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Abstract

This work proposes to modify clean speech into Lombard-like
speech by modifying speaker embeddings used to condition a
text-to-speech model. A feedforward network learns to map
embeddings of plain speech to those of Lombard speech using
paired data from the Audio-Visual Lombard Grid corpus.
Signal level is then increased as per ITU-T P.1150, and a neural
vocoder performs time stretching. We show that the resulting
speech retains most of the speaker’s identity while
incorporating relevant Lombard characteristics. Additionally,
by properly interpolating embeddings, we propose an approach
to gradually model Lombard speech as a function of the
background noise level. Listening tests show about a 1.12-point
Mean opinion score (MOS) increase in speech plausibility in a
loud background context, with only a 0.5-point MOS decrease
in speaker similarity compared to an ideal Lombard speech
interpolation.  Sound  samples are  available  at:
https://github.com/Thiagohgl/interspeech-gradual-lombard.

Index Terms: speech evaluation, Lombard effect, voice
transformation, ITU standard

1. Introduction

The Lombard effect is defined as the involuntary adaptation
speakers perform on their speech when strong background
noise is present [1][2]. Depending on the speaker, the properties
of their voice and speech may drastically change. Thus, having
Lombard-compatible samples is essential for a holistic
evaluation of communication systems in which speech is in the
foreground and strong background noise may be present, such
as in-car communication systems or phone-calls in a loud
environment. Even though it is possible to use real recordings
of Lombard speech for some cases, this could easily become
prohibitive with respect to cost and recording time -
particularly if different background noise scenarios and a
diverse corpus should be considered. Additionally, there are
cases where existing signals are already standardized for certain
tests [3], and recording additional material is not feasible at all.
Thus, a scalable approach to generate arbitrary Lombard speech
for a given set of speakers is something of considerable value.

For telecommunication applications, a naive transformation
approach is recommended in ITU-T P.1150 [4], which consists
of applying a speech level calibration as a function of the
background noise level. While this step does consider one
aspect of Lombard speech (i.e. the level), it disregards many
other relevant points such as pitch and duration.

The rapid advancement of artificial intelligence (Al) and
deep learning techniques has led to significant progress in

various domains of speech processing [5], including speech
recognition [6][7], text-to-speech (TTS) synthesis [8][9],
speaker identification [10], and more relevant for this work,
voice transformation/voice cloning [11][12][13]. Those
advances served as motivation to explore deep learning models
for the Lombard transformation problem.

The general idea of voice transformation is to take an
original speaker and, while retaining the textual information
(i.e. the spoken words), change its characteristics either with
respect to its emotions or completely changing their identity
(i.e. voice cloning). While approaches that apply a direct
transformation to the speaker mel-spectrograms have recently
shown good results [14], they often demand a high amount of
data for pre-training, which is not feasible for the modelling of
the Lombard effect, since only limited data is available. In the
Hurricane challenge [15] for speech intelligibility, some data
with Lombard speech was available and one submission was
based on a model-based transformation from plain to Lombard
speech (the GlottLombard [16]). It, however, relies on
generating a per-speaker dataset of Lombard utterances (not
feasibly for zero-shot transformation) and lacks the
representation power of modern deep learning speech
generators. Approaches such as FreeVC [13] are more
promising, since their speaker-embeddings are pre-trained with
considerably more data and thus show a high generalization.
The idea is to condition the generation to speaker embeddings
and text, which effectively considers the voice
transformation/cloning problem as a conditioned TTS one.
Thus, if we have a decoder capable of generating the desired
transformation of our original speech, we just need a good
approach to map the embeddings themselves. Indeed, latent
space manipulation was already shown to be effective in many
applications such as semantic image manipulation [17][18] and
even in speech manipulation [19].

Based on this, this work proposes to learn a transformation
between normal (i.e. plain) speech embeddings and their
Lombard variants and use those to generate Lombard speech.
This is done by using a TTS model conditioned on speaker
embeddings, and the transformation is learned with a simple
feedforward network, since the amount of available Lombard
data is very low. One of the main contributions of this work is
to show that the difference between plain and Lombard
speakers can be considered directly on the speakers’
embeddings, and thus, if the TTS is able to represent the
speaker, good results can be achieved. Additionally, we propose
a method to calibrate latent space interpolations so that we can
control the intensity of the Lombard speech for different
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background noises. The paper is divided by first introducing the
used data and general modeling considerations, then explaining
each component in more detail. Afterwards, our methodology
for calibrating the interpolation is presented and we explain the
listening test used to validate our approach. This is followed by
the results and conclusions.

2. Data and Modeling

We show our complete workflow in Figure 1. The main idea is
that as long as we can generate Lombard embeddings of input
speakers and have a TTS model that can properly leverage those
embeddings, Lombard versions of a speaker are possible.
These, however, may still miss important properties such as
correct level (which is arbitrary in a TTS model) and the
artificial longer duration, which is an essential part of Lombard
speech [2]. Those can be easily controlled, the first with a
simple factor and the second by stretching a spectrogram input
for a vocoder, which in this work was the Vocos [20]. The
individual parts of the diagram are going to be discussed in the
following sections.
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Figure 1: Workflow of the proposed approach. We
transform plain speaker embeddings into Lombard
embeddings and then apply level and length
corrections.

2.1. Datasets

2.1.1. Lombard Grid

The Lombard Grid Corpus [21] contains 50 utterance pairs
(plain-Lombard) for 54 different speakers. The utterances are
very short, with only around 5 seconds duration, and thus the
total amount of signal length for each speaker is very limited.
To generate the Lombard variation, a background noise
following a typical speech spectrum and with 80 dB sound
pressure level was played through headphones, the speakers
were then asked to recite the utterances to a person they could
see.

Even though the total amount of data is relatively low, these
utterance pairs are extremely valuable for investigating the
relation between plain and Lombard speech, since it allows us
to perform a direct comparison. As an example, we show the
average change of the speaker’s fundamental frequency,
calculated with CREPE [22], in Figure 2. There we see that the
Lombard speech has on average a higher pitch than their plain
variants, which is consistent with previous research [1].

Ihttps://github.com/metavoiceio/metavoice-src
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Figure 2: Pitch shift factor between plain and
Lombard speech.

We also investigate speech duration, obtaining the known
result that Lombard Speech is slower than plain speech. The
distribution of the Lombard Grid data can be seen in Figure 3.
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Figure 3: Time stretch factor between plain and
Lombard speech.

To generate the conditioning signal for the generation of
speaker embeddings, we concatenated all sentences for each
speaker both for the plain and Lombard case.

2.1.2. ITU-P.501

The ITU-P.501 standard [3] describes different signals that can
be used to perform a variety of telecommunication tests.
Among them, there’s a sequence of 12 speakers, 6 male and 6
female, for which a Lombard version of them would be
especially useful to improve the quality of such tests. Thus, we
used them to validate our approach, which is especially
interesting since they are extremely different from the signals
present on the Lombard Grid dataset.

2.2. TTS model

The TTS model used was the Metavoice 1B!. This model uses
speaker embeddings as conditioning to generate voices with
similar identities and was trained for the English language. The
speaker embeddings use the same architecture as in [13], being
the result of a simple LSTM (Long short-term memory) in a
mel-spectrogram representation of the speech signal followed



by a ReLU (Rectified Linear Unit) activation and unity
hypersphere projection (unitary norm normalization). It works
by predicting Encodec [23] tokens with a GPT (Generative pre-
trained transformer) architecture 2 and then diffuses those
tokens in waveforms of different mel-frequency bands with the
same approach as in [24]. The generated signal is then filtered
with DeepFilterNet [25] to remove artifacts. If a sampling rate
higher than 24 kHz is desired, super-resolution approaches such
as in [26] could be used.

The TTS model was chosen since its training was focused
on emotional speech and, likely because of this, it can generate
speech that matches the Lombard variants in the Lombard grid
corpus really well (we speculate that Lombard speech
characteristics may be somewhat similar to emotive speech like
anger, surprise and happiness). This gave us confidence that
the model would likely be able to generate believable Lombard
speech.

2.3. Embeddings transformation model

The speaker transformation model is a feedforward network
composed of two SwiGLU activations, the first with
dimensions 256 to 64 and the second 64 to 256, followed by a
ReLU activation and projection to the positive unit
hypersphere, like the speaker embeddings model.

To train the embedding transformation, we generated plain-
Lombard pairs from the Lombard grid corpus and used those as
input and output for the model. The model was optimized to
maximize the cosine similarity between real and predicted
embeddings. For the validation, we used a 5-Fold cross-
validation, while the end model used on the ITU P.501 data was
trained with the entire dataset.

Since the embeddings are projected on the unit
hypersphere, we always project the linear-interpolated
embeddings back to it. This guarantees that we do not leave the
embeddings manifold.

2.4. Speech stretching

To replicate the additional duration of Lombard speech, we
used a speech stretching approach based on a mel-spectrogram
vocoder, here Vocos [20]. This approach is similar to the
augmentations proposed in [13], but used here to generate the
desired signal.

2.5. Interpolating Lombard levels

Lombard speech is not a binary effect. It can not only be
present or not present, but it may manifest itself in different
levels as a function of the background noise, and thus even
though an “on/off” switch is helpful, it disregards many
relevant use-cases. There is, however, no database diverse
enough to learn a model for different background levels.

To solve this problem, we propose to interpolate the
embeddings between plain and Lombard speech. In this way we
can generate voices that are “in between” both. The challenge
with this approach is to find a suitable relation between the
interpolation factor and the background noise. The interpolation
function g(x) based on the plain embedding gpuin and
Lombard embedding g;omp is defined as:

2 Radford, A, Wu, J, Child, R, Luan, D, Amodei, D, Sutskever, I.
"Language Models are Unsupervised Multitask Learners", 2019
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gx) =proj((1- O-le)gplain +0.01x - giomp ) €y

In which proj(-) is the projection operator to the unit
sphere and x a “Lombard strength” factor ranging from 0 to
100. The ITU-T P.1150 proposes an increase in level starting at
50 dB background noise, while the background noise at the
Lombard grid corpus was 80 dB. Thus, if we consider that 50
dB is plain and 80 dB is Lombard (as given by our transformer),
we get the end points.

Based on internal data, we assume that the fundamental
frequency changes linearly with the background level. Thus, we
estimate the average speaker fundamental frequency for
different interpolation factors and find the ideal projection so
that it changes linearly with the level. This was done with the
ITU speakers to consider the calibration of out-of-distribution
samples. The results were projected/smoothed on a cubic fit to
reduce the random variations of the estimation. For the speech
duration, we use a similar linear relation with a maximum factor
of 1.08, which is the average in the Lombard grid corpus. The
actual stretching factor is calculated by considering the average
duration of the ITU-T P.501 generated signals for each
background level. We use this approach to generate equivalent
ITU P.501 Lombard-data for 50 dB, 60 dB, 70 dB and 80 dB

3. Listening test

We can easily verify if the generated signals show a similar
distribution of fundamental frequency change, level and
duration (the last 2 by design). However, it is neither clear if the
speakers are consistent throughout the transformations nor if
they sound natural in an environment with strong background
noise. To check those, we defined a listening test in which we
played generations of the following variants: ITU-T P.501
speakers with Lombard transform and only with the ITU-T
P.1150 level change recommendation, Lombard Grid speakers
with perfect Lombard embeddings and completely random
Lombard Grid speakers with the Lombard transform (serving
as a lower anchor on speaker similarity). For each speaker, a
sequence of generations with increasing background noise
(from 50 dB to 80 dB) was played. The background noise was,
for each single sentence, a random sample from a restaurant
recording, which we selected since it represents a situation in
which people may be used to hearing Lombard speech. For each
sequence, we evaluated on a scale from 1 to 5:

- Speaker similarity
- Speaker naturalness

- Plausibility of speech progression with increasing
background

In total we had 48 comparisons, each around 15 s (please
see paper website for examples). The duration of the test was,
on average, 30 minutes. The number of participants was 10 with
ages ranging from 22 to 46 years.

4. Results

4.1. Embedding transform

The embedding transform obtained a 5-Fold average cosine
similarity in the validation set of 0.95. This value is



considerably high, indicating that the plain-Lombard relation
can be identified well in the speaker embedding space, at least
for the Lombard Grid corpus. The actual evaluation of the
embedding model, however, was done in the listening test at the
unseen ITU dataset.

4.2. ldeal Interpolation factors

The relation between average fundamental frequency and
interpolation strength (defined in [0,100]) can be seen in Figure
4, in which each green dot represents a 5 dB step starting from
50 dB background noise:
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Figure 4: Relation between fundamental frequency
and interpolation strength.

The final fundamental shift factor of the Lombard transform
is somewhat larger than the value from the Lombard Grid
corpus (1.14 instead 1.10). However, since we only have 12
speakers in the ITU dataset and their sentences are considerably
more elaborate, we don’t regard this difference as problematic
(especially considering the 95% confidence interval).

4.3. Listening test results

The listening test results can be seen in Table 1 for the
Lombard Grid ideal interpolation (LG-11), ITU full transform
(ITU-FT), ITU level only (ITU-LO) and random speakers (RS).
There, we verify that the speaker similarity of I1TU
transformation is considerably better than random speakers (at
about 1.3 points) while only slightly worse (about 0.5 points)
than if using real Lombard speech embeddings. This indicates
that our approach is only slightly worse than an “ideal”
Lombard interpolation with respect to the speaker identity. On
the other hand, it is considerably more plausible (1.12 points)
than the current ITU level-only approach, indicating that people
judge a Lombard speech as more plausible when additional
aspects such as pitch and duration are considered, even if the
speaker identity may be slightly worse than the ideal
interpolation.

We also verify that the approaches with transformations
have a slightly better naturalness than the ITU level-only
variation, indicating that the original signals may not be ideal
in the loud background. For the overall quality, all approaches
have very similar values, with a very modest maximum at the
ITU variant. This implies that our transformation has no
significant effect on the sound quality of the original text-to-
speak model.
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Table 1: MOS results of the listening test. Blue is our
transformation approach in the out-of-training-
distribution ITU data.

Case Speaker Naturalness  Plausibility Overall
similarity Quality
LG -1l 3.81+0.21 3.19+0.2 3.08 +0.2 3.06 +0.18
ITU-FT 3.26 +0.22 3.47 £0.17 3.31+0.19 3.12 £0.17
ITU-LO 4.86 +0.07 3.08 £0.16 2.19+0.18 3.37 £0.16
RS 1.88 £0.17 2.92 £0.18 2.48 £0.16 2.88 £0.17

By performing some interviews after the test, the biggest
complaint of participants with respect to the quality was that the
last example in the sequence with the loudest background noise
had a too quiet speech. This may indicate that the current level
change on the ITU-T P.1150 standard may be too small for real
backgrounds. However, in very loud environments, people
usually get closer to each other to speak, so that we may
associate it to a higher level than the ones people are actually
producing due to the smaller distance to the speaker. This is
something that could be investigated in future work.

5. Conclusions

We’ve presented a method to generate Lombard speech for
different speakers in a scalable fashion. This was done by
transforming plain speaker embeddings into their Lombard
variants and using those as conditioning to a TTS model. The
generated speech signals are then post-processed with
standardized level amplifications and voice stretching using a
Vocoder in order to match the average data distribution of the
Lombard Grid dataset. Our Lombard transformations show a
considerable improvement in their plausibility at loud
backgrounds (about 1.12 points in MOS score) while being
judged only slightly worse to ideal Lombard speech signals
with respect to the speaker similarity (about 0.5 points in MOS
score).

Additionally, we showed that it is possible to map the
strength of a latent space interpolation to different background
noise levels, which allows the generation of Lombard speech
signals at different levels. This is a very relevant aspect as
different background noise levels need to be considered for
many application scenarios. Thus, we believe the approach
proposed in this paper could be readily applied to, e.g., generate
more realistic Lombard signals for telecommunication testing,
which is reinforced by the fact that we used sounds from the
ITU-T P.501 standard in our tests.

Future research could deal with the generation of Lombard
speech in a dynamic varying background, for example when
telephoning in a busy street where cars appear randomly at the
street. An investigation of the actual generated/expected
loudness change of the Lombard speech could also be done,
since it was the main complaint of the participants during the
test. Another interesting point could be to apply the Lombard
conversion to other types of TTS models that may have a higher
expressivity or cover different languages besides English.
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