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Abstract identity and transcript (Borsos et al., 2023a; Wang

Generative spoken language models produce
speech in a wide range of voices, prosody, and
recording conditions, seemingly approaching
the diversity of natural speech. However, the
extent to which generated speech is acousti-
cally diverse remains unclear due to a lack of
appropriate metrics. We address this gap by
developing lightweight metrics of acoustic di-
versity, which we collectively refer to as MAD
Speech. We focus on measuring five facets
of acoustic diversity: voice, gender, emotion,
accent, and background noise. We construct
the metrics as a composition of specialized,
per-facet embedding models and an aggrega-
tion function that measures diversity within the
embedding space. Next, we build a series of
datasets with a priori known diversity prefer-
ences for each facet. Using these datasets, we
demonstrate that our proposed metrics achieve
a stronger agreement with the ground-truth
diversity than baselines. Finally, we show-
case the applicability of our proposed met-
rics across several real-life evaluation scenar-
ios. MAD Speech is made publicly available'.

1 Introduction

Recent progress in generative spoken language
modeling (Lakhotia et al., 2021; Borsos et al.,
2023a; Wang et al., 2023; Kharitonov et al., 2023;
Borsos et al., 2023b; Rubenstein et al., 2023; Le
et al., 2023; Vyas et al., 2023; Hassid et al., 2024;
Nguyen et al., 2024) brought models that can
generate speech in a wide range of voices, prosody
and recording conditions as found in large-scale
datasets of natural speech (Kahn et al., 2020;
Pratap et al., 2020; Ardila et al., 2020).

These generative models are typically evaluated
in terms of faithfulness to their inputs, i.e. speaker
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et al., 2023; Kharitonov et al., 2023). Thus it re-
mains unknown how diverse their outputs are, since
those metrics neither capture variability nor take
into account factors of the perceived speech diver-
sity (i.e., recording conditions, prosody, styles, and
accents). Being able to measure speech diversity
would also help detect mode collapse when finetun-
ing models (Kirk et al., 2023), selecting training
& inference hyperparameters, and optimizing for
human feedback (Cideron et al., 2024). Moreover,
such measurements are vital when building
synthetic data or mixing existing natural datasets.

In this work, we focus on measuring acoustic di-
versity of a set of speech utterances, i.e. measuring
the diversity in the distribution of voices, genders,
accents, emotions, and background noise. Through-
out the paper, we use the term “facets” to describe
these different aspects of acoustic diversity.

We propose a set of metrics, which we col-
lectively refer to as MAD Speech (Measures of
Acoustic Diversity of Speech). We build these met-
rics by combining a pretrained speech represen-
tation and an aggregation function that is used to
calculate the diversity of a sample in the represen-
tation space. We experiment with a set of off-the-
shelf continuous speech representations such as Hu-
BERT (Hsu et al., 2021), Wav2Vec-BERT (Chung
et al., 2021a), and SoundStream (Zeghidour et al.,
2021) as well as with SpeechSim, a lightweight
representation model related to TRILL (Shor et al.,
2020) and COLA (Saeed et al., 2021). We explore
the average pairwise cosine dissimilarity and Vendi
Score (Friedman and Dieng, 2022) as aggregation
functions.

Further, we learn per-facet projection models
with the goal of highlighting contributions of each
facet “independently” from others. Such a setup
is beneficial since it (a) provides a better insight
into the relative contributions of different aspects of
diversity, and (b) allows to avoid fusing of the dif-
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ferent facets in the same metric with uncontrolled
relative importance.

To evaluate the proposed metrics, we build a
collection of datasets with known ground-truth
acoustic diversity levels. We achieve that by sub-
sampling standard speech datasets, while control-
ling for some measurable parameter that reflects
the diversity of the samples along a particular facet
(e.g., number of unique voices). Repeating that for
all facets, we build a suite of datasets that can be
used to measure to what extent a particular metric
is capable of measuring acoustic diversity.

Finally, we run a set of studies to measure
the impact of various improvements proposed
in the literature on the acoustic diversity: fast
non-autoregressive decoding of SoundStorm
replacing the auto-regressive semantic-to-acoustic
model of AudioLM (Borsos et al., 2023a,b) and
Best-of-K decoding of SPEAR-TTS to increase
quality of generated audio (Kharitonov et al.,
2023). We also investigate how changes in the
temperature sampling affect the acoustic diversity
and compare several off-the-shelf TTS systems.
These studies highlight that acoustic diversity
changes non-trivially across the considered
scenarios and it must be taken into account when
selecting a model and a sampling setup.

2 Background

Diversity in generative models Different diver-
sity metrics have been proposed for evaluating gen-
erative models in computer vision (Heusel et al.,
2017; Naeem et al., 2020; Sajjadi et al., 2018;
Kynk&ddnniemi et al., 2019; Jalali et al., 2023) and
natural language processing (Zhang et al., 2020;
Lietal., 2016; Zhu et al., 2018; Shen et al., 2019;
Dusek et al., 2019; Shu et al., 2019). However
these metrics are either computed on raw inputs for
text (Zhu et al., 2018; Shen et al., 2019; Alihosseini
et al., 2019) or based on underlying representations
specific to text and images (Heusel et al., 2017;
Cifka et al., 2018; Tevet and Berant, 2021) which
makes them unsuitable for evaluating acoustic di-
versity in generative speech models.

Diversity metrics for generative audio Already
the first paper proposing a generative spoken lan-
guage model (GSLM) recognized the importance
of measuring speech diversity (Lakhotia et al.,
2021). However, since GSLM is not able to gen-
erate acoustically diverse content (e.g., it supports
only a predefined set of speakers), the focus of

Lakhotia et al. (2021) was on measuring the diver-
sity on the transcript level. In a follow-up paper,
Kharitonov et al. (2022) proposed a modification
of GSLM that has a more expressive prosody yet
their focus was on improving and measuring within-
utterance variability of prosody. To the best of our
knowledge, our work is the first to study across-
utterance acoustic diversity in speech generation.

Speech representations Learning compact and
powerful speech representations is an extremely
prolific research area (e.g., van den Oord et al.,
2018; Schneider et al., 2019; Baevski et al., 2020;
Saeed et al., 2021; Hsu et al., 2021; Kharitonov
et al., 2021; Chung et al., 2021b; Baevski et al.,
2022; Chen et al., 2022b). Often, generative au-
dio systems are built on top of such representa-
tions by appropriately discretizing them (Lakho-
tia et al., 2021; Polyak et al., 2021a; Kreuk et al.,
2022; Kharitonov et al., 2022; Borsos et al., 2023a;
Rubenstein et al., 2023; Défossez et al., 2023).
This informs our choice of representations to ex-
periment with: HuBERT (Hsu et al., 2021) (used
in the GSLM family of models (Lakhotia et al.,
2021; Polyak et al., 2021b; Kreuk et al., 2021;
Kharitonov et al., 2022; Nguyen et al., 2023)) and
Wav2Vec-BERT (Chung et al., 2021b) (used by the
AudioLM lineage (Borsos et al., 2023a; Kharitonov
et al., 2023; Borsos et al., 2023b; Agostinelli et al.,
2023)). We complement these off-the-shelf repre-
sentations by SpeechSim, a variant of TRILL (Shor
et al., 2020) and COLA (Saeed et al., 2021) that
learns to contrast pairs of speech chunks. In turn,
we also learn projection models that map Speech-
Sim representations into embeddings that are spe-
cialized for each specific facet of diversity.

3 Learning Representations

We take a two-steps approach for measuring diver-
sity of a set of speech utterances. First, we encode
raw waveform audio in a compact representation
and, afterwards, we estimate the diversity of a set
of utterances in this embedding space. Hence, it is
vital that the information about the relevant proper-
ties of speech is preserved in the embedding space,
while the irrelevant details are omitted. We cal-
culate embeddings in a hierarchical way: at first,
we map audio to generic embeddings and then ap-
ply lightweight specialized projection models that
are tailored to capture a specific facet. As a result,
our approach allows us to get reliable per-facet
diversity metrics. More details can be found in
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Section 6.1.

SpeechSim We aim to learn speech representa-
tions where acoustically similar audio segments
are close to each other in the embedding space. To
do so, we train a self-supervised contrastive model
with positive pairs coming from non-overlapping
fixed-length chunks of the same speech utterance.
The main idea being that such speech segments
are likely to be acoustically similar. We refer to
this model as SpeechSim. SpeechSim provides a
speech representation that are sensitive to changes
in acoustic diversity, however, it has all types of
acoustic properties mixed up together. Indeed, our
experiments in Section 7 show that the vanilla
SpeechSim embeddings are strongly biased to-
wards speaker voice. We therefore learn projection
models (heads) on top of SpeechSim embeddings
to extract different types of acoustic information.

Learning Projections We want to extract the
signal relevant to each individual facet from our pre-
trained embedding while suppressing information
relevant to other facets. Thus, we train lightweight
projection models on top of pretrained SpeechSim
embeddings for each facet. To this end, we assume
that we have labelled data and train these models
with a contrastive objective where positive pairs
are sampled from the same class w.r.t the facet.

4 From Speech Representations to
Diversity Metrics

Once a set of speech utterances is encoded with one
of the representations (Section 3), we can measure
the diversity within the set in a variety of ways. We
focus on two measures: mean pairwise dissimilar-
ity and Vendi Score (Friedman and Dieng, 2022).

Mean pairwise dissimilarity Denoting the sam-
ple size as n and embeddings as e, we calculate:

1
1_n(n—1) Z

i#j6,j<n

T
()
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We subtract the mean cosine similarity from 1, as
it is more convenient to measure diversity (dissim-
ilarity) rather than similarity. This way, an agree-
ment with the ground-truth diversity would result
in a positive correlation (see Section 5).

Vendi Score Friedman and Dieng (2022) pro-
posed to measure diversity of a sample as the expo-
nential of the Shannon entropy of the eigenvalues
of the pairwise similarity matrix, normalized by
the number of vectors. In practice, we built it by

computing pairwise cosine similarity and dividing
by the number of examples. Formally, denoting the
eigenvalues of the normalized similarity matrix as
{A\k}}_,, Vendi Score is calculated as:

exp [— Z i log )\i] )
i=1

Eq. 2 is well-defined, as the normalized similarity
matrix is positive semi-definite and 0 < \; < 1.

S Evaluating Diversity Metrics

5.1 Our Approach

We break down the acoustic diversity into the fol-
lowing facets: speaker voice, gender, emotion (or
style), accent, and background noise. For each of
these facets, we repeatedly sample subsets from
a large dataset of natural speech utterances while
systematically increasing the level of diversity in a
controllable way, as further described below. Next,
we calculate Spearman’s rank correlation (Spear-
man, 1904) between diversity metric scores and the
ground-truth diversity level’s rank. Metrics with a
higher rank correlation are better at representing a
particular facet of the acoustic diversity.

In the following, we describe the general tem-
plate for building a series of datasets of controllable
diversity, using voice diversity as a reference. We
fix the sample size a priori and define voice di-
versity as the number of distinct speakers in a set
of examples. To build one dataset, we sample ex-
amples from a natural dataset such that we obtain
the required number of speakers and have every
speaker represented by the same number of utter-
ances. We create a series of datasets by varying
the number of distinct speakers. We also ensure
that other facets do not differ from one dataset to
another as much as possible so that we make sure
we indeed test speaker voice diversity.

This process is similar for other facets. We deter-
mine gender diversity as a proportion of female
voices; background noise diversity is character-
ized by the number of different background noise
classes; and emotion (accent) diversity is deter-
mined by computing the entropy of the distribution
of the different emotion (accent) classes.

5.2 Evaluation data

For each facet and each diversity level, we ran-
domly sample 100 sets using different seeds.
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Speakers voices We build evaluation (validation)
sets from LibriTTS (Zen et al., 2019) test-clean
& test-other (dev-clean & dev-other). Each set
contains 200 utterances of a single gender (ei-
ther all male voices or all female voices) to test
whether a particular metric is sensitive to the
voice diversity independently from the gender di-
versity. We vary the number of distinct voices in
{5,10, 15, 20, 25, 33}.

To test the influence of gender diversity for the
metrics that target voice diversity, we generate addi-
tional data where the voice and the gender diversity
are pushed in the opposite directions: having a low
number of speakers with uniform gender distribu-
tion, and a single gender (selected randomly) when
the number of speakers is high.

Gender We build evaluation (validation) sets
from LibriTTS (Zen et al., 2019) test-clean & test-
other (dev-clean & dev-other). Each set contains
100 utterances. We change the ratio of female
voices from 0.0 to 1.0 in increments of 0.1.

We built two types of evaluation samples, one
with equal number of different speaker voices in the
samples and another one where number of different
speaker voices is maximum (resp. minimum) when
there is few (resp. lots of) gender variation to test
if the gender metric is speaker-sensitive.

Emotion We build evaluation (validation) sets
from 40% (10%) of EmoV (Adigwe et al., 2018)
randomly sampled and test (dev) splits of Ex-
presso (Nguyen et al., 2023). We built two types
of samples: (1) with equal number of different
speaker voices and (2) with a single speaker voice
for datasets with high entropy but all speaker
voices—same number of utterances per speaker—
for datasets with low entropy. Speakers in test and
dev sets are identical to those found in the training
set. Emotion classes match in train, dev, and test.

Accent We build evaluation (validation) sets
from test (dev) sets of VCTK (Veaux et al., 2016).
Accent classes are common between train, dev,
and tests sets. Again, we built two types of sam-
ples (1) with equal number of different speaker
voices and (2) with the minimum number of dif-
ferent speaker voices for high-entropy datasets but
all speaker voices— equally represented—for low-
entropy datasets. Speakers in test and dev sets are
distinct from those found in the training set.

Background Noise We build evaluation and vali-
dation sets by sampling 20% and 10% of AudioSet,

respectively (Gemmeke et al., 2017). We select
examples that have exactly two tags, one of them
being “Speech”. We treat the second tag as a class
of the background noise. Next, we construct a
sample by randomly selecting 100 examples with
varying number of distinct noise classes (1, 5, 10,
25, 50, or 100).

6 Experimental Setup

Details about the training data and the baseline
representations we use can be found in Appendix A
and Appendix B respectively.

6.1 Training details

SpeechSim The input to SpeechSim is a 6-
seconds chunk of audio with sampling rate of
16kHz. We compute the mel-spectrogram using
a window length of 512, hop length of 256 and
156 bins. This produces 376 temporal frames of
dimension 156. The model is based on a small ViT
architecture (Dosovitskiy et al., 2020), containing
12 layers with each layer having 6 attention heads,
embedding dimension of 512, and a feed-forward
layer of dimension 1024 (25M parameters). The
final embeddings are averaged across the time axis
and are projected into a 192-dimensional vector.
We train SpeechSim with the semi-hard triplet loss
(Schroff et al., 2015), using a total batch size of
3840. We train the model for a total of 10° steps.

Projection models We train projection models
on top of SpeechSim embeddings with. a standard
contrastive loss (Radford et al., 2021). The positive
pairs are constructed by taking two examples with
the same labels (e.g., same emotion). Except for the
gender projector, all models have 2 fully connected
layer (of size 256 and 128) with a GELU activa-
tion (Hendrycks and Gimpel, 2016) in-between. In
the case of the gender projector, we found that a
4-layers network works better (dimensions of 256,
256, 128 and 128). Dropout rate of 0.1 is applied
to SpeechSim input representations. We trained the
projection models using Adam (Kingma and Ba,
2014) and use a learning rate of le-4, and a batch
size of 128. We also apply a weight decay of le-
3 for projection models related to speaker voices,
emotion and background noise and 1e-4 for other
facets. We select hyperparameters using validation
loss.

All embeddings that we use in our experiments
have a single vector representing the entire utter-
ance. To achieve that, we average embeddings over
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Male Female
Avg. Cosine Vendi score Avg. Cosine Vendi score
SoundStream 0.544 (£ 0.312) 0.759 (x0.175)  0.234 (+ 0.426)  0.731 (£ 0.284)
Wav2vec-BERT -0.448 (£0.194)  -0.419(£0.193)  -0.118 (= 0.258)  -0.094 (x 0.245)
HuBERT -0.575 (£ 0.094) -0.447 (£ 0.202) -0.178 (£0.291)  0.007 (+ 0.321)
SpeechSim 0.811 (= 0.074) 1.000 (= 0.000)  0.834 (x0.073) 1.000 (+ 0.000)
Trained from scratch 0.480 (% 0.200) 0.962 (= 0.044)  0.666 (x0.200)  0.963 (+ 0.053)
SpeechSim/Voice 0.823 (= 0.063) 0.993 (+0.019) 0.881 (= 0.077)  1.000 ( 0.000)

Table 1: Voice diversity. Average Spearman correlations (£ standard error) between number of distinct speakers
and diversity scores induced by speech representations. Male (Female) refer to samples with male-only (female-

only) voices. Best results are in bold, second best results are underlined.

> 0.5

Avg. Cosine

Vendi score

0.117 ( 0.410)
0.159 (2 0.406)
0.109 (2 0.445)
0.129 ( 0.438)

0.097 ( 0.367)
0.105 (+ 0.415)
0.004 ( 0.444)
0.162 ( 0.455)

Female voices ratio <0.5
Avg. Cosine Vendi score

SoundStream 0.095 (£ 0.463)  0.092 (+0.435)
Wav2vec-BERT -0.035 (£ 0.434)  0.026 (£ 0.427)
HuBERT 0.117 (£ 0.431)  0.223 (£ 0.448)
SpeechSim 0.186 (£ 0.473)  0.132 (% 0.440)
Trained from scratch ~ 0.861 (£ 0.076)  0.478 (= 0.320)
SpeechSim/Gender 0.902 (= 0.108)  0.708 (= 0.249)

0.912 (¢ 0.047)
0.946 (+ 0.057)

0.538 (£ 0.317)
0.742 (£ 0.216)

Table 2: Gender diversity. Average Spearman correlations between proportion of female voices and diversity

scores induced by speech representations.

the time axis. We found this to perform better than
max-pooling.

7 Evaluating MAD Speech

In this Section, we use the collection of per-facet
diversity benchmarks (Section 5) to assess which
speech representations are more suitable for esti-
mating diversity of a set of speech utterances when
only one facet is changed (Section 7.1). Next, we
run a series of experiments with two facets changed
in the opposite directions (Section 7.2).

7.1 Variability in a single facet

Voice Diversity From Table 1 we firstly notice
that, across all columns, SpeechSim shows higher
correlation scores than off-the-shelf embedding
models and the models trained from scratch. Fur-
ther voice specialization of SpeechSim (Speech-
Sim/Voice) results in similar scores. Finally, on
comparing average cosine vs. Vendi Score aggre-
gation, we observe that often Vendi Score shows
higher correlations.

Gender diversity In Table 2 we report correla-
tion scores for the gender diversity. Again, we
split in two groups: male-voice and female voice-
dominant. From the results, we notice that the
correlations showed by the non-specialized embed-

dings are extremely weak. However, both special-
ized models reach very high correlations (e.g., up
to 0.946 for SpeechSim/Gender). All in all, gender-
specific projector gets the higher correlation score.
In this setup, Vendi Score underperforms w.r.t. the
average cosine dissimilarity.

Emotion diversity In Table 3 we report average
Spearman correlations for the tested representa-
tion models, when tested on EmoV and Expresso
separately. From these results, we see that, gener-
ally, SpeechSim performs better than other generic
representations across all configurations. Equally,
the specialized projection of SpeechSim for the
emotion facet, SpeechSim/Emotion performs best
across all representations. As with voice diversity,
Vendi Score gets higher correlations than average
cosine dissimilarity.

To make sure that our models can measure diver-
sity of emotions beyond that is covered by the (lim-
ited) label sets of EmoV and Expresso, we run an
experiment where the projection model is trained
on one dataset and tested on another (the only
common label is “neutral”’). Table 3 shows that
SpeechSim finetuned on Expresso does transfer to
EmoV classes as it obtains a high Spearman correla-
tion. However, SpeechSim finetuned on EmoV gets
a Spearman correlation equal to 0.321. Digging
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EmoV

Avg. Cosine

Vendi score

Expresso

Avg. Cosine

Vendi score

SoundStream
Wav2vec-BERT
HuBERT
SpeechSim

0.137 (= 0.573)
0.682 (+ 0.182)
0.785 (+ 0.148)
0.809 (% 0.200)

0.714 (% 0.250)
0.594 (< 0.080)
0.683 (+ 0.088)
0.823 (+ 0.193)

0.357 (+ 0.383)
0.668 (+ 0.170)
0.725 (& 0.154)
0.739 (+ 0.249)

0.495 (+ 0.348)
0.705 (+ 0.070)
0.725 (+ 0.064)
0.864 (+ 0.128)

Trained from scratch

Trained from scratch/Expresso
Trained from scratch/EmoV
SpeechSim/Emotion

0.991 (% 0.020)
0.498 ( 0.250)

0.995 (+ 0.016)

0.962 (+ 0.051)
0.513 (+0.274)

0.993 (+ 0.019)

0.998 (+ 0.008)

0.247 (% 0.562)
0.999 (+ 0.007)

0.988 (+ 0.018)

0.251 (+ 0.512)
0.987 (£ 0.017)

SpeechSim/Emotion-Expresso
SpeechSim/Emotion-EmoV

0.641 ( 0.279)

0.709 ( 0.243)

0.273 (+ 0.465)

0.321 (+ 0.464)

Table 3: Emotion diversity. Average Spearman correlations between the classes entropy in EmoV and Expresso
and diversity scores induced by the speech representations. SpeechSim/Emotion-Expresso (resp. Speech/Emotion-
EmoV) refers to SpeechSim emotion head trained on Expresso (resp. EmoV).

Avg. Cosine Vendi score
SoundStream 0.234 (£ 0.517) 0.217 (£ 0.581)
Wav2vec-BERT 0.425 (£ 0.415) 0.557 (£ 0.376)
HuBERT 0.372 (£ 0.425) 0.526 (£ 0.366)
SpeechSim 0.446 (£ 0.476) 0.574 (£ 0.328)
Trained from scratch  0.995 (= 0.016) 1.000 (+ 0.000)
SpeechSim/Accent 0.991 (£ 0.021) 1.000 (£ 0.000)

Table 4: Accent diversity. Average Spearman corre-
lations between the accent class entropy and diversity
scores induced by speech representations.

deeper, we additionally compute the correlation of
SpeechSim/Emotion-EmoV scores where we aver-
age all scores (obtained with different seeds) so that
we obtain a single score for each diversity level. In
this, SpeechSim/Emotion-Emov gets a correlation
of 0.964 which means that SpeechSim finetuned
on EmoV generalizes well on average.

Accent diversity We report average correlations
in Table 4. Here, again, we notice that SpeechSim
has higher correlations than other non-specialized
embedding models. Both specialized model per-
form similarly good with perfect correlations. As
before, Vendi Score leads to better correlations
across all setups.

Background noise diversity We report our re-
sults in Table 5. We see that generally all repre-
sentations have somewhat low levels of correlation
and high variability across seeds probably due to
the fact that AudioSet is pretty noisy and multi-
ple labels can be found in a single example. That
said, SpeechSim/Noise combined with Vendi Score
obtains the second highest correlation, following
HuBERT.

We additionally compute the correlation of the

Avg. Cosine Vendi score
SoundStream 0.141 (£ 0.390)  0.265 (= 0.433)
Wav2vec-BERT -0.014 (= 0.417) -0.070 (£ 0.452)
HuBERT 0.218 (£ 0.356)  0.531 (£ 0.332)
SpeechSim 0.254 (£ 0.309)  0.466 (= 0.322)
Trained from scratch ~ 0.173 (£ 0.355)  0.355 (£ 0.404)
SpeechSim/Noise 0.116 (£ 0.359)  0.469 (+ 0.413)

Table 5: Background noise diversity. Average Spear-
man correlations between the number of different
classes of noise and diversity scores induced by speech
representations.

SpeechSim/Noise scores where we average all
scores (obtained with different seeds) so that we
obtain a single score for each diversity level. In
this setup, SpeechSim/Noise gets a Spearman cor-
relation of 1.00, indicating that it works very well
on average.

All in all, Tables 1 to 5 show that SpeechSim
generic representations achieve higher correlation
scores than off-the-shelf embedding models while
having lower latency, this motivates us to rely on it
as a basis for per-facet models.

7.2 Are facets mixed within metrics?

Above we assessed how good the proposed scores
are in detecting changes in a single factor of diver-
sity with the rest fixed. However, one can expect
that in a real-life scenario many factors can change
simultaneously. In this Section, we verify whether
this behavior takes place.

Gender and Voices We design a sequence of
samples such that the voice and gender diversity
are changing in the opposite directions. We con-
tinuously change the proportion of female voices
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Avg. cosine Vendi score

< 0.5 female voices

Speech Sim -0.709 (£ 0.108) -0.734 (£ 0.107)
SpeechSim/Speaker -0.657 (£ 0.088) -0.686 (+ 0.092)
SpeechSim/Gender  0.781 (£ 0.259)  0.147 (+ 0.341)

> 0.5 female voices

SpeechSim -0.706 (£ 0.110) -0.709 (x 0.120)
SpeechSim/Speaker -0.648 (+ 0.080) -0.668 (+ 0.092)
SpeechSim/Gender ~ 0.827 (¥ 0.285)  0.313 (+ 0.342)

Table 6: Changing voice and gender diversity in the
opposite directions. Average Spearman correlation be-
tween the gender diversity and the diversity scores in-
duced by speech representations.

(T30 speakers (]2 speakers (T30 speakers (]2 speakers
10

o
©

8

6

Avg. pairwise dis.
o
o
Vendi Score

°
IS

0.0 0.5 1.0 0.0 0.5 1.0
Proportion of female voices Proportion of female voices

(a) SpeechSim/Gender, avg. (b) SpeechSim/Voice, Vendi
pairwise dissim. score.

Figure 1: Changing the proportion of female voices and
number of distinct speaker voices simultaneously. Grey
area represents 95% CI.

from 0.0 to 1.0: the gender diversity grows at first,
peaks when the ratio is 0.5, and then starts to de-
crease. While the gender diversity increases, we
reduce the number of speakers (from 30 to 2) and
when the gender diversity starts to fall, we increase
the number of speakers back (from 2 to 30).

We report results in Table 6. From this results
we see that SpeechSim/Gender is positively cor-
related with the gender diversity. In contrast, the
SpeechSim/Voice metric tracks the speaker diver-
sity and hence is negatively correlated with the
gender diversity. Finally, the original SpeechSim
embeddings have negative correlation with the gen-
der diversity. Moreover, its correlation coefficient
is smaller than that of SpeechSim/Voice. From that
we conclude that the vanilla SpeechSim measure
overemphasizes voice over gender diversity.

We further illustrate this experiment in Fig-
ure 1, reporting SpeechSim/Gender and Speech-
Sim/Voice scores as the female voice ratio changes.
From Figure 1 we see that SpeechSim/Gender is
almost invariant to the changes in the number of
speakers. Conversely, SpeechSim/Voice is rela-
tively insensitive to changes of gender diversity.

We run a similar experiment for accents and emo-
tions and report it in Appendix D. We observe simi-
lar findings, raw SpeechSim is highly influenced by
Speaker voice variations while specialized facets
are unaffected by changes in voices.

Overall, the experiments reported in this Section
and Appendix D support the necessity of introduc-
ing per-facet projection models. While SpeechSim
embeddings might provide reasonably good corre-
lations with the ground-truth diversity when only
one facet is changed, they implicitly mix all facets
into a single score. We find this inconvenient, as (a)
changes in one facet can mask changes in another,
(b) the user might want to control the trade-off
explicitly. Hence, per-facet models are preferrable.

8 Comparing Generative Models

In this section, we show that despite that the acous-
tic diversity was mostly ignored in the literature
when proposing new models and approaches, it
does change.

We start by assessing whether the introduction of
SoundStorm (Borsos et al., 2023b) to the AudioLM
framework (Borsos et al., 2023a) lead to any hid-
den penalties in acoustic diversity (Section 8.1) be-
fore comparing acoustic diversity of off-the-shelf
TTS models (Section 8.2). Additional studies on
the effect of the Best-K sampling technique used
by Kharitonov et al. (2023) on acoustic diversity
and how temperature changes acoustic diversity
of the synthesized speech can be found in Ap-
pendix C.1 and Appendix C.2. In this Section, we
use the same terminology as Borsos et al. (2023a)
where semantic tokens refer to tokens learned with
a self-supervised masked language modeling objec-
tive (Chung et al., 2021a; Hsu et al., 2021) while
acoustic tokens refer to tokens learned with a full re-
construction objective from a residual vector quan-
tizer (Zeghidour et al., 2021).

8.1 Semantic-to-Acoustic Token Conversion:
SoundStorm vs. AudioLM

Generating acoustic tokens from semantic tokens is
a core part of AudioLM (Borsos et al., 2023a). This
step is believed to be responsible for modelling the
acoustic details of the generated audio, such as
voice, background noise, etc. Borsos et al. (2023b)
proposed to implement it with a non-autoregressive
Transformer, yielding the SoundStorm model that
dramatically improved inference time. However,
it is unclear whether this change harms acoustic
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Voice Gender Emotion Accent Background noise

0.0 62.5 6.3 1.6 4.7

Table 7: Semantic-to-acoustic tokens resynthesis task.
The proportion of sets of utterances (%) where the
AudioLM stage 2 model generates samples that are
more diverse than those generated by SoundStorm.

diversity of the generated audio.

We take 32 male- and 32 female-voice utterances
from hold-out LibriTTS test-clean and represent
them as sequences of semantic tokens. Next, we
convert these semantic token sequences to acous-
tic token sequences using both models, repeating
the process 128 times. We convert the acoustic
tokens into audio using the corresponding Sound-
Stream codec (Zeghidour et al., 2021). Finally,
for each combination of a source utterance and a
model, we calculate the diversity of the produced
audio samples. We use exact same SoundStorm
and AudioLM models as Borsos et al. (2023b).

In Table 7 we report, for each facet of the acous-
tic diversity, the ratio of utterances where AudioLM
generated higher-diversity audio than SoundStorm.
We see that SoundStorm produces audio that is
more diverse in voices, emotions, accents, and
background noise, while being behind in the gender
diversity.

8.2 Acoustic diversity in Text-to-Speech
systems

Next, we measure acoustic diversity of several pub-
licly available TTS systems. Here, our goal is to
show that MAD Speech brings a new dimension
to the evaluation of real-world TTS systems. We
compare Bark TTS?, StyleTTS 2 (Li et al., 2024),
Tortoise TTS (Betker, 2023a) and FastSpeech 2
(Ren et al., 2020). Details about these models can
be found in Appendix E. As some of these systems
are deterministic, we adopt a different setup and
synthesize all transcripts in shuffled LibriTTS test-
clean and calculate the average acoustic diversity
across batches of audio of size 128. We report the
results in Table 8.

We see that Bark and Tortoise TTS are the most
diverse across all facets, likely due to training on
more diverse internet data. Interestingly, Tortoise
TTS tends to be more diverse than Bark in emo-
tions while less or equally diverse in other facets.
StyleTTS 2 is considerably less diverse in the gen-

2https://github.com/suno-ai/bark

Voice Gender Emotion Accent Back. Noise
Bark TTS 39.41 0.90 8.29 8.30 3.84
Tortoise TTS  30.94 0.92 8.73 8.17 3.17
StyleTTS 2 31.54 0.37 7.73 6.81 2.60
FastSpeech 2 19.33 0.29 6.74 5.63 2.42

Table 8: Acoustic diversity scores for off-the-shelf TTS
systems (higher is more diverse). We report Vendi
score for all facets except for gender, which uses co-
sine dissimilarity.

der facet — just as one would expect, given that
the generation is restricted to female voices. Fast-
Speech 2 is the least acoustically diverse mainly
due to being trained on a very homogeneous dataset.

All in all, the comparisons we carried out in this
Section and Appendix C show that previously pro-
posed changes lead to non-trivial and sometimes
even non-monotonic changes in per-facet acoustic
diversity. Equally, the sampling temperature also
affects the resulting acoustic diversity. We also
found that MAD Speech can be useful in detect-
ing acoustic diversity trends in off-the-shelf TTS
systems. Overall, we believe those findings high-
light the necessity for including acoustic diversity
metrics in the standard evaluations.

9 Conclusions & Future work

We introduced MAD Speech, a set of metrics for
evaluating acoustic diversity in speech. MAD
Speech metrics are calculated in two steps: (1) a
set of utterances is mapped to an embedding space,
(2) acoustic diversity is estimated by comparing
the resulting embeddings with an aggregation
function (cosine dissimilarity or Vendi Score).
Calculating embeddings is done by firstly applying
a generic representation model with a subsequent
metric-specific projection. We focus on five facets
of acoustic diversity: voices, gender, emotion,
accents, and background noise.

In order to validate the proposed metrics, we
built a collection of datasets with a controlled level
of acoustic diversity. Having these sets allows us to
evaluate a metric by calculating its Spearman rank
correlation with the ground-truth acoustic diversity.

Our empirical study demonstrated that our pro-
posed metrics have a highest agreement with the
ground-truth diversity levels when compared to
baseline approaches and that they are insensitive to
variations of other facets of diversity.

Finally, we highlighted a necessity of controlling

229


https://github.com/suno-ai/bark

acoustic diversity when developing new models
and approaches. To this end, we took some recent
modelling improvements and demonstrated that
they, in fact, affect acoustic diversity of speech.

Limitations

By building MAD Speech, we make it possible to
holistically assess progress in generative speech
and reveal possible hidden biases in the acoustic
scenes. Yet, our metrics are machine-learned mod-
els themselves and are limited by the nature of the
data we used to build them. Specifically, the public
datasets we use are limited to English language.
The labels in the data can be noisy and only rep-
resent a limited reflection of the world. We also
made the choice to treat gender as a binary vari-
able to be consistent with existing datasets, this
can lead to minor measurement inaccuracies when
facing ambiguously-gendered voices (Stoidis and
Cavallaro, 2022).
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A Training Data

To train SpeechSim, we use LibriLight (Kahn et al.,
2020), an unlabelled dataset containing approxi-
mately 60, 000 hours of self-recorded audiobooks.
To train projection models on top of SpeechSim,
we use different datasets depending on the target
facet. Specifically, the projection models related
to speaker voices and gender are trained on Libri-
TTS train-other (Zen et al., 2019). The projector
related to emotion is trained on EmoV (Adigwe
et al., 2018) and Expresso (Nguyen et al., 2023)
train splits. For Expresso, we selected audios with
a single speaker and removed narration and enun-
ciated classes. Expresso and EmoV datasets have
only the neutral class in common.

Next, the accent projection model is trained on
VCTK-train (Veaux et al., 2016), which contains
12 English accents spoken by 110 speakers. Finally,
the background noise projection model is trained
on AudioSet (Gemmeke et al., 2017). Here, we
select all examples that are tagged as “Speech” and
which have between 1 and 3 additional tags as we
found examples with more tags to be too noisy. We
randomly sample 70% of the selected examples to
build the train set, the remaining 30% are randomly
split as dev and test.

B Baseline Representations

B.1 Generic representations

Wav2Vec-BERT We experiment with represen-
tations provided by a 600M-parameter Wav2 Vec-
BERT model (Chung et al., 2021a). We take embed-
dings of intermediate layers, with each utterance
represented as a sequence of 1024-dimensional vec-
tors corresponding to 40ms frame.

HuBERT We use HuBERT embeddings, pro-
duced by the Base model (Hsu et al., 2021) (95M
parameters), trained on LibriSpeech (Panayotov
et al., 2015). We follow Lakhotia et al. (2021) and
use embeddings extracted from the 6th layer. This
model has a framerate of 20 ms.
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SoundStream Another type of representations
found to be useful in AudioLM is Sound-
Stream (Zeghidour et al., 2021). While Wav2Vec-
BERT representations were found to be high-
level, SoundStream representations are fine-
grained, faithfully representing minute details of
speech (Borsos et al., 2023a). We use a version
of SoundStream with 60 residual quantization lay-
ers, each quantized into 1024 tokens and 200 ms
frames. The encoder has around 12M parameters.
For uniformity, we use dequantized representations.
This model operates on 24kHz audio.

B.2 Specialized representations

Training from scratch To evaluate the contribu-
tion of the pretrained model SpeechSim, we also
trained a model from scratch for each facet on the
labelled data directly. These models have the same
architecture as SpeechSim but with 6 layers. They
are trained with the same contrastive objective used
for training the projection models.

C Effect of decoding method and
temperature on acoustic diversity

C.1 SPEAR-TTS: Effect of Best-of-K
decoding

Kharitonov et al. (2023) leveraged the stochasticity
of the temperature decoding to improve audio qual-
ity of the generated speech in an AudioLM-like
model. Namely, they proposed to sample K exam-
ples for the same input and then select the sample
with the highest acoustic quality as the output. Now
we check if that approach brings a penalty to the
acoustic diversity.

Since SPEAR-TTS is only stochastic in the
semantic-to-acoustic token decoding, we use the
same task and AudioLM model as above. Again,
for each semantic token sequence, we sample
128 acoustic token sequences that correspond to
it. Next, we randomly split them in groups of
K € {1,2,4} and, within each group, select one
with the highest acoustic quality score, relying on
the same model as Kharitonov et al. (2023). Af-
ter this filtering, each semantic token sequence is
mapped into 128, 64, or 32 audio samples (for K=1,
2, and 4). In the first two cases, we sample 32 se-
quences so that all sets have the same size.

From Table 9 see that, except for the gender
facet, higher K always brings a diversity penalty.

K Voice Gender Emotion Accent Background Noise
1 64 41 62 63 61
4 0 27 0 0 0

Table 9: Best-of-K filtering on the semantic-to-acoustic
tokens resynthesis task. The proportion (%) of utter-
ances where Best-K with K € {1,4} have higher di-
versity scores than with K = 2.

T  Voice Gender Emotion Accent Background Noise
0.7 12 33 21 18 29
09 45 21 40 40 36

Table 10: Count (out of 64) of instances where sets of
utterances generated with 7' € {0.7,0.9} have higher
diversity scores than with 7" = 0.8.

C.2 Text Synthesis: Influence of Temperature

Temperature is a parameter aiming at controlling
the sampling distribution. As the sampling temper-
ature approaches zero, samples for a fixed input
become increasingly deterministic; while a high
temperature introduces diversity in the sampling
process. A priori, one can expect that this token-
level diversity can translate to higher-level, per-
utterance acoustic diversity. In this experiment we
use a single-stage fully auto-regressive TTS system
that maps grapheme text representations to a se-
quence of acoustic tokens, akin to VALL-E (Wang
et al., 2023). This model is trained on a combi-
nation of Multilingual LibriSpeech (Pratap et al.,
2020), LibriLight (Kahn et al., 2020) and other pub-
lic data. Table 10 shows that voice diversity is by
far the most affected by small variations of temper-
ature while gender and background noise are barely
impacted. Samples with low temperature are also
less diverse in terms of emotion and accent.

D Additional experiments on testing
whether facets are mixed up together

D.1 Emotions and Voices

We examine the interactions between emotion and
voice diversity within metrics as explained in Sec-
tion 7.2. The number of speakers is 1 or 4 depend-
ing on the diversity level of the set of utterances.
For sets with high entropy (i.e. high diversity),
there is an unique speaker voice while there are 4
speakers for sets with low entropy (i.e. low diver-
sity). We report the results in Table 11. We ob-
serve that SpeechSim/Emotion is unaffected by the
changes in the number of speakers, while Speech-
Sim/Voice follows the speaker diversity and hence
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EmoV

Avg. cosine Vendi score
SpeechSim -0.384 (£ 0.347) -0.372 (£ 0.347)
SpeechSim/Voice -0.609 (£ 0.185) -0.451 (+ 0.287)
SpeechSim/Emotion  0.970 (£ 0.042)  0.985 (x 0.028)

Expresso

Avg. cosine Vendi score
SpeechSim -0.257 (£ 0.423) -0.218 (£ 0.423)
SpeechSim/Voice -0.397 (£ 0.464) -0.290 (+ 0.530)
SpeechSim/Emotion  0.994 (£ 0.013)  0.985 (£ 0.019)

Table 11: Changing emotion and speaker diversity in
the opposite directions. Average Spearman correlation
between emotion diversity and diversity scores induced
by speech representations.

Avg. cosine Vendi score
SpeechSim -0.677 (£0.221) -0.737 (= 0.119)
SpeechSim/Voice ~ -0.743 (£ 0.199) -0.790 (+ 0.110)
SpeechSim/Accent  0.795 (£ 0.159)  0.999 (+ 0.008)

Table 12: Changing accent and voice diversity in the
opposite directions. Average Spearman correlation be-
tween accent diversity and diversity scores induced by
speech representations.

it has a negative correlation with the emotion diver-
sity score. SpeechSim focuses on the changes in
the speaker diversity, thus having a negative corre-
lation with the gender diversity.

D.2 Varying accents and voices in opposite
directions

In this experiment, we use 7 voices for sets with
high entropy and 30 voices for sets with low en-
tropy. The results are reported in Table 12. We see
that the projected metric is unaffected by changes
in voices, while the vanilla version of SpeechSim
is focused on the speaker facet.

E Acoustic diversity in Text-to-Speech
systems - Model details

Bark TTS? is a generative text-to-audio system that
is based on a decoder-only Transformer model that
operates on discretized speech representations, akin
to AudioLM (Borsos et al., 2023a) and VALL-
E (Wang et al., 2023). Bark TTS synthesizes utter-
ances in a random voice and acoustic conditions.
StyleTTS 2 (Li et al., 2024) combines a style
diffusion model with speech with WavLM-based
adversarial training (Chen et al., 2022a) for an end-
to-end training of a multi-component system. We

Shttps://github.com/suno-ai/bark

use a checkpoint trained on LibriTTS (Zen et al.,
2019). The samples are conditioned on a female
voice, but randomize timbre and prosody.*

Tortoise TTS (Betker, 2023a) combines auto-
regressive and diffusion-based components (Betker,
2023b). For training, it pooled LibriTTS (Zen et al.,
2019), HiFiTTS (Bakhturina et al., 2021), and pub-
lic data sourced from audiobooks and podcasts.

FastSpeech 2 (Ren et al., 2020) consists of a
Transformer-based encoder that embeds phoneme-
based text representation, a variance adapter
that predicts pitch, energy, and duration values,
and a non-autoregressive decoder. We use a
publicly available re-implementation trained on
LJSpeech (Ito and Johnson, 2017).5

4ht’cps: //colab.../Inference_LibriTTS.ipynb
Shttps://github.com/ming@24/FastSpeech2
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