
HAL Id: hal-05518258
https://hal.science/hal-05518258v1

Submitted on 19 Feb 2026

HAL is a multi-disciplinary open access archive
for the deposit and dissemination of scientific re-
search documents, whether they are published or not.
The documentsmay come from teaching and research
institutions in France or abroad, or from public or pri-
vate research centers.

L’archive ouverte pluridisciplinaireHAL, est des-
tinée au dépôt et à la diffusion de documents scien-
tifiques de niveau recherche, publiés ou non, émanant
des établissements d’enseignement et de recherche
français ou étrangers, des laboratoires publics ou
privés.

Distributed under a Creative Commons CC BY 4.0 - Attribution - International License

Real-time speech enhancement in noise for throat
microphone using neural audio codec as foundation model

Julien Hauret, Thomas Joubaud, Eric Bavu

To cite this version:
Julien Hauret, Thomas Joubaud, Eric Bavu. Real-time speech enhancement in noise for throat microphone
using neural audio codec as foundation model. 2025 IEEE Workshop on Applications of Signal Processing to
Audio and Acoustics (WASPAA), IEEE, Oct 2025, Tahoe City, California, United States. ⟨hal-05518258⟩

https://hal.science/hal-05518258v1
https://creativecommons.org/licenses/by/4.0/
https://creativecommons.org/licenses/by/4.0/
https://hal.archives-ouvertes.fr


Real-time speech enhancement in noise for throat microphone using
neural audio codec as foundation model

Julien Hauret1, Thomas Joubaud2, Éric Bavu1
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Abstract—We present a real-time speech enhancement demo
using speech captured with a throat microphone. This demo aims
to showcase the complete pipeline, from recording to deep learning-
based post-processing, for speech captured in noisy environments
with a body-conducted microphone. The throat microphone records
skin vibrations, which naturally attenuate external noise, but this
robustness comes at the cost of reduced audio bandwidth. To address
this challenge, we fine-tune Kyutai’s Mimi—a neural audio codec
supporting real-time inference—on Vibravox, a dataset containing
paired air-conducted and throat microphone recordings. We
compare this enhancement strategy against state-of-the-art models
and demonstrate its superior performance. The inference runs in
an interactive interface that allows users to toggle enhancement,
visualize spectrograms, and monitor processing latency.

1. INTRODUCTION
In extremely noisy environments, body-conducted microphones
have been shown to outperform traditional air-conducted
microphones in terms of speech intelligibility and quality [1].
However, since the human body acts as a natural low-pass filter,
high-frequency components of speech are severely attenuated,
and physiological noises such as heartbeat, breathing, and
swallowing can contaminate the signal. This creates a clear need
for post-processing speech enhancement to restore intelligibility
and quality while preserving speaker identity [2].

While lightweight deep learning models have been proposed
to enhance speech from non-conventional microphones [3]–[6],
they remain limited by the scarcity of real-world training data,
as public datasets never exceed a hundred hours of recordings
[7]. Inspired by self-supervised learning strategies [8]–[10], we
propose leveraging neural audio codecs as foundation models
for speech enhancement. These models, originally trained to
approximate the identity function through a severe bottleneck,
inherently learn clean speech patterns that can be repurposed for
downstream enhancement tasks. Additionally, by operating on
discrete token representations of speech rather than continuous
waveforms, this paradigm reduces the dimensionality of the task
while ensuring that the reconstructed output remains within the
natural distribution of clean speech, borrowing the concept of
”regeneration learning” [11].

Our demo builds on this paradigm by fine-tuning the encoder
of a neural audio codec on paired throat and air-conducted
recordings, enabling accurate reconstruction of full-band speech
from body-conducted input. In contrast to prior work that
stacks language models on top of acoustic tokens [12], [13],
our approach retains the codec’s simplicity. We posit that the
effectiveness of our approach stems from the rich priors learned
during large-scale pretraining, which help compensate for the
spectral limitations inherent to body-conducted speech.

2. EXPERIMENTAL SETUP & MODEL SELECTION
We conduct experiments on Vibravox [7], a dataset of 38
hours of airborne and body-conducted speech sextuplets from

188 participants. We focus on the throat microphone for its
superior noise robustness and use only the speech_clean
subset (recorded in quiet conditions) as mixing with the
speechless_noisy split did not yield significant gains in
previous work [7]. Three systems were trained until metric
convergence:

• Mimi [14]: the system showcased in this demo. We adopt a
simple regression strategy where the encoder is duplicated:
one is frozen to extract clean reference embeddings, while
the other is initialized from the same checkpoint and fine-
tuned to minimize the L1 distance between enhanced and
reference embeddings.

• EBEN [1]: a lightweight model specifically designed for
body-conducted speech enhancement. It shares architec-
tural similarities with Mimi but omits sequence modeling
layers to reduce complexity.

• Nemo-FlowMatching [15]: a flow matching foundation
model available in NVIDIA NeMo [16] 1. The original
model was fine-tuned on bandwidth extension as one of its
core subtasks, making it suitable for our setup. We retain
the same fine-tuning and inference procedure as described
in the original work. This model serves as a large-scale
non-streamable state-of-the-art reference for comparison.

To evaluate the different approaches, we selected Noresqa-
MOS [17] and wideband STOI [18], both showing strong
agreement with MUSHRA scores in previous body-conducted
speech enhancement work [1]. We also included SI-SDR [19], as
an indicator of time-domain correlation and alignment between
enhanced and reference signals, though less suited for assessing
perceptual quality. Finally, we reported some Phoneme-Error-
Rate (PER) between the reference phonemized transcription and
the output of the airborne phonemizer 2 fed with the enhanced
audio. Results are indicated in Table 1.

Table 1: Test set metrics of Vibravox speech-clean

Approach Params STOI SI-SDR N-MOS PER

Throat - 0.677 -7.99 3.10 50.8%
Mimi [14] 96.2M 0.841 1.37 4.112 15.1%
EBEN [1] 1.9M 0.834 3.21 3.862 18.6%
Nemo [16] 430M 0.822 7.30 4.398 7.6%

From those results, we see that Mimi achieves the highest
STOI score while maintaining a Noresqa-MOS comparable
to the flow matching foundation model, but exhibits a lower
SI-SDR. This decline in SI-SDR is due to the codec-based
approach, which compresses audio into latent codes, sacrificing

1https://huggingface.co/nvidia/sr ssl flowmatching 16k 430m
2https://huggingface.co/Cnam-LMSSC/phonemizer headset
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Fig. 1: User interface of the demonstration featuring speech captured with and without real-time enhancement.

temporal coherence while maintaining perceptual quality. In rare
cases, particularly with the most challenging speech segments,
Mimi occasionally introduced minor phoneme hallucinations,
hence a PER slightly below the FlowMatching model. Informal
listening tests confirmed that both the codec-based approach and
Nemo produce high-quality speech, with EBEN also performing
strongly, though slightly below the other two. Overall, these
findings are consistent with those reported in [20], underscoring
the reliability of the regressive fine-tuning and further validating
the efficacy of neural audio codecs in serving as reliable
foundation models for speech enhancement. These results, along
with the fact that it supports real-time inference, made us select
Mimi for the present demonstration.

3. DEMO DESCRIPTION

3.1. Hardware
The demo employs an XVTM822D-D35 throat microphone, fea-
turing dual piezoelectric transducers mounted on an adjustable
neckband. This contact-based design captures vibrations from
the skin near the vocal cords while effectively attenuating
ambient noise. The microphone operates without external power
and streams audio to a Linux laptop via a RØDE AI-Micro
interface. Real-time enhancement is performed directly on-
device, with the output accessible through a connected headset.

3.2. Frontend
As shown in Figure 1, the demo includes a native Linux
graphical interface built with GTK4 [21] and Python. It displays
a live spectrogram of either the raw or enhanced throat
microphone signal, computed asynchronously in a separate
worker thread to ensure smooth user interface performance.
Users can toggle real-time enhancement, switch between models,
and adjust buffer latency. Both model inference latency and total
end-to-end system latency are updated live. The spectrogram is

rendered using matplotlib [22], and processing can be enabled
or disabled without interrupting the audio stream.

3.3. Backend
The backend is implemented in Python using PyTorch [23], and
handles real-time audio acquisition at 24kHz, enhancement, and
playback. Audio input/output is managed by the Sounddevice
library [24], using low-latency streams with fixed-size frames
aligned to the model’s frame rate. The Mimi codec processes
audio by encoding each frame into discrete latent tokens and
decoding them into full-band speech. Processing is performed on
an NVIDIA GeForce GTX 1650 GPU with pre-warmed CUDA
kernels to reduce startup latency. The end-to-end minimal
latency is dominated by two 80 ms Mimi frames. In practice,
additional input/output buffering on the RØDE AI-Micro can
add on the order of a few-tens of milliseconds per side (we
budget ≤32 ms each), for a total ≈ 160–224 ms. All inference
runs in no-gradient mode, and responsiveness is maintained
through careful resource management using Python’s contextlib
and multithreading.

4. CONCLUSION
We present a fine-tuned neural audio codec serving as a
foundation model for real-time speech enhancement from throat
microphone recordings. Our results show that a simple regres-
sive fine-tuning of the codec encoder yields competitive perfor-
mance with a non-streamable large-scale flow matching model
and outperforms the specifically body-conducted designed
EBEN model. By using the clean speech patterns acquired
on discrete latent representations, the system increases quality
and intelligibility while enabling efficient real-time inference.
The interactive demo confirms the practical viability of codec-
based speech enhancement for body-conducted microphones
and paves the way for audio codec usage for other data-scarce
applications.
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tests for the assessment of intelligibility, quality, and identity of
body-conducted speech enhancement,” in Interspeech, Rotterdam,
Netherlands, 2025.

[3] J. Hauret, T. Joubaud, V. Zimpfer, and É. Bavu, “Eben: Extreme
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