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Introduction

Originally proposed in the visual domain, style transfer refers to the changing of an image or video
to adopt the visual style of another image or video (for example, modifying a painting by Monet to
look as though it had been painted by Van Gogh). As attempts at performing visual style transfer
have become more successful with the use of deep learning models, parallel efforts have emerged in
the audio domain. For the audio modality, style transfer constitutes changing the style of an audio
sequence to sound as though it were produced by another audio source. Tasks often explored include
changing music played by one instrument to sound as if it has been played by another or changing a
spoken utterance to sound as if it were spoken by someone else (voice conversion).
In our final project, we are specifically interested in one aspect of voice conversion—accent transfer.
That is, we aim to modify an utterance spoken in Accent A (American English) to sound as though it
is spoken in Accent B (British English), with other vocal characteristics (e.g. timbre, pitch) remaining
constant. We distinguish accent from other aspects of utterance delivery like emotion, tone, and
emphasis in that the intent and meaning of the utterance remains exactly the same, as does the vocal
quality of the speaker.
To accomplish this goal, we draw inspiration prior successful work using generative models and
autoencoders to perform analogous style transfer tasks in the visual domain. We propose an architecture with separate ground truth-trained generators and discriminators, which emulates a GAN-like
structure without the use of random noise to generate fake data.
Our work consists of the following contributions:
• A new dataset of approximately 30, 000 parallel spoken utterances from the New York
Times in American and British English accents, synthesized from the Amazon Polly service.
• A novel model that takes as input a spoken utterance in American or British English and
produces audio of the same utterance spoken in the target accent.
• A website allowing users to explore examples of real accent-transferred audio produced by
our model.
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Related Work

While deep learning-based image style transfer has seen significant advances in recent years [Gatys
et al., 2016, Chen et al., 2017, Luan et al., 2017, Li et al., 2017], analogous tasks in the audio
domain remain less explored. In particular, many aspects of voice-based style transfer are still in
their methodological nascence. Following an initial successful effort using CNNs to texturize a target
sound [Grinstein et al., 2018], a large portion of the body of work in audio style transfer has focused
on instrumental music (changing timbre or playing style) or voice conversion (i.e. changing one
person’s voice to another’s). Within these applications, the current state-of-the-art makes use of
image-inspired unsupervised architectures like variational autoencoders [Mor et al., 2018, Qian et al.,
2019] and GANs [Gao et al., 2018] (and variants like CycleGAN [Huang et al., 2019]), as well as
fully supervised learning augmented with synthesized data [Cífka et al., 2019]. The success of these
models informed our decision to use a GAN-like structure in our final architecture.
The approach we took to construct our discriminator in particular was grounded in work by Jia et al.
[2018], who used a text-independent voice sample to encode characteristics of a person’s voice. This
voice embedding can then be used with an input sequence to transfer the style of the person’s voice to
the content of the input sequence [Jain et al., 2018]. We used their work as our basis in constructing
an “accent embedding” that is independent of speaker characteristics.
Prior to the rise of deep learning in style transfer, the primary strategy for realistic voice conversion
used on Gaussian mixture models [Zhou et al., 2018]. By learning a mapping of voice features
like spectral envelope, formants, and mel-cepstrum from a source speaker to a target speaker using
statistical methods like maximum likelihood estimation, Gaussian mixture models enable one-to-one
voice conversion and even, with the appropriate data, tasks like emotion transfer [Kawanami et al.,
2003]. These methods persist in the modern literature, but they are augmented by deep methods;
for example, Kobayashi et al. [2017] used a GMM to map formants and mel-cepstrum between a
source and target speaker, then used WaveNet [Oord et al., 2016] as a vocoder to synthesize speakerconverted waveform samples. Based on this convention, we decided to generate mel-spectrograms
rather than .wav files and to perform the mel-to-wav conversion using an existing deep vocoder.
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Description

3.1

Datasets

In this subsection, we introduce the datasets used to train our discriminator and generator, respectively.
3.1.1

CMU Arctic

CMU Arctic is a database of 1150 English-language utterances compiled by Carnegie Mellon
University’s Language Technologies Institute. The text for the utterances is derived from Project
Gutenberg. Each utterance is read by 7 speakers, all of whom were living in the United States at time
of reading. Of the speakers, 4 speak US-accented English, 1 speaks Canadian-accented English, 1
speaks Scottish-accented English, and 1 speaks Indian-accented English. We used this dataset to
pre-train our model to generate accent embeddings, as explained below.
3.1.2

Amazon Polly

Amazon Polly [Polly, 2020] is a text-to-speech (TTS) service that offers both traditional and more
recent deep learning techniques to synthesize speech. To generate a syntactically diverse dataset, we
queried a year’s worth of news articles from the New York Times and created a set of unique words.
We then synthesized corresponding audio samples in both the American accent (male) and the British
accent (male). These serve as our input and target for the accent transfer task. For the purpose of
this experiment, we restricted ourselves to synthesizing only single word audio samples for accent
transfer. We processed the data by eliminating empty samples (usually occurring when a non-English
word is queried) and non-parallel utterances (usually occurring when an API call fails).
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layer name output size
params
conv1
×
3×3, 3, stride 2, padding 1
conv2_x
×
3×3, 3, stride 2, padding 1
pool_x
×
max pool
conv_fc
×
768×1024
lstm
×
input 128, hidden 128, layers 3, bidirectional
lstm_fc1
×
2048×1024
lstm_fc2
×
1024× (128 × 128)
FLOPs
×

Table 1: Architecture for generator model
layer name output size
params
conv1d
×
250, 128, stride 50
batch norm
×
momentum 0.1
pool
×
max, kernel 4, stride 4
conv1d
×
30, 128, stride 1
batch norm
×
momentum 0.1
pool
×
max, kernel 4, stride 4
conv1d
×
30, 256, stride 1
batch norm
×
momentum 0.1
pool
×
max, kernel 4, stride 4
conv1d
×
30, 512, stride 1
batch norm
×
momentum 0.1
pool
×
adaptive, 1
×
Linear
512 × 50
×
Linear
50 × 2
FLOPs
×
Table 2: Architecture for discriminator model
3.2

Generator

We now give a brief overview of an end-to-end model that we have designed to solve the task of
accent transfer. The model is trained on data generated using the Amazon Polly service, details
of which have been explained section 3.1.2. For simplicity and ease of experimentation, we only
considered the scenario of performing single-word accent transfer. We synthesized mel-spectrograms
from the audio samples (source and target accents), which we then used as the input data and target
label respectively. The generator architecture and parameters are shown in detail in 1 and in the
context of the wider model in 1.
3.2.1

Generator architecture

Figure 1 shows the specific parameters we are using for the end to end model. In essence, there are 2
Conv layers to process the spectrogram and generate an embedding, which the three BiLSTM layers
then ingest. There is an interleaving of BatchNorm and ReLU activations after each Conv block. We
then do a MaxPool operation to generate a reduced-sized embedding, which is then processed using
1 FC layer before forwarding to the BiLSTM layers. The processed embedding from the LSTM layer
is then re-projected to the space of spectrograms using 2 FC layers (which are again interleaved with
ReLU activations).
3.3

Discriminator

In order to transfer an accent style, our model must be able to differentiate between two accents. A
well-known technique in deep learning is to represent an object as a high-dimensional embedding
vector. As shown in [Jain et al., 2018], accent embeddings can be used to improve speech recognition
tasks and speaker accent classification. Thus, for our model to successfully transfer between accents,
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we would like to feed it the representation of a target accent, from which it should be able to synthesize
new audio, hopefully in the target accent. There have been previous efforts in [Jia et al., 2018] to
synthesize audio in a target person’s voice using speaker embeddings. Our approach generalizes these
embeddings for an entire accent profile.
3.3.1

Discriminator architecture

We tried two different models to generate high-quality embeddings for accents. As shown in Table
3.2.1 below, the first model used 1-dimensional convolutions on raw audio signal, which was further
processed by 1-dimensional convolutional layers above. The rationale for this approach is that a 1-D
CNN can work as an effective feature extractor and help with data augmentation by windowing the
raw input signal, as suggested by [Abdoli et al., 2019]. This network generates its own features from
the raw audio signal and is able to capitalize on the time-dependent nature of audio data.
The second model we tried uses 2D-convolutions, which are applied after the input audio signal is
preprocessed by creating spectrograms. A spectrogram of an audio signal conveys the spectral energy
density across time and frequency axes. The spectrogram can then be used as a rich image representation of the audio signal, allowing for image classification techniques to be used on the spectrogram to
classify the underlying audio signal. In [Hershey et al., 2016], the authors experimented by using
well-known CNN-based image classification models for the purpose of audio classification, including
ResNet-50. Since our dataset is considerably smaller, after some experimentation, we adapted a
ResNet-34 model to use as our discriminator model. This model is shown in the pipeline of our
end-to-end model in Figure 1.

Figure 1: unbabel accent transfer model architecture
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3.4

Vocoder

After generating mel-spectrograms representing the target audio, we passed the data into a vocoder
to generate .wav audio. Perhaps the most conventional way of doing so is to use a fast generation
algorithm like Griffin-Lim [Griffin and Lim, 1984]. Recently, however, deep vocoders like WaveNet
[Oord et al., 2016] and WaveGlow [Prenger et al., 2019] have allowed for higher-quality synthesis of
audio from mel-spectrograms. We selected WaveGlow as our vocoder due to its fast inference and
added a denoiser to eliminate extreme frequencies, then integrated this component directly into our
model pipeline.

4
4.1

Experiments
Generator

The final model is trained using an L1 loss against the target spectrogram, using the Adam optimizer.
The full details of the hyperparameters we use are detailed in the appendix, along with links to the
source code. Plots
4.2

Discriminator

To train the accent-embedding model, we used a weighted average of softmax cross-entropy loss
and center loss. As demonstrated by [Qi and Su, 2017], contrastive center loss is able to improve
performance on image classification tasks by learning a class center for each class, which enhances
the discriminative power of learned features. We experimented with SGD and Adam optimizers.
SGD appeared to have been stuck in local minima, and Adam performed comparatively better.
4.3

Vocoder

We evaluated audio reconstruction quality on both WaveNet and WaveGlow to determine the amount
of reconstruction loss introduced by each model. We encoded raw WAV audio as mel-spectrograms
for audio samples on the CMU Arctic dataset, then converted them back to WAV using both deep
architectures. We also compared inference time.
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Results

Figure 2: Source SG (American Accent)
The figures illustrate the transferred accent which was generated using the method described in the
experiments section. As is evident, the ground truth and synthesized spectrograms are fairly similar
5

Figure 3: Target SG (British Accent)

Figure 4: Transferred SG (Transferred Accent)
stylistically, which suggests that the accent has been transferred. We verified through synthesizing
audio from the spectrogram which produces an accent audio similar to the intended target accent.
However, due to lack of experience with the decoding process, we were unable to set the right set of
parameters for the encoding and decoding algorithms which led to slightly garbled audio as output.
Future work includes trying to find the right set of parameters to generate realistic speech.
As for accent classification, our discriminator model performs well on the test set. The t-SNE
projection of test set examples can be found in Figure 6. This suggests our model is generally able to
create a good decision boundary between American and British accents, and by extension can perform
well as a discriminator in our end-to-end model. We were able to achieve over 95% classification
accuracy on the test set.
After testing both WaveGlow and WaveNet, we proceeded to use WaveGlow in our pipeline because
its inference was many times faster than WaveNet (1.7 seconds to generate 2 seconds of audio,
compared to almost 10 minutes to generate 2 seconds of audio), and the reconstruction quality of
the two methods was comparable. Experiments with WaveGlow demonstrated that it works well for
reconstructing audio from mel-spectrograms derived directly from the audio. However, it produced
only static when given mel-spectrograms produced by our generator. We determined this to be a
6

Figure 5: Training plots for the end to end model

Figure 6: T-SNE projections of embeddings. On left, American (purple) and British (yellow) accents
on the Polly dataset. On right, all accents in the CMU Arctic dataset.
product of the vocoder rather than the mel-spectrogram after trying the Griffin-Lim method to produce
WAVs, which were decipherable to the human ear (although noisy, because Griffin-Lim is not as
effective as deep methods).
Comparison of target audio passed through Griffin-Lim encoding and decoding with our generated
audio, however, showed that our generated audio was extremely similar to the target audio, suggesting
successful accent transfer. Spectrograms comparing these two quantities can be found in Figure
7, and audio samples can be found on our website at http://carla.auton.cs.cmu.edu:
5000/arch.html.
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Future Work

Although our results suggest that we were successfully able to perform accent transfer, listening to
the audio will show that there is work left to be done. Furthermore, in the process of building this
system, we thought of multiple extensions which we did not decide to pursue in the interest of time
constraints. We now enumerate some of these which the interested reader may wish to pursue:
• Constrain mel-spectrogram parameters such that deep vocoders like WaveGlow, which are
optimized for mel-spectrograms similar to those output by text-to-mel models like Tacotron2,
can successfully produce audio.
• Achieve real-time or near-real time generation of transferred audio.
• Introduce support for multiple source and target accents.
• Allow for variable input sequence lengths rather than only single words.
7

Figure 7: Sample spectrograms generated for the word treaty synthesized from Amazon Polly. Left
(source): American accent, Right (target): British accent
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