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Abstract
Electrolaryngeal (EL) speech often exhibits reduced intelligibil-
ity and naturalness due to imperfect excitation and fixed pitch.
In this preclinical study, we present the first systematic investi-
gation of electrolaryngeal voice conversion (ELVC) for speech
produced by a newly invented nasal electrolarynx (NEL), ex-
tending previous work that mainly targets cervical EL (CEL)
speech. We examine the choice of features under NEL’s dis-
tinctive acoustics by comparing Mel-spectrograms and WavLM
features as input to a seq2seq ELVC system. To address NEL
data scarcity, we propose an LLE-VC-based augmentation strat-
egy to synthesize paired sNEL–sNL speech for VC pretraining.
Experiments reveal device-dependent trends: WavLM features
benefit CEL-oriented conversion and augmentation, whereas
Mel-spectrogram inputs better preserve NEL-specific spectral
characteristics and yield better intelligibility-related metrics and
listener preferences for NEL-to-NL conversion.
Index Terms: electrolaryngeal speech, voice conversion,
sequence-to-sequence, pretraining, locally linear embedding

1. Introduction
Human speech production follows a source-filter mechanism:
compressed airflow from the lungs passes through the vocal
folds to form an excitation signal, which is then filtered by the
articulators. In this paper, the speech produced by healthy peo-
ple is termed natural speech (NL speech). Patients who have un-
dergone laryngectomy lose the ability to generate excitation via
vocal-fold vibration. The most commonly used assistive device
is the cervical electrolarynx (CEL) (see Fig. 1, left ), which gen-
erates a constant-frequency mechanical excitation for the vocal
tract to modulate. However, CEL speech suffers from (1) loud
mechanical noise and (2) a lack of pitch variation, which lim-
its naturalness and intelligibility. Traditional CEL devices re-
quire the vibrator to be pressed against the neck, which may not
be suitable for patients with surgical wounds or restricted neck
movement. A nasal electrolarynx (NEL) has recently emerged
that places the excitation source at the entrance of the nasal cav-
ity and uses the nasopharynx as a coupling point (see Fig. 1,
right) [1]. NEL provides (1) improved coupling stability due to
a fixed intra-nasal excitation location and (2) reduced mechani-
cal noise because the excitation is coupled internally rather than
transmitted through neck skin and muscles, while also allowing
hands-free speech. Nevertheless, NEL speech exhibits distinct
acoustic characteristics compared to CEL and NL speech, in-
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cluding mid–high-frequency resonances, low-frequency atten-
uation, and elevated vowel formants due to nasal cavity ge-
ometry, leaving open the question of whether ELVC systems
optimized for CEL speech can be effectively applied to NEL
speech.

Most prior ELVC systems relied on parallel EL–NL cor-
pora with aligned sentences [2, 3], using feature extraction,
alignment (often dynamic time warping [4]), and mapping fol-
lowed by vocoder synthesis. Gaussian mixture models [5]
improved naturalness while preserving speaker identity, while
later deep learning methods [6] further enhanced quality. How-
ever, frame-level alignment errors still limited CEL-to-NL map-
ping. Seq2seq models offered a solution by jointly learning
alignment and mapping through an attention mechanism [7].
Pretraining on large NL corpora alleviated the data scarcity is-
sue [8], and subsequent seq2seq ELVC systems achieved sig-
nificant improvements in CEL speech intelligibility [9]. More
recently, advanced strategies have incorporated speech encoder
loss and duration adjustment for patient ELVC [10]. Self-
supervised learning (SSL) and automatic speech recognition
(ASR) techniques have also been applied to ELVC. For ex-
ample, in [11], ASR is used for temporal alignment, and
SSL features are used for mapping. K-nearest neighbors VC
(KNN-VC) [12] and locally linear embedding ELVC (LLE-
ELVC) [13, 14] also use SSL features. Additionally, fine-tuning
a pre-trained VC model for ELVC still requires a certain amount
of EL–NL paired data [15].

Based on these insights, this study aims to develop an
ELVC system to improve the quality and intelligibility of NEL
speech. Due to limited NEL data, we leveraged LLE-VC [14]
for data augmentation and investigated the effects of different
input features (Mel-spectrograms and features from layer 6 of
the WavLM-Large model [16]) within a seq2seq ELVC sys-
tem [9]. The contributions of this study are as follows:

• We present the first study of ELVC for a newly invented NEL
and conduct controlled comparisons with CEL within a uni-
fied framework.

• We show that feature choice is device-dependent: WavLM
features are more effective for CEL-to-NL ELVC, whereas
Mel-spectrograms are more effective for NEL-to-NL ELVC.

• We propose an LLE-VC-based NEL-oriented data augmen-
tation strategy that combines WavLM features and Mel-
spectrograms to better preserve NEL-specific acoustic fea-
tures in synthesized NEL speech.



Figure 1: Overview of CEL and NEL speech production. The leftmost panel shows the use of a traditional cervical EL (CEL) device [17],
the rightmost panel shows the use of a nasal EL (NEL) device, and the two middle panels illustrate the excitation pathways of the two
EL devices [1].

Figure 2: The training process of VTN-VC and ETN-VC models.

2. Methodology
We build ELVC models based on the transformer-based seq2seq
VC model in [8]. The baseline model follows the VTN-VC
model in [9]. The advanced model follows the ETN-VC model
in [10].

2.1. VTN-VC

As shown in Fig. 2, VTN-VC is trained in three stages: two
pretraining stages followed by VC training. Here, DTTS =
{TTTS , STTS} denotes the TTS dataset, where T and S in-
dicate the data types of text and speech, respectively; the su-
perscript of Enc/Dec denotes the input/output data type, and
H denotes the hidden representations of the encoder. First, a
TTS model is trained on DTTS to obtain a decoder DecSTTS

with a strong speech generation capability. Second, the input
is switched to the audio features of STTS while the decoder
DecSTTS is fixed, so that the encoder EncSTTS learns hidden
representations H that are compatible with DecSTTS . Third,
the encoder EncSNEL and the decoder DecSNL are trained on
an ELVC training set DELV C = {SNEL, SNL} to map the
SNEL features to the SNL features, using the good initializa-
tion provided by the large-scale NL pretraining.

2.2. ETN-VC

As shown in Fig. 2, ETN-VC extends the advantages of the
VTN-VC framework by performing an additional VC pretrain-
ing stage with an external simulated sNEL–sNL paired dataset
after the two pretraining stages [10]. In this study, we con-
struct a synthetic paired dataset Dsyn = {SsNEL, SsNL} us-
ing the data augmentation procedure in Section 2.3. Following
the strategies in [10] and [18], we combine Dsyn with the paired
NEL–NL dataset DELV C for third-stage VC pretraining, and
then use DELV C alone for final-stage VC training.

2.3. Data Augmentation

We used a pretrained F5-TTS model [19] to generate synthetic
NL (sNL) speech from the TWnews corpus (containing 10,000
phonetically balanced Mandarin Chinese sentences) [20]. The
first NL training utterance was used as the reference speech for
F5-TTS. We also tried Breezy Voice [21], which is based on the
CosyVoice architecture [22] and trained on a Mandarin Chinese
dataset. However, for our target text, the generated Mandarin
speech had excessively long pauses in utterances. Therefore,
we ultimately chose F5-TTS.

For synthetic NEL (sNEL) speech, we followed the LLE-
VC [13] process to convert sNL speech into paired sNEL
speech. The NEL–NL paired training utterances were used to
construct the dictionary for LLE-VC. We used features from
layer 6 of the WavLM-Large model [16] for the neighbor search
in LLE-VC, since kNN-VC identifies this layer as the best-
performing for NL speech VC [12], and LLE-ELVC has also
proven its effectiveness for EL speech VC [13]. We then used
these neighboring WavLM features to reconstruct the converted
WavLM features, or used the Mel-spectrograms corresponding
to these neighboring WavLM features to reconstruct the con-
verted Mel-spectrograms. Compared to TTS-based data aug-
mentation [18], our method does not require training a ded-
icated EL TTS model; and unlike [10], which augments its
limited set of 240 utterances by altering speech duration, our
method can generate diverse paired sNEL–sNL pairing data
from the 10,000-sentence TWnews corpus while preserving
device-specific acoustic characteristics.

3. Experimental Setup
3.1. Datasets

The dataset used in this study contains five types of Mandarin
speech (16 kHz): NL, CEL, NEL, sNL, and sNEL. This study is
positioned as a preclinical stage and uses ELVC to examine dif-
ferences between NEL speech and CEL speech under controlled
conditions. NL, CEL, and NEL utterances were recorded by
a single healthy speaker reading 320 TMHINT sentences (10
characters each) [23], reducing variability from device usage
and speaker differences and serving as a reference for future
studies on patients. The NL and CEL speech was recorded
in a studio, while the NEL speech was recorded in a hospital
ward environment to reflect anticipated clinical recordings and
practical use of NEL. Although ward recordings may introduce
environment-related factors (e.g., background noise and room
acoustics), we control major confounding factors by keeping the
speaker, sentence set, and parallel NL–CEL and NL–NEL pair-
ing fixed, so that the observed trends primarily reflect device-



and representation-related differences under a realistic record-
ing condition. Importantly, patient data are expected to be col-
lected in the same ward setting for direct comparison. Of these,
240/40/40 paired CEL–NL (or NEL–NL) utterances were used
for training/development/evaluation. The first two pretrain-
ing stages used 45k utterances (44 hours) from the COSPRO
dataset [24], and VC pretraining used 10k sNEL–sNL utterance
pairs (see Section 2.3). The MATBN dataset (196 hours) [25]
was used to train the syllable recognizer for evaluation.

3.2. Training Settings

Both the VTN-VC and ETN-VC models were implemented us-
ing the seq2seq-VC framework [8]. Each model was trained
with either 80-dim Mel-spectrograms (16 kHz) or 1024-dim
WavLM features (the 6th layer of WavLM-Large). Data aug-
mentation was applied only to ETN-VC: we first performed
VC pretraining using sNEL–sNL and NEL–NL utterance pairs,
and then fine-tuned the model using only NEL–NL utterance
pairs. For generating synthetic NEL data, we followed the de-
fault LLE-VC configuration [14]. For waveform reconstruc-
tion, we used the ParallelWaveGAN toolkit [26] to train HiFi-
GAN vocoders [27] on the COSPRO dataset, separately for
each feature type. The vocoders trained for the two feature types
achieved very similar objective performance on the test set, and
thus are unlikely to introduce evaluation bias.

3.3. Evaluation Metrics

We used both objective and subjective metrics for the experi-
mental evaluation. Objective metrics included mel-cepstral dis-
tortion (MCD), fundamental-frequency root mean squared error
(F0 RMSE), fundamental-frequency correlation (F0 CORR),
average absolute duration difference (DDUR), character error
rate (CER), and syllable error rate (SER) to assess speech qual-
ity, prosody, and intelligibility. CER was calculated using the
Whisper-Large model [28], and SER was calculated using our
Mandarin syllable recognizer. For subjective evaluation, we
conducted a randomized A/B test to compare the intelligibil-
ity of converted utterances from two ELVC models. We also
report three off-the-shelf neural assessment scores: Speech-
BERTScore [29] for semantic fidelity, and UTMOS [30] and
MOSA-Net+ [31] for speech quality and intelligibility.

4. Experimental Results
4.1. NEL-to-NL Conversion vs CEL-to-NL Conversion

As shown in Table 1, although the NEL speech yields worse
metric values and higher ASR errors (CER/SER) than the
CEL speech, the overall conversion difficulty is comparable.
We observe opposite feature preferences across devices: Mel-
spectrograms work better for NEL-to-NL, whereas WavLM fea-
tures are more effective for CEL-to-NL. We attribute this dis-
crepancy to the acoustic uniqueness of NEL speech. As shown
in Fig. 3, NEL speech exhibits distinct mid-high-frequency res-
onance and low-frequency attenuation, and WavLM features,
pretrained largely on NL speech, may under-represent these
NEL-specific spectral cues. This uniqueness may also explain
the consistently poorer metric values of NEL than CEL. We also
report the conversion performance of several zero-/few-shot VC
systems on CEL and NEL speech. The SER results are as fol-
lows: SeedVC [32], 71.8% and 84.8%; MKL-VC [33], 85.0%
and 99.5%; and Vevo [34], 84.0% and 101.5%. These results
suggest that general-purpose zero-shot VC is insufficient for

Figure 3: Mel-spectrograms of NL, CEL, NEL, sNEL, and ETN-
VC-converted speech. NEL speech is longer, while sNEL and
converted speech follow the NL duration due to frame-wise con-
version and seq2seq alignment, respectively.

CEL/NEL speech, motivating the need to tailor and adapt VC
models to their unique acoustic characteristics.

4.2. Comparison of VTN-VC and ETN-VC

Table 2 shows that ETN-VC (with data augmentation) out-
performs VTN-VC, regardless of whether Mel-spectrograms
or WavLM features are used, and the performance improves
with increasing data augmentation. Just as VTN-VC with
Mel-spectrograms outperforms VTN-VC with WavLM fea-
tures, ETN-VC with Mel-spectrograms also outperforms ETN-
VC with WavLM features. Note that when training the ETN-
VC model with Mel-spectrograms, the Mel-spectrograms syn-
thesized by LLE-VC are directly used for data augmentation.
Compared to the VTN-VC model with Mel-spectrograms, the
best ETN-VC model with Mel-spectrograms reduces the CER
from 72.0% (see Table 1) to 63.0% and the SER from 58.8%
(see Table 1) to 53.8%. As shown in the lower part of Fig. 3,
the speech converted by ETN-VC exhibits a Mel-spectrogram
that is similar to that of the NL speech.

4.3. Spectrogram Analysis

Based on the previous results and our Mel-spectrogram analysis
of NEL speech, we explored different strategies for generating
sNEL speech for data augmentation. The first approach uses
WavLM features in LLE-VC for both neighborhood search and
feature reconstruction. The second approach still uses WavLM
features for neighborhood search, but reconstructs the corre-
sponding Mel-spectrogram features. For spectrogram analy-
sis, the reconstructed WavLM features of the first approach
must be vocoded to waveforms and then converted to a Mel-



Table 1: Performance comparison of VTN-VC models on CEL/NEL-to-NL tasks. Metrics of unprocessed raw speech are included for
reference. (↑ indicates higher is better, ↓ indicates lower is better.)

Model Feature EL Type MCD ↓ f0RMSE ↓ f0CORR ↑ DDUR ↓ CER (%) ↓ SER (%) ↓

✗ ✗ CEL 10.79 34.10 -0.08 0.88 75.3 ± 6.15 69.3 ± 5.2
NEL 13.75 48.81 0.02 2.68 90.8 ± 2.41 89.5 ± 6.3

VTN-VC
Mel-spectrogram CEL 5.88 34.46 0.27 0.11 73.3 ± 6.33 64.5 ± 5.6

NEL 5.66 34.62 0.25 0.25 72.0 ± 6.64 58.8 ± 6.4

WavLM CEL 5.97 33.57 0.30 0.20 69.0 ± 6.65 57.5 ± 6.3
NEL 6.12 33.32 0.31 0.29 71.5 ± 7.68 62.0 ± 5.6

Table 2: ETN-VC trained on the TMHINT training set with 1k/5k/10k TWNews utterances.

Model Feature
VC Pretraining Data

MCD ↓ f0RMSE ↓ f0CORR ↑ DDUR ↓ CER% ↓ SER% ↓
TWnews TMHINT

ETN-VC

1K ✓ 5.64 33.97 0.27 0.14 66.5 ± 7.72 58.8 ± 5.1
Mel-spectrogram 5K ✓ 5.63 33.23 0.30 0.16 66.3 ± 7.62 59.3 ± 5.4

10K ✓ 5.56 34.11 0.28 0.14 63.0 ± 7.37 53.8 ± 4.8
1K ✓ 6.01 33.39 0.31 0.27 71.3 ± 7.01 61.8 ± 5.6

WavLM 5K ✓ 6.07 34.18 0.29 0.28 68.8 ± 6.75 58.0 ± 5.8
10K ✓ 6.09 34.00 0.29 0.27 65.8 ± 7.39 54.3 ± 5.6

Table 3: SpeechBERTScore, UTMOS, and MOSA-Net+ scores
for NEL, NL, and converted speech (mean ± 95% confidence
interval).

Model
SpeechBERT

Score ↑
UTMOS ↑ MOSA-Net+

Quality ↑ Intelligibility ↑

NEL Speech 0.523 ± 0.006 1.299 ± 0.005 2.153 ± 0.062 0.642 ± 0.022
VTN-VC Mel 0.674 ± 0.008 2.469 ± 0.071 3.511 ± 0.076 0.969 ± 0.004

VTN-VC WavLM 0.678 ± 0.008 2.944 ± 0.092 3.783 ± 0.093 0.980 ± 0.004
ETN-VC Mel 0.675 ± 0.009 2.666 ± 0.084 3.584 ± 0.079 0.973 ± 0.004

ETN-VC WavLM 0.674 ± 0.007 2.998 ± 0.094 3.788 ± 0.073 0.981 ± 0.003

NL Speech 1.000 ± 0.000 3.261 ± 0.069 4.510 ± 0.076 0.996 ± 0.001

spectrogram.
As shown in Fig. 3, Mel-spectrograms synthesized directly

by LLE-VC preserve the mid-high-frequency resonance of NEL
speech much better. In contrast, sNEL speech generated from
reconstructed WavLM features fails to preserve this resonance
and introduces low-frequency noise. The “Mel-spectrogram →
waveform → Mel-spectrogram” route exhibits a similar issue,
but to a lesser extent.

4.4. Subjective Evaluation

As shown in Fig. 4, we conducted three sets of A/B intel-
ligibility tests with 30 participants (native Mandarin speak-
ers, 18 males and 12 females, aged 20–50, self-reported
normal hearing). The results show that Mel-spectrogram-
based VTN-VC and ETN-VC both outperform their WavLM-
based counterparts, further confirming the effectiveness of
Mel-spectrograms for nasal ELVC. We also find that ETN-
VC with Mel-spectrograms outperforms VTN-VC with Mel-
spectrograms, confirming the benefit of data augmentation for
nasal ELVC.

Table 3 shows that WavLM-based VC models achieve
higher non-intrusive neural assessment scores (e.g., UTMOS
and MOSA-Net+), suggesting smoother prosody and more nat-
ural signal flow. In contrast, Mel-spectrogram-based models
perform better on intelligibility-related metrics (CER/SER) and
in A/B tests, highlighting the trade-off between naturalness and
intelligibility. SpeechBERTScore differences are small across
systems, indicating good semantic preservation after conver-
sion. Given the medical context of NEL speech, intelligibility

Figure 4: A/B test results on intelligibility. The bars represent
the percentage of subjects’ voting for each system.

is the focus of this study; therefore, we prioritize CER, SER,
and human listening evaluation over non-intrusive neural qual-
ity metrics. Detailed results and audio samples are available on
our demo website1.

5. Conclusion
This paper presents a preclinical, systematic study of ELVC
for a newly invented NEL device, extending previous ELVC
work that mainly targets CEL speech. To mitigate NEL
data scarcity, we propose an LLE-VC-based data augmenta-
tion strategy that synthesizes paired sNEL–sNL speech for
VC pretraining, yielding consistent gains in NEL-to-NL con-
version. Our experiments further show that feature choice is
device-dependent: WavLM features benefit CEL-to-NL ELVC,
whereas Mel-spectrogram inputs better preserve NEL-specific
spectral characteristics and lead to improved intelligibility-
related metrics and listener preferences for NEL-to-NL conver-
sion. Because this preclinical study used the speech of a sin-
gle healthy speaker, validation with real patient NEL speech
remains an important next step. Future work will collect pa-
tient NEL data for formal perceptual evaluation, including nat-
uralness MOS, and will examine broader SSL features, such as
layer sweeps and alternative encoders.

1Demo site: https://ymchiqq.github.io/nelvc_
demo/

https://ymchiqq.github.io/nelvc_demo/
https://ymchiqq.github.io/nelvc_demo/
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