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ABSTRACT

Music information is often conveyed or recorded across
multiple data modalities including but not limited to au-
dio, images, text and scores. However, music information
retrieval research has almost exclusively focused on sin-
gle modality recognition, requiring development of sepa-
rate models for each modality. Some multi-modal works
require multiple coexisting modalities given to the model
as inputs, constraining the use of these models to the few
cases where data from all modalities are available. To the
best of our knowledge, no existing model has the ability to
take inputs from varying modalities, e.g. images or sounds,
and classify them into unified music categories. We ex-
plore the use of cross-modal retrieval as a pretext task to
learn modality-agnostic representations, which can then be
used as inputs to classifiers that are independent of modal-
ity. We select instrument classification as an example task
for our study as both visual and audio components provide
relevant semantic information. We train music instrument
classifiers that can take both images or sounds as input, and
perform comparably to sound-only or image-only classi-
fiers. Furthermore, we explore the case when there is lim-
ited labeled data for a given modality, and the impact in
performance by using labeled data from other modalities.
We are able to achieve almost 70% of best performing sys-
tem in a zero-shot setting. We provide a detailed analysis
of experimental results to understand the potential and lim-
itations of the approach, and discuss future steps towards
modality-agnostic classifiers.

1. INTRODUCTION

Musical objects and concepts appear in different hetero-
geneous data modalities, including but not limited to au-
dio, images, text and scores, where sonic, visual and tac-
tile modalities contribute to the overall experience. How-
ever, most music information retrieval (MIR) research has
largely focused on developing systems that interact with a
single modality, requiring development of separate mod-
els for audio, image or text, and over simplifying the mu-
sical modeling. There are approaches that exploit mul-
tiple modalities [1–4], but existing multi-modal systems
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in the context of MIR require coexisting modalities as in-
puts [5–10], which is a big constrain for their deployment
since it limits the scope of systems to only work when the
modality they have been design for is at hand.

In a context of rapidly increasing availability of infor-
mation in all forms (video, audio, text, etc) it is desirable
that models are able to overcome this single-modality lim-
itation and can interact with information in any common
form, for instance, a system able to classify musical instru-
ments by the way they look and sound. To the best of our
knowledge, no existing model in the context of MIR can
be used if one of those modalities is missing (e.g. if it was
trained with audio and text, can not be used in a dataset
with only audio).

Based on recent work [11] we hypothesize that modality-
agnostic systems can be developed by learning joint rep-
resentations from different modalities when they represent
the same concepts. If the embedding of an image of a gui-
tar and the sound of a guitar are similar to each other (i.e.
grouped closely in the embedding space) but different from
those of a piano, we can build classification systems that
would work with either image or audio. This would allow
to train models in settings where there is big amounts of
data from one modality but not from the other, but still be
able to work in both cases.

This type of approach, often called translation since it
implies "translating" one modality to another (e.g. be-
ing able to retrieve an image with a description of it) has
received renewed attention recently given the combined
efforts of the computer vision and natural language pro-
cessing communities, and has been gaining more interests
in the MIR community [12–18]. Recently, it has been
proposed to learn translated representations using self-
supervision [11] which is very promising since it doesn’t
rely on human-annotated data, but has the drawback of re-
quiring millions pairs of raw data to train embedding mod-
els from scratch. We propose an intermediate solution, to
use pre-trained embeddings and only learn the translation
between them in a self-supervised manner, as a way of re-
laxing the amount of computation time and data needed for
training the system.

In this paper, we take the first steps towards modality-
agnostic music classification. We focus on the problem of
classifying musical instruments using audio and/or image.
We investigate the use of pre-trained audio and image em-
beddings in combination with training translation models
to obtain a joint representation, in a self-supervised set-
ting. We use the learned representations to train modality-
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agnostic classifiers in a supervised manner, and we inves-
tigate the performance of the classifier compared to its
single-modality counterpart in different scenarios, includ-
ing one with varying amount of data available from ei-
ther modality. Our implementation is available in https:
//github.com/hohsiangwu/crossmodal.

2. METHOD

Our method is summarized in Figure 1. It consists of three
different stages: 1) First, we select a set of pre-trained
embeddings from both audio and image, and translate or
project the pre-trained embeddings into a common space,
either by training a translation model, or simply using prin-
cipal component analysis (PCA) to convert both embed-
dings to the same dimension; 2) We then conduct a study
to find the best combination by comparing configuration
performances in cross-modal retrieval; and 3) We use the
resulting joint embeddings to train a classifier in a super-
vised setting and study the performance of the different
configurations (i.e. translation vs. PCA vs. single modal-
ity) with different amount of data from each modality. We
explain the different stages of the method in the following.

TranslationPre-trained
Audio Encoder

Guitar
Piano
Voice

...

Classifier

PCAPre-trained
Image Encoder

Cross-modal 
Retrieval

Figure 1. Method overview. The pre-trained audio and
image embeddings are projected to a joint space by ei-
ther the translation model or PCA, and the obtained em-
beddings are used to train the classifier in the downstream
task: musical instrument classification. Cross-modal re-
trieval is used to select best configuration of pre-trained
embeddings.

2.1 Pre-trained Image and Audio Embeddings

We select a set of state-of-the-art embeddings for both
image and audio. For image embeddings, we use two
pre-trained embedding models provided by keras library 1 ,
trained using the ImageNet [19] dataset on a classification
task. In particular, we use VGG Net [20] and ResNet [21].
These are both deep convolutional neural networks based
architectures. We refer to [20, 21] for further details. For
both models, we remove the last layer and apply average
pooling to get the final image embeddings.

We also use pre-trained models to obtain the audio em-
beddings, particularly VGGish [22] , and YamNet. Finally,
we use the open source implementation of OpenL3 2 [4]
trained with music data from AudioSet [23] to obtain an-
other pair of image and audio embeddings.

1 https://keras.io/api/applications/
2 https://github.com/marl/openl3

Embedding model # Parameters Output dimension
OpenL3 (Image) 4.7M 8192

VGG16 15M 512
ResNet50 23.6M 2048

OpenL3 (Audio) 9M 6144
VGGish 62M 128
YamNet 3.2M 1024

Table 1. Overview of pre-trained image and audio embed-
ding models.

In Table 1 we summarize the characteristics of each
image and audio embedding model. Pre-trained VGG
and ResNet image embeddings, VGGish and YamNet au-
dio embeddings are trained on classification tasks, while
OpenL3 is trained with audio-visual correspondence with-
out labeled data.

To select the best combination, we evaluate how good
the different pairs of embeddings blend together in a com-
mon space using a translation model. To quantify the suc-
cess of this translation, we perform cross-modal retrieval
(i.e. retrieve the image of an instrument using it’s respec-
tive sound and vice versa) as further explained in Section
3.3. Our reasoning behind this is that for the modality-
agnostic classifier to be successful, the embeddings should
be very close to each other in the joint embedding space,
and so they should be accurate in a cross-modal retrieval
task when retrieving examples by distance. We select the
best performing pair of audio and image embeddings and
use it for the following stages.

2.2 Translation and Dimensional Reduction

We explore two ways of relating the audio and image em-
beddings: translation and a simple dimensional matching
with PCA. For translation, in the self-supervised learning
literature, various metric learning losses are used to learn
a shared embedding space [24–26]. In particular, the Con-
trastive loss [27, 28] works well empirically with a care-
ful selection of negative samples. It aims to minimize the
distance of a given sample to positive examples (i.e. sam-
ples semantically related) while increasing the distance to
negative examples concurrently. For the translation layer,
we implement a 2 layer multi-layer perceptron (MLP) net-
work, with pre-trained image and audio embeddings as
inputs and train using contrastive loss, with cosine dis-
tance. We train the translation model using sample pairs
from both modalities without labels, in particular we use
the Musical Instruments AudioSet subset, as explained in
Section 3. The output dimension is 128 for all of our em-
beddings.

As baseline, we apply PCA to each pre-trained embed-
ding model to reduce their dimension to 128, and we train
a single-modality classifier as well as a multi-modality
classifier with such embeddings. The idea is to under-
stand whether a simple solution is enough to build a
modality-agnostic classification system, where the classi-
fier is mainly responsible for the work of translating the
modalities and learning the mapping to the labels.
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2.3 Classification

We work with random forest classifiers. We train multi-
modal (MM) classifiers either with translation (MMT) or
PCA (MMP) and single-modality (SM) classifiers using
dimension-reduced embeddings from audio (SMA) or im-
age (SMI). We study how translation affects performance
in scenarios with different amount of data used to train the
classifiers. We do so by training the MMT and MMP with
data from one modality and testing in the other, which we
call target modality. We incorporate data from the target
modality to the training of the classifiers by batches and
see the impact in performance.

3. EXPERIMENTAL DESIGN

3.1 Dataset

Subset Stage # Samples
Translation Train translation 130k

Cross-modal Evaluate translation 10k

Classification Train classifier 16.2k
Evaluate classifier 1.8k

Table 2. Overview of subsets used for training and evalua-
tion.

We use non-overlapping subsets of AudioSet [23] for
the cross-modal experiments, the training of the transla-
tion model and the classifier. AudioSet is a multi-modal
dataset containing YouTube videos with weak audio labels
for a diverse set of real-world situations. We follow [11]
and [4] by getting samples labeled at least with a descen-
dant of "Musical instrument", "Singing" and "Tools". We
then carefully split the dataset into three subsets, one for
evaluating the pre-trained embedding combinations and se-
lect the best pair, another for training the translation model,
and the last one for the downstream musical instrument
classification task. From all qualified videos, we sample 1
second audio and one video frame as image within the sec-
ond period. The assumption is that image and audio from
roughly the same timestamp contain highly related seman-
tic content. For evaluating the cross-modal retrieval exper-
iments, we use a total 10k image/audio pairs. We call this
subset the cross-modal-subset. We use 130k pairs to train
the translation model, which is roughly half the amount of
data used to train end-to-end models in [11]. We call this
the translation-subset as shown in Table 2.

For the classification task, we carefully curated samples
from 18 classes. Our categories include mapping from
"Violin, fiddle" to "violin", "Choir" to "voice" and both
"Drum" and "Drum kit" to "drums", and the remaining are
"accordion", "banjo", "cello", "clarinet", "flute", "guitar",
"mandolin", "organ", "piano", "saxophone", "synthesizer",
"trombone", "trumpet", "ukulele", "cymbals". We manu-
ally audited the quality of the test set removing irrelevant
samples (e.g. those labeled by piano but with image of
an album cover with no piano on it) until we had 1,000
samples per instrument. Having a balanced dataset for the
training of the classifier is important to prevent issues at

this stage interfering with the assessment of the embed-
dings performance. We formulate the classification prob-
lem as a multi-class problem, where samples labeled only
once from the above categories are selected. The result
classification-subset consists of a balanced dataset with
16200 training samples and 1800 testing samples (10%
split). We call it the classification-subset.

3.2 Model implementation

For ResNet and VGG image embeddings, we use the pre-
process function provided from keras to normalize the
pixel values. And we follow the pre- and post-processing
steps of VGGish and YamNet 3 . For training the transla-
tion model, we do not use labels. Instead we randomly
sample batches of size 4096 from translation-subset, ex-
tract pre-trained embeddings from both modalities, train a
2 layer MLP with both input dimensions as original pre-
trained embeddings, 256 middle dimension, and 128 out-
put dimension, implemented with PyTorch 4 . We use pairs
of both modalities sampled from the same clip as positive
examples, and other samples in the same batch as negative
examples, with margin value as 1.0. We optimize using
Adam optimizer with learning rate as 0.001, and we apply
early stopping criteria on validation loss with patience as
5 epochs. For cross-modal retrieval, we take the outputs
of translation model with corresponding pre-trained em-
beddings of the 10k image/audio pairs from cross-modal-
subset, and use all embeddings from one modality as
queries to fetch top 30 closest embeddings from another
modality. For training the classification model, we use a
random forest classifier from scikit-learn 5 , with maximum
depth set to 32, and 100 estimators.

3.3 Evaluation metrics

For the evaluation of the cross-modal retrieval results we
follow the setup from [11]. We use normalized discounted
cumulative gain (NDCG) score considering 30 elements.
This score is a measure of ranking quality between 0 and
1 (from low to high quality), which assesses the gain of an
element based on a relevance score and its position in the
result list. Following [11], we use the relevance 𝑟 = 𝐶−𝑑,
where 𝑑 is the distance in the taxonomy graph between two
labels in the AudioSet ontology, 𝐶 = 21 being the max-
imum distance. As the AudioSet ontology is defined, the
top labels (e.g. "Music", "Musical instrument", "Tools",
"Singing") are included in computing the relevance, which
make most of the example relevant since most of them con-
vey one of those labels. 6 Therefore, we removed those top
labels while computing the NDCG. We report the results of
audio-to-image and image-to-audio retrieval.

For the evaluation of the classification results we use
the macro F-measure or F1 score. Finally to assess the
structural properties of the embedding spaces generated
by the translation or the PCA projections we compute

3 https://github.com/tensorflow/models/tree/
master/research/audioset

4 https://pytorch.org/
5 https://scikit-learn.org/
6 See https://research.google.com/audioset/

ontology/index.html for further details.
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https://research.google.com/audioset/ontology/index.html
https://research.google.com/audioset/ontology/index.html
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Figure 2. Cross-modal retrieval results with NDCG scores on the x-axis. On the y-axis we have different combinations of
audio, image pre-trained embeddings used to train the translation model. The red dotted line is a random baseline, and the
blue dotted line is OpenL3 (512 dimensions) for both image and audio without translation. We show cross-modal retrieval
results of audio to image (left), and image to audio (right).

inter-cluster distances from the clusters of the different
instrument classes and modality pairs before classifica-
tion. For that, we take the test split of the classification-
subset, compute average (centroids) of all the projected
embeddings (PCA or translated) with the same modality
and same instrument labels, and then compute pair-wise
distance among modality/instrument clusters as the inter-
cluster distance.

4. RESULTS AND DISCUSSIONS

4.1 What combination of pre-trained embeddings?

In this experiment we would like to determine which is
the best audio-visual embeddings combination. We will
have to simultaneously answer whether we are able to learn
meaningful joint-embeddings from this data using transla-
tion, or if translation of pre-trained embeddings does not
work at all.

To do so, we take all combination of audio and image
embeddings and train the translation model with them, ob-
taining a total of nine separated translation models, i.e.
nine mappings to joint embedding spaces. We then eval-
uate them using cross-modal retrieval in the cross-modal-
subset explained in Section 3.1. The NDCG scores of dif-
ferent configurations are depicted in Figure 2, where both
audio to image, and image to audio are shown. Following
the ideas in [11], we use two baselines: random (red dotted
line in Figure 2) which means randomly ordering the em-
beddings and get the first 30, and the OpenL3 (blue dotted
line) image and audio embeddings both with 512 dimen-
sion 7 , used for retrieval directly without translation.

The first observation is that the relative difference in
NDCG scores between the baselines and our best perform-
ing model are comparable to those shown in [11], which
is promising because it means that the translation model
is effectively learning to relate the embeddings. Also un-
like the systems in [11] which were trained from scratch,

7 Note that the OpenL3 implementation allows for multiple output di-
mensions, and we choose 512 here for both embeddings to be comparable.

we obtained our joint embedding by translating pre-trained
embeddings, and obtained competitive results. The ran-
dom baseline performs better than OpenL3 for audio to im-
age retrieval, which is consistent with the results reported
in [11].

We observe a big gap in performance in all combina-
tions that include the OpenL3 image embedding, which
can be partially explained by the fact that VGG and ResNet
greatly outperform that embedding in image classification
downstream tasks, and thus more expressive embeddings
would be better candidates for translation.

Overall, the combination of YamNet and ResNet per-
forms the best across all configurations. We checked that is
the case for the classification performance as well, there-
fore, we discuss only YamNet and ResNet results in the
rest of the experiments.

4.2 How does translation affect performance?

We want to understand how translation affects the perfor-
mance of a classifier in comparison to its multi-modal non-
translated and single-modality counterparts. For that we
compare their performance in the classification task, by
training the classifier using embeddings from one modality
and testing with embeddings from the other, and by adding
batches of the training modality with balanced number of
instrument classes by bits. We use the classification-subset
for this experiment. The results of this process are shown
in Figure 3, where the macro F1 scores are reported for a
test set of only images (left) and only audio (right).
No data from target modality. First, we discuss the re-
sults in the 0 point of the x-axis, corresponding to the per-
formance of the classifiers without any data from the tar-
get modality (e.g. when testing in image, only training
the MM classifiers with audio). We see a similar and ex-
pected behaviour in both modalities: the MMP classifier
is guessing some classes right (very little), probably ex-
ploiting some unintended relations between YamNet and
ResNet embeddings after PCA, and the MMT classifier
clearly outperforms the others, being able to achieve al-
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Figure 3. Instrument classification results in different modalities: image (left) and audio (right). The orange dashed line is
a SM classifier trained and tested with same modality, image (I) or audio (A). Blue (translated) and red (PCA) boxes are
MM classifiers trained with data from different modality to the test set, with the x-axis indicating the number of samples
from the target modality mixed-in in during training (e.g. when testing on image, MMT and MMP are trained with audio,
and image data is mixed in by bits).

most 70% of the best performance already. This confirms
what we saw from the cross-modal retrieval examples, that
the translation is doing a meaningful mapping, and further
this allows to learn from one modality and test in another
in a zero-shot fashion.

Adding data from target modality. However, for an ideal
translation, image and audio embeddings would be inter-
changeable. That means that the performance of MMT
without seeing any embedding from the target modality
or after seeing all of them should be the same (since no
new data would be added to the classifier). And so, the
blue curve we see in Figure 3 with a small slope should
flat at the maximum performance independently of the test
data we add in. The fact that the performance of MMT in-
creases by adding this data is showing that the translation
failed in combining some meaningful information. And
this makes the MMT classifier’s performance to fall be-
hind when all the data from both modalities are available
(point 16000 in the x-axis of Figure 3).

Observing the performance of MMP, we also see that
with the right amount of data and without translation, the
classifier is able to learn the mapping between embeddings
and classify the instruments correctly. This is an inter-
esting result since it implies that for specific tasks with
available labeled data from both (or multiple) modalities,
it is enough to train a classifier to learn to deal with differ-
ent modalities all together and be able to work with what-
ever modality is available at inference time with almost the
same performance than a classifier fully dedicated to one
modality.

4.3 What is translation doing?

We want to understand what is happening during transla-
tion that the MMT classifier is struggling to keep up with
the others when enough data from both modalities is avail-
able, and why it does not reach best performance starting
from the zero-shot setting. We compare the structure of
the non-translated and translated embeddings before feed-
ing them into the classifier. In particular we measure the
distance between the cluster centroids of the different clus-
ters of classes in each setting. Figure 4 shows the pair-
wise distance for the different modalities and instrument
classes. On the left we see the non-translated embeddings
sorted by modality, and on the right we see translated em-
beddings sorted by instrument class. The two figures show
that the embedding spaces are indeed different, and that
the translation is structuring and bringing together the au-
dio and image embeddings of the same class (shown as
small 2x2 squares on the diagonal), i.e. grouping the em-
beddings by concepts. This makes sense and explains why
the translation works in the zero-shot setting, and is inter-
esting considering that the translation layer is trained in an
unsupervised manner.

However, there are noticeable small distance square
blocks in both images: the one in the left on the top left,
shows that the audio embeddings are closer to each other,
which is an artifact of YamNet embeddings. This is not
what happens with the ResNet embeddings, which after the
PCA projection are sometimes closer to other image em-
beddings but also sometimes closer to audio embeddings.
An exception to this are the image embeddings for voice,
cymbals and synthesizer, which are very different from all
the other embeddings.

The other big block where embeddings are grouped to-
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first by modality. On the right we have translated sorted first by instrument class. Note: This is results of classification-
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gether, in the right image of Figure 4, shows that the trans-
lation is bringing together some classes (e.g. accordian,
clarinet, flute, organ, saxophone, etc.) that should not be
blend together, and the overall distances in the translated
embedding space are smaller than in the non-translated
one. Observing the class distribution of the data used for
training the translation model in Figure 6 (note the labels
were not use in the training, only here for the analysis),
we observe it is skewed and the classes with fewer number
of instances correlate with most of the confused ones in the
translated embeddings. We think that this is probably caus-
ing the classification performance of MMT to drop with
respect to MMP and SM. The exception is voice, which
we speculate has to do with an effect from the ResNet em-
bedding which is very different from all other embeddings
and we suspect that helped the translated cluster to be suf-
ficiently different as well.

To see the correlation between our observations in the
embedding space and the classification performance, we
look at the per instrument F1 and confusion matrices of
the MMT classifier, using all data from both modalities as
shown in Figure 5. In each figure we show the per instru-
ment F1 on the left, and the confusion matrix of MMT on
the right. Looking at the per instrument F1 on the left, we
can also observe the correlations between less performant
instrument classes with smaller distances in Figure 4 and
number of fewer samples in Figure 6. Looking at the con-
fusion matrix of MMT on the right, we see that there are
common mistakes of cymbal vs drum (both modalities),
trombone vs trumpet (both modalities), guitar vs mandolin
(mostly image), and organ vs piano (mostly image), which
make sense because of the acoustic or visual similarity of
those instruments in each modality. We observe a similar
trend in the confusions made by the MMP classifier, but in
a lesser extent (which explains the better performance).

To sum up, we believe that the bias of label distribution
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Figure 5. Classification results: training with all data using
both modalities and testing in audio (top) and image (bot-
tom). Per instrument F1 on the left, confusion matrix on
the right.

in the data we used for training translation is the main
cause of the performance drop in classification, and this
is a trade-off of self-supervised learning without using the
labels. We plan to explore in the future unsupervised meth-
ods for sample selection to balance the training set used
for the translation model, such as determinant point pro-
cesses [29].
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the classes under study in the classification task.

5. CONCLUSIONS AND FUTURE WORK

In this work we propose and investigate modality-agnostic
representations for music classification. We first present a
study on different combinations of pre-trained audio and
image embeddings to determine the best configuration to
obtain modality-agnostic representations via cross-modal
evaluation. We then use this representation to train instru-
ment classifiers, comparing with non-translated and single-
modality baselines. We show promising results as well
as interesting potential applications using data from one
modality to train and another modality to test with reason-
able performance (almost 70% of best performing system
in a zero-shot setting). We also investigate how biases in
the training data used for the translation affect the classifi-
cation performance.

For future work, we are interested in exploring sampling
methods [30,31] that could help balance the training set to
obtain a more unbiased translation model, which from our
analysis could lead to better performance. Also, we are
interested in exploring the joint training of the translation
and classification models, instead of the sequential method
proposed in this paper. Furthermore, we think that explor-
ing novel loss functions specifically for multi-modal data
will also be an interesting direction as most of the current
contrastive methods are applied to single modality. This
work presented first steps and analysis towards the use of
modality-agnostic representations in music, which we con-
sider to be a promising idea in the context of MIR since it
allows the use of data from different datasets and modali-
ties in a flexible way, relaxing concerns about data scarcity
and other data-availability related issues.
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