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Abstract
We propose a novel approach to audio-text contrastive learning
that leverages unlabeled audio by introducing audio-composed
text features. First, we generate composed audio by additively
combining labeled and unlabeled audio. To obtain a text fea-
ture aligned with this newly composed audio, we introduce an
audio-to-text (a2t) module that transforms the features of unla-
beled audio into the corresponding text feature. The newly gen-
erated text feature is then concatenated with the original text of
the labeled audio and passed through a text encoder to produce
the audio-composed text features. By pairing these features
with the composed audio for contrastive learning, our approach
effectively integrates information from both labeled and unla-
beled data. In audio-text retrieval experiments on Clotho and
AudioCaps, the proposed method achieves notable improve-
ments in Recall@1, with relative gains of 9.3% and 13.6%, re-
spectively, compared to those trained solely with labeled audio.
Index Terms: contrastive learning, unlabeled audio, audio-
composed text features, audio-text retrieval,

1. Introduction
Audio-text contrastive learning, which maps audio and text into
the same representation space, has gathered significant attention
as a foundational technology supporting a wide range of appli-
cations. These include language-based audio retrieval [1, 2, 3],
audio captioning [4, 5, 6, 7], text-to-audio generation [8, 9, 10],
and audio large language models (LLMs) [11, 12]. In the
field of Computer Vision, CLIP [13] (Contrastive Language-
Image Pre-training) has already achieved success. Follow-
ing this model, numerous frameworks such as CLAP [14],
WAV2CLIP [15], AudioCLIP [16], and MuLan [17] have been
proposed in the audio domain.

However, building joint representations for audio and text
typically requires a substantial amount of paired (audio and
text) data. For example, CLIP is trained on billion-scale image-
text datasets like LAION-5B [18] are used. In contrast, even
the most widely used audio-text datasets, Clotho [19] and Au-
dioCaps [20], combined yield only about 50,000 pairs. Conse-
quently, this scarcity of data emerges as a significant bottleneck
for model performance in audio-text tasks.

Efforts to address data scarcity often focus on extending
existing audio-text pairs or synthesizing descriptions for au-
dio clips using captioning models and large language models
(LLMs). Some methods mix two audio clips and concate-
nate their respective captions using simple conjunctions like
“and” [21, 22, 23]. Other methods including T-CLAP [24] em-
ploy temporal connectors like “followed by” or “after” to handle
temporal dependencies in audio contents [25, 26]. Additionally,
datasets such as ClothoV2-GPT [27], WavCaps [28], and Auto-

ACD [29] generate text captions using metadata and audio tags,
leveraging LLMs to produce large-scale audio-text data.

While LLM-based caption generation for audio clips holds
promise for producing vast amounts of training data, these
methods often rely on some form of textual information, such
as tags or metadata. Moreover, the use of AI-generated text
raises concerns about model collapse [30, 31], model bias [32],
and may obscure nuanced audio features or long-tailed infor-
mation [30, 31, 32]. The generated text may also deviate from
human-annotated texts, leading to limited performance gains.
Indeed, some studies have shown that simply relying on gener-
ated text does not yield substantial improvements [2, 3], high-
lighting the drawbacks of straightforward text synthesis for data
augmentation.

On the other hand, vast amounts of unlabeled audio data
can be obtained from the internet and various media sources.
Effectively leveraging such unlabeled audio could fundamen-
tally alleviate data scarcity. In the computer vision domain,
a notable example of effectively leveraging unlabeled data is
Pic2Word [33], which addresses zero-shot composed image re-
trieval. For instance, it can retrieve an image of a “blue chair” by
combining a chair image query with the text “blue.” Pic2Word
introduces a mapping network that translates features from un-
labeled images into the text space—effectively encoding them
as text embeddings—while the main CLIP backbone remains
frozen. This concept of mapping unlabeled data into the text
domain and encoding it as a text feature could similarly be ap-
plied to enhance audio-text contrastive learning.

In this study, we propose a method inspired by Pic2Word to
effectively leverage unlabeled audio in audio-text tasks in addi-
tion to labeled audio-text pairs. Specifically, we first convert
unlabeled audio into audio features, which are then mapped
to text features by an audio-to-text (a2t) network. We com-
bine these pseudo-generated text features with the original la-
beled text features and feed them into a text encoder to produce
audio-composed text features. On the audio side, labeled au-
dio is merged with unlabeled audio and transformed into audio
features within a contrastive learning framework. Through this
process, our method learns a rich joint feature space for audio
and text while capitalizing on the diverse acoustic information
of unlabeled data. In our experiments on audio-text retrieval,
we demonstrate the proposed method effectively leverages un-
labeled audio, leading to significant performance improvements
compared to models trained solely on labeled audio.

2. Audio-Text Contrastive Learning
We first describe a conventional audio-text contrastive learning
method, illustrated in Figure 1-(a). This approach requires la-
beled audio and text pairs for training. First, the input audio
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Figure 1: Overview of the conventional audio-text contrastive learning and the proposed contrastive learning with composed text
features.

is transformed into frequency-domain features, while the cor-
responding text is tokenized and converted into text features.
Let the audio features be Xaudio ∈ RT×Daudio

and the text fea-
tures be Xtext ∈ RL×Dtext

, where T denotes the number of time
frames, Daudio is the dimensionality of the audio features, L is
the text length, and Dtext is the dimensionality of the text fea-
tures. These features are then fed into the respective modality
encoders to obtain the audio feature zaudio and the text feature
ztext, both of which share the same dimensionality:

zaudio = AudioEncoder(Xaudio), (1)

ztext = TextEncoder(Xtext). (2)

To optimize the parameters of both encoders, the In-
foNCE [13] loss is commonly employed. InfoNCE distin-
guishes positive (paired) examples from negative (unpaired) ex-
amples within a mini-batch. Minimizing InfoNCE effectively
pulls matching features closer in the latent space while push-
ing non-matching pairs farther apart. The InfoNCE loss for the
audio-to-text direction is given by:

La→t
InfoNCE = − log

exp(cos(zaudio, ztext)/τ)∑
z
′text exp(cos(zaudio, z

′text)/τ)
, (3)

where cos denotes the cosine similarity and τ > 0 is a tem-
perature scaling parameter. Similarly, the InfoNCE loss for the
text-to-audio direction is defined as:

Lt→a
InfoNCE = − log

exp(cos(ztext, zaudio)/τ)∑
z
′audio exp(cos(ztext, z

′audio)/τ)
. (4)

The total InfoNCE loss is then the sum of both directional
losses:

LInfoNCE(z
audio, ztext) = Lt→a

InfoNCE + La→t
InfoNCE. (5)

By minimizing LInfoNCE, the model learns features that place
paired audio and text closer in the latent space, facilitating
downstream tasks such as retrieval and zero-shot classification.

3. Proposed Method
In this section, we detail the proposed contrastive learning
method that leverages audio-composed text features. By in-
troducing an audio-to-text (a2t) module, our approach enables
contrastive learning with unlabeled audio. Specifically, this
a2t module projects unlabeled audio embeddings into the text
feature space, generating pseudo-paired text embeddings, i.e.,
audio-composed text features, for contrastive learning.

3.1. Audio-to-Text Feature Conversion for Unlabeled Audio

Figure 1-(b) illustrates how unlabeled audio can be transformed
into a text-like feature via the audio-to-text (a2t) module. This
module is inspired by Pic2Word [33], which maps image fea-
tures into text features to compose them with text queries, en-
abling zero-shot composed image retrieval.

Given an unlabeled audio input Xaudio
(unlabel), we first obtain

its audio embedding by using the same audio encoder as in the
labeled case in Eq.(1):

zaudio(unlabel) = AudioEncoder
(
Xaudio

(unlabel)

)
. (6)

Next, we apply the a2t module, denoted fa2t, to map this audio
feature into a text feature space:

ztext
(a2t)

= fa2t
(
zaudio(unlabel)

)
. (7)

We then concatenate the resulting feature with a text prompt
Xtext

(prompt) along the token axis to construct a pseudo-text input:

X̂text =
[
Xtext

(prompt); z
text
(a2t)

]
, (8)

where [A;B] denotes concatenation of sequences A and B
along the token axis. Finally, this concatenated representation
is fed into the text encoder to obtain the text-domain embedding
for unlabeled audio:

ẑtext = TextEncoder
(
X̂text

)
. (9)

By converting unlabeled audio into a text-like representa-
tion, we can leverage the same text encoder and subsequent
contrastive learning framework used for labeled data. The a2t
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module’s parameters are learned with an InfoNCE loss based
on Eq. (5):

La2t = LInfoNCE(z
audio
(unlabel), ẑ

text) (10)

Thus, unlabeled audio is effectively brought into a shared fea-
ture space, enabling training even when paired labels are un-
available.

3.2. Learning with Audio-Composed Text-Features

By using the a2t module trained in Sec 3.1, we can incorporate
unlabeled audio into a contrastive learning framework. In this
study, we perform data augmentation by mixing unlabeled au-
dio with labeled audio and deriving corresponding text feature
via the a2t module.

Figure 1(c) illustrates the process of composing labeled au-
dio with unlabeled audio to obtain the necessary text features.
Let Xaudio be a labeled audio input and Xaudio

(unlabel) be an unla-
beled audio input, with their respective audio features zaudio and
zaudio(unlabel) as previously defined. To augment the labeled audio,
we mix it with the unlabeled audio:

Xaudio
(composed) = (Xaudio +Xaudio

(unlabel))/2. (11)

We then feed this mixture into the audio encoder to obtain the
composed audio feature:

zaudio(composed) = AudioEncoder
(
Xaudio

(composed)

)
. (12)

To perform contrastive learning with zaudio(composed), we need
the corresponding text feature. However, part of zaudio(composed) con-
tains unlabeled audio components. In the proposed method, we
estimate these unlabeled components via the a2t module, which
maps them into the text feature domain. Specifically, we first
encode and transform only the unlabeled audio Xaudio

(unlabel) ac-
cording to Eqs. (6) and (7):

zaudio(unlabel) = AudioEncoder
(
Xaudio

(unlabel)

)
, (13)

ztext
(a2t)

= fa2t
(
zaudio(unlabel)

)
. (14)

Since the a2t module is trained to align ztext
(a2t)

with zaudio(unlabel), as
described in Sec. 3.1, ztext

(a2t)
can be handled as a text feature

containing information of unlabeled audio Xaudio
(unlabel). We then

concatenate ztext
(a2t)

with the labeled text input Xtext to construct
the text feature for the composed audio Xaudio

(composed):

Xtext
(composed) =

[
Xtext; ẑtext(a2t)

]
, (15)

Feeding Xtext
(composed) into the text encoder yields:

ztext(composed) = TextEncoder
(
Xtext

(composed)

)
. (16)

Finally, we obtain the composed audio and text pair
(zaudio(composed), z

text
(composed)), allowing us to compute the InfoNCE

loss in the same manner as Eqs. (5) and (10):

Lcomposed = InfoNCE
(
zaudio(composed), z

text
(composed)). (17)

The overall loss function of the proposed method is combi-
nation of Eqs. (5), (10), and (17)

Lproposed = LInfoNCE + La2t + Lcomposed. (18)

The first term trains the joint encoders using labeled text–audio
pairs, the second term trains the a2t module on unlabeled audio,

and the third term refines the joint encoders by incorporating
the composition of labeled and unlabeled audio.

Through this process, unlabeled audio is transformed into
text features and integrated with existing text features, enabling
contrastive learning even in the absence of paired labels.

4. Experiments
To validate the effectiveness of the proposed method, we con-
duct experiments on audio-text retrieval tasks. In these exper-
iments, we assume a scenario in which only the target dataset
provides labeled audio-text pairs, while large amounts of unla-
beled audio from other datasets are available. We specifically
investigate whether our audio-composed text features can ex-
ploit these unlabeled audio clips to improve retrieval perfor-
mance in this limited-label setting.

4.1. Datasets

We use two widely adopted audio-text datasets, Clotho [19] and
AudioCaps [20], as our main sources of labeled data. Addition-
ally, the balanced train split of AudioSet [34] is employed as
an unlabeled dataset. In each experiment, we designate either
Clotho or AudioCaps as the retrieval target, while treating the
remaining dataset (as well as AudioSet) purely as a source of
unlabeled audio clips. For instance, when Clotho is the target,
AudioCaps and AudioSet are used as unlabeled audio. Con-
versely, when AudioCaps is the target, Clotho and AudioSet are
used as unlabeled audio.

We measure retrieval performance using Recall@1, Re-
call@5, Recall@10, and mAP@10 for both Audio-to-Text and
Text-to-Audio retrieval. These metrics represent how effec-
tively the model aligns audio and text embeddings under each
experimental setting.

4.2. Network Architecture and Training

We adopt CLAP (ms-clap;2023) [35] as our base audio-text
model for both the baseline model and proposed method. The
a2t module in the proposed method is inspired by the architec-
ture from Pic2Word [33], comprising a two-layer MLP (Multi
Layer Perceptron) including a fully connected layer, a dropout
layer, and a ReLU activation function. The fully connected lay-
ers transform the data while maintaining a consistent dimension
of 1024, matching the output dimension of CLAP encoders.
Following the MLPs, there is an output layer with a single fully
connected layer, which projects the output to the text-token fea-
ture.

The proposed method is trained using the loss function de-
fined in Eq. (18). The first term focuses on labeled audio to
ensure effective learning from audio samples with associated
labels. The second term addresses unlabeled audio, using the
text prompt “this sound is” for computing text features, as in
Eq. (8). The third term is computed using mixtures of labeled
and unlabeled audio samples with their corresponding com-
posed texts, aiming to leverage both data types for robust train-
ing.

The number of epochs for fine-tuning is 30, using the pa-
rameters from the final epoch for evaluation. The batch size
is set to 256, and training is conducted on four NVIDIA A100
GPUs, requiring approximately one to two hours per experi-
ment. We employ the Adam optimizer [36] along with a cosine-
annealing scheduler for the learning rate. The settings are con-
sistent across all experiments.
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Table 1: Retrieval results on the Clotho and AudioCaps datasets. Recall@1, Recall@5, Recall@10, and mAP@10 for both text →
audio and audio → text tasks are reported. “A+T” indicates the usage of audio-text pairs for training, “A” indicates the use of only
audio as unlabeled data, and “–” indicates that the dataset was not used.

Retrieval performance of the Clotho dataset
Training data text → audio retrieval audio → text retrieval

Method Clotho AudioCaps AudioSet R@1 R@5 R@10 mAP@10 R@1 R@5 R@10 mAP@10

vanilla CLAP - - - 15.75 39.94 52.27 25.99 17.22 40.86 55.69 27.71
finetune A+T - - 16.98 40.69 54.12 27.27 15.89 39.9 52.63 26.11
Proposed method
composed A+T Audio - 18.56 42.78 57.03 29.15 19.43 42.58 56.75 29.07
composed A+T - Audio 18.41 43.73 57.67 29.21 17.99 41.91 56.08 28.46
(Scenario where all paired data is available)
finetune† A+T A+T - 17.28 41.01 54.64 27.66 15.98 38.56 53.49 26.15
concatenate‡ A+T A+T - 18.01 44.34 57.22 29.16 19.9 42.68 56.84 29.8

Retrieval performance of the AudioCaps dataset
Training data text → audio retrieval audio → text retrieval

Method Clotho AudioCaps AudioSet R@1 R@5 R@10 mAP@10 R@1 R@5 R@10 mAP@10

vanilla CLAP - - - 15.79 46.21 62.94 28.67 25.25 57.3 74.75 39.19
finetune - A+T - 33.5 68.2 81.11 48.11 33.98 68.97 81.31 48.5
Proposed method
composed Audio A+T - 38.05 73.57 85.87 53.12 40.54 76.56 86.75 55.27
composed - A+T Audio 37.3 72.96 85.44 52.58 40.32 74.41 83.92 54.6
(Scenario where all paired data is available)
finetune† A+T A+T - 35.08 70.53 83.28 50.11 36.24 71.23 84.03 50.81
concatenate‡ A+T A+T - 38.26 72.55 85.03 52.91 40.32 73.27 85.16 54.21
†Fine-tuned using paired audio-text data from both Clotho and AudioCaps.
‡Mixup-like data augmentation: composing two audio as the proposed method while concatenating their corresponding texts.

4.3. Experimental results

Table 1 summarizes the results of audio–text retrieval
(text→audio and audio→text) when Clotho or AudioCaps is
used as the target dataset. Despite leveraging only unlabeled
audio from the other datasets, our proposed method with audio-
composed text (denoted as “composed” in the table) consistently
outperforms the baselines.

First, in the top part of the table (where Clotho is the tar-
get), we observe that our proposed “composed” significantly
improves metrics such as Recall@1, Recall@5, and mAP@10
compared to “vanilla CLAP,” which directly uses CLAP with-
out fine-tuning, and “finetune,” which is fine-tuned on Clotho-
labeled pairs only.

Similarly, in the bottom part of the table (where AudioCaps
is the target), the proposed methods “composed” also show
marked improvements over “vanilla CLAP” and fine-tuning on
AudioCaps alone.

Furthermore, the table includes results under an ideal sce-
nario where labeled pairs from both Clotho and AudioCaps are
available (e.g., “finetune†” and “concatenate‡”). As expected,
having more labeled data generally boosts performance, and in
some cases, a simple concatenation (e.g., “concatenate‡”) yields
high accuracy. Nonetheless, it is particularly noteworthy that
our proposed method still outperforms these approaches, even
when all labeled data from both datasets are leveraged. This
underscores the robustness of our method, which effectively ex-
ploits unlabeled audio to achieve superior performance, even
when no additional labeled pairs can be obtained from non-
target datasets.

These findings demonstrate that the proposed audio-
composed text approach significantly improves retrieval metrics

even when no labels are available for additional audio outside
the target dataset.

5. Conclusion
In this paper, we introduced a novel audio-text contrastive
learning framework that effectively leverages unlabeled audio
through the concept of audio-composed text features. Rather
than relying on manually annotated or synthesized captions for
the unlabeled data, we proposed an audio-to-text (a2t) module
that converts unlabeled audio features into text-like features.
By concatenating these features with text features from labeled
data, we can form composed text featuress and use them along-
side composed audio for contrastive training. This strategy en-
riches the model’s feature space by integrating diverse informa-
tion from both labeled and unlabeled audio signals.

Experimental evaluations on Clotho and AudioCaps
demonstrated that our method achieves marked improvements
in audio-text retrieval performance, notably boosting Recall@1
by up to 9.3% and 13.6% relative to baselines. Crucially, these
gains were realized without additional text annotations for the
unlabeled audio, thus underscoring the approach’s potential in
scenarios where large amounts of unlabeled audio data are read-
ily available but paired captions are scarce. Moreover, it is
noteworthy that our proposed method outperforms conventional
approaches even in an ideal scenario where labeled pairs from
both Clotho and AudioCaps are available.
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