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ABSTRACT

Recent advances in using language models to obtain cross-
modal audio-text representations have overcome the limitations of
conventional training approaches that use predefined labels. This
has allowed the community to make progress in tasks like zero-shot
classification, which would otherwise not be possible. However,
learning such representations requires a large amount of human-
annotated audio-text pairs. In this paper, we study unsupervised
approaches to improve the learning framework of such representa-
tions with unpaired text and audio. We explore domain-unspecific
and domain-specific curation methods to create audio-text pairs that
we use to further improve the model. We also show that when
domain-specific curation is used in conjunction with a soft-labeled
contrastive loss, we are able to obtain significant improvement in
terms of zero-shot classification performance on downstream sound
event classification or acoustic scene classification tasks.

Index Terms— Audio-text representation learning, data aug-
mentation, contrastive learning, sound event classification, acoustic
scene classification

1. INTRODUCTION

Representation learning methods such as Self-Supervised Learning
(SSL) [1] expand the limited scope of supervised learning by learn-
ing representations that can be applied to a large variety of down-
stream tasks. However, the mainstream SSL methods in the litera-
ture typically train an encoder on uni-modal data [2} 3| 4].

Learning cross-modal representations that involve text adds
the additional flexibility of incorporating language in downstream
tasks. This enables downstream tasks such as zero-shot classifi-
cation possible, where the model is able to perform classification
without being restricted by a pre-defined and explicitly annotated
label set. The cross-modal representations can also be used in other
tasks, such as audio-to-text and text-to-audio retrieval.

Learning cross-modal representations has been explored in
computer vision under prior works including CLIP [35]], Florence
[6], and ALIGN [7]. AudioCLIP [8]] extends the CLIP framework
to the audio domain by incorporating an audio encoder to learn a
joint embedding space for audio, vision, and language using aligned
data across the three domains. CLAP [9], on the other hand, learns
audio-text embeddings directly without depending on the image do-
main. It aims to maximize the similarity of the text-and-audio rep-
resentations that correspond to the paired audio and caption within
a given batch. To train high-quality representations, these methods
require a large number of paired audio and text items. While in-
the-wild audio-text pairs exist at an extensive scale (e.g., captions
from online video, metadata from audio datasets), the text is likely
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to be irrelevant to the sound events presented in the audio and is
therefore unsuitable for training audio representations. Collecting
high quality captioned audio is therefore an expensive task, hence
data availability might constitute a bottleneck for scaling the audio-
text pretraining. To overcome the limitation, Wav2CLIP [10] uses
audio-image pairs from video clips to learn audio-text correspon-
dence by distilling from the pre-trained CLIP model. VIP-ANT
[11] extends Wav2CLIP by mining additional audio-text pairs from
video and text data using pre-trained CLIP. The LAION-CLAP [12]
augments the training data by performing keyword-to-caption gen-
eration from tags or labels of audio clips using a pre-trained lan-
guage model. These approaches, however, assume the existence of
either an additional anchor modality with paired annotations or a
pre-trained model for generating text.

In this work, we explore the possibility of improving the zero-
shot classification performance of audio-text representations using
unpaired text and audio. For this purpose, we first train an initial
teacher model using paired audio clips and captions; we then use
this teacher model to automatically align textual descriptions to in-
the-wild audio files, using the pairs aligned with higher confidence
to train a new model. We then argue that this performance can be
further improved by curating a refined, domain-specific dataset that
is more akin to the zero-shot classification domain.

ElOur contributions in this paper are as follows,

e We propose domain-unspecific and domain-specific curation
methods and show the improvement on three downstream zero-
shot audio classification tasks.

e We propose a soft-labeled training objective that can avoid
learning with hard labels in cases where the batch contain sim-
ilar data items. We show that this training objective signifi-
cantly improves the performance under domain-specific cura-
tion strategies.

e We show that the proposed curation methods significantly im-
prove the model even in the case where the teacher model is
trained on a small amount of paired data (%10 of the data).

2. METHODOLOGY

2.1. Contrastive Language-Audio Pretraining and Zero-Shot
Classification

CLAP, “Contrastive Language-Audio Pretraining”, learns a joint
latent space between text and audio by maximizing the similar-
ity between the text and audio latent representation for the text
caption and its corresponding audio signal. Let, X, X, respec-

Implementation available at https://github.com/zhepeiw/
clap_curation
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tively denote a batch of text and audio. In the CLAP model,
the latent representation is obtained by passing the text and au-
dio through the text and audio encoders f:(.), and fo(.) such that
L; = f1(X:), Lo = fo(Xa), where L, € RV*T L, € RV*4,
such that T is the latent dimensionality of text, A is the latent di-
mensionality of audio, and N is the batch size. CLAP trains a joint
latent space by passing L; and L, through fully-connected layers
such that ¢t = MLP:(L¢), a = MLP,(L,), where MLP(.) de-
notes the multi-layer perceptron transformation layers, ¢t € R™ >4,
and a € RV* respectively denote the latent variables with same
latent dimensionality d. The model then tries to maximize the di-
agonal entries on the matrix C = ta'. This translates into the
following training loss function,

L(C) = % Z(log(SOftmaxt(C/T)i,i) + log(SOftmaxa(C/T)i,i))7

ey

where Softmax;(.) and Softmax,(.) respectively denote Softmax
functions along text and audio dimensions, 7 is a learnable temper-
ature scaling parameter, and the C; ; denotes the diagonal elements
of the C' matrix. We show the training forward pass pipeline in the
left panel of Figure

The CLAP model is able to perform zero-shot classification by
simply calculating the similarity of a given audio to a fixed set of
text prompts constructed from class labels. That is, the classification
decision is simply taken to be ¢ = arg max; t;r (rest, Where € is the
zero-shot classification decision, as is the embedding for the test
audio, and ¢; is the text embedding corresponding to the label of
class j. We show the pipeline of zero-shot classification in the right
panel of Figure[]

2.2. Unsupervised Improvement of Cross-Modal Audio-Text
Representations

In this section, we describe the different strategies we employ to
curate a paired dataset from unpaired text and audio. This curated
dataset is used to train a student model in order to improve upon
the zero-shot performance of the teacher model. We call this cu-
rated dataset the Improvement-Set. We follow two different strate-
gies to curate this dataset. We call the first strategy the “Domain-
Unspecific” (DU) dataset curation, where we form pairs using in-
the-wild audio and text. The second strategy is “Domain-Specific”
(DS) where we explicitly try to find audio recordings that are more
relevant to the zero-shot classification task at hand.

2.2.1. Domain-Unspecific Improvement-Set Curation

For this strategy, we use a teacher CLAP model to curate an
Improvement-Set. We match the captions of the training data with
audio from a large dataset such as AudioSet [13]. We compute the
cosine similarity between each pair of audio and text embeddings,
and keep pairs with similarity above a threshold o € [0,1]. We
show this strategy in Figure 2] As we showcase in the experiments,
this strategy provides an improvement over the base model; how-
ever, with a domain-specific refinement of the Improvement-Set,
we can further enhance the zero-shot performance.

2.2.2. Domain-Specific Improvement-Set Curation

For this strategy, the main idea is to narrow down the captions used
for the Improvement-Set by calculating text-to-text similarities be-
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tween the captions from the training set and in-domain labels for a
zero-shot classification task. Once these similarities are obtained,
the first domain-specific (DS) strategy is to narrow down the train-
ing set by picking the subset of audio-text pairs that are most related
to the downstream task through the text modality. We illustrate this
procedure in Figure[3]

Another option is to augment the domain-specific
Improvement-Set by involving in-the-wild audio data.  The
process to create the Augmented Domain-Specific (ADS)
Improvement-Set, as demonstrated in Figure[] is as follows:

1. We calculate the similarities between the text embeddings of
class labels from the in-domain dataset and the captions from
the teacher’s training set. We take the most similar captions
from this set by thresholding the similarity values.

2. We find the correspondences between the domain-specific
captions and the in-the-wild audio using the teacher CLAP.

2.3. Using Soft Labels in the CLAP Loss

An underlying issue with the original CLAP learning objective in
Equation (I)) is that it neglects local similarities for data within the
same batch and treats all negative samples equally. It is possible to
sample audio-text pairs with similar content from the same batch
(i.e, multiple clips of “dog-barking”), while the objective in Equa-
tion (T) penalizes the model for not discriminating these similar in-
stances. This issue is exacerbated when the training data is less
diverse. For instance, with the DS or ADS Improvement-Set, it is
more likely to sample similar inputs within a batch.

The original learning framework of CLAP is equivalent to solv-
ing an N-class classification problem for a batch size of N, where
the label for the i-th sample of each batch is the one-hot vector
y: € RY with only the i-th entry equal to 1. Similar to prior stud-
ies in image-text pretraining [14} [15], we propose a label-softening
technique when training the student model. The soft labels are ob-
tained from the similarity between input samples within each batch,
as illustrated in Figure[5] For each input batch, we obtain the soft
targets by estimating the intra-modal similarity using the teacher
audio (@) and text (£) embeddings. We define,

Co=aa', Cr=1ii', )
where C'a, C~'t e RVXN represent the intra-batch, intra-modal sim-

ilarity matrices for audio and text, respectively. For the i-th sample
in this batch, we define the audio-to-text soft label as,

¥ = (1 B)yi + BCL, 3)

where C‘é” is the ¢-th row of the matrix C’a and the coefficient
B € [0,1] adjusts the weights of the hard and soft labels; in sym-
metry, the text-to-audio soft label can be formulated as,

¥ = (1= By + BCH. )
The overall learning objective is therefore,
L(C) = 3(L:(C) + La(C)), with

N
1 ~ (i i
£u(0) =  D_ Prcr (3.2, |Softmax, (C/m) ),
i=1

s)
N

~ 1 ~(i i

La(C) = 35 > Prcr (32, [Softmax, (C/7)),
i=1

where Dy, denotes KL-Divergence, and C' denotes the similarity
matrix obtained from the student model.
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Figure 1: (left) The training of the CLAP model for learning cross-modal representations. (right) Zero shot classification with the CLAP

model
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Figure 2: Domain-Unspecific (DU) Curation of Improvement-Set.
With the pre-trained teacher CLAP model, the embedding of each
in-the-wild audio clip is matched against the embeddings of all
training captions. The new audio-text pairs with similarity above
a certain threshold o are included in the Improvement-Set.
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Figure 3: Domain-Specific (DS) Curation of Improvement-Set with
Domain-Specific Audio. The Improvement-Set consists of audio-
caption pairs from the training set that are most relevant to the
downstream task by measuring the similarity between the embed-
dings of the training captions and in-domain labels of the down-
stream task.
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Figure 4: Augmented Domain-Specific (ADS) Curation of
Improvement-Set. First, DS Curation is performed to obtain the
subset of captions from the training set that are most related to the
downstream task. Then, in-the-wild audio clips are aligned with
this subset of captions with the pre-trained teacher CLAP model.

3. EXPERIMENTAL CONFIGURATIONS

3.1. Training Data

For training the teacher CLAP, we follow the original paper [9]
by using 128k paired audio and text captions from FSD50k [16],
ClothoV2 [17], AudioCaps [18], and MACS [19]. For the un-
supervised curation in Section 2:2] we use the captions from the
teacher training set and recordings from the unbalanced training set
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Figure 5: Computation pipeline for soft-labeled loss function

Table 1: Number of audio-caption pairs used in the curated
Improvement-Set. DU represents the domain-unspecific curation;
DS refers to the domain-specific curation containing the subset of
the teacher training set relevant to each downstream task; ADS is
the domain-specific curation from the in-the-wild audio.

ESC-50 UrbanSound8K TUT17
DS ADS DS ADS DS ADS

5.0x10° | 15.6x10°  1.30x10° | 9.7x10°  1.1x10° | 8.7x10*  0.3x10°

DU

from AudioSet [13] by excluding recordings that are corrupted or
contained in AudioCaps for the teacher training, which results in
more than 1.9 million clips; notice that no label information from
AudioSet is used during curation. We use a similarity threshold
o = 0.7 for the domain-unspecific curation and a threshold between
0.6 and 0.75 for the domain-specific experiments. The numbers of
audio-caption pairs of the curated datasets are outlined in Tablem
During training, each input audio recording is resampled to
44.1 kHz. If longer than 5 seconds, a random 5-second segment
of the recording is chosen; if shorter, the recording is zero-padded.

3.2. Training Details

Following CLAP [9], we use the CNN14 [20] as the audio encoder
and the BERT [3]] as the text encoder, each followed by a two-layer
MLP as the projection layer. All modules are initialized following
the setups in [9]. The embedding vectors have a dimension of 1024.
The temperature parameter 7 is initialized to 0.007, and the coef-
ficient 3 for soft labels is set to 0.3. The models are trained with
2 Quadro RTX 6000 GPUs using a batch size of 64 per GPU. We
perform three runs for each setup and obtain the average results.
For student training with the DU Improvement-Set, we ran-
domly replace the batches with samples replayed from the teacher
training set to combat catastrophic forgetting [21]]. For student train-
ing with ADS Improvement-Set, the replay dataset is selected as the
subset of audio-text pairs that are relevant to the downstream task,
namely, the DS Improvement-Set. Note that with the addition of
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Table 2: Accuracy (percentage) on zero-shot evaluation for teacher
and student models based on the teacher trained using full dataset.
DU, DS, ADS, and SL denote Domain-Unspecific, Domain-
Specific, Augmented Domain-Specific, and soft-labeled loss. Best

performances are highlighted in bold.
| Zero-Shot Evaluation Set

Model ‘ ESC-50 UrbanSound8K TUT17

CLAP teacher | 81.9 + 0.9 748 £ 1.2 29.8 + 1.3
SL 83.1+1.2 739+26 30.1 +£2.1
DU 824+ 14 73.9+0.2 315+ 1.0
DU+SL 83.0+0.5 749+ 1.4 299+19
DS 78.8 +0.5 732+ 1.1 29.8 +2.6
DS+SL 83.5+ 0.6 755+ 14 31.8+£2.6
ADS 842 +0.5 742 £ 2.1 325+ 1.0
ADS+SL 85.1+0.7 774 £ 0.6 36.0 + 1.8

replay, we observed a performance gain of 0.6%, 0.9%, and 2.1%
under the ADS curation strategy, on ESC-50, Urbansound8K, and
TUT17, respectively compared with the models trained without us-
ing replay. We noticed similar trends with other curation strategies
as well, so we used replay in all of our results.

3.3. Downstream Evaluation

We consider the following datasets for downstream evaluation with
sound event classification and acoustic scene classification tasks:

e ESC-50 [22] with 2000, 5-second audio clips from 50 environ-
mental sound classes.

e UrbanSound8K [23] with 8732, 4-second recordings from 10
possible urban sound classes.

e TUT Acoustic Scenes 2017 (TUT17) [24] with 6300, 10-
second clips from 15 possible scene classes.

We measure the performance of the models using the accuracy from
zero-shot evaluation described in[2.1] Following [9], we add a pre-
fix prompt “this is a sound of [class label]” to each label in the
downstream dataset before computing text embeddings.

4. RESULTS AND DISCUSSIONS

4.1. Student Training from Full-dataset Teacher

In Table [2, we showcase the improvements obtained when the
teacher model is trained with the full training set. [| When further
training the teacher CLAP model with the soft-labeled loss (SL), the
accuracy increases by 1.2% on ESC and by 0.3% on TUT17 while
decreasing by 0.9% on UrbanSound8K compared to the teacher
model, indicating that soft-labeled loss alone cannot yield signifi-
cant and consistent performance gains.

‘We next observe that the domain-unspecific (DU) improvement
of the CLAP model improves the zero-shot performance in cer-
tain cases. On ESC-50, especially with the addition of soft labels
(SL), we are able to increase the zero-shot accuracy from 81.9% to
83.0%. However, we do not observe an improvement for all three
downstream datasets with DU.

When curating the Improvement-Set with the downstream do-
main knowledge, we observe that the Domain-Specific (DS) cura-
tion alone does not improve the performance: The results validate
our hypothesis that learning with hard labels with similar input data

2The CLAP model released by Microsoft obtains 82.6%, 73.4%, and
29.6% zero-shot accuracy values as reported in [9)]. Notice that our own
CLAP teacher model can closely replicate this performance.
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Table 3: Zero-shot accuracy for experiments where the teacher
model is trained with 10% of the original training data. As a ref-
erence, we also include the CLAP teacher model trained with the
full dataset from Table 2l

Zero-Shot Evaluation Set

Model ‘ ESC-50 UrbanSound8K TUT17

CLAP teacher (full-dataset) | 81.9 £+ 0.9 748 £ 1.2 29.8 +1.3
CLAP teacher (subset) 742+ 13 73.5+£20 309+ 1.6
DU +SL 789+0.3 737+13 288 + 1.1
ADS + SL 813+1.0 74.5 + 0.7 31.3+05

from the same batch would adversely impact the quality of learned
representations. However, we observe that adding the soft-labeled
loss significantly boosts the zero-shot accuracy by exceeding the
performance of the teacher model on all three datasets. We finally
make the observation that the augmented domain-specific curation
along with soft labels (ADS+SL) substantially improves the perfor-
mance across the board. The results suggest that additional data
with domain-specific curation and soft-labeled loss become more
effective when used in conjunction, each of which is crucial to per-
formance improvement.

4.2. Student Training from Subset Teacher

In prior experiments, we assume the availability of adequate paired
audio and text data for training the teacher model. We would also
like to investigate how data curation, label softening, and subse-
quent student training can be impacted if the amount of paired au-
dio and text is limited during teacher training. To this end, we per-
form the teacher training by randomly sampling 10% of the original
128 x 10 paired audio and caption data. We follow the identical
setup for the unsupervised curation and label softening as in the ex-
periments involving the complete dataset. We outline the zero-shot
accuracy of the teacher and student models in Table 3]

Student models trained with the DU Improvement-Set enhance
the performance on ESC-50 (from 74.2% to 78.9%) and Urban-
Sound8K (from 73.5% to 73.7%) while slightly degrading on
TUT17 (from 30.9% to 28.8%); the results can be attributed to
the domain-unspecific curation, which yields data that are more
relevant to environmental sound classes and distinct from acous-
tic scene recordings. By incorporating domain-specific knowl-
edge, the ADS strategy further enhances the performance of ESC-
50 (to 81.3%) and UrbanSound8K (to 74.5%) beyond that of the
teacher model and also exhibits a slight improvement on TUT17 (to
31.3%). Quite notably we observe that with the proposed ADS+SL
strategy, the performance on ESC-50 and UrbanSound8K is simi-
lar to that of the teacher model trained with the full dataset. These
improvements obtained in the student training demonstrate the ef-
fectiveness of the data curation and label softening techniques pro-
posed, even in the absence of ample paired multi-modal data for
training the teacher model.

5. CONCLUSIONS

In this paper, we propose domain-unspecific and domain-specific
data curation methods that can effectively improve the zero-shot
classification performance of cross-modal representations. We have
identified that using domain-specific dataset curation combined
with a soft-labeled loss significantly improves the performance over
a baseline teacher model. This observation holds even in the case
where the baseline teacher is trained with 10% of the original train-
ing data. We plan to further improve our approach by incorporating
general text corpora into the curation pipeline and exploring more
advanced algorithms for audio-text matching in future work.
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