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ABSTRACT
Electrolarynx (EL) can restore speech to patients without
vocal cords, but the resulting speech often lacks naturalness
and intelligibility. Inspired by recent advances in exemplar-
based methods for speaker voice conversion (VC), this study
explores their application to electrolaryngeal speech voice
conversion (ELVC). As a baseline, we apply the k-nearest
neighbors VC (KNN-VC) method with self-supervised learn-
ing (SSL) representations to ELVC. To circumvent the SSL
feature mismatch between EL speech and natural speech
when applying KNN-VC to ELVC, we propose two meth-
ods under the parallel VC setting: the parallel KNN-ELVC
method and the parallel locally linear embedding (LLE)-
based ELVC method. Experimental results demonstrate that
while directly applying KNN-VC to ELVC improves the
naturalness of EL speech, our proposed methods, especially
LLE-ELVC, significantly improve both naturalness and in-
telligibility. Furthermore, LLE-ELVC is comparable to our
previous deep-learning-based ELVC method, further demon-
strating the potential of exemplar-based methods in ELVC
tasks.

Index Terms— electrolaryngeal speech, voice conver-
sion, self-supervised learning, exemplar-based, k-nearest
neighbors, locally linear embedding

1. INTRODUCTION

Laryngectomy, a surgery often performed for laryngeal can-
cer, removes the larynx and vocal cords, resulting in the loss
of natural voice. Patients undergoing this procedure typically
speak using an electrolarynx (EL), a device that generates
mechanical signals to simulate vocal cord vibrations. How-
ever, EL speech often has poor sound quality, low intelligibil-
ity, and unnatural intonation, which seriously hinder effective
communication.

To address these challenges, a number of electrolaryngeal
speech voice conversion (ELVC) techniques have been devel-
oped to enhance EL speech by converting it into more natural-
sounding speech while preserving the original linguistic con-

tent [1–9]. Early ELVC methods relied on frame-level Gaus-
sian mixture models (GMMs) and made initial progress in im-
proving speech quality [1, 2]. With the advent of deep learn-
ing, more sophisticated methods have been introduced, in-
cluding deep neural networks (DNNs) [3–5] and sequence-to-
sequence (seq2seq) models [6, 7], to further advance the field
by improving frame alignment and generating more natural-
sounding speech. Additionally, representations of large-scale
self-supervised learning (SSL) speech models have recently
been applied to the ELVC task and achieved significant im-
provements [7–9].

Exemplar-based methods that exploit SSL features have
recently received attention for their effectiveness in speaker
voice conversion (VC) and related tasks. A prominent ex-
ample is k-nearest neighbors (KNN)-based voice conversion
(KNN-VC) [10], which uses SSL features as shared content
representation. Through simple KNN regression, the target
SSL features corresponding to the source SSL features are
identified, thereby converting the source speaker’s speech into
the target speaker’s speech. This method stands out for its
simplicity, ability to perform VC using only target data, and
strong performance in any-to-any VC scenarios. In addition
to speaker VC, it has also been applied to other tasks such
as singing VC [11], dysarthric speech VC [12], and speech
emotion recognition [13].

Motivated by these recent successes, we investigate
exemplar-based methods for ELVC. Unlike typical speaker
VC or related tasks [10–13], EL speech presents unique chal-
lenges due to the significant acoustic differences between EL
speech and natural (NL) speech. Directly applying any-to-
any KNN-VC to ELVC may result in poor performance due
to the mismatch in SSL features between EL speech and NL
speech. To circumvent the mismatch problem when directly
applying KNN-VC to ELVC, we propose a parallel KNN-
ELVC method under the parallel VC setting, which performs
SSL feature matching in the EL speech domain to select target
EL feature neighbors and then uses the corresponding target
NL exemplars for conversion. In addition, we also propose
a locally linear embedding (LLE)-based method for ELVC,
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Fig. 1. The KNN-ELVC system.

which combines ideas from our previous work on speaker
VC [14] and KNN-VC.

The main contributions of this study are:

1. We propose two novel parallel ELVC methods based on
KNN-VC and LLE-VC, which improve performance
over baseline methods.

2. Our results demonstrate that the proposed methods, es-
pecially the LLE-ELVC method, improve the natural-
ness and intelligibility of EL speech. These methods
show competitive performance to our previous deep-
learning-based method [9], highlighting the potential of
exemplar-based methods for ELVC.

The remainder of this paper is organized as follows. Sec-
tion 2 introduces the application of KNN-VC to ELVC. Sec-
tion 3 presents the proposed parallel ELVC methods. Sec-
tions 4 and 5 present the experimental setup and results, re-
spectively. Finally, Section 6 concludes the paper with in-
sights and future directions.

2. KNN-VC FOR ELVC

KNN-VC was originally proposed for any-to-any speaker VC
[10]. Here, we describe its adaptation to ELVC in a one-to-
one VC setting, with the overall framework shown in Fig. 1.
In the offline stage, the NL speech data is processed to build
a reference corpus. The WavLM-Large model [15] is used
to extract SSL feature sequences from NL speech, which are
then compiled into an NL feature dictionary (referred to as a
matching set in [10]). A HiFi-GAN vocoder [16] is trained us-
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Fig. 2. The proposed parallel ELVC systems.

ing these NL speech features to facilitate high-quality wave-
form synthesis.

In the online stage, feature extraction, conversion, and
waveform synthesis are performed in sequence.

1. Feature Extraction: The WavLM-Large model ex-
tracts an SSL feature sequence {Xt}Tt=1 from the input
EL speech utterance, where T denotes the number of
speech frames, and Xt represents the EL feature vector
at frame t.

2. Feature Conversion: Each EL feature vector Xt is
converted independently on a frame-by-frame basis.
For each Xt, the model retrieves its k nearest neighbors
from the NL dictionary (yielding Sub-NL Dictionary in
Fig. 1) based on cosine distance. The k nearest neigh-
bors are uniformly averaged to obtain the converted
feature vector Yt. The process produces the converted
feature vector sequence {Yt}Tt=1.

3. Waveform Synthesis: The converted SSL feature vec-
tor sequence is fed into the HiFi-GAN vocoder to syn-
thesize the final speech waveform.

To address potential discontinuities in the feature se-
quence resulting from frame-independent conversion, we
incorporate the dynamic features proposed in [14]. Delta and
delta-delta features are calculated from static features dur-
ing feature extraction. The Maximum Likelihood Parameter
Generation (MLPG) algorithm [17] is then applied to ensure
temporal coherence. The ELVC model that directly applies
KNN-VC is called KNN-ELVC.



3. PROPOSED METHODS

Fig. 2 shows the architecture of the proposed parallel ELVC
systems in a one-to-one VC setting. In the offline stage, a
parallel corpus of EL and NL speech is prepared in advance.
The WavLM-Large model is then used to extract SSL feature
vector sequences from both EL and NL speech. Next, Dy-
namic Time Warping (DTW) aligns feature sequences of EL
speech and NL speech. Finally, a pairing dictionary is built
based on the aligned EL and NL features, allowing the model
to directly map EL features to their corresponding NL coun-
terparts.

In the online stage, feature extraction and waveform syn-
thesis follow the same process as the KNN-VC method. How-
ever, the feature conversion process differs in the following
ways:

1. Neighbor Selection: For each EL feature vector Xt,
the model identifies its k nearest neighbors from the EL
dictionary (forming Sub-EL Dictionary in Fig.2) based
on cosine distance.

2. Weight Computation: A weight vector Wt is derived
based on these k nearest neighbors according to

Wt = argmin
W

||Xt −
k∑

i=1

wi × bi||2, (1)

where bi is the i-th neighbor of Xt, and wi is the
weight.

3. Feature Conversion: The converted feature vector Yt

is obtained by linearly combining the k NL feature vec-
tors corresponding the k nearest EL neighbors (Sub-NL
Dictionary in Fig.2) using the weight vector Wt.

The weight calculation in step 2 differentiates between
KNN-based and LLE-based methods. The proposed KNN-
based parallel ELVC (pKNN-ELVC) employs uniform weight-
ing similar to KNN-VC, while the proposed LLE-based paral-
lel ELVC (LLE-ELVC) computes weights to best reconstruct
Xt from its k nearest neighbors according to Eq. (1). The dy-
namic features with MLPG introduced in Section 2 can also
be applied to both models.

In contrast to KNN-ELVC (see Section 2), in pKNN-
ELVC and LLE-ELVC, the Neighbor Selection step is per-
formed entirely within the EL speech domain. This approach
can mitigate potential performance degradation caused by
the different acoustic characteristics of EL and NL speech.
But the prerequisite for using this approach is that the target
speaker must provide parallel EL and NL speech.

4. EXPERIMENTAL SETUP

4.1. Experimental dataset

Our experimental dataset was recorded by a physician reading
the Taiwanese Mandarin Hearing in Noise Test (TMHINT)

phonetically balanced sentences [18] with and without an
electrolarynx. There were 320 EL and 320 NL speech utter-
ances. The speech utterances corresponding the first 240 sen-
tences were used to build the sample dictionary for exemplar-
based methods or train the DNN model, while the speech
utterances corresponding to the remaining 80 sentences were
used as the test set. All speech signals were recorded at a
sampling rate of 16 kHz.

4.2. Reference systems

To evaluate the effectiveness of exemplar-based ELVC, we
compared six exemplar-based ELVC systems with one DNN-
based ELVC system. These systems include: KNN-ELVC-s
and KNN-ELVC-d, which use the KNN-VC method with
static and dynamic features for feature conversion, respec-
tively (Section 2); pKNN-ELVC-s and pKNN-ELVC-d,
which represent the proposed KNN-based parallel ELVC
methods, respectively using static and dynamic features for
feature conversion (Section 3); LLE-ELVC-s and LLE-
ELVC-d, which present the proposed LLE-based parallel
ELVC methods with static and dynamic features (Section 3).
The DNN-based ELVC system used the CDVAE model in [9].

4.3. Settings for exemplar-based systems

For exemplar-based systems, we followed the settings in [10]
for SSL feature extraction and waveform synthesis. Specifi-
cally, we used the output of layer 6 of the pretrained WavLM-
Large model [15] as SSL features, and each 20 ms of 16 kHz
audio was represented as a 1024-dimensional vector (static
feature). As reported in [10], these SSL features are crucial
for achieving good performance in speaker VC tasks. Dy-
namic features (delta and delta-delta) were calculated for sys-
tems using dynamic features, resulting in a 3072-dimensional
feature vector. For waveform synthesis, we employed a
pretrained HiFi-GAN vocoder1, which takes static SSL fea-
tures as input. The vocoder was trained on the English
multi-speaker LibriSpeech train-clean100 dataset [19]. The
prematched technique was used during vocoder training, i.e.,
the KNN-VC method was used to generate vocoder training
data to ensure consistency between feature conversion and
vocoder generation. We chose this HiFi-GAN version be-
cause our preliminary experiments showed that it provided
better sound quality than the regular HiFi-GAN vocoder
(without the prematched technique). For more details on the
prematched HiFi-GAN vocoder, see [10].

4.4. Settings for the DNN-based baseline system

In [9], the CDVAE-based ELVC system utilized both tradi-
tional spectral features and WaveLM features for pretraining.
Then, DTW was used to align the EL and NL speech signals

1https://github.com/bshall/knn-vc



Fig. 3. Performance trends of exemplar-based ELVC methods with increasing k value.

based on the WaveLM features, and the model was trained
accordingly to convert the EL speech into the NL speech. A
Parallel WaveGAN vocoder [20] trained with the WaveLM
features was used for waveform synthesis. For a fair compar-
ison, in our experiments, the SSL features and vocoder used
in CDVAE are the same as those used in the exemplar-based
methods.

4.5. Experimental protocols

We used four objective metrics to evaluate the converted
speech obtained by each system. Mel-cepstral distortion
(MCD) in dB measures spectral distortion. When calcu-
lating MCD, the 0th order of the mel-cepstral coefficients
was excluded. Fundamental frequency root mean square
error (f0RMSE) in Hz measures the accuracy of the F0 in-
formation. Fundamental frequency correlation coefficient
(f0CORR) measures F0 feature correlation. Character Er-
ror Rate (CER) was obtained using the pretrained Whisper
large model [21]. In addition, a subjective listening test was
conducted using the mean opinion score (MOS) test. Partici-
pants, all native Chinese speakers with normal hearing, rated
the naturalness and intelligibility of the converted speech
on a five-point scale, with 1 being the worst and 5 being
the best. For intelligibility, the scoring scale is as follows:
5 means complete understanding of every word, 4 means
difficulty with a few words but generally understandable, 3
means understanding about half of the words, 2 means un-
derstanding only a few words, and 1 means no understanding
at all. Twenty speech utterances from each ELVC system
were selected for the listening test. A total of 25 subjects

participated. For each test sample, participants were unaware
of which ELVC system generated it.

5. EXPERIMENTAL RESULTS

5.1. Selection of the best exemplar-based system

This section aims to identify the best exemplar-based systems
under different settings. Given the critical importance of in-
telligibility in ELVC tasks, our evaluation prioritizes CER as
the main metric, while also considering other metrics such as
MCD and f0CORR to ensure a comprehensive quality assess-
ment. Fig. 3 shows the performance trends of these methods
at different values of k (i.e., the number of neighbors in the
k-nearest neighbors method).

The main observations from Fig. 3 are as follows. First,
the KNN-ELVC, pKNN-ELVC, and LLE-ELVC methods
achieved the lowest CER in the following settings: KNN-
ELVC-d with k = 256, pKNN-ELVC-s with k = 8,
and LLE-ELVC-d with k = 256. Systems under these
configurations are also competitive in other metrics, with
LLE-ELVC-d not only achieving the lowest CER but also
maintaining high scores in other metrics, highlighting its
overall effectiveness. Second, the proposed parallel ELVC
systems consistently outperform KNN-ELVC on most met-
rics across k values, emphasizing their suitability for ELVC
tasks. Among the proposed methods, pKNN-ELVC exhibits
performance degradation with increasing k, whereas LLE-
ELVC improves or maintains stable performance in f0CORR
and CER with increasing k while maintaining relatively con-
sistent MCD values.



Table 1. Comparison of different ELVC systems. Subjective test (MOS with 95% confidence interval).

Objective Test Subjective Test (MOS: 1-5)

Type System MCD (dB)↓ f0RMSE↓ f0CORR↑ CER (%)↓ Naturalness↑ Intelligibility↑
EL - 10.80 27.74 −0.021 73.68 1.21 ± 0.04 1.91 ± 0.09

Exemplar-based
KNN-ELVC-d 7.81 24.09 0.231 86.15 2.24 ± 0.07 2.04 ± 0.09
pKNN-ELVC-s 6.88 24.30 0.379 64.00 2.97 ± 0.08 2.96 ± 0.10
LLE-ELVC-d 6.90 23.91 0.416 56.22 2.99 ± 0.07 2.93 ± 0.10

DNN-based CDVAE 7.07 24.02 0.481 64.96 3.12 ± 0.09 2.61 ± 0.10

NL - - - - 4.9 4.95 ± 0.03 4.95 ± 0.03

5.2. Overall results

Table 1 shows a comprehensive comparison of representative
exemplar-based systems selected in Section 5.1), the CDVAE
baseline system, unprocessed EL speech, and NL speech. In
objective tests, LLE-ELVC-d shows superior performance in
f0RMSE (23.91 Hz) and CER (56.22%), while achieving a
comparable MCD (6.90 dB) to pKNN-ELVC-s (6.88 dB).
The CDVAE baseline outperforms all exemplar-based sys-
tems in terms of f0CORR (0.481). In subjective tests, it is in-
teresting to note that although CDVAE is worse than pKNN-
ELVC-s and LLE-ELVC-d in objective metrics CER and
MCD, it achieves the highest naturalness score (3.12 ± 0.09),
significantly better than other methods (p < 0.05, t-test).
LLE-ELVC-d and pKNN-ELVC-s follow closely in terms
of naturalness (2.99 ± 0.07 and 2.97 ± 0.08, respectively),
with no statistically significant difference between them (p =
0.6581). In terms of intelligibility, pKNN-ELVC-s scores
2.96 ± 0.10, which is better than other methods, but the differ-
ence from LLE-ELVC-d (2.93 ± 0.10) is not statistically sig-
nificant (p = 0.7202). Although CDVAE’s naturalness score
is high, its intelligibility score is low (2.61 ± 0.10). All ELVC
systems demonstrate significant improvements over unpro-
cessed EL speech on all metrics. However, there is still a large
gap between converted speech and natural speech, especially
in subjective evaluations of naturalness and intelligibility.

In summary, our comprehensive analysis reveals that
while exemplar-based systems, particularly LLE-ELVC-d,
provide robust performance on a variety of objective and
subjective metrics, CDVAE maintains an advantage in terms
of perceived naturalness. However, considering all metrics,
LLE-ELVC-d provides the best trade-off between natural-
ness, intelligibility, and objective accuracy. This demon-
strates the potential of LLE-ELVC for practical applications
in ELVC tasks and highlights future research directions to
further bridge the gap between converted speech and natu-
ral speech. Furthermore, these findings highlight how our
proposed parallel methods effectively address the limitations
observed when directly applying KNN-VC to ELVC. The
key improvement lies in resolving the mismatch between EL

speech and NL speech, a potential issue with the KNN-VC
baseline due to the assumption of similar SSL feature distri-
butions. By performing neighbor selection within the same
EL speech domain, the proposed methods avoid performance
degradation caused by the different acoustic characteristics of
EL speech and NL speech. This leads to more effective con-
version results, as evidenced by the improved subjective and
objective metrics, especially for LLE-ELVC. Audio samples
are publicly available2.

6. CONCLUSIONS

In this paper, we study exemplar-based methods for ELVC
and propose two parallel methods, namely parallel KNN-
ELVC and parallel LLE-ELVC. Our findings show that both
methods effectively address the mismatch problem between
EL speech features and NL speech features, which is a key
limitation in applying KNN-VC to ELVC. Among these
methods, LLE-ELVC is the most balanced, performing well
in terms of intelligibility and objective metrics while also
delivering competitive naturalness scores. Although the CD-
VAE baseline system leads in terms of perceived naturalness,
LLE-ELVC exhibits robust overall performance, making it
a strong candidate for practical ELVC applications. Future
work will focus on refining the components of these systems
using Mandarin datasets, exploring prematched techniques to
further improve exemplar-based methods, and investigating
more flexible any-to-any ELVC methods to enhance patient
usability.
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