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Abstract

Both the Fundamental frequency (FO) and Energy are promi-
nent features of prosody. Together, they have been used across
a wide variety of speech-processing tasks. However, there is
a lack of freely available pre-trained vector representations of
these features. Therefore, in this paper, we provide the research
community with high-quality joint embeddings of the frame-
level FO and Energy features, using the VQ-VAE architecture.
By converting the FO and Energy into a single stream of vector
embeddings, we make it possible to seamlessly use prosody in
modern architectures, such as multimodal LLMs. In order to
ensure maximum embedding quality, we conduct a large-scale
hyperparameter search, totaling over 150 experiments on the
LibriTTS dataset. We outperform previous works on FO em-
beddings, reaching FFE error below 1 percent, while simultane-
ously embedding the additional feature of Energy. We publish
our best-performing models on the HuggingFace website.
Index Terms: Prosody, VQ-VAE, Fundamental frequency, FO,
Energy, Embeddings

1. Introduction

The Fundamental frequency (FO) and Energy are two of the
most prominent features of prosody. Along with phoneme dura-
tion, they have been used as a de-facto default representation of
prosody across many different speech processing tasks, such as
text-to-speech [1, 2], speaker anonymization [3], speech resyn-
thesis [4] or prosody transfer [5, 6]. However, there is a lack
of freely available pre-trained vector representations of these
features, which makes it hard to integrate them into state-of-
the-art deep learning architectures. Additionally, to the best of
our knowledge, frame-level Energy embeddings have not been
constructed before.

Therefore, in this paper, we provide the research commu-
nity with high-quality joint embeddings of the frame-based FO
and Energy features, which can be used in an off-the-shelf man-
ner. By embedding multiple prosodic features into a single se-
ries of discrete vectors, we make it possible to seamlessly use
prosody in multimodal Large language models based on the
Transformer [7] architecture. This could further enhance exist-
ing use cases, or potentially unlock new ones, such as generative
prosody modeling or even prosody-conditioned text generation,
as proposed in [8].

As our model of choice, we make use of the Vector Quan-
tized Variational Autoencoder (VQ-VAE) [9]. The unique prop-
erties of the VQ-VAE make it ideal for the task, since it learns
a codebook of discrete vectors to represent the input features.
This latent representation can easily be extracted and used as
embeddings.
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To maximize the embedding quality, we present a large-
scale hyperparameter study over the VQ-VAE parameters
(Number of bins, Embedding vector size), as well as parameters
of the training process (Batch size, Learning rate). Additionally,
we take special care with respect to the handling of the unvoiced
frames of FO. These are frames where FO is not defined, because
the vocal folds are not vibrating, and are typically set to O Hz
by the FO extraction algorithms. This introduces many discon-
tinuous jumps into the signal, causing issues for the VQ-VAE
model. In order to mitigate these jumps, we either interpolate
over the unvoiced regions of the FO, or, to account for use cases
where the unvoiced regions need to be preserved, we normal-
ize the voiced FO regions (see Figure 2). We also explore the
combination of these two strategies.

For each strategy, we conduct a separate hyperparame-
ter search using the Optuna framework [10] on the LibriTTS
dataset [11], in total comprising over 150 experiments. We out-
perform the FO reconstruction accuracy of the FO-only embed-
dings of [12], while at the same time embedding the entire ad-
ditional feature of Energy, and we publish our best models for
each strategy on the HuggingFace website.!

2. Related Work

Fundamental frequency and Energy have been used to represent
prosody across many different speech-processing tasks, with
highly varying representations. As an example, FastSpeech2
[2] uses FO and Energy of target speech as conditioning input
during training, and employs continuous wavelet transform on
the pitch to improve pitch prediction. USD-AC [13] uses binned
Gaussian-blurred FO and Energy features for accent conversion.
Valle et al. [14] use frame-based continuous FO and Energy
to obtain a highly controllable text-to-speech system, while in
Daft-Exprt [5], they predict both frame-level and utterance level
Energy and FO features for the purpose of cross-speaker prosody
transfer.

However, none of the commonly used representations of
these two features can be used seamlessly in modern deep-
learning architectures. To address this gap, we continue in the
line of work started by Polyak et al. [4], who used the VQ-
VAE model to generate embeddings of FO for the purpose of
speech synthesis from disentangled features. This was followed
by [12], who conducted a full grid search over the parameters
of the VQ-VAE and improved the FO reconstruction error. We
expand upon this line of work by jointly embedding the Fun-
damental frequency and Energy features into a single embed-
ding, thus obtaining prosodic embeddings that can be easily
used across a wide range of speech-processing tasks. Addition-

"https://huggingface.co/MU-NLPC/FO_Energy_
joint_VQVAE_embeddings
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ally, we make use of the Optuna framework [10], which allows
us to efficiently sweep over a wider range of parameters.

3. Methods

For our study, we make use of the Vector Quantized Varia-
tional Autoencoder (VQ-VAE) model, whose implementation
was adapted from Polyak et al. [4]. The VQ-VAE model, as all
autoencoders, works by learning to reconstruct the input signal
from a limited-size bottleneck layer representation. However,
it differs from the vanilla autoencoder in that it restricts the al-
lowed bottleneck activations to a set of discrete vectors from a
fixed-size, learnable codebook (see Figure 1).
In greater detail, the input data

(z1,22,23,...,Zn), (W1, w2, w3, ..., w,) @200 Hz,

with z,, and w,, being the FO and Energy values, respectively,
are fed into the encoder. By passing the input through suc-
cessive 1D convolutional layers, the encoder down-samples the
data by a factor of 16, obtaining the latent representation
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Then, nearest neighbor-based vector quantization is applied,
collapsing each vector into its closest vector in the codebook.”
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The reconstruction is then generated by an inverse process in
the decoder, obtaining

(fl,fz, fg, AN ,.Z'An), ('Lﬁl7 lﬁg, 1133, ey wn) @ 200 Hz.
The VQ-VAE is trained with the standard Mean Square Error
(MSE) reconstruction loss. The Fundamental frequency and

Energy each use a separate channel in the convolutional layers.

3.1. Data and Preprocessing

We conduct our experiments on the English multispeaker
dataset LibriTTS, using the train-clean-100 (33,236 files), dev-
clean (5,736 files), and test-clean (4,837 files) splits. We use
audio files sampled at 16 kHz. The FO is extracted using the
YAAPT algorithm [15], using hop size Sms and frame size
20 ms, resulting in the FO being sampled at 200 Hz. The un-
voiced frames are set to 0 Hz. For Energy®, the PRAAT [16]
package was used, with a sampling rate identical to FO at
200Hz. To mitigate the discontinuous jumps caused by un-
voiced regions of FO, we investigate three different strategies
for their handling.
* FO interpolation (FI)
We interpolate over the unvoiced regions of FO using the
built-in interpolation algorithm of the YAAPT package, so
that the interpolated FO does not descend down to and up
from zero, but instead travels smoothly from the last voiced
frame to the first voiced frame of the next voiced region.
Note that the reconstruction quality is measured against the

2These quantized vectors are used as the embedding.
3We use the intensity feature from PRAAT, which is expressed in
dB, instead of raw Energy, for better interpretability.
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Figure 1: Diagram of the VQ-VAE architecture.

interpolated ground truth FO. This strategy is useful in case
speaker statistics for normalization cannot be obtained and
unvoiced regions do not need to be preserved, or for use cases
like linguistic interpretation of prosody.

* Voiced FO normalization + Energy normalization + voiced-
ness mask (FN+EN+VM)
We normalize the voiced frames of the FO with respect to the
speaker mean and standard deviation, while leaving the un-
voiced frames at 0 Hz. Energy is normalized with respect to
speaker mean and standard deviation as well. We make use
of the voicedness mask in order to recover the unvoiced re-
gions of the FO. This serves to distinguish between unvoiced
frames and frames with FO close to the mean (See Figure 2).
The voicedness mask is added using a third channel. The
normalization of both FO and Energy is reversed before cal-
culating the final reconstruction metrics, and the FO regions
with voicedness mask reconstruction < 0.5 are set to 0 Hz.
This strategy is useful in case the unvoiced regions should be
preserved.

* FO and Energy
(FN+EN+FI)
This setting is a combination of the above two strategies.
The normalization of both FO and Energy is reversed before
calculating the final reconstruction metrics. Note that the
voicedness mask is not needed, since the unvoiced regions
are interpolated over. The reconstruction quality is measured
against the interpolated ground truth FO.

normalization + FO interpolation

3.2. Training

‘We conduct training on one-second-long segments (192 frames)
of the input FO, which are dynamically sampled during the train-
ing process so that, at each epoch, a different segment is used.
We exclude audio files shorter than 1 second from the training.
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Figure 2: Diagram of the voicedness mask feature used to distinguish voiced frames (green circles) from unvoiced frames (blue squares)
when normalization is used without interpolation. Note that without the mask, the frames with FO very close to the mean are indistin-

guishable from the unvoiced frames.

In this manner, we train for 700 epochs or until the experiment
is pruned by the optimizer. We then calculate the final validation
metrics using the checkpoint* with the lowest validation loss.

The hyperparameter search is conducted over the batch size,
learning rate, number of vectors (bins) in the codebook, and
embedding vector size parameters, and is guided by the Optuna
optimizer with pruning. We use the TPEsampler along with
the Hyperband pruner, with the maximum resource set to the
maximum number of epochs (700) and a reduction factor of 7.
We set the minimum resource to 1 epoch. The hyperparame-
ter ranges we search over are summarized in table 1. For each
strategy, we conduct over 50 experiments, and we evaluate the
best-performing model for each strategy on the test set. Each
of our experiments was run on a I0GB VRAM fraction of the
NVIDIA A100 using NVIDIA Multi-Instance GPU (MIG), tak-
ing on average 4 hours (if not pruned).

Table 1: Parameter ranges searched

Parameter Values
N bins 20, 40, 80, 160, 320
Emb size 32,64, 128, 256, 512, 1024

Batch size 32, 64,128,256
Learning rate  0.001, 0.0005, 0.0001

4. Experiments and Evaluation

For evaluation, we make use of the standard Voicing Decision
Error (VDE) [17] and FO Frame Error (FFE) [18] metrics for the
Fundamental frequency. The VDE is defined as the percentage
of frames that contain a voicing decision error

1, ifvoiced(fo(i)) # voiced(fo(i))
0, otherwise

VDE(i) = {

N
1 .
VDE = ;:1 VDE(i)

4Checkpoints are taken each 20000 steps.

where fy is the original FO, fo is the FO reconstruction and ¢
is the frame index. A voicing decision error occurs when a
frame is reconstructed as unvoiced when the original is voiced,
or vice-versa. We do not report VDE when interpolation is used,
as all unvoiced regions are interpolated over.

The FFE measures the overall accuracy of the reconstruc-
tion, measured as the portion of frames that differ by more than
X percent from the true value or contain a VDE error. We report
FFE using X = 20 and X = 10 percentage thresholds.

1, if

0, otherwise

Jo)=fo(®) | 100% > X
fo(3)

FFE(i, X) = {

N
1 ) .
FFE(X) = ; FFE(i, X ) V VDE(3)
For Energy, we use the RMSE between the reconstruction and
the original frames. All metrics are calculated per audio file,
and we report their average.

5. Results and Discussion

The five top-performing experiments for each strategy are
showcased in tables 2-4, sorted by FFE. Since the results fol-
low clear stratification depending on the number of bins, with a
larger number of bins leading to better reconstruction accuracy,
we also showcase the best-performing model for each number
of bins setting®. In tables 5 and 6, we show the results for the
lowest FFE model for each strategy on the test set, and in Figure
3, we show a sample test set reconstruction. The full results are
available on the model’s HuggingFace website.

Our results outperform [12] both on interpolated (0.49%
vs 1.60% FFE30) and non-interpolated data (3.30% vs
4.29% FFEyq), while simultaneously embedding the addi-
tional feature of Energy. This is likely due to our search sweep-
ing across larger parameter space. The performance variation

5Note that, due to the hyperparameter optimizer, this is best thought
of as the upper bound on the performance drop magnitude, as fewer
configurations were searched for the smaller numbers of bins.
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Table 2: Dev set results for the FO interpolation strategy (FI).

Bins Emb Batch LR VDE% FFE20% RMSE
320 512 256 0.0005 - 0.38 5.26
320 1024 256 0.001 - 0.40 4.57
160 512 128 0.001 - 0.41 4.80
320 512 128 0.0005 - 0.42 4.77
320 32 256 0.001 - 0.43 4.53
80 64 256 0.0005 - 0.59 5.79
40 128 64 0.0001 - 1.19 7.88
20 512 32 0.0001 - 1.63 8.85

Table 3: Dev set results for the FO and Energy normalization +
FO interpolation strategy (FN+EN+FI).

Bins Emb Batch LR

VDE% FFE2y% RMSE

320 128 128 0.001 - 0.71 2.73
320 64 128 0.0005 - 0.74 2.57
320 128 128 0.0005 - 0.75 2.76
320 256 128 0.001 - 0.76 2.71
320 128 128 0.001 - 0.76 2.68
160 512 256 0.001 - 0.81 2.90
80 32 256 0.001 - 0.98 3.42
40 256 64 0.001 - 1.45 3.70
20 32 256 0.001 - 1.99 4.45

Table 4: Dev set results for the Voiced FO normalization + En-
ergy normalization + voicedness mask strategy (FN+EN+VM).

Bins Emb Batch LR VDE% FFE20% RMSE
320 64 128 0.0005 1.92 3.02 2.85
320 512 128 0.0005 2.13 3.26 3.00
320 64 64 0.0005 2.17 3.29 3.03
160 256 256 0.001 2.27 3.44 3.40
160 32 256 0.0005 2.62 3.82 3.43
80 512 256 0.001 3.14 4.47 3.51
40 64 256 0.0005 4.03 5.60 4.00
20 1024 256 0.001 5.97 7.89 4.90

Table 5: Test set results for strategies with interpolation. Com-
pared with [12], denoted by *.

Strategy VDE% FFE20% FFE10% RMSE
FI - 0.49 3.83 6.33
FN+EN+FI - 0.78 3.54 3.00
Reference* - 1.60 - -
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Table 6: Test set results for strategies without interpolation.
Compared with [12], denoted by *.

Strategy VDE% FFE3% FFE1 0% RMSE
FN+EN+VM  2.07 3.30 6.70 3.00
No strategy 1.17 5.73 17.41 16.30

Reference* 2.47 4.29 - -

FO (Hz)
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Figure 3: Sample test set reconstruction using the FN+ EN+VM
strategy.

across strategies follows a similar pattern to [12], with interpo-
lated FO being easier to reconstruct. The strategies using nor-
malization, however, outperform the unnormalized case (FI) on
the reconstruction of Energy (3dB vs 6.3 dB RMSE). It seems
the models prefer to minimize FO loss, since, without normal-
ization, FO has larger values than Energy.

Our results suggest that the number of bins parameter is the
main limiting factor of reconstruction accuracy. On the other
hand, the embedding vector size parameter was surprisingly in-
significant, with smaller sizes often outperforming larger ones,
other parameters being equal. With regards to the training pa-
rameters, we obtain the best results with the batch size setting of
128 or 256, with a learning rate of either 0.001 or 0.0005. The
0.0001 setting underperforms the other learning rate values.

6. Conclusion

In this paper, we have presented a thorough study on generat-
ing high-quality, joint vector embeddings of the Fundamental
frequency and Energy features. In total, we conducted over
150 experiments, using three different strategies for handling
unvoiced frames of the FO. We reach a very low FO recon-
struction error on the test set both on interpolated (below 1%
FFE20) and non-interpolated (3.30% FFEq() data, outperform-
ing previously published works on FO embedding generation,
while also embedding Energy with reconstruction RMSE at 3-
6.3dB. Our best models are freely available on the Hugging-
Face website, along with supporting code to make their use as
easy as possible. We believe our models will prove valuable
to the speech-processing community, allowing prosody to be
straightforwardly used in modern deep-learning architectures.
As future work, we plan to use these embeddings for experi-
ments regarding prosody-conditioned text generation.
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