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Abstract

We propose an alignment-free, end-to-end Non-Audible Mur-
mur (NAM)-to-Speech conversion model. Existing meth-
ods rely on large NAM-text pairs per speaker to generate
high-quality alignments for training non-autoregressive models.
However, alignment quality deteriorates when trained on multi-
speaker data, limiting their ability to generalize and effectively
utilize the available training data. To address this, we introduce
a streamlined autoregressive approach that eliminates the need
for explicit alignment learning. By leveraging multi-speaker
samples, synthetic training pairs, and multitask character recog-
nition training, our method reduces the word error rate (WER)
by 59.19% compared to the state-of-the-art (SOTA) on two pub-
lic datasets. We demonstrate the model’s zero-shot capabil-
ity and validate the effectiveness of multitask training through
ablation studies. Speech samples are available at https:
//noalignnam.github.io/autoregressiveNAM/
Index Terms: Non-Audible Murmur, NAM-to-speech, Autore-
gressive models, Seq2Seq networks

1. Introduction

A Silent Speech Interface (SSI) is a communication system
synthesizing speech by capturing non-audible physiological
signals associated with speech production. It offers versa-
tile benefits, including facilitating communication in noisy or
silent environments [1], assisting individuals with speech im-
pairments [2], and providing user-friendly, customizable solu-
tions that promote independence and immediate interaction [3].
Recent research in this field has made significant advance-
ments [1, 4, 5, 6]. This progress is driven by a range of SSI
techniques, such as the effective fine-tuning of self-supervised
models on articulatory videos recorded using MRI [7] and the
development of multi-speaker speech recognizers using ultra-
sound [6] to decode text content. These techniques provide
deeper insights into the role of each vocal organ in sound pro-
duction and enable the synthesis of natural, intelligible speech.

While these interfaces have advanced articulatory speech
synthesis, many face challenges for everyday use due to their
non-real-time nature [7], invasive characteristics [8], and issues
such as equipment noise and poor lighting conditions [4]. Naka-
jima et al. [9] introduced a non-invasive SSI that used a special-
ized microphone to capture NAM (acoustically unintelligible
and incomprehensible signals to nearby listeners) from tissues
behind the ear. Although NAM-to-Speech conversion offers an
intuitive approach to SSI, its success has been limited due to the
absence of “aligned” ground-truth speech as training targets for
the input NAMs. This challenge arises from data collection, as
an individual cannot record ground-truth speech and NAM vi-
brations simultaneously [1, 9]. To address this, researchers typ-
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ically follow a two-step process [1, 10, 11]: (a) exploring tech-
niques to “simulate aligned ground-truth speech” as training
targets to generate paired NAM-speech data, and (b) training
a non-autoregressive (NAR) sequence-to-sequence (Seq2Seq)
model using the paired NAM-speech data. Most efforts have fo-
cused on refining the alignment of NAM-speech training data,
while the NAR Seq2Seq architecture has remained unchanged.
Despite this progress, several challenges continue to hinder fur-
ther development in this domain.

* The existing SOTA method [1] builds high-quality speaker-
specific models by relying on large per-speaker NAM-
text samples to learn precise alignments. However, align-
ment quality significantly degrades when trained on multi-
ple speakers due to speaker variability. This degradation ad-
versely affects the NAR Seq2Seq backbone, which depends
on perfectly aligned data. Even minor misalignments in the
training pairs can substantially compromise the intelligibility
of the synthesized speech.

¢ An alternative approach is to simulate ground-truth speech
from lip movements [11] directly, eliminating the need for
explicit alignment learning, as NAMs are inherently aligned
with lip movements. However, this method faces challenges
in generalization and maintaining intelligibility across di-
verse speakers [11].

Generating aligned ground-truth training pairs is essen-
tial not only for existing NAM-to-Speech conversion meth-
ods [1, 10, 11] but also for other SSIs, such as Ultrasound
Tongue Imaging (UTI) and rtMRI [12, 7]. However, traditional
phoneme-speech alignment methods are often error-prone, in-
troducing inconsistencies that hinder model performance. Our
work challenges this dependency by eliminating reliance on
such alignments, paving the way for more robust and scalable
training strategies that enhance the effectiveness of SSI tech-
niques.

In this work, we simplify the existing two-step process for
NAM-to-Speech conversion by eliminating the need to gener-
ate “time-aligned” ground-truth speech. Instead, we leverage
the ability of autoregressive (AR) Seq2Seq models to predict
the next token(s) consecutively. Specifically, our contributions
include:

* Proposing a streamlined transformer-based NAM-to-discrete
speech network with an auxiliary character prediction task,
utilizing an AR Seq2Seq model to eliminate the need for
aligned NAM-speech training pairs, ensuring robust NAM-
to-Speech conversion.

¢ Introducing the multi-speaker NAM-to-Speech conversion
model that leverages additional training pairs from multiple
speakers while also utilizing augmented samples.

* Achieving a 59.19% average reduction in WER across two
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public datasets compared to the SOTA [1] in a multi-speaker
setting while also enhancing generalization in zero-shot sce-
narios.

2. Related work

Nakajima et al. [9] pioneered a specialized microphone for cap-
turing NAM vibrations. Later efforts focused on improving
NAM microphone design [13, 14, 15]. A typical NAM-to-
Speech conversion system requires aligned ground-truth speech
corresponding to input NAMs to train a deep learning frame-
work. Prior methods [16, 17, 18] explicitly use studio-recorded
speech as ground-truth and apply dynamic time warping to align
training pairs for Seq2Seq learning.

In our previous work [10], we were the first to explore the
idea of “simulating” aligned ground-truth speech, moving away
from reliance on studio-recorded speech for training. Specif-
ically, we investigated the use of whisper data for this simu-
lation; however, the approach faced generalization challenges
across different speakers. It depended on paired whisper data,
which may not be available, especially for patients with speech
difficulties. To avoid relying on whisper data, we later intro-
duced the StethoSpeech [1] approach, which learns speaker-
specific phoneme-level duration alignments between NAMs and
text and then synthesizes aligned ground-truth using a pre-
trained text-to-speech (TTS) module. However, with limited
NAM data per speaker and in a multi-speaker scenario, align-
ments tend to be noisy, significantly degrading the intelligibil-
ity of converted speech [11]. To eliminate reliance on NAMs
and text for ground-truth simulation, our recent work [11] ex-
plored lip-to-speech synthesis using diffusion methods to gen-
erate aligned speech directly from lip movements in a zero-shot
manner. However, the approach encountered generalization and
intelligibility issues despite fine-tuning the diffusion model us-
ing video modalities from speakers available in the dataset. As
a result, the StethoSpeech [1] method remains the current best
solution for simulating speaker-specific aligned ground-truth
speech. All these methods used NAR Seq2Seq models as the
backbone to learn the correspondence between the NAM and
speech modalities in the latent space. We also further empha-
sized data augmentation to improve NAR Seq2Seq models’ in-
telligibility [10]. However, these models fail to leverage aug-
mentation when trained on speakers from different regions.

This work eliminates reliance on high-quality alignments
for ground-truth speech simulation by proposing a unified
Seq2Seq framework that enables alignment-free conversion by
leveraging multi-speaker and synthetically augmented train-
ing pairs. While similar techniques exist for speech-to-speech
translation models [19, 20], their effectiveness for non-speech
signals remains unvalidated, and our work explores this as-
pect by demonstrating the potential of alignment-free strate-
gies in SSI tasks. We propose directly mapping raw, mis-
aligned NAM vibrations to discrete speech units using AR
translation to achieve this. These speech units are derived from
simulated ground-truth speech using a HuBERT encoder [21],
chosen for its superior ability to preserve detailed content
information while reducing speaker-specific and background
noise [22, 23, 24].

3. Method

Our proposed system comprises three main modules: simulat-
ing ground-truth speech from available text, augmenting data to
generate additional NAM-speech training pairs, and utilizing a
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Figure 1: lllustration of the end-to-end NAM-to-Speech conver-
sion framework. The framework comprises: (1) a transformer-
based NAM-to-unit translation (N2UT) model with a NAM en-
coder and discrete speech decoder, (2) multitask networks con-
ditioned on both the encoder and decoder, and (3) a vocoder
trained to convert the predicted units into speech.

transformer-based NAM-to-unit translation (N2UT) model with
a NAM encoder and a discrete speech decoder, as shown in Fig-
ure 1. During training, we use auxiliary tasks conditioned on in-
termediate representations from the NAM encoder and the dis-
crete speech decoder to predict characters. A vocoder is trained
separately to convert the predicted discrete units into speech.

3.1. Ground-truth speech simulation

The current SOTA method [1] trains an acoustic model using
NAM-text pairs to predict phoneme durations, which a TTS
model then utilizes for aligned speech synthesis. In contrast,
our proposed framework eliminates the need for aligned data
and directly utilizes text with a FastSpeech2 [25] TTS module
to simulate ground-truth speech.

3.2. Data augmentation

Acquiring large-scale NAM vibrations is expensive, which lim-
its the effectiveness of Seq2Seq networks. Data augmentation
with synthetic data has been shown to enhance the quality of
synthesized speech [10, 26]. Following the approach in [10], we
first extract HUBERT representations from NAM vibrations and
train a vocoder to synthesize speech in the NAM voice. Subse-
quently, we extract HuBERT representations from the LISpeech
dataset [27] and the IndicTTS dataset [28]. These representa-
tions are passed through the trained vocoder to generate speech
in the NAM style. This method effectively expands the NAM
corpus, augmenting it to include approximately 60 hours of ad-
ditional unaligned NAM-speech training pairs.

3.3. NAM-to-unit translation (N2UT) model

NAM encoder: We build the NAM encoder and a discrete
speech decoder by adapting the transformer architecture de-
signed by [29] and using fairseq repository'. While existing ap-
proaches [1, 10, 11] rely on HuBERT embeddings to process in-
put NAM vibrations, we take a different approach by using mel-
filterbank features. As predominantly low-frequency, NAM sig-
nals benefit from mel-filterbank features’ ability to capture low-
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level acoustic information that HuBERT representations may
miss. Additionally, mel-filterbank features allow the encoder to
learn NAM-specific patterns without being constrained by the
pre-encoded linguistic features inherent in HuBERT. For the in-
put NAM vibrations, we extract 80-dimensional mel-filterbank
features at every 10 ms, followed by cepstral mean and variance
normalization. These features undergo a series of preprocess-
ing steps, implemented as a module appended before the trans-
former layers in the NAM encoder. To preprocess the input fea-
tures, we apply two 1D convolutional layers with a kernel size
of 5 and 1024 channels, resulting in a downsampling factor of 4
on the input NAM vibrations. The convolutional layers reduce
the temporal resolution while preserving essential acoustic fea-
tures, with each layer followed by a gated linear unit activation
to retain critical NAM information and reduce computational
complexity [30]. The NAM encoder comprises 12 transformer
layers, each with an embedding size of 512, a feedforward net-
work (FFN) embedding size of 2048, and 8 attention heads.

Discrete speech decoder: To extract discrete ground-truth
speech units as training targets, we use the HuBERT [21] Base
model 2, which learns self-supervised representations empha-
sizing only the speech content. A HuBERT model, pre-trained
on an unlabeled speech corpus in the target language (e.g., En-
glish), encodes the speech into continuous representations at
every 20 ms frame. These learned representations undergo k-
means clustering to generate 100 cluster centroids, representing
the target ground-truth speech utterances as sequences of cluster
indices. To accelerate training and inference, as recommended
by [31], we collapse consecutive identical HuBERT units in the
target sequence into a single unit, resulting in a sequence of
unique discrete units. The discrete speech decoder comprises 6
transformer layers, with an embedding size of 512, an FFN em-
bedding size of 2048, and 8 attention heads. A linear layer is
appended to the output to project the decoder’s representations
into the predicted speech units. We train the N2UT model us-
ing cross-entropy loss with label smoothing. We train the mod-
els for 1000k steps using Adam with §; = 0.9, B2 = 0.98,
€ = 107°, and label smoothing of 0.2.

Multitask training: Supervision from text transcripts is
incorporated into the N2UT model through co-training with
an auxiliary module, as shown in Figure 1. We observe that
predicting characters corresponding to input NAM is crucial
for effectively addressing the NAM-to-Speech conversion task.
Losses from the auxiliary networks are integrated only during
training to help the primary discrete speech decoder learn intel-
ligible speech units. This approach also encourages the model
to disentangle linguistic content from other information in the
mel-filterbank features, promoting feature diversity and reduc-
ing the risk of overfitting. Based on preliminary experiments,
we append an attention module and a decoder to the eighth
and tenth layers of the NAM encoder. Additionally, an atten-
tion module and decoder are attached to the third intermediate
layer of the discrete speech decoder. This is because condi-
tioning on the last few layers of the discrete speech decoder,
which is trained to predict speech units, may result in subop-
timal text generation. Each auxiliary loss is given a weight of
8.0. The model includes multi-head attention modules with 4
heads, while the decoders consist of 2 transformer layers, with
512-dimensional embeddings and an FFN embedding size of
2048.

Vocoder: For unit-to-speech conversion, we employ a
modified version of the HiFi-GAN vocoder, as outlined in [22,

Zhttps://github.com/pytorch/fairseq/tree/master/examples/hubert
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Table 1: Error rates in speaker-specific training.

Dataset Speaker Ours StethoSpeech [1]
CER| WER| CERJ| WER]
StethoText S01 43.12 89.16 9.76 20.78
502 41.45 89.16 12.19 26.85
MultiNAM S01 49.32 96.89 27.17 56.65
S02 51.98 105.84  34.08 69.45

32]. The vocoder is trained on the LISpeech dataset, with a
batch size of 32, a learning rate of 2x 10~°, 100 embeddings, an
embedding dimension of 128, and an input dimension of 512.
The HiFi-GAN vocoder generates speech from units predicted
by the N2UT network.

4. Experiments

We evaluate the effectiveness of our framework using NAM-
text pairs from two public datasets: the StethoText [1] corpus,
which comprises NAM vibration and text pairs, and the Multi-
NAM [11] corpus, which includes paired NAM, video, whisper,
and text data. The StethoText corpus includes 4.38 hours of
data from a male speaker (S01) and 4.18 hours from a female
speaker (S02). Additionally, it provides 7 hours of data from
ten other speakers (S03 to S12), primarily intended for eval-
uating method performance in a zero-shot setting. The Multi-
NAM corpus provides 5.66 hours of data from a different male
speaker (S01) and 2.30 hours from a different female speaker
(502). In both datasets, the subjects were instructed to mur-
mur while holding the stethoscopic microphone below the back
of their ears on the tissue region. In Section 4.1, we evaluate
the converted speech using StethoSpeech [1] and our proposed
method in a speaker-specific setting. In Section 4.2, we assess
the impact of training these methods using all available data,
including a synthetically generated dataset. In Section 4.3, we
conduct ablation studies to gauge the impact of multitask train-
ing. Additionally, in Section 4.4, we explore the performance
of these methods in a zero-shot scenario. To assess the NAM-
to-Speech conversion performance, we compute character error
rate (CER) and WER scores as an objective measure of speech
intelligibility, using OpenAI’s whisper-medium speech recog-
nizer [33].

4.1. Speaker-specific training

Table 1 compares StethoSpeech [1] and our proposed method
on the complete NAM-to-Speech conversion task in a speaker-
specific setting across both datasets. In this setting, each method
is trained exclusively on data from a single speaker and eval-
vated on a 5% test set from the same speaker. StethoSpeech
outperforms our proposed method in intelligibility but relies
heavily on a large quantity of aligned NAM-ground truth pairs
available from a single speaker. This is evident from its perfor-
mance: with 4.38 hours of aligned data from speaker SO01 in
the StethoText corpus, it achieves the lowest WER of 20.78%.
However, with just 2.30 hours of aligned data from speaker S02
in the MultiNAM corpus, the WER increases dramatically by
234.21%. These results highlight that StethoSpeech requires
substantial aligned data per speaker to achieve highly intelligi-
ble speech conversion.



Table 2: Error rates using all data and synthetic NAM data.

Dataset Test speaker Ours StethoSpeech [1]
CER| WER] CER| WER]
StethoText S01 7.87 16.97 14.53 30.51
S02 11.21 18.37 1311 30.175
MultiNAM S01 9.94 17.85 40.51 75.89
S02 19.11 40.10 70.54 13530
all 8.65 18.44 23.89 45.19

Table 3: Performance comparison of multitask network config-
urations for NAM-to-Speech conversion.

Multitask loss CER| WER|

None 22.32 39.48

374 layer speech decoder  19.08 33.27
8" layer NAM encoder 10.91 20.64
10*" layer NAM encoder ~ 10.95  20.32
all 8.65 18.44

4.2. Training with combined and synthetic NAM data

StethoSpeech performs well with many NAM-text pairs from a
single speaker to generate high-quality alignments. However,
in extreme cases, such as patients with chronic obstructive pul-
monary disease [34], where muscles are too weak to murmur,
it becomes infeasible for individuals to record large amounts
of NAM vibrations. This underscores the need for effectively
leveraging data from other speakers, including augmented data.

Table 2 compares the performance of these methods on
converted speech trained using all available NAM-text pairs
from both datasets, along with synthetic data, resulting in
83.52 hours of training pairs. For our proposed method, since
aligned ground-truth speech is not required, we directly pass
the text to the FastSpeech2 TTS model to generate the ground-
truth speech, as explained in Section 3.1. For StethoSpeech,
the acoustic model was trained on the NAM-text data to ob-
tain aligned durations, which, along with the text, were pro-
cessed through the FastSpeech2 TTS model to generate aligned
ground-truth speech. Results are reported on a 5% test split for
two primary speakers from each dataset. Our proposed method
achieves the best performance, showing significant improve-
ment across all speakers compared to the speaker-specific set-
ting in Section 4.1, by leveraging synthetic training targets and
all available data. Interestingly, augmenting data in StethoS-
peech reduces its performance, likely due to the pre-trained Hu-
BERT model generating out-of-distribution samples, as it was
not trained on geographically relevant speaker data. In con-
trast, our method leverages out-of-domain augmented samples
to generate highly intelligible speech consistently. Addition-
ally, the last row in Table 2 shows the performance of these
methods when tested on a 5% test split from all speakers, with
our method reducing the WER by over 59.19% and the CER by
over 63.79% compared to StethoSpeech.

4.3. Ablation studies on multitask training

Table 3 compares the performance of our model trained with
various multitask network combinations to a baseline that con-
ditions intermediate representations from all auxiliary decoders
trained on the same data. Training without auxiliary decoders
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Table 4: Error rates on StethoText corpus in a zero-shot setting.

Test speaker Ours StethoSpeech [1]
CER| WER| CER| WER]
S11 13.34 27.72 22.64 32.37
S12 14.45 30.65 22.54 34.19
all male 18.98 34.81 24.90 36.80
all female 16.78 33.70 27.43 39.29

results in poor intelligibility, as the model struggles to gener-
ate coherent syllables despite occasionally producing plausible
sounds. Conditioning the discrete speech decoder at the third
layer slightly enhances intelligibility and helps the model cap-
ture complementary information for speech units. Conditioning
on the NAM encoder at the eighth and tenth layers provides sig-
nificant performance improvements, demonstrating that lever-
aging the NAM encoder to extract linguistic information from
low-level acoustics enhances the discrete speech decoder’s abil-
ity to learn coherent speech units. Combining all tasks yields
the best results, underscoring the effectiveness of an alignment-
free, end-to-end NAM-to-speech conversion approach.

4.4. Zero-shot evaluation

Table 4 presents the evaluation of converted speech for speakers
whose data was not used during training. Since StethoSpeech
does not work well with augmentation, it is trained solely on
the available data from the dataset. In contrast, our proposed
method is trained on all available NAM-text pairs, excluding
the samples from the test speaker. We conducted two studies:
first, we reserved speakers S11 and S12 from the StethoText
corpus for testing. Second, we evaluate the methods in a more
challenging intra-gender setting, where the model is trained on
data from all female speakers and tested on male speakers, and
vice versa. The reported error rates for the converted speech us-
ing our proposed method ranged from 27.72% to 33.70%. We
attribute the strong generalizability of our method to its ability
to avoid generating aligned training pairs and the effectiveness
of autoregressive modeling in leveraging large amounts of data.

5. Conclusion

We present an alignment-free, end-to-end framework for NAM-
to-Speech conversion. Existing models heavily depend on
large per-speaker NAM-text pairs to learn alignments for their
Seq2Seq architectures but fail to leverage data augmentation ef-
fectively. Moreover, their performance degrades when trained
on multi-speaker data—a critical challenge in SSI research,
where collecting large datasets per speaker is impractical. Our
AR-based Seq2Seq model with multitask training addresses
these limitations by utilizing non-aligned NAM-speech pairs
and synthetically augmented data. Ablation results demonstrate
that multitask training acts as a regularizer and helps the model
learn complementary information, leading to notable perfor-
mance gains in both multi-speaker and zero-shot settings across
multiple public datasets. Beyond NAM-to-Speech conversion,
similar training strategies can improve other SSI methods like
UTI and rtMRI by reducing reliance on error-prone phoneme-
speech alignments. This shift can make SSI technologies more
affordable and accessible, broadening their practical impact. In
future work, we plan to explore techniques for preserving para-
linguistic aspects in NAM-to-Speech conversion.
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