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Abstract—We propose a music captioning framework designed
for low-resource scenarios by leveraging an encoder-decoder
architecture that incorporates the audio encoder of the pre-
trained audio encoder of Contrastive Language-Audio Pre-
training (CLAP) and two auxiliary training objectives. First, we
introduce a contrastive modality alignment loss to align audio and
text embeddings in the CLAP latent space. Second, we propose a
semantic alignment loss that encourages the decoder to generate
captions that are semantically close to the ground-truth captions,
measured in the CLAP text embedding space. Experiments on
the MusicCaps dataset demonstrate that the proposed model
and training objectives improve caption generation performance
and enable the proposed model to achieve competitive results
compared to a baseline model trained on a large-scale dataset,
despite using significantly less training data. These results high-
light the effectiveness of cross-modal representation alignment in
improving music captioning under data scarcity.

I. INTRODUCTION

Music captioning is a multimodal task that generates natural
language descriptions for input music audio. Unlike music tag-
ging, which assigns pre-defined labels such as genre, mood, or
instrumentation, music captioning expresses musical concepts
in the form of complete sentences[1], enabling richer semantic
interpretation and comprehensive understanding of musical
content. It has potential applications in music retrieval[2] and
music recommendation[3]

However, generating captions for music is a highly chal-
lenging task. A music captioning model is expected to simul-
taneously recognize concrete musical attribute such as tempo
and instrumentation as well as more abstract and subjective
elements like mood and atmosphere. Moreover, understanding
the complex, multidimensional relationships between these
elements is critical for producing coherent and meaningful de-
scriptions. Unlike traditional classification tasks, it requires not
only accurate perception of audio content but also the ability to
express it in well-formed, descriptive natural language, similar
to how a human listener might describe a piece of music.

Deep understanding of musical structure and linguistic ex-
pression is required to train music captioning model effectively,
which makes music captioning task a uniquely multimodal
challenge. Training robust and generalizable music captioning
model requires large-scale and high-quality datasets that reflect
the diversity of real-world music and the detailed explanation.
However, there remains a severe lack of high-quality paired
audio-text datasets for music captioning.

Generating music captions requires careful listening, musi-
cal expertise, and semantic interpretation, making human anno-
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tation costly and time-consuming[4]. Most existing datasets for
music captioning are relatively small in scale and often suffer
from limited descriptive diversity or inconsistent annotation
quality. As of now, MusicCaps[5] is the only publicly available
human-annotated dataset specifically designed for track-level
music captioning. It contains approximately 5,500 music-
caption pairs annotated by professional musicians. While Mu-
sicCaps offers high-quality and semantically rich descriptions,
its limited size constrains its usefulness for model training[6].

To address data scarcity, recent studies have explored sev-
eral approaches to generate more captions. For example,
LP-MusicCaps[6] proposed a large-scale pseudo-captioning
dataset generated using large language models (LLMs), lever-
aging existing music tagging datasets as input. This approach
resulted in approximately 2.2 million captions for 0.5 million
audio clips, significantly increasing dataset size. However,
since these captions are machine-generated, they do not ensure
the quality or semantic level of human annotations, limiting
their effectiveness for high-quality caption generation.

In this work, we propose several methods to improve music
captioning performance in data scarcity scenarios. We validate
the effectiveness of the proposed methodologies through exper-
iments on MusicCaps, a high-quality but small-scale human-
annotated dataset. While our methods are validated under
data scarcity, they are also readily applicable to larger-scale
training settings such as when additional human-annotated data
becomes available or large volumes of high-quality synthetic
captions are generated through alternative approaches.

Specifically, we adopt the pre-trained audio encoder of Con-
trastive Language-Audio Pre-training (CLAP)[7] to provide
robust audio representations and explore an effective decoder
design suitable for musical caption generation. To bridge the
modality gap and enhance semantic alignment between audio
and text, we introduce a contrastive modality alignment loss
using audio and text encoders of CLAP. It encourages the audio
encoder to produce representations that are semantically closer
to the corresponding caption in the CLAP latent space.

Furthermore, to ensure that the decoder generates seman-
tically coherent captions, we propose a semantic alignment
loss. Unlike standard maximum likelihood training, which
predicts the next token solely based on token probabilities,
this loss encourages the decoder to generate sequences whose
embeddings are close those of the ground-truth caption at
each decoding step. This facilitates semantically meaningful
generation throughout the sequence, improving both fluency



and relevance.
In summary, our contributions are as follows:

« We propose a music captioning framework that integrates
the pre-trained CLAP audio encoder with a Transformer
decoder under limited supervision.

o We introduce a contrastive modality alignment loss that
aligns audio and text embeddings in the CLAP latent
space, enabling the model to better capture cross-modal
semantic relationships.

e« We propose a semantic alignment loss to guide the
decoder toward generating semantically faithful captions
throughout the decoding process.

« We demonstrate the effectiveness of the proposed methods
on MusicCaps, showing improved caption quality despite
limited training data.

II. BACKGROUND
A. Music Captioning

Recent studies on music captioning have explored various
neural network architectures. A common approach employs
encoder-decoder frameworks[8], as music captioning can be
regarded as a cross-modal translation task from audio to natural
language. In this framework, an audio encoder extracts features
from the input audio, and a decoder generates captions auto-
regressively, conditioned on the encoded audio representations.

MusCaps[1] was the first to address the music captioning
from an audio captioning perspective, using a multimodal
encoder-decoder architecture based on long short-term memory
(LSTM) network[9]. Audio encoders are often pre-trained on
audio understanding tasks such as BEATs[10] or CLAP[7],
while text decoders are typically initialized from pre-trained
LLMs such as BART[11] or GPT-2[12].

Due to the limited availability of large-scale, high-quality
paired datasets, existing music captioning models often suffer
from poor generalization and limited semantic expressiveness.
To address this challenge, several studies proposed methods
to alleviate the data scarcity problem. These include gen-
erating captions from music tagging datasets via tag con-
catenation[13], [14], manually defined text templates[15], or
LLMs[6]. JamendoMaxCaps[16] generates captions from free-
licensed instrumental tracks by a music captioning model[17],
enhanced with imputed metadata.

In this paper, we propose methods to improve music caption-
ing performance under data-scarce conditions by enhancing the
alignment between audio and text. Specifically, we leverage a
pre-trained audio encoder and introduce two training objectives
that improve both cross-modal and semantic alignment.

B. CLAP

CLAP[7], [18] is a large-scale audio-language model de-
signed to learn a shared embedding space between audio
and natural language. It consists of an audio encoder and a
text encoder, each responsible for processing audio and text
inputs, respectively. Inspired by Contrastive Language-Image
Pre-Training (CLIP) for vision-language tasks, CLAP employs
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Fig. 1. An overview of our captioning model based on an encoder-decoder
architecture.

contrastive learning to align audio with their corresponding
textual descriptions.

The model is pre-trained on a large and diverse collection of
audio-text pairs, enabling it to capture semantic relationships
across modalities without the need for explicit supervision.
CLAP supports a wide range of audio domains, including
environmental sounds, speech, and music. In particular, the
music-specialized version of CLAP has been widely adopted as
an audio encoder in tasks such as music tagging and music-text
retrieval, demonstrating its effectiveness as a general-purpose
audio representation model for music understanding.

In this work, we utilize the audio encoder of CLAP as a
fixed feature extractor and leverage its cross-modal alignment
capabilities to enhance caption generation for music audio.

ITII. PROPOSED METHOD
A. Problem Specification

Music captioning is the task of generating a caption 3 for
a given music track m. Training a music captioning model
corresponds to optimizing model parameters 6 of a mapping
function from audio input to text output, defined as fy : m —
4, with the goal of generating captions that are semantically
similar to the ground-truth caption y. A music caption consists
of a sequence of word tokens y;, where ¢ denotes the index
of each token in the caption. These tokens are predicted auto-
regressively by the decoder. This generation process can be
formulated as:

i = argmjxp(yi | y<i,m; 0) M

B. Model Structure

An overview of our captioning model is depicted in Fig.
1. We adopt the multimodal latent space of CLAP[7] to
align audio and text representations for music captioning.
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Fig. 2. Contrastive modality alignment based on InfoNCE loss.

For an audio-text pair (a,t), CLAP jointly trains an audio
encoder f,(-) and a text encoder f;(-) to align their respective
embedding E4 = f,(a) and Er = fi(t).

In our framework, we use f, () as the encoder in an encoder-
decoder architecture. Specifically, we adopt the HTSAT[19]-
based audio encoder following the HTSAT-RoBERTa config-
uration, which achieved the best performance in the CLAP
paper[7]. fo(-) consists of Swin Transformer[20] blocks fol-
lowed by projection layers. Among CLAP variants, we select
the music-specific version trained on music datasets, Au-
dioSet[21], and LAION-Audio-630k, as it demonstrated the
best performance in musical genre classification.

For the text decoder, we employ vanilla Transformer de-
coder[22] blocks. In preliminary experiments, we compared
the vanilla Transformer decoder with the BART decoder and
found that the vanilla Transformer consistently outperformed
BART in music captioning metrics under their respective best
configurations. We attribute this performance gap in part to
tokenizer mismatches between CLAP and BART. Specifically,
RoBERTa tokenizer and Bart tokenizer are utilized for CLAP
and BART, respectivley.

C. Contrastive Modality Alignment Loss

As music captioning is a multimodal task, the audio encoder
is required not only to extract meaningful features from the
audio but also to produce embeddings that are useful for gen-
erating text captions. In the CLAP latent space, the embedding
distance between a positive audio-text pair (a,t) is minimized,
while distance between negative pair is maximized.

To ensure that the embeddings from the audio encoder are
semantically aligned with the text captions, they should be
positioned close to the corresponding embeddings produced by
the text encoder within the shared latent space. To this end, we
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Fig. 3. Semantic alignment loss between the predicted token sequence and
the ground-truth caption.

utilize the frozen text encoder from the music-specific version
of CLAP, identical to the variant used for the audio encoder, in
order to encourage consistent audio-text modality alignment.

Specifically, for each paired sample (a,t), we enforce that
the audio embedding of a is closest to the text embedding of ¢
among all text embeddings in the batch and the text embedding
of ¢ should be closest to the audio embedding of a among all
audio embeddings, as illustrated in Fig. 2. This bidirectional
alignment objective is implemented using InfoNCE loss[23]
similar to the contrastive training approach in [24].

Let cos(a, b) denote the cosine similarity between vectors a
and b. The contrastive modality alignment loss L is defined
as the sum of the audio-to-text alignment loss Lc , and the
text-to-audio alignment loss Lc . Following the InfoNCE
formulation, the loss is computed as:

a-b
lalllloll’
15l cos (EYy, E%)
Lo =Epe,, | —log |
. |B| EJ E?
i=1 2j=1 08 ( By, B )

cos (E%, EX
ACC_a = EBEDuain Z - log 18] ( - 4T) :
2 o (5. )
Lc=Lca+ Ly,

where B denotes a mini-batch sampled from the training set
Dirain, and ¢ and j index the samples within the batch.

cos(a,b) =

)

D. Semantic Alignment Loss

In music captioning, the objective is to generate captions
that are semantically similar to the ground-truth descriptions
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rather than to produce exact matches. Therefore, it is important
for the text decoder to consider semantic alignment when
predicting the next token. Specifically, the token sequence
extended with the newly predicted token should be closer to
the ground-truth caption in the CLAP latent space than the
previous token sequence, as shown in Fig. 3. To measure
semantic closeness, we utilize the same frozen text encoder
as used in the contrastive modality alignment loss.
The semantic alignment loss Lg is defined as follows:

|9
Ls =Epep,, | (1—cos(fi(dro) y))|, @

t=1

where f;(-) denotes the text encoder from CLAP, §;.; is the
partially generated token sequence up to step ¢, and y is the
full ground-truth caption.

We conducted preliminary experiments comparing multi-
ple similarity measures, including cosine similarity (1 — cos),
mean squared error (MSE), and mean absolute error (MAE),
for L£s. Among these, the cosine-based loss consistently
yielded superior performance across captioning evaluation
metrics. Therefore, we adopt the 1 — cos formulation as the
final definition of the semantic alignment loss in our methods.

E. Overall Learning Objective

The primary loss function of our model is the negative log-
likelihood of the target text tokens, defined as:

lyl

Laie = Em,y)eDyan Z —log P(yi | y<i,m) |,
i=1

where Dy, denotes the training dataset, and y; is the target
word token.

To incorporate both cross-modal and semantic alignment,
we define the final training objective Lg,, as a weighted sum
of the main NLL loss, the contrastive modality alignment loss,
and the semantic alignment loss:

Liina = Ly + - Lo+ B+ Ls, (@)

where « and [ are hyperparameters that control the relative
importance of each auxiliary loss term.

IV. EXPERIMENTS
A. Datasets

We use MusicCaps[5] for training, validation, and testing.
It consists of 5,521 music clips, each paired with a caption
written by expert musicians. Each caption typically comprises
multiple sentences that describe the audio content in detail.
For example:

“The low quality recording features a ballad song
that contains sustained strings, mellow piano melody
and soft female vocal singing over it. It sounds
sad and soulful, like something you would hear at
Sunday services.”

TABLE I
HYPERPARAMETERS OF THE TRANSFORMER DECODER IN OUR MODEL

Hyperparameter Value
Number of layers 8
Dimension of embedding 1024
Number of self-attention heads 8
Dimension of query, key, value 512
Dropout probability 0.1
Maximum length of output sequence | 300

All audio clips are 10-second excerpts from the AudioSet
dataset[21], with 2,858 examples in the evaluation split and
2,663 in the training split. In our experiments, we follow the
official train and evaluation splits provided in the dataset.

B. Input Pre-processing

All audio inputs are pre-processed following the procedure
used in CLAP[7] to ensure compatibility with the audio
encoder of CLAP. Each audio file is first converted to mono-
channel FLAC format with a sampling rate of 48,000 Hz. The
duration of each input is fixed to 10 seconds: if the audio clip
exceeds 10 seconds, it is truncated to the first 10 seconds; if
it is shorter, zero-padding is applied at the end.

Mel-spectrograms are computed using a short-time Fourier
transform (STFT) with a window size of 1,024, a hop size of
480, and 64 mel frequency bins. The resulting mel-spectrogram
serves as the input to the audio encoder.

The audio encoder in our model follows the HTSAT-
RoBERTa configuration from CLAP[7], where audio features
are processed by Swin Transformer blocks[20] followed by a
projection multilayer perceptron. The output dimensionality of
the Swin Transformer blocks is 768, and that of the projection
layer is 512.

C. Training Details

We use the loss functions described in SectionllI-E, with
the weighting hyperparameters for the auxiliary losses set to
a = 0.5 and § = 1. The model hyperparameters used in our
experiments are summarized in Table I. As the audio encoder
follows the CLAP configuration such as using RoBERTa
tokenizer, only the decoder architecture is included.

The model is trained using the Adam optimizer with a
learning rate of 1 x 10~*. Early stopping is applied if the
validation loss does not decrease for 10 consecutive epochs.
Pitch augmentation is applied by randomly shifting the pitch
of each audio sample by a semitone uniformly sampled from
the range [—6, 6]. The batch size is set to 32.

The decoder is trained using the teacher forcing method,
where at each time step ¢, the decoder receives the ground-truth
token sequence y.; as input. During inference, the decoder
instead uses the previously generated token sequence as an
input. Decoding process begins with a start-of-sequence token
(SOS) and terminates when an end-of-sequence token (EOS)
is generated or when a pre-defined maximum length of 300
tokens is reached.
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TABLE II
MUSIC CAPTIONING PERFORMANCE OF THE MODELS FOR ABLATION STUDY AND THE COMPARISON MODEL TRAINED ON LARGE-SCALE DATASETS

Models B1t B2t B3t B4t M7t R-LT BST Vocabt  Novel, T Novele T
M1 0.284 0.157 0.095 0.065 0246 0215 0.873 282 0.09 1.0
M2 0299 0.165 0.101 0.069 0245 0223 0.874 322 0.04 1.0
M3 0311 0.168 0.104 0.072 0237 0218 0.876 396 0.05 1.0
M4 0.313 0.174 0.106 0.073 0249 0.225 0.877 375 0.05 1.0
Comparison | 0.285 0.138 0.076  0.048 0.206 0.192  0.871 2240 0.54 0.69

D. Evaluation Metrics

To evaluate the quality of generated captions, we use a
combination of n-gram-based, embedding-based, and diversity-
oriented metrics, following [6].

For n-gram-based evaluation, we report BLEU-1 (B1) to
BLEU-4 (B4)[25], METEOR (M)[26], and ROUGE-L (R-
L)[27]. BLEU and METEOR measure n-gram overlap between
the generated and reference captions, while ROUGE-L cap-
tures the longest common subsequence. METEOR further con-
siders semantic similarity by incorporating synonym matching
using WordNet[28], making it more robust to lexical variation.

To assess semantic similarity beyond n-gram-based metrics,
we use BERTScore (BS) [29], which computes token-level
similarity based on pre-trained BERT embeddings of the
generated and reference captions. BERTScore is more robust
to paraphrasing, synonym usage, and variations in word order.

We additionally measure caption diversity using three met-
rics: (1) Vocab, the number of unique words in all the generated
captions; (2) Novel,, the percentage of vocabulary tokens in
the generated captions that do not appear in the training set;
(3) Novel., the percentage of generated captions that were not
seen during training. These metrics assess the ability of the
model to generate novel and diverse captions rather than just
reproducing training data.

V. RESULTS

Table II presents the performance of various models evalu-
ated using standard music captioning metrics. For all metrics,
higher values indicate better performance. Models M1 to M4
are designed for the ablation study. M1 serves as the base
model, employing our proposed encoder-decoder architecture
consisting of the CLAP audio encoder and a Transformer
decoder. M2 freezes the Transformer blocks in the CLAP audio
encoder while keeping the rest of the architecture identical
to M1. Both M1 and M2 are trained solely with the NLL
loss. M3 extends M2 by incorporating the contrastive modality
alignment loss, while M4 further adds the semantic alignment
loss on top of M3. Performance consistently improves from
M1 to M4, demonstrating the effectiveness of each proposed
training objective.

As a baseline for comparison, we also evaluated a stan-
dard encoder-decoder model trained on the large-scale LP-
MusicCaps from [6]. Although the baseline and our models,
M1 to M4, are trained on datasets of different scales, they are
evaluated on the same test set in MusicCaps to ensure a fair
comparison. Despite being trained on significantly less data,
M4 achieves competitive results in terms of semantic metrics,
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highlighting the benefit of integrating the CLAP audio encoder
and the two auxiliary loss functions. In particular, M4 achieves
the highest METEOR score among all models, which can be
attributed to the introduction of the semantic alignment loss.

However, M4 shows relatively lower diversity performance,
which we attribute to the limited amount of the training data.
This result suggests a trade-off between caption quality and
diversity: while M1 to M4 focus on generating semantically
faithful captions through alignment with ground-truth descrip-
tions, they tend to produce less varied expressions compared
to the baseline model. The relatively small vocabulary size
and low token-level novelty observed in the proposed model
indicate that, under data-scare conditions, the model is exposed
to a limited vocabulary set compared to models trained on
larger-scale data. Consequently, it tends to favor semantically
aligned expressions rather than exploring diverse word choices.

This behavior reflects a common tendency in generation
tasks where semantic constraints can limit linguistic variability.
Although this trade-off results in high semantic performance,
it can be suboptimal in applications that demand expressive
or stylistically diverse outputs. We expect that training on
larger datasets would mitigate this issue, enabling the model
to achieve both high semantic accuracy and greater diversity.
It could be addressed by combining our alignment-based ob-
jectives with data augmentation or diverse decoding strategies
such as top-k sampling or diverse beam search.

VI. CONCLUSION

This paper presents a music captioning framework that
integrates the pre-trained audio encoder of CLAP and a
Transformer decoder, trained with two proposed objectives: a
contrastive modality alignment loss and a semantic alignment
loss. The proposed approach improves caption quality under
limited supervision and demonstrates competitive performance
compared to the model trained on large-scale datasets. These
findings suggest that aligning audio and text representations
in the multimodal CLAP latent space is effective for music
captioning, and that further performance improvements can be
achieved by training a on larger datasets in future work.
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