronic
Musical characteristics: 1. This song is in 4/4 time. 2.
This song is in the key of F minor. 3. This track plays
at 126 beats per minute. 4. This song is in Allegro. 5.
This track follows the chord sequence G:major, C:major,
G:major, F:minor.

Instructions: 1. Combine all the musical characteristics
into a single flowing caption (ONE sentence only, can be
long) 2. If metadata is provided, naturally incorporate
it into the caption 3. Be factual and objective - do NOT
add subjective descriptions (e.g., haunting’, ’emotive’,
"poignant’, ’somber’, 'vibrant’) 4. Do NOT infer musical
qualities not provided (e.g., 'minimal harmonic struc-
ture’, ’complex arrangement’, ’driving rthythm’) 5. Use
plain, descriptive language without emotional interpreta-
tion 6. Only output the caption text, nothing else
Caption:

Figure 6: Example prompt used to generate captions for
FGMCaps.

E Experimental Setup Details

E.1 Training Configuration

FIGMA is trained on the FGMCaps training split
using the multi-view contrastive loss described in
Section 3.1.4. Training is conducted for a fixed
number of epochs with early stopping based on
validation performance.

We use the Adam optimizer with a learning rate
of 1 x 10~ and a batch size of 256. The temper-
ature parameter 7 in the contrastive loss is set to
0.07, and the loss weighting parameter « balanc-
ing the global and frame-level objectives is set to
0.6. All other hyperparameters are kept consistent
across experiments.
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E.2 Software

All models are implemented and trained using Py-
Torch. We use DeepSpeed to enable efficient multi-
GPU training and to support large batch sizes dur-
ing contrastive learning. Pre-trained audio and text
encoders are loaded using the Hugging Face Trans-
formers library, which also provides tokenization
and model configuration utilities.

Unless otherwise specified, all experiments use
standard library implementations without custom
CUDA kernels.

E.3 Model Size and Compute

FIGMA employs two frozen pre-trained encoders:
the MuQ audio encoder and the Multilingual E5
Large Instruct text encoder. Together, these en-
coders comprise approximately 800M parameters
and remain fixed during training. Only the audio
and text projection heads are trained, resulting in
approximately 22M trainable parameters.

By freezing the encoders and training
lightweight projection heads, FIGMA significantly
reduces computational cost compared to end-to-
end fine-tuning of large audio—text models. This
design enables efficient training while preserving
strong representation quality for fine-grained
music retrieval.

All experiments are conducted using 8 NVIDIA
A100 GPUs. Multi-GPU training is enabled via
DeepSpeed to support large batch sizes and effi-
cient contrastive learning.

F AI Assistants Usage

Al assistants are used in a limited and clearly de-
fined manner in this work.

First, a large language model is used for data
generation during the construction of the FGM-
Caps dataset. Specifically, an LLM is employed to
generate natural language captions from automat-
ically extracted musical attributes such as tempo,
key, chord progression, and beat structure, as de-
scribed in Appendix B. The model is instructed to
produce factual, single-sentence descriptions with-
out subjective interpretation. No human annotators
are involved in this process.

Second, Al-based writing assistants are used dur-
ing manuscript preparation for grammar checking,
language polishing, and improving clarity. These
tools do not contribute to the scientific content, ex-
perimental design, analysis, or conclusions of the

paper.

G Potential Risk

The model could be misused to more efficiently
search or organize copyrighted music collections,
potentially enabling unlicensed reuse or large-scale
dataset repurposing. Such risks arise from down-
stream use rather than the intended research appli-
cation.
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