
Personalized Electrolaryngeal Voice Conversion with a Single Pre-operative
Utterance

Devin Chang1, Hsin-Te Hwang1, Ming-Chi Yen1, Shu-Wei Tsai2, Yu Tsao1, Hsin-Min Wang1

1 Academia Sinica, Taipei, Taiwan
2 National Cheng Kung University Hospital, Tainan, Taiwan

devchang918@gmail.com

Abstract
Electrolaryngeal voice conversion (ELVC) enhances the me-
chanical speech of laryngectomees to improve naturalness and
intelligibility. While personalized ELVC typically requires ex-
tensive pre-operative recordings for supervised training, this pa-
per investigates a one-shot scenario where only one natural ut-
terance is available for timbre preservation. We evaluate two
strategies using zero-shot VC models: (1) a cascaded approach,
performing ELVC followed by secondary conversion to the tar-
get timbre; and (2) a pseudo-target strategy, using a zero-shot
model to generate synthetic training data for a supervised ELVC
model. Results indicate that the cascaded approach outperforms
the pseudo-target strategy, remarkably improving speaker sim-
ilarity and quality with minimal impact on intelligibility. We
also demonstrate that direct application of zero-shot models to
ELVC fails due to domain mismatch, confirming the neces-
sity of our proposed framework for one-shot personalized voice
restoration.
Index Terms: Electrolaryngeal Speech, voice conversion, tim-
bre preservation

1. Introduction
Patients with advanced laryngeal cancer often require total la-
ryngectomy (TL), a surgical procedure that removes the larynx,
resulting in the loss of natural voice and speech [1]. To restore
patients’ ability to communicate after TL, electrolarynxes have
been developed, which generate mechanical speech by inducing
vibrations in the neck skin [1]. However, the robotic quality and
low naturalness of electrolaryngeal (EL) speech often lead to
poor intelligibility and listener discomfort, creating communi-
cation barriers that can significantly affect patients’ social lives.
[2].

To improve communication for these patients, voice con-
version (VC) techniques have been extensively studied to im-
prove the intelligibility of EL speech. Traditional statistical
methods such as Gaussian-Mixture Model [3, 4] and neural net-
work–based approaches [3, 5, 6, 7, 8] have achieved success
in improving EL speech intelligibility. Although these meth-
ods significantly improve intelligibility, the converted speech
typically resembles the voice of a pre-defined target speaker
rather than the patient’s original voice. Consequently, most ex-
isting ELVC systems focus on converting EL speech to another
speaker instead of restoring the patient’s own voice.

When pre-operative recordings of a patient’s natural (NL)
voice are available, personalized ELVC that restores both intel-
ligibility and speaker identity becomes highly desirable. Previ-
ous studies have explored converting EL speech to a patient’s
original voice using VC systems trained with parallel pre- and
post-operative recordings [9]. However, such approaches typi-

cally require a substantial amount of pre-operative speech data.
In real-world clinical scenarios, collecting large amounts of pre-
operative recordings is often impractical. Patients are rarely
recorded extensively before TL, and in many cases, only a very
limited amount of NL speech is available. Recent progress in
zero-shot and one-shot VC suggests that speaker identity can be
inferred from a single reference utterance [10, 11, 12, 13, 14]. In
related biomedical tasks such as dysarthric speech reconstruc-
tion (DSR), two-stage frameworks that separate intelligibility
restoration and speaker identity transfer have shown promising
results [15, 16]. These observations motivate the exploration of
similar strategies for personalized ELVC under extremely lim-
ited data conditions.

In this study, we investigated one-shot personalized ELVC,
where only a single NL utterance from the source speaker is
available as the timbre reference for voice restoration. To our
knowledge, this work presents the first systematic benchmark
for one-shot personalized ELVC with only a single simulated
pre-operative utterance. Motivated by the failure of direct zero-
shot VC on EL speech, we explored two strategies. The first is
a cascade approach inspired by two-stage DSR [16], where
EL speech is first converted to intelligible NL speech using
the locally linear embedding (LLE)-based ELVC (LLE-ELVC)
[17, 18] and then passed to a pretrained zero/one-shot VC model
to restore speaker identity. The second is a pseudo-target
strategy that uses pretrained VC models to synthesize pseudo
training targets for personalized ELVC. We evaluated three pre-
trained zero/one-shot VC backbones: FreeVC [10], Vevo [11],
and Seed-VC [12]. Experimental results show that directly
applying zero/one-shot VC models to EL speech fails due to
severe domain mismatch. In contrast, the cascaded frame-
work significantly improves speaker similarity while maintain-
ing comparable intelligibility. By feeding intermediate LLE-
ELVC output features directly into the second-stage VC mod-
els, the cascade framework further reduces syllable error rate
(SER). With supervised refinement, the best cascaded system
slightly surpasses a supervised ELVC baseline that assumes ac-
cess to 240 simulated pre-operative NL utterances in restoring
intelligibility, while demonstrating improved speech quality and
substantially higher speaker similarity.

The main contributions of this work are summarized as fol-
lows:

1. We formulated and benchmarked the problem of one-shot
personalized ELVC, where only a single NL utterance from
the target speaker is available for timbre preservation.

2. We investigated two strategies for one-shot personalized
ELVC: a pseudo-target strategy and a cascaded framework
that separates timbre transfer from intelligibility restoration.

3. We demonstrated that feature-level cascading and super-



(a) The pseudo-target strategy

(b) The cascade approach

Figure 1: Illustration of two proposed personalized ELVC frameworks for restoring speaker identity using single target NL utterance
while enhancing speech intelligibility.

vised refinement enhance cross-stage compatibility, achiev-
ing strong objective and subjective improvements in speaker
similarity while maintaining high intelligibility.

2. Proposed Methods
2.1. The Pseudo-target Strategy

In this work, our setup used only 240 EL-NL parallel speech
utterances for ELVC training. As shown in Fig. 1a, with a pre-
trained zero-/one-shot VC model, we first converted the tim-
bre of the 240 recordings of an NL speaker to match that of
the single simulated pre-operative recording of the EL speaker,
thereby generating 240 pseudo target utterances. LLE-ELVC
was then trained to convert EL speech to pseudo targets, im-
proving both intelligibility and speaker similarity.

2.1.1. Zero- and One-shot VC Methods

We evaluated three VC models that support single-reference
timbre conversion.

• FreeVC [10]: A VITS-based one-shot VC model that per-
forms timbre conversion from a single reference utterance. It
uses WavLM [19] features for content representation and an
information bottleneck to filter speaker characteristics.

• Vevo [11]: A zero-shot VC framework that decouples style,
timbre, and linguistic content. Since our task only required
timbre conversion, we used the flow-matching transformer
component, which uses HuBERT [20] for continuous hidden
features.

• Seed-VC [12]: A zero-shot VC model that incorporates an
external timbre shifter to reduce timbre leakage and mis-
matches between training and inference. It utilizes Whisper-
small [21] as the semantic encoder and a diffusion trans-
former to produce a more robust timbre representation from
reference speech.

2.1.2. LLE-VC and LLE-ELVC

Exemplar-based methods such as LLE-VC [22, 23] have been
used in ELVC [17, 18] since they require relatively small paral-
lel training data. In this work, we adopted an LLE-VC frame-

work [18] consisting of four stages: neighbor search, weight es-
timation, feature reconstruction, and waveform synthesis with a
HiFi-GAN vocoder [24].

Following previous ELVC studies, Chinese-HuBERT fea-
tures [25] were used for robust content representation during
neighbor search, while WavLM-6th layer features [19] were
used for weight estimation and reconstruction. The HiFi-GAN
vocoder [24] was trained on LibriSpeech [26] and COSPRO
Mandarin [27] corpora.

2.2. The Cascade Approach

In addition to the pseudo-target strategy, we evaluated an al-
ternative framework that cascades LLE-ELVC with a zero/one-
shot VC method (Fig. 1b). In this framework, EL speech was
first converted to intelligible NL speech through LLE-ELVC.
The converted waveforms were then passed to the pretrained
FreeVC, Vevo, or Seed-VC models with default settings. Using
the single simulated pre-operative NL utterance as reference,
the zero- or one-shot VC model enhanced speaker similarity
while preserving intelligibility gained from LLE-ELVC.

2.2.1. Cascading with LLE-ELVC Output Features

We further evaluated a feature-level cascade that directly feeds
LLE-ELVC output features into zero- or one-shot VC mod-
els, bypassing intermediate waveform synthesis. LLE-ELVC
was configured to output the same semantic features used by
FreeVC, Vevo, or Seed-VC, reducing artifacts from waveform
synthesis and re-encoding.

2.2.2. Supervised Fine-tuning of Zero-shot VC Methods

To further refine the cascade approach, we performed speaker-
dependent supervised fine-tuning on the zero- or one-shot VC
models (Fig. 2), adapting them to LLE-ELVC-generated wave-
forms and the target speaker’s voice characteristics. LLE-ELVC
outputs were generated using leave-one-utterance-out (LOUO)
on the 240 EL-NL training utterance pairs. The resulting 240
utterances (features) served as source speech, while the cor-
responding Seed-VC generated pseudo-targets (Sec. 2.1) were
used for supervision. Dynamic time warping (DTW) [28] was
applied instead of the default truncation to align source and tar-



Figure 2: Illustration for the supervised fine-tuning of zero- and one-shot VC methods using pseudo-target speech and LOUO-generated
LLE-ELVC output.

get utterances of different lengths. The best checkpoint within
600 steps was selected based on SER, speaker similarity, and
model loss. During fine-tuning, the trainable Seed-VC modules
were updated except for the vocoder.

3. Experimental Setup and Results

3.1. Experimental Setup

3.1.1. Datasets

Our dataset consists of three male (EL01–NL08–NL01,
EL08–NL01–NL08, BYEL02–NL08–BNL02) and one female
(EL06–NL05–NL06) speaker pairs. Since real pre-operative
recordings from laryngectomy patients are rarely available, we
simulated the one-shot personalized ELVC scenario using non-
laryngectomized speakers. EL speech (EL01, EL08, BYEL02,
and EL06) was produced by these speakers using an electro-
larynx, and the corresponding NL recordings (NL01, NL08,
BNL02, and NL06) were treated as pre-operative speech. For
each speaker pair, we additionally assumed the presence of an-
other NL speaker with more recordings available. For all speak-
ers, we obtained 320 recordings of 10-character Mandarin sen-
tences from the Taiwanese Mandarin Hearing in Noise Test
(TMHINT) dataset [29], with all audio resampled to 16 kHz.
The recordings were split into 240/40/40 utterances for training,
development, and evaluation, respectively. Under the one-shot
assumption, only the first utterance from the development set of
the target speaker was used as the identity reference.

3.1.2. Compared Systems

We evaluated the following systems:

• Supervised ELVC Baseline: LLE-ELVC trained using fully
paired EL–NL data, assuming access to 240 pre-operative NL
utterances.

• Direct Zero-shot VC: applying Seed-VC, Vevo, or FreeVC
directly to EL speech.

• Pseudo-target Strategy (Sec. 2.1): pseudo-target speech
generated by zero-/one-shot VC models was used as super-
vision for LLE-ELVC.

• Cascade (Waveform) (Sec. 2.2): LLE-ELVC followed by
zero-/one-shot VC on reconstructed waveforms.

• Cascade (Feature) (Sec. 2.2.1): intermediate acoustic fea-
tures were directly passed to the second-stage VC model.

• Refined Cascade (Sec. 2.2.2): further improving the feature-
level cascade through speaker-dependent supervised refine-
ment.

3.1.3. Evaluation Metrics

We report four objective metrics: SpeechBERTScore (semantic
fidelity) [30], SER for intelligibility, speaker similarity based
on embedding cosine similarity, and UTMOS [31] for predicted
perceptual quality. The embedding cosine similarity was calcu-
lated with a resemblyzer provided by the Amphion toolkit [32].
To compute the SER, we trained a syllable recognition system
using the 196-hour MATBN corpus [33]. In addition, subjective
listening tests were conducted to evaluate perceived similarity
and intelligibility.

3.2. Results and Analysis

3.2.1. Direct Zero-Shot Failure and Structural Comparison

Table 1 summarizes the average performance across four
speaker pairs. The unprocessed EL input exhibits degraded
intelligibility (SER: 79.48%) and low perceptual quality (UT-
MOS: 1.31), confirming the need for enhancement. Directly
applying pretrained zero- or one-shot VC models to EL speech
leads to severe degradation. For example, FreeVC produces
SER exceeding 100%, while Seed-VC and Vevo yield SER
above 85%, which are worse than the unprocessed EL speech.
These results indicate a strong distribution mismatch between
EL speech and the NL speech assumed by pretrained VC mod-
els, motivating the need for an EL restoration stage before tim-
bre transfer.

We then compare the two strategies for one-shot personal-
ization. Using Seed-VC as the backbone, the cascaded frame-
work (Waveform + Seed-VC) achieves substantially higher
speaker similarity (0.82) and UTMOS (1.91) than the pseudo-
target strategy (0.74 similarity and 1.64 UTMOS), although
the pseudo-target approach yields slightly lower SER (65.70%
vs. 69.65%). Similar trends are observed with Vevo and
FreeVC. Overall, these results suggest that separating intelligi-
bility restoration and timbre modeling is a more effective design
under the one-shot constraint.

3.2.2. Improving the Cascade Approach

In the waveform-level cascade method, the second-stage VC
model operates on reconstructed waveforms from LLE-ELVC,
which may introduce vocoder artifacts. To mitigate this issue,
we adopt feature-level cascading where intermediate acoustic
representations are directly fed into the VC backbone.

For Seed-VC, this modification significantly improves in-
telligibility, reducing SER from 69.65% to 60.08% while main-
taining high speaker similarity (0.82 → 0.81) and improving
perceptual quality (UTMOS: 1.91 → 2.08). These results indi-
cate that bypassing intermediate waveform reconstruction better
preserves the acoustic structure required by the pretrained VC
model. Building upon this design, we further introduce super-



Table 1: Average performance across four speaker pairs. SER indicates Syllable Error Rate (%). Lower SER is better; higher values
are better for other metrics.

Category System SpeechBERT ↑ UTMOS ↑ SER (%) ↓ Similarity ↑

Input EL (Unprocessed) 0.62 1.31 79.48 0.52

Baselines

Supervised ELVC 0.74 1.86 61.98 0.75
Direct Zero-Shot (Seed-VC) 0.68 1.65 85.03 0.78
Direct Zero-Shot (Vevo) 0.62 1.49 91.35 0.70
Direct Zero-Shot (FreeVC) 0.62 1.96 101.48 0.68

Pseudo-Target
+ Seed-VC 0.72 1.64 65.70 0.74
+ Vevo 0.71 1.67 66.25 0.72
+ FreeVC 0.71 1.94 68.50 0.66

Cascade (Waveform)
+ Seed-VC 0.73 1.91 69.65 0.82
+ Vevo 0.72 2.17 69.98 0.81
+ FreeVC 0.69 2.64 79.70 0.73

Cascade (Feature)
+ Seed-VC 0.73 2.08 60.08 0.81
+ Vevo 0.71 1.96 72.00 0.80
+ FreeVC 0.69 2.40 82.20 0.70

Refined Cascade (Feature) + Seed-VC 0.74 2.30 59.65 0.84

vised refinement of the second-stage VC model. The refined
cascade method (Feature + Seed-VC) achieves the best overall
performance in Table 1, reducing SER to 59.65% (vs. 61.98%)
and increasing speaker similarity to 0.84 (vs. 0.75) compared
with the supervised LLE-ELVC baseline. It also maintains com-
parable SpeechBERTScore (0.74) while improving UTMOS
(2.30 vs. 1.86), likely due to the neural speech synthesis archi-
tecture used in the second-stage VC model. Through further
analysis of the cascade method, we observe that the first-stage
LLE-ELVC model alone achieves SER 65.58%, while applying
the second-stage VC further reduces SER, suggesting that the
pretrained VC backbone can refine acoustic realization by pro-
jecting intermediate speech representations toward the natural
speech manifold learned from large-scale training data. Exam-
ple audio samples are available on the demo website1.

3.2.3. Backbone-Specific Analysis

We also analyze the behavior of different VC backbones.
FreeVC achieves the highest perceptual quality in the wave-
form cascade (UTMOS: 2.64) but suffers from poor intelligi-
bility (SER: 79.70%), indicating sensitivity to residual EL ar-
tifacts. Vevo shows moderate performance across metrics but
does not outperform Seed-VC. In contrast, Seed-VC consis-
tently provides the most balanced trade-off between intelligi-
bility, speaker similarity, and perceptual quality. One possible
explanation is that these VC models are pretrained on different
corpora and objectives, resulting in varying robustness to distri-
bution shifts introduced by EL restoration.

3.2.4. Subjective Evaluation

We conducted a subjective evaluation comparing the super-
vised ELVC baseline with Refined Cascade (Feature), the best-
performing system (denoted as S1 and S2, respectively). Thir-
teen listeners participated using headphones in a quiet environ-
ment.

Speaker similarity (ABX). Listeners were presented with

1https://devchang918.github.io/IS2026_one_
shot_personalized_ELVC/

Table 2: Subjective evaluation results for S1 vs S2. MOS scores
are reported as 95% confidence interval. Win/Same rate show
the percentages for listener choices in the ABX test.

System MOS ↑ Win (%) Same (%)
S1 2.869 ± 0.102 9.38 12.92S2 3.090 ± 0.093 77.71

two converted samples (A and B) and a reference sample (X),
an NL utterance from the target speaker serving as the pre-
operative reference. For each trial, listeners selected the sam-
ple that sounded more similar to the reference speaker. Across
40 trials, the cascaded system is significantly preferred over the
supervised baseline (77.71% vs 9.38%), while 12.92% of the
responses indicated no perceptual difference (Table 2).

Intelligibility MOS. Listeners also rated intelligibility on
a 1–5 scale. The 95% confidence intervals in Table 2 indicate
that the proposed cascade achieves slightly higher intelligibility
while significantly improving perceived speaker similarity.

4. Conclusion

This paper establishes a benchmark for personalized ELVC in
an extreme one-shot setting where only a single NL utterance is
available to preserve speaker identity. We compared a pseudo-
target strategy and a cascaded framework that separates intel-
ligibility restoration from timbre transfer. Experimental results
show that direct zero-shot VC fails due to severe domain mis-
match. In contrast, the cascaded framework effectively restores
intelligibility prior to timbre transfer. With feature-level cas-
cading and supervised refinement, our system surpasses a su-
pervised ELVC baseline in intelligibility while significantly im-
proving speaker similarity and perceptual quality. Future work
will investigate the latency and robustness of the framework on
larger speaker populations, alternative evaluation methods, and
more ELVC front-end models.

https://devchang918.github.io/IS2026_one_shot_personalized_ELVC/
https://devchang918.github.io/IS2026_one_shot_personalized_ELVC/
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