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ABSTRACT

This technical report presents a language-based audio retrieval sys-
tem that we submitted to Detection and Classification of Acoustic
Scenes and Events (DCASE) Challenge 2022 Task 6b. Language-
based audio retrieval is a cross-modal task aiming at retrieving a
matched audio clip from a pool of candidates given a language
query such as a sentence. Cross-modal retrieval tasks are often
solved by using deep learning models where the features from dif-
ferent modalities are extracted and then mapped to a joint embed-
ding space. These models usually require a large amount of training
data to obtain reasonable performance. However, the audio caption-
ing dataset employed in this audio retrieval task is limited in size.
In this work, we propose to use large-scale pre-trained models as
both audio and text encoders to mitigate the data scarcity problem
and learn the acoustic semantic embeddings. Results on the Clotho
dataset show that our proposed system significantly improves the
scores of all the evaluation metrics as compared to the baseline sys-
tem.

Index Terms— Cross-modal task, audio retrieval, deep learn-
ing, text-based retrieval

1. INTRODUCTION

Language-based audio retrieval aims at retrieving a matched audio
clip from a pool of candidates using a natural language query such
as a sentence [1], which can be applied in several applications such
as multimedia data retrieval, audio book production and web search.
This task has received limited attention in the literature due to the
lack of appropriate datasets [1]. With the release of audio captioning
datasets [2, 3], Koepke et al. [1] first investigated and established
three public benchmarks for this task. This task has been included
in DCASE Challenge 2022 [4] to encourage further research in this
area, and this technical report describes our audio retrieval system
submitted to DCASE Challenge Task 6b.

Cross-modal retrieval tasks are generally solved by using deep
learning models to extract features from different modalities, and
then map the extracted features to a joint embedding space for sim-
ilarity comparison [5, 6, 7, 8]. Our proposed system consists of an
audio encoder and a text encoder, which extracts the features for au-
dio and text respectively. Because the availability of data is limited
in existing audio captioning datasets, we make use of pre-trained
models to learn robust features via transfer learning. Specifically,
pre-trained audio neural networks (PANNs) [9] pre-trained on Au-
dioSet [10] are employed as the audio encoders while BERT [11] is
used as the text encoder. The proposed model is trained via the nor-
malized temperature-scaled cross entropy loss (NT-Xent) [12] due

to its stable performance compared with other triplet-based losses
[13]. Ensemble is used to further improve the system performance.
Results on the Clotho dataset show that our proposed system signif-
icantly improves the scores of all the evaluation metrics compared
to the baseline system [14].

The remainder of this technical report is organized as follows.
In Section 2, we introduce the proposed system in detail. The ex-
periments and results are discussed in Section 3. Finally, this work
is concluded in Section 4.

2. SYSTEM DESCRIPTION

In this section, we first formulate the language-based audio retrieval
problem, and then introduce our proposed system.

2.1. Problem Formulation

Assume we have an audio captioning dataset D = {(ai, ti)}Ni=1

with N examples, where ai is an audio clip and ti is the paired
caption. For simplicity, we assume that each audio clip just has a
single corresponding caption. An audio clip with its paired caption
(ai, ti) can be regarded as a positive pair, while (ai, tj,j ̸=i) and
(aj,j ̸=i, ti) are negative pairs. A good audio retrieval system should
return the paired audio clip when a caption is received as the input
query.

Similar to other cross-modal retrieval models [6, 5, 8], an au-
dio encoder f(·) and a text encoder g(·) are employed to extract
the audio and text features, which are then projected into a shared
embedding space. Therefore, the similarity of an audio clip and a
caption can be measured by e.g. cosine similarity of their embed-
dings in the shared embedding space. For example, the similarity of
an audio-caption pair (ai, tj) can be defined as:

sij =
f(ai) · g(tj)

||f(ai)||2||g(tj)||2
. (1)

The two encoders are trained to increase the similarity scores of
positive pairs sii while decreasing the similarity scores for nega-
tive pairs sij,i ̸=j . During inference, the retrieval system calculates
the text embedding for the queried caption using the text encoder
g(·), which is then compared with all the audio embeddings in the
dataset computed by the audio encoder f(·). The audio clip that
gives highest cosine similarity score will be retrieved.

2.2. Model Architecture

To address the data scarcity problem and learn robust feature repre-
sentation, pre-trained models are employed here.
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Figure 1: Overview of the language-based audio retrieval system which consists of an audio encoder and a text encoder. The cosine similarity
scores are computed between the text embedding of input queried caption encoded by the text encoder g(·) and audio embeddings of audio
candidates in the dataset encoded by the audio encoder f(·). The audio clip with highest cosine similarity score is finally retrieved.

Table 1: Results on the Clotho development-testing set compared with official baseline. AC: the model is first pre-trained on AudioCaps then
fine-tuned on Clotho.

Model R@1 R@5 R@10 mAP@10
Baseline [14] 0.03 0.11 0.19 0.07

CNN14+BERT 0.147 0.377 0.495 0.244
ResNet38+BERT 0.143 0.369 0.491 0.239

CNN14+BERT+AC 0.143 0.374 0.498 0.243

2.2.1. Audio Encoder

We perform experiments with two networks from PANNs [9],
namely, ResNet38 and CNN14. The last two linear layers after the
convolutional blocks are replaced by a new mluti-layer perceptron
(MLP) block. The MLP block contains two linear layers with a
ReLU [15] activation layer between them. After getting the feature
map from the last convolutional block, an average pooling is first
applied along the frequency dimension, and then maximum and av-
erage operations are used along the time dimension. We sum the
maximized and averaged features and then project them into the
shared embedding space through the MLP block.

2.2.2. Text Encoder

Pre-trained BERT [11], which stands for Bidirectional Encoder
Representations from Transformers, is used as the text encoder due
to its powerful ability at extracting contextualized word representa-
tions. To get a representation for a sentence, a “<CLS>” token is
appended at the start of the sentence, and the output of that token
is used as the final sentence representation. A multi-layer percep-
tron (MLP) is also applied to project the sentence representation to
the shared embedding space. The MLP blocks in the audio and text
encoders are independent.

3. EXPERIMENTS

3.1. Datasets

Clotho Clotho v2 [3] is used as the official ranking dataset of
DCASE Challenge 2022 Task 6b. The published development set
contains 5929 audio clips, each of which has five reference cap-
tions. For our submitted systems, 100 audio clips are randomly
selected for validation and the remaining 5829 audio clips are used
for training the models.

The published development set consists of three sub-sets.
For comparison with other works, we report the results on the

development-testing set containing 1045 audio clips, and the mod-
els are trained and validated using the development-training and
development-validation sets, respectively, each containing 3839
and 1045 audio clips.
AudioCaps Koepke et al. [1] found pre-training their model on
the largest audio captioning dataset, AudioCaps [2], can improve
the system performance on the Clotho dataset. Therefore, we also
investigate pre-training our model on AudioCaps.

All the audio clips in AudioCaps are 10-seconds long and are
sourced from AudioSet [10]. In our downloaded version of Audio-
Caps, there 49 274 audio clips in the training set and each audio clip
has one human-annotated caption. The validation and test sets have
494 and 957 audio clips, respectively, and each audio clip has five
reference captions.

3.2. Experimental Setups

All the captions in the dataset are converted to lower case with punc-
tuation removed. Log mel-spectrograms are used as the acoustic
features, which are extracted using a Hanning window of 1024-
points with a hop size of 320-points and 64 mel bins. All the models
are trained with Adam optimizer [16] for 50 epochs. The batch size
is 32 and the learning rate is set to 1 × 10−4 that is decayed by a
factor of 10 every 20 epochs. SpecAugment [17] is applied during
training. The dimension of the shared embedding space is 1024.

The model is trained with the NT-Xent [12] loss, because it
performs more stable than other popular triplet-based losses [13].
The NT-Xent loss can be formulated as:

L = − 1

B

(
B∑

i=1

log
exp(sii/τ)∑B

j=1 exp (sij/τ)
+

B∑
i=1

log
exp(sii/τ)∑B

j=1 exp (sji/τ)

)
,

(2)

where τ is a temperature hyper-parameter set to 0.07 following the
setting in [12] and B is the batch size.
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3.3. Results

The results are shown in Table 1. It can be seen clearly that our
proposed methods significantly outperform the baseline on all the
metrics. The two audio encoders, ResNet38 and CNN14, achieve
similar performance. It is interesting to note that pre-training our
model on AudioCaps does not improve the system performance on
the Clotho dataset. The reason might be that the pre-trained models
in our system are fine-tuned, while this is not the case for Koepke
et al. [1]. As a result, pre-training the model showed performance
improvements in their case.

Our submitted systems to DCASE Task 6b are summarized as
follows:

• Submission 1: Single model with CNN14 audio encoder.
• Submission 2: Ensemble of models with CNN14 audio en-

coder.
• Submission 3: Ensemble of models with ResNet38 audio en-

coder.
• Submission 4: Ensemble of models pre-trained on AudioCaps

with CNN14 audio encoder.

4. CONCLUSION

This technical report has briefly described our system submitted to
DCASE 2022 Task 6b. We make use of pre-trained models, PANNs
and BERT, as audio encoder and text encoder, and fine-tune them on
the Clotho dataset to address the data scarcity problem. The results
show our method significantly improves all the metrics as compared
with the baseline system.
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