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Abstract

We took the state-of-the-art audio signal encoder and deep generative model to
achieve images from sounds. Our model, Audio2Img, is trained and evaluated on
audio and images from a subset of AudioSet. This work shows preliminary results
of generating images based on audio data and points out a need for higher quality
audio-visual dataset to bridge the gap between audio and visual learning.

1 Introduction

Human perception of auditory and visual stimuli are shown to be strongly correlated. Given an
audio clip, we can often imagine motions and contents associated with the sound. Despite recent
advance in various generative models based on text descriptions, few audio-visual models have been
successfully developed. In this paper, we explore an architecture that can map audio information into
visual images.

Constructing an audio-visual generative model involves audio feature extraction and conditional
image synthesis. Audio feature extraction is a commonly explored problem. Here, we simply take the
log-mel-spectrogram of audio clips and convert to embedding vector via deep convolutional neural
networks. To synthesize images from the given audio embeddings, we are inspired by text-to-image
GANs [1, 2], where the generation of images is also conditioned on the given text embeddings.

2 Methods

2.1 Dataset

AudioSet [3] collects 10 seconds of footage from millions of videos on YouTube. We selected 10
classes of videos, 49,643 files in total, that have obvious correlations between audio and images.
These 10 classes include: Cat, Helicopter, Train, Acoustic Guitar, Baby Crying, Firework, Dog, Race
Car, Rooster Crowing, and Ocean. We randomly picked 3 images from each sample video, cropped
them into squares and down-sampled them to 64× 64. The sampling rate of the audio is 22,050Hz.
Our evaluation set, totally 917 samples, is based on the evaluation sets of the same 10 classes in
AudioSet.

2.2 Audio Feature Extraction

We use the whole 10 seconds of audio as our input data. The raw waveform is first averaged across
two channels and then transformed to its Mel-spectrogram with 128 Mel-frequency bins. We used
the default parameters in Librosa[4] to obtain this feature. To further extract latent embeddings from
the Mel-spectrogram, we created an embedding encoder that contains several residual blocks of
convolutional layers[5].
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Figure 1: Images generated by Audio2Img. Each column represents a kind of label to the input audio.

2.3 Image Synthesis

Our generative model has a structure similar to the stage I of StackGAN[2], with text embeddings
replaced by audio embeddings. The Conditioning Augmentation (CA) network re-samples the
embedding by passing the audio latent vector φ through a simple fully connected layer to generate
µ0(φ) and σ0 for the Gaussian distribution N (µ0(φ)). Next, the CA net outputs the re-sampled audio
feature by drawing a sample from the conditioned Gaussian. This feature is then concatenated with
random noise and up-sampled to generate a 64× 64 image. The generator and the discriminator are
both constructed with convolutional layers.

3 Discussion & Conclusion

Part of the results generated by our model are shown in Figure 1. The model was trained with 400
epochs. The quality of generated images is highly dependent on labels, and we concluded that there
are two major difficulties in this task: the lack of temporal information in audio and the movement
of target objects in images. Neither do we know where the most representative sound is within the
10-second audio file, nor do we have the position or the frame of the actual object. As a result,
on the audio side, the most important features within the 10 seconds might not be captured by the
embedding encoder, causing the generator to create an unrelated image. We observed that it is easier
for the embedding encoder to discover sounds with longer and more obvious average appearance such
as guitar and firework. Sounds of ocean and helicopter have long sound duration, but the training
results for these samples are worse because the sound too similar to noise. Similarly, the sound of
the animals are usually too short in duration (and sometimes even not obvious) that the embedding
encoder can hardly capture the crucial features.

As for images, classes with higher similarity between sample images are usually guaranteed with
clearer generated images of the objects, while images in other classes does not. These variations
in correlations between images and audio features result in noticeable differences in generated
images. For example, objects such as train, train track and firework are more observable since their
representations are more static across most training data. We also found that guitar sounds usually
result in images of human playing guitar, which may due to the fact that most videos with this label
are stable recordings of someone playing a guitar. On the other hand, objects like dog, cat, and baby
crying vary a lot between videos since they can be captured in many different directions. Furthermore,
videos of these labels often contain highly dynamic background and don’t necessarily contain the
object itself. We acknowledged that AudioSet is not the perfect dataset for audio-visual model and
hope this result can bring initiatives to construct a more suitable dataset for future audio-visual
models.

Overall, despite the noisy training data, Audio2Img is able to generate recognizable images solely
based on short clips of audio. We proved the possibility of conditioning GAN on audio features,
marking a successful first step in bridging the audio and visual learning gap.
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