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Abstract

Speech representations that capture prosodic in-
formation can be useful for both understanding
and generation. However, speaker characteris-
tics are reflected in acoustic-prosodic features
(e.g., pitch). To address privacy concerns from
the leakage of identity information, we pro-
pose a new self-supervised approach to learn-
ing prosody representations that incorporates
speaker disentanglement strategies. We eval-
uate our encoder on three tasks to probe rep-
resentation capabilities, including pitch recon-
struction and detection of different prosodic
events. Our encoder outperforms raw prosody
and HuBERT-base baselines, achieving strong
speaker disentanglement without adverse im-
pact on prosody-related downstream tasks.

1 Introduction

Prosody broadly refers to the aspects of speech
which complement the lexical content, conveying
intent-related or paralinguistic information. For ex-
ample, local variations in pitch and energy, pausing,
and duration lengthening can be used to communi-
cate information focus, sarcasm, self-corrections,
or the difference between a statement and a question.
A wider pitch range and faster speaking rate can
express excitement. Representing prosodic infor-
mation is essential for both speech generation and
understanding, whether explicitly or implicitly in
vector space models. In this work, we introduce an
explicit representation of prosody that aims to dis-
entangle prosody from lexical content and speaker
information, motivated by the need for more reli-
able understanding and generation of expressive
speech and the desire for privacy-preserving speech
processing systems.

Early computational work on prosody focused
on acoustic cues such as fundamental frequency
(FO), energy, and duration statistics, using speaker
and phoneme normalization to remove speaker and
lexical content information. Challenges with this

approach are that automatic phonetic time align-
ment and FO extraction algorithms are not very
reliable, and energy is sensitive to recording con-
ditions. More recently, researchers have explored
self-supervised learning approaches, but often the
objective of speaker disentanglement is lost.

Acoustic-prosodic cues are known to carry
speaker information. When it is not removed, users
are made vulnerable to serious privacy breaches,
such as identity theft via deepfake generation. Con-
cerns over these vulnerabilities are exacerbated by
the proliferation of speech-based Al assistants and
the ever-improving model capabilities. Thus, the
disentanglement of speaker characteristics is es-
sential for protecting user privacy in cases where
identity information is not needed.

To this end, we train a prosody encoder by dis-
tilling information from acoustic-prosodic features
via self-supervised learning, leveraging input fea-
tures that disentangle lexical content and a learn-
ing framework for disentangling speaker informa-
tion via target normalization and an adversarial loss
function. We evaluate the efficacy of our prosody
representation on three tasks: a standard pitch re-
construction task, as well as prosodic prominence
and phrase boundary detection. The speaker identi-
fication task is used to assess our speaker disentan-
glement techniques. Our findings indicate that our
encoder yields improved prosody modeling over
baselines and that speaker information leakage can
be effectively diminished without a negative impact
on prosody modeling.

2 Related Work

While there have been a number of prosody repre-
sentation models developed for specific tasks, e.g.
speech synthesis, emotion recognion, and speech
understanding tasks, this work focuses on the use of
self-supervised learning with untranscribed speech
to provide a general representation of prosody. In
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addition, we are interested in frame-based repre-
sentations, since they allow the flexibility of using
different levels (e.g. phone, word) via pooling.

Standard acoustic modeling approaches used in
speech recognition (e.g. HuBERT (Hsu et al.,
2021), wav2vec 2.0 (Baevski et al., 2020)) have
proved to be useful for some prosody tasks (Lin
et al., 2023), but recently there have been a few
efforts to more explicitly target prosodic character-
istics of speech. In particular, our work builds on
ProsodyBERT (Hu et al., 2023) and PE-Wav2vec
(Liu et al., 2024). As in ProsodyBERT, we use a
HuBERT architecture with hidden units produced
by acoustic-prosodic cues, and augment the stan-
dard masked prediction loss with a span boundary
loss. However, like PE-Wav2vec, we use the esti-
mated glottal waveform as input, rather than raw
prosody features. Different from both, we intro-
duce speaker disentanglement strategies, including
speaker-normalization of the prosody features used
for masked prediction targets and an adversarial
speaker loss function. Other examples of speaker
disentanglement in prosody representation learning
include information bottlenecks (Qian et al., 2020),
pitch-shifting the audio input (Weston et al., 2021),
and adversarial losses (Qu et al., 2025).

Prosody representations have been evaluated in
speech synthesis (or voice conversion), intent recog-
nition (sentiment, sarcasm, persuasiveness), and
paralinguistic tasks (emotion recognition, health di-
agnostics). Prosody benchmarks include SUPERB-
prosody (Lin et al., 2023) and DAMMP (Weston
et al., 2021). Since we are interested in representa-
tion of linguistic (rather than paralinguistic) struc-
ture, we use prosodic event detection tasks, but also
report on the pitch reconstruction task in SUPERB-
prosody. Speaker disentanglement is most often
evaluated with objective measures such as speaker
identification or verification tasks (Lian et al., 2022;
Qian et al., 2019), or subjective assessments of
source speaker characteristics present in generated
speech (Deng et al., 2024; Qian et al., 2020). In
this study, we use speaker identification.

3 Prosody Encoder

Our prosody encoder architecture, shown in
Fig. 1, is inspired by ProsodyBERT (Hu et al.,
2023), which follows HuBERT’s approach to self-
supervised learning (Hsu et al., 2021) but adds
a span-based objective to encourage learning of
suprasegmental characteristics. Key differences of
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our work include: i) use of the estimated glottal
waveform as input, and ii) addition of an adversar-
ial speaker identification loss term.
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Figure 1: Prosody encoder pretraining, which uses a
masked-prediction objective £,,, and a span-boundary
objective Lgp.

3.1 Model details

Our prosody encoder shares an architecture with
HuBERT-base, consisting of a convolutional input
module followed by a transformer.

Input. The model input is created using glottal
source estimation, which is more robust and compu-
tationally efficient than pitch tracking, and captures
voice quality information. We extract the glottal
source by inverse-filtering with estimated LPC coef-
ficients (Rabiner and Schafer, 2010) (filter order 16,
25ms window, 10ms stride). In some frames with
very low energy (non-speech regions), we find that
the coeflicients produced by LPC were unreliable,
leading to input artifacts and training instability. To
alleviate this issue, we simply return the raw wave-
form in frames with energy less than 10~ rather



than applying the inverse-filter. A 1 kHz low-pass
filter is then applied, yielding the final model input.
In anecdotal listening experiments, we find that this
low-pass filter reduces lexical information leakage.

Hidden units. Similar to Hu et al. (2023), hid-
den units Z = (z1, ..., z7) are produced via offline
k-means clustering of acoustic-prosodic feature vec-
tors [P, log FO, A log FO, c; |, where:

* P (periodicity) indicates the frame-level prob-
ability of voiced speech;

* log FO, normalized by subtracting a speaker’s
mean log-pitch, where a speaker’s mean log-
pitch is computed as a weighted average over
log FO using P as weights;

* AlogF0; and

* c1, the first mel-frequency cepstral coefficient,
representing the overall slope of the spectrum.

Unlike Hu et al. (2023), we normalize FO features
to support speaker disentanglement. c; is used in
place of energy to reduce sensitivity to factors such
as recording conditions. Before clustering, we ap-
ply corpus-level z-normalization to each feature.

3.2 Self-supervised learning objective

The training loss function is the weighted sum:

d d
L= ﬁmp + agpLsp + agplgﬁgplgv

with hyperparameters ag, and aggz.

The first component, £,,), is the standard frame-
level masked-prediction objective. For index ¢ in
a masked span starting at index j and ending at
index k, a linear layer produces frame-level distri-
butions over the k£ hidden unit labels. The masked-
prediction objective given by the cross-entropy:

'Cmp = logpmp(zi ’ y1)7

where ) is the transformer output when randomly
sampled spans of the convolutional encoder output
are masked. We use the same span-level masking
algorithm introduced in Hsu et al. (2021).

To encourage learning of suprasegmental pat-
terns, we add a span boundary objective (Joshi et al.,
2020). Specifically, we add a linear layer to predict
the frame-level hidden unit at masked index 7, given
the nearest unmasked frames on the left and right
(at j — 1 and k + 1, respectively), as well as the dis-
tance (in frames) from ¢ to each. The span boundary
objective is also given by the cross-entropy:

Lsy = 10g psp(2i | Y15 Ygy1, 0 —J+ 1, k+1—1).

Lastly, we include an adversarial speaker iden-
tification objective ﬁggg. The frame-level features
y; are passed to a gradient-reversal layer, then pro-
jected via a linear prediction layer to produce a
distribution over speaker labels:

[’gglg = logpspk(spk’yi)'

Due to the gradient reversal layer, the linear pre-
diction parameters are updated in the direction that
minimizes £‘;gg, while the encoder parameters are
updated in the opposite direction.

The prosody encoder is trained on the transcribed
portion of the GigaSpeech corpus (Chen et al.,
2021), containing 11K hours of English-language
spontaneous and read speech from YouTube, pod-
casts, and audiobooks. Since speaker labels are not
provided, we use pseudo-labels created by extract-
ing utterance-level embeddings from a pretrained
speaker encoder, then clustering with 1000 clusters
per (Malinen and Frinti, 2025). Pitch and periodic-
ity are extracted with torchcrepe. We train using
the fairseq toolkit on four NVIDIA (A40 or L40)
GPUs for 500K steps, with a variable batch size
averaging ~30 per GPU'. The checkpoint with the
lowest validation loss is frozen and used for down-
stream tasks.

4 Experiments and Results

We evaluate the encoder on a series of downstream
tasks to assess its prosody modeling capacity and
speaker disentanglement. The (frozen) encoder fea-
tures are input to a task-specific model, which is
fine-tuned on a single A40 or L40 GPU using the
s3prl toolkit?. In line with our efforts to preserve
privacy, we use only the final encoder output layer,
in contrast to other SUPERB-based (Yang et al.,
2021) setups, which use all intermediate layers. All
reported results are on test splits, using the best
checkpoint based on development splits.

4.1 Evaluation models

The proposed prosody encoder is compared to two
baselines: the standard pretrained HuBERT-base
model and the raw speaker-normalized prosody
feature vectors ([P, log FO, Alog F0, c;]). For ab-
lations, we train versions of our proposed prosody
encoder without the adversarial speaker loss and
without the speaker normalization of log FO when
producing hidden units.

! github.com/kpeverson/speaker_disentangled_prosody
2github.com/kpeverson/s3prl_tobi
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such supervision | according to ash | is a sensible | cost effective
alternative | to incarceration |

“I”

Figure 2: Prosody event example:

4.2 Prosody prediction evaluations

In addition to the standard pitch reconstruction task,
we evaluate on two prosodic event detection tasks,
chosen because the self-supervised learning ap-
proach was designed with the goal of characterizing
linguistic (vs. paralinguistic) prosodic information.

Pitch reconstruction. We evaluate on the Lib-
riTTS (Zen et al., 2019) pitch reconstruction task
using the setup and splits from SUPERB-prosody
(Lin et al., 2023). After extracting frame-level FO
offline using pYAAPT, logFO is predicted over
voiced frames from the prosody encoder features
using a linear layer. Mean-squared error (MSE) is
used as the training objective and reported metric.

Since average pitch varies with speaker and we
aim to remove speaker information, we also include
a modified evaluation in which the predicted and
ground-truth log FO contours are shifted to 0-mean.

Phrase boundary detection. We introduce two
tasks from the BU Radio Corpus (Ostendorf et al.,
1995), containing 11 hours of read speech from
seven professional radio announcers with word- and
phoneme-level forced alignments, plus ToBI an-
nonations (Beckman and Hirschberg, 1994) which
include break index labels with word boundary
timestamps. The corpus is partitioned such that
~80/10/10% of each speaker’s files are present in
the training, development, and test splits, respec-
tively.

We detect full phrase boundaries (i.e. words with
“4” break index labels, as indicated by “” symbols
in Fig. 2) from prosody features within 100 ms of
each word boundary. Because changes in prosody
can indicate phrase boundaries, we separately pool
(via self-attention) the features before and after the
timestamp, and concatenate the two resulting vec-
tors before applying the classifier. This task is
trained using cross-entropy loss, and evaluated us-
ing F1 score and accuracy.

Syllable prominence detection. The tone tier
of the BU Radio Corpus ToBI annotations includes
timestamps of accented syllables (containing “*”’
labels, indicated by highlighted text in Fig. 2). To
detect these, we pool the frame-level features from
each syllable using self-attention and apply a linear
classification layer to the syllable-level features. We

indicates a phrase boundary; highlighted text indicates prominent syllables.

use the same splits as in the phrase boundary detec-
tion task, and again use cross-entropy loss as the
training objective and evaluate on F1 and accuracy.

4.3 Speaker disentanglement evaluation

To evaluate the amount of speaker information cap-
tured by our prosody modeling and the efficacy of
our disentanglement methods, we also fine-tune
on the VoxCeleb1 (Nagrani et al., 2017) speaker
identification task.

4.4 Results and discussion

Results on the prosody modeling evaluations are
reported in Table 1. Among the baseline systems,
HuBERT-base achieves stronger results despite the
lack of prosody-specific training strategies. The
variants of our encoder outperform the baselines.
The advantage of our system is greatest on the sylla-
ble prominence detection task, achieving a relative
F1 improvement of 15% over HuBERT-base.

Notably, the use of speaker-normalized log FO
and the adversarial speaker objective together did
not adversely affect downstream task performance;
other than the variant with the adversarial speaker
objective and without speaker-normalization of
log FO, the variants achieved similarly strong results
on the ToBI detection tasks. At the same time, the
variant with both speaker-disentanglement strate-
gies performed the best in the 0-mean pitch recon-
struction setup, indicating the strongest modeling
of local pitch dynamics.

The speaker identification (SID) results on the
VoxCelebl test set are shown in Table 2. We note
that the accuracy of our HuBERT-base implemen-
tation is lower than the 0.81 reported in Yang et al.
(2021), since we only use the outputs of the final
layer. Our prosody encoder variants indicate much
less speaker information (lower SID accuracy) than
HuBERT-base, and disentanglement strategies fur-
ther diminish the speaker information. In terms
of SID accuracy, the adversarial objective yields
a 46% relative reduction, and the two strategies
together yield a 66% relative reduction.

5 Conclusion

We propose a prosody encoder that takes the es-
timated glottal source as input, and is trained to
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Speaker- ToBI detection tasks Pitch recons.
norm. adv || Phrase boundary | Syl. prominence | Standard  (-mean
Model log FO sPk Il F1 (1) ace. (1) | F1(1) acc. (1) | MSE(]) MSE ({)
most freq. class - - 0.00 0.87 0.00 0.70 - -
HuBERT-base — X 0.79 095 | 0.74 0.85 0.056 0.011
Raw prosody v — 0.49 0.88 0.66 0.83 — —
X X 0.82 095 | 0.86 0.92 0.027 0.012
Ours 4 X 0.82 095 | 0.86 0.92 0.048 0.012
X v 0.73 0.93 0.82 0.89 0.024 0.012
v v 0.82 095 | 0.85 0.91 0.025 0.008
Table 1: Prosody modeling test evaluation results.
Speaker- ate on a speech generation task, which would pro-
norm. adv || Accuracy vide an opportunity for subjective human assess-
Model log FO spk ) ments. Our model is not causal, which is needed
HuBERT-base — X 0.64 for streaming generation scenarios, but translation
X X 0.41 of our approach to a causal framework is straight-
/ X 0.42 forward.
Ours X 4 0.22 Comparisons to existing prosody models, namely
v v 0.14 ProsodyBERT (Hu et al., 2023) and PE-Wav2Vec

Table 2: VoxCelebl1 test speaker identification results.

predict hidden units produced from raw acoustic-
prosodic features. Disentanglement techniques are
employed to reduce the amount of speaker infor-
mation present in the output features. Our findings
indicate that prosody modeling is not negatively af-
fected by these speaker disentanglement techniques,
an encouraging result given the dual importance of
capturing the intent-related information conveyed
by prosody while protecting user privacy.

6 Limitations

We use pseudo-labels from utterance-level speaker
embeddings, which places limitations on speaker-
normalization of log FO and the adversarial speaker
objective. Ground-truth labels would likely be more
effective. Chen et al. (2021) indicated plans to up-
date the Gigaspeech corpus metadata with speaker
information, but this has not yet been released.
The assessment of the representation learning
approach is limited in a few respects. We focused
primarily on local prosodic events, but it may be
useful to also evaluate on paralinguistic tasks. For
comparison to prior work, the understanding tasks
leverage hand transcriptions. Evaluation with au-
tomatically recognized transcripts would be more
informative but would require a more sophisticated
scoring algorithm. It would also be useful to evalu-

(Liu et al., 2024), were limited due to lack of pub-
licly available code. Our attempts to train similar
models resulted in uncompetitive performance on
downstream tasks.

7 Ethical considerations

The ethical concern of protecting privacy is an im-
portant consideration in the development of this
model. Our approach was developed assuming rel-
atively small amounts of data are available for a
speaker. It is possible that speaker recognition algo-
rithms could be developed that are effective given
larger amounts of data.
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