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Abstract
In the context of environmental sound classification, the adapt-
ability of systems is key: which sound classes are interesting de-
pends on the context and the user’s needs. Recent advances in
text-to-audio retrieval allow for zero-shot audio classification,
but performance compared to supervised models remains lim-
ited. This work proposes a multimodal prototypical approach
that exploits local audio-text embeddings to provide more rel-
evant answers to audio queries, augmenting the adaptability of
sound detection in the wild. We do this by first using text to
query a nearby community of audio embeddings that best char-
acterize each query sound, and select the group’s centroids as
our prototypes. Second, we compare unseen audio to these pro-
totypes for classification. We perform multiple ablation studies
to understand the impact of the embedding models and prompts.
Our unsupervised approach improves upon the zero-shot state-
of-the-art in three sound recognition benchmarks by an average
of 12%.
Index Terms: zero-shot prototypical learning, text-to-audio re-
trieval, environmental sound classification, sound recognition.

1. Introduction
Environmental sound event classification has several applica-
tions of interest to public health and industry such as assis-
tive devices [1], autonomous navigation [2], home assistants
[3], noise mitigation [4], among others. Typical sound recog-
nition systems consist of deep-learning-based supervised mod-
els, where human annotations are needed to train a model to
recognize sounds from a predefined set of classes. The main
disadvantage of such models in practice is that they are very in-
flexible to work with out-of-domain sounds. Recent work has
highlighted the importance of adaptability of sound recognition
systems in the context of assistive devices [1], but this also holds
in general: the vocabulary of sounds that such a system should
recognize will vary from home to home, city to city, and appli-
cation to application. It is troublesome to re-train such models
each time.

Many efforts have been made in making sound recogni-
tion models more adaptable, e.g. using few-shot learning [5, 6]
where only a few curated examples from each sound class are
needed to train a competent model for environmental sound
recognition and music classification [5]. In the context of assis-
tive devices, prototypical approaches have shown promise [1],
also needing a few inputs from the user to select audios from a
database or record them themselves. Although both approaches
propose a useful and flexible change of paradigm with respect
to previous supervised approaches, there is still the need for hu-
man supervision, and in cases where several sound classes want
to be recognized, the time spent curating or selecting audio ex-

amples can be considerable.
Recently, with the introduction of multimodal deep learn-

ing text and audio self-supervised models, the prospect of suc-
cessfully doing zero-shot classification (classifying instances of
unseen data without any training or fine-tuning) has improved
considerably [7, 8]. This opens the possibility for domain adap-
tation of sound recognition systems by exploiting the correspon-
dence of text and audio without any human intervention.

In this work, we propose an unsupervised multimodal pro-
totypical approach that leverages zero-shot text-to-audio re-
trieval capabilities of large multimodal models. To do so, un-
like previous approaches, we use text embeddings to find repre-
sentative audio clusters in the joint audio-text embedding space
without any human supervision and compute the cluster’s cen-
troid as the prototype. At classification time, we use these au-
dio prototypes to compare the unseen audio query and classify
it. Our approach improves upon the zero-shot state-of-the-art
in three well-known environmental sound classification bench-
marks, namely ESC-50, UrbanSound8K, and FSD50k, and per-
forms competitively to supervised approaches in a challenging
multi-class scenario. Our contributions are as follows: 1) we
propose an unsupervised multimodal strategy to select audio
prototypes using text for sound classification; 2) we evaluate the
effectiveness of this approach using different datasets (single-
label and multi-label) and different pre-trained text-audio mod-
els; 3) and we investigate the impact of prompting as well as
cluster’s size in the accuracy of our approach. Our code is open-
source and available for research. 1

2. Related work
Supervised models. Supervised models for environmental
sound classification have recently shifted to rely heavily on
transfer learning, the most popular approach being to pre-
train audio-visual deep learning models using self-supervision
[9, 10, 11] on large amounts of data so it learns meaningful
features from audio and images, and then using its audio en-
coder as input to a shallow classifier to work on new unseen
audio data (see Figure 1a). This is typically done by exploiting
the semantically related information between the two modali-
ties, typically audio and image, to algorithmically generate la-
bels for large amounts of data and pre-train a large model with-
out any human supervision. The fact that labels are generated
automatically allows for exposing these self-supervised mod-
els to large amounts of data which would be impossible other-
wise, and thus the superiority of these models with respect to
supervised ones trained on small datasets. This transfer learn-
ing approach has proved to be effective in environmental sound

1https://github.com/sakshamsingh1/audio_text_
proto
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Figure 1: Typical classification approaches in the literature of environmental sound classification.

classification [9, 12], domestic sound classification [13], among
others. However, still relies on annotated labels for the fine-
tuning stage, so the human intervention bottleneck remains. We
include supervised models that leverage transfer learning from
audio and text in our experiments for comparison to our proto-
typical approach, as explained in Section 3.
Text-audio deep learning models. After the introduction and
open release of CLIP [14], a large text-image multimodal deep
learning model which showed impressive results for text-image
retrieval, zero-shot classification, image captioning[15], and
text-to-image generation [16], many approaches have been pro-
posed to create models that have equivalent text-audio capabil-
ities. Some of those approaches directly build on CLIP, e.g.
by using its frozen image encoder to guide the training of an
audio encoder that would learn embeddings in the pre-existing
text-image joint embedding space [17]. Other approaches fine-
tune the text and image encoders along with an audio encoder in
datasets that contain text, audio and image samples [7]. Other
approaches train audio and text encoders from scratch using
contrastive loss from audio and text pairs [8], and even explore
text-augmentation techniques to make the model more flexible
to natural language inputs [18]. As mentioned before, these
text-audio models have shown great potential for zero-shot clas-
sification in new, unseen datasets, which is achieved by em-
bedding audio samples and text labels into the same space and
computing the similarity between them (see Figure 1b). The
biggest advantage of this approach is that it is completely unsu-
pervised, but its main disadvantages are that it is sensitive to the
“quality” of the prompt and its performance is still considerably
lower than supervised approaches. In this work, we leverage
the potential of these models for zero-shot classification within
a different approach: prototypical classification. For this, we
explore the effectiveness of different pre-computed text-audio
embeddings, in particular [7, 18], as they are the state-of-the-art
in zero-shot environmental sound classification.
Prototypical approaches. Prototypical approaches have been
successfully used in the context of computer vision [19] and
sound recognition [1]. These approaches typically consist of a
first stage of selecting a small set of examples that are character-
istic of a class, and then obtain the centroid of each class group
as the prototype. Either if the embeddings are pre-trained [1]
or learned in the process [19] of computing clusters and cen-
troids, similarly to few-shot learning, prototypical approaches
typically rely on few annotated data (the examples). We pro-
pose to select the examples without any human intervention,

by leveraging the text-to-audio zero-shot capabilities of multi-
modal deep learning models. We do this by converting both
text and audio into embeddings and using the proximity of those
embeddings to query audio using text. What this means in prac-
tice is that the user would input a text prompt as query, and
the model would internally retrieve a relevant audio prototype
to represent the user query or label, without the need of further
recording or choosing between examples on the users’ side. Our
method is explained in detail below.

3. Method
3.1. Datasets and metrics

We use three audio classification datasets for our experiments
that differ in size, number and type of labels. These datasets are
described below.
ESC-50[20]: The ESC-50 dataset compromises of 2000 envi-
ronmental audio recordings, with each clip of 5 seconds. The
audio clips belong to 50 class labels that can be divided into 5
major categories such as animals and urban noises. The dataset
is divided into 5 non-overlapping folds by the authors for cross-
validation. The models are evaluated using 5-fold multiclass
classification accuracy.
UrbanSound8K(US8K)[21]: This dataset consists of 8732
recordings (each track ≤ 4s) which belong to 10 categories (eg.
car horn, children playing). Similar to ESC-50, this dataset is
also divided into 10 non-overlapping folds and is evaluated us-
ing 10-fold multiclass classification accuracy.
FSD50K[22]: This dataset consists of 51,197 Freesound[23]
that span over 200 classes. The clips have varying lengths rang-
ing from 0.3s to 30s and are organized hierarchically (144 leaf
nodes and 56 intermediate nodes) with a subset of the AudioSet
Ontology. The dataset is a multi-label dataset and has been di-
vided into train, validation, and test split. To evaluate the per-
formance of models trained on this dataset, the mean average
precision(mAP) metric has been adopted.

3.2. Multimodal prototypical approach

Our approach is illustrated in Figure 2. It consists of two main
steps: 1) retrieving audio prototypes from text, and 2) using
these prototypes for classification. Additionally, we explore the
impact of prototype selection, as explained below.
Prompt selection. The performance of text-audio models for
zero-shot classification is sensitive to the particular text prompts



This is a sound of train

Text 
Encoder

Audio 
Encoder

Labels prompts

Test audio

Audio-text joint embedding space

This is a sound of wind

This is a sound of train

Unlabeled audio data

Audio 
Encoder

Audio 
embeddings CentroidsText

Anchors

Figure 2: Our unsupervised multimodal prototypical approach. We use text queries as anchors to retrieve clusters of audio embeddings
that best represent the text. The centroids of these clusters serve as prototypes. During inference, the new audio is compared to the
prototypes and assigned the corresponding text label.

used to query [8], given the data that was used to train them [18].
To analyze that and mitigate its impact in our study, we use
different formulations of prompts that include the labels of each
dataset and compare the performance of the different models for
the ESC-50 dataset. Based on the accuracy performance of each
configuration, we select the best prompt for each model and use
it for the remaining experiments. In practice, this can be done
in an annotated dataset different from the target data.
Embedding models. Our prototypical approach leverages pre-
trained audio and text encoders from two state-of-the-art multi-
modal models, namely AudioClip [7] and LAION-CLAP [18].
Specifically, we refer to our approach based on AudioClip
as Proto-AC. Additionally, our approach that employs the en-
coders of LAION-CLAP with keyword-to-caption and feature
fusion is referred as Proto-LC.
Unsupervised selection of audio prototypes using text. As
depicted in Figure 2, our approach uses text queries (repre-
sented by labels prompts from each dataset) as anchors in the
joint audio-text embedding space to retrieve local neighbor-
hoods (clusters) of audio embedding that better represent the
text query. We use k-nearest neighbors for this, where k was
chosen via a grid search for ESC-50 but kept the same for the
rest of the datasets. The reasoning behind this is that we want
to strike a reasonable number for k but we do not want to tune
it for each dataset since this would require using the labels in
practice. The centroids of those clusters become the prototypes
for the different sound classes of interest. As stated before, our
interest in exploiting the retrieval capabilities of these multi-
modal models is to have a completely unsupervised approach,
that intuitively will have better audio-text matches than zero-
shot learning given that the matching process is done consider-
ing multiple examples (the clusters) instead of one, and similar-
ities are measured between embeddings of the same modality to
make the final assignments.
Classifying unseen audio samples. Given a new audio sample
to be classified, we first extract its embedding using the same
audio encoder that is used for computing the clusters and proto-
types. Then we proceed in two different ways depending if the
dataset is single-label or multi-label. For single-label datasets
like ESC-50 and US8K, we choose the predicted label to be the
one whose prototype is closest (via cosine similarity) to the em-

bedding of the unseen audio. In the case of multi-label datasets
like FSD50K, we compute a vector with the different classes’
likelihoods by computing the sigmoid of the cosine-similarity
between the embedding of the unlabeled audio and the embed-
ding of each of the prototypes. We then calculate the mAP with
multi-label targets as one-hot vectors.

3.3. Comparison to other approaches

Zero-shot classification. We use the same pre-trained embed-
ding models as our prototypical approach to do zero-shot clas-
sification as a baseline. To do so, we first compute the em-
beddings for all the test audio and prompted text labels using
the pretrained encoders. Because text and audio share the same
embedding space we compute cosine similarity between their
embeddings. We then use softmax and sigmoid over this dis-
tribution for single-label and multi-label classification respec-
tively.
Supervised classification with pre-trained embeddings. Us-
ing the same embedding models as before (LAION-CLAP and
AudioCLIP), we follow the supervised approaches explained in
Section 2, pre-compute the audio embeddings and use them as
input to a shallow classifier. The classifier consists of 3 fully
connected layers with relu activations in all of them except the
last. For the last layer, in the case of single-label classification
we use a softmax activation, and for multi-label classification
we use a sigmoid activation. We train this network using Adam
with learning rate of 1e-4, β1 = 0.9 and β2 = 0.999.
Supervised prototypical networks. To understand how good
are the embeddings to characterize each sound class within each
dataset, we include two baselines (one with LAION-CLAP and
another with AudioClip) in which we select the audio clusters
using their labels directly. We then compute the centroids as
prototypes and perform inference exactly as the prototypical ap-
proaches explained before.

Our results are presented in Table 1. We group results as
zero-shot when methods do not use any label, and supervised
when the labels are used as explained in Section 3.3. A first
observation is that the prototypical approach performs better in
most cases, for all datasets, with the best configuration being
Proto-LC. In the following, we break down the discussion in
the different aspects of this study.



ESC-50 (acc) US8k (acc) FSD50K (mAP)

Zero Shot Supervised Zero Shot Supervised Zero Shot Supervised

Wav2Clip 0.41 0.86 0.40 0.81 0.03 0.43
AudioClip*,† 0.68 0.88 0.62 0.86 0.20 0.50
CLAP 0.83 0.97 0.73 0.88 0.30 0.59
LAION-CLAP*,† 0.91 0.96 0.72 0.89 0.22 0.61

Proto-AC† 0.78 0.82 0.71 0.77 0.40 0.48
Proto-LC† 0.96 0.97 0.73 0.83 0.52 0.65

Table 1: Classification results for the different approaches and configurations. ∗Results reproduced using author’s code †Best label
prompts were selected based on the performance on ESC-50

4. Results and discussion
What is the effect of the prompt? We analyze the effect of
the prompt by trying different prompting variations as text an-
chors, as shown in Table 2. We examine the performance of
the embedding models as well as the prototypical models in
zero-shot in the ESC-50 dataset. We selected 5 prompts that
show promise in previous works [18]. A first observation is
that the different embedding models have different robustness
to changing the prompts. AudioClip’s performance variation is
relatively small (2% maximum), while LAION-CLAP’s varia-
tion is larger with up to 9% difference in performance. Sur-
prisingly, that trend does not transfer to the prototypical models
that use AudioClip and LAION-CLAP respectively: the varia-
tion for both Proto-AC and Proto-LC is relatively large (8% and
4% respectively), with AudioClip having the least variability.

AudioClip LAION-CLAP Proto-AC Proto-LC

Prompt 1 0.67 0.83 0.77 0.94
Prompt 2 0.68 0.86 0.72 0.92
Prompt 3 0.69 0.90 0.72 0.96
Prompt 4 0.68 0.88 0.78 0.95
Prompt 5 0.67 0.92 0.70 0.96

Table 2: Accuracy on ESC-50 with different prompts. Prompt 1:
‘{Class label}’, Prompt 2: ‘I can hear {class label}’, Prompt
3: ‘This is an audio of {class label}’, Prompt 4: ‘This is {class
label}’, Prompt 5: ‘This is a sound of {class label}’.

Another surprising finding not included in Table 2 was that the
models’ performance changed if the prompts started with an
uppercase or lowercase letter, where the lowercase configura-
tion performed considerably worse (an average of 5%). This
shows how sensitive this models are to prompting, and indicates
that further augmentations beyond rephrasing are needed during
training to ensure robustness in practice. Based on the results in
Table 2 we chose the best prompt for each model according to
this ablation study for the remaining experiments.
The impact of the number of neighbours. In order to obtain
the clusters of audio examples, we need to choose how many
examples we consider in each cluster. Intuitively, this hyper-
parameter (k) will impact the quality of the prototypes, since too
few or too many examples could lead to an inaccurate prototype
choice. The selection of such a hyper-parameter is the only
stage in the prototypical approach that would require the use of
labels, if we want to compute the performance of the model at
different values of k and choose the optimal one. As explained

Figure 3: Cluster size vs accuracy of prototypical methods.

in Section 3.2, we perform a preliminary study in ESC-50 to
understand the impact of such parameter, strike a reasonable
value for k and keep the same value to the other datasets to
simulate how the method would be used in practice without this
information. Figure 3 shows this for the ESC-50 dataset. As
shown there, the performance of the model is equally high for
a large set of values of k. We choose k = 35, and we keep
this value for the rest of the datasets. As shown in Table 1,
despite not optimizing k for US8K or FSD50K, the prototypical
approach outperforms the other methods, showing promise in
robustness and low parameter tuning.
Performance in single-label vs. multi-label datasets. Table 1
shows that the prototypical approach is significantly better than
the zero-shot baseline, especially in the FSD50K dataset com-
pared to US8K or ESC-50. This implies that Proto-AC/Proto-
LC are more effective in handling complex relationships in
multi-label datasets than the zero-shot method. The reason for
this may be that computing the prototypes as centroids of nearby
audios leads to a better alignment of the prototypes with the au-
dio embeddings than the text embeddings, which we will further
investigate in future work.

5. Conclusions
Our work proposes using text-audio multimodal deep learn-
ing model capabilities to classify environmental sounds using
prototypical classification, without the need for human inter-
vention. Our method performs better than zero-shot classifica-
tion and can enable user-adaptable sound recognition systems
through text. For future research, we will investigate training
encoders to be more robust to prompt changes, as well as com-
pare the computational complexity of different approaches.
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