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Abstract—Electrolaryngeal speech voice conversion (ELVC)
aims to improve the naturalness and intelligibility of electrolaryn-
geal (EL) speech. A key challenge lies in the limited availability
of EL data. We previously proposed a locally linear embedding-
based ELVC (LLE-ELVC) method that leverages features from
the sixth layer of WavLLM Large and exemplar-based techniques
to reduce reliance on large corpora. Building on recent findings
that using advanced content representations can improve speech
quality, we extend LLE-ELVC by incorporating robust content
features for neighbor search while retaining prosody-rich features
for speech reconstruction. Evaluated on a Mandarin corpus,
our method consistently improves both objective and subjective
metrics. Among the foundation models evaluated, WavLLM Large,
Chinese-HuBERT Large, and Whisper Large V3 show the most
robust performance across different speakers and recording
conditions. These results confirm the effectiveness of integrating
content representations into LLE-ELVC.

I. INTRODUCTION

Electrolaryngeal (EL) speech is produced by people who
have lost their ability to produce natural (NL) speech due to
total laryngectomy using an external electrolarynx. However,
EL speech often sounds robotic and is difficult to understand
due to the absence of natural glottal and prosodic cues. Elec-
trolaryngeal speech voice conversion (ELVC), which converts
EL speech to NL speech, has clinical and social value. Early
ELVC studies used traditional acoustic features and statistical
or neural models, but achieved limited improvements in speech
quality [1]-[3]. Although deep learning-based methods [4]—[7]
have shown promise, they usually require large parallel corpora
to train accurate mapping functions.

To address these issues, we previously proposed a locally
linear embedding-based ELVC (LLE-ELVC) approach [8] that
integrates self-supervised learning (SSL) representations into
an exemplar-based framework. LLE-ELVC avoids model train-
ing and comprises four stages: neighbor search in the EL
domain, LLE weight estimation, feature reconstruction using
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aligned NL exemplars, and waveform synthesis. All compo-
nents use prosody-rich features from the sixth layer of WavLM
Large [9] (hereafter referred to as WavLM-6th features), as
suggested in [10]. This design reduces the reliance on large
datasets and achieves higher intelligibility than neural network-
based methods [11]. However, in this study, our analysis shows
that the conversion quality degrades significantly when the
recorded EL speech is highly unintelligible.

Recent work on voice conversion has shown that advanced
content representations such as those from ContentVec [12]
and Whisper [13] can improve conversion accuracy [14], [15].
Notably, [16] reported improved performance in singing voice
conversion by using the average of the features from the last
five layers of WavLM Large for matching, highlighting the
advantage of using richer content features in their exemplar-
based system. Inspired by this, we extend LLE-ELVC by
introducing content features in the neighbor search stage while
retaining WavLM-6th features for LLE weight estimation and
reconstruction. This flexible design allows the integration of
advanced foundation models to improve intelligibility and
stability in ELVC.

We evaluate five content models on a Mandarin EL/NL cor-
pus: WavLM Large, HuBERT Large [17], Chinese-HuBERT
Large [18], ContentVec [12], and Whisper Large V3 [13].
The proposed system consistently improves both objective and
subjective metrics. WavLM Large, Chinese-HuBERT Large,
and Whisper Large V3 show the most robust performance. No-
tably, Chinese-HuBERT Large outperforms HuBERT Large,
highlighting the benefits of training specifically for Mandarin.

Our main contributions are as follows:

1) We propose a feature-agnostic modification of LLE-
ELVC that supports arbitrary content representations
without the need for additional network training.

2) Our comprehensive experiments show that stronger con-
tent features can improve quality, intelligibility, and
stability in ELVC.

3) Our analysis reveals that Mandarin-focused pre-training
and clear EL speech articulation contribute substantially
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Fig. 1.

Improved LLE-ELVC architecture.

Colored rectangles: waveform/features; Rounded rectangles: operations; Flattened cylinders: fixed dictionaries.

to performance improvements, suggesting important di-
rections for future research.

II. METHODOLOGY

This section presents the improved LLE-ELVC framework,
which extends our previous work [8] to enable flexible integra-
tion of content representations. As shown in Fig. 1, the system
operates in two phases: dictionary construction and inference.

A. Dictionary Construction

In the dictionary construction phase, four feature vector
sets are built using paired EL and NL utterances: Source
Matching Set, Source Weight Set, Target Alignment Set, and
Target Synthesis Set. Feature extraction is performed using
pretrained foundation models to obtain content features (e.g.,
the last layer of HuBERT Large) and prosody-rich features
(e.g., WavLM-6th), depending on the role of each feature set.

o Source Matching Set: contains content features from EL
speech and is used for nearest-neighbor search.

o Source Weight Set: contains WavLM-6th features from
EL speech and is used for LLE weight estimation.

o Target Alignment Set: contains content features from
NL speech and is used as references for dynamic time
warping (DTW) [19] alignment.

« Target Synthesis Set: contains WavLM-6th features from
NL speech and is used for final waveform reconstruction.

DTW is applied to the Source Matching Set and the Target
Alignment Set to obtain pairs of aligned content feature vectors.
After the dictionary construction process, each vector in the
Source Matching Set corresponds to a vector in the Source
Weight Set and a vector in the Target Synthesis Set. No model
training is required except for the dictionary construction
process.

B. Inference

During inference, EL speech is processed by two pretrained
foundation models to produce two parallel queries:

¢ Source Matching Query: contains frame-wise content

features and is used to search for neighbors in the Source
Matching Set frame-by-frame.

o Source Weight Query: contains WavLM-6th features for

frame-by-frame LLE weight estimation.

Let xM € R? denote the content vector of the ¢-th frame of
Source Matching Query and x,¥ € R denote the correspond-
ing WavLM-6th feature vector of Source Weight Query. The
inference process is as follows:

1) Neighbor Search: For each xi\/[, we search for its k
nearest neighbors from the Source Matching Set and
obtain the index set Ny = {nq,...,ng}.

2) Weight Estimation: According to the index set N,
we collect the corresponding vectors by,..., by from
the Source Weight Set. The weight vector w, =
[wi,...,wg]" € RF is obtained by minimizing the
following error:

2
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3) Feature Reconstruction: According to the index set NV,

we collect the corresponding vectors yi,...,yr from

the Target Synthesis Set and use w; to reconstruct the
converted feature vector y; as:

k
Ve =) wyi. )
=1

Finally, the reconstructed features are converted to waveform
using a HiFi-GAN vocoder [20] trained on the LibriSpeech
[21] and COSPRO Mandarin [22] corpora.

C. Relationship to Previous LLE-ELVC

When all components in our framework (Fig. 1) are set
to use WavLM-6th features, the system is simplified to the
previous LLE-ELVC [8]. The original configuration leverages
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TABLE I
AVERAGE EVALUATION RESULTS OF THE PROPOSED METHOD USING DIFFERENT CONTENT FEATURES. MOSA-NET+ I AND MOSA-NET+ Q DENOTE THE
INTELLIGIBILITY AND SPEECH QUALITY SCORES, RESPECTIVELY.

Content Feature [ MCD (dB)] F0 RMSE]

FO0 CORRT CER (%)!

SpeechBERTScoreT  MOSA-Net+ It MOSA-Net+ QT

WavLM 6.06 40.82 0.22 54.0 0.71 0.87 2.95
HuBERT 6.18 38.96 0.23 73.0 0.70 0.80 2.70
Chinese-HuBERT 6.02 41.30 0.21 50.8 0.71 0.88 2.97
ContentVec 6.16 40.08 0.23 67.9 0.70 0.82 2.78
‘Whisper 6.03 40.73 0.23 55.3 0.72 0.89 2.99
Baseline 6.32 38.77 0.24 68.0 0.69 0.79 2.68
EL speech 10.95 68.05 0.03 83.5 0.59 0.68 2.27
NL speech 0.0 0.0 1.0 2.4 1.00 1.00 4.48

the strong prosodic and speaker-related cues embedded in the
WavLM-6th features, which improve synthesis quality [10] but
may hinder accurate content-based matching when the input
EL speech is severely degraded.

In contrast, the proposed framework decouples the roles
of these components, allowing different types of features
to be applied at different stages. Specifically, we introduce
content-rich representations for alignment and neighbor search,
while retaining WavLM-6th features for weight estimation,
feature reconstruction, and waveform synthesis. As a result, the
proposed method generalizes the previous LLE-ELVC while
preserving its original inference structure.

III. EXPERIMENTAL SETUP
A. Experimental Dataset

Our experimental dataset contains six healthy speakers, each
reading a fixed set of 320 phonetically balanced sentences from
the Taiwanese Mandarin Hearing in Noise Test (TMHINT)
[23], both with and without an EL device. When recording
EL speech, the speakers imitated a total laryngectomy patient
using the EL device to produce an artificial voice. This results
in 320 pairs of utterances for EL and NL speech per speaker.
The first 240 pairs were used to construct the exemplar
dictionary, while the remaining 80 pairs were used for testing.
All speech signals were recorded in a studio at a sampling rate
of 16 kHz.

B. Content Models

We evaluated five foundation models: WavLM Large (here-
after WavLM) [9], HuBERT Large (hereafter HuBERT) [17],
Chinese-HuBERT Large (hereafter Chinese-HuBERT) [18],
ContentVec [12], and Whisper Large V3 (hereafter Whisper)
[13]. In our framework, these models are used as alternative
content representations for DTW alignment and neighbor
search. Specifically, we used the features of the final layer
of each model, which were commonly used in previous work
to capture abstract content information. In the improved LLE-
ELVC framework, all content features and WavLM-6th fea-
tures are extracted with a 20ms hop size, ensuring temporal
alignment across components without additional resampling.

C. Evaluation Metrics

We use both objective and subjective metrics to comprehen-
sively evaluate the effectiveness of each content representation.

The volume of all generated audio was normalized to -24 dB
before evaluation.

Mel-Cepstral Distortion (MCD) evaluates the spectral dis-
tortion between the converted speech and the reference speech,
excluding the Oth-order mel-cepstral coefficient to reduce the
impact of volume. FO Root Mean Square Error (FO RMSE)
and FO Correlation Coefficient (FO CORR) evaluate pitch
prediction accuracy and contour similarity, respectively. Char-
acter Error Rate (CER), calculated with transcriptions of the
Whisper Large V3 [13] model, measures speech intelligibility.

In addition, we use two neural network-based metrics
aligned with human assessment: SpeechBERTScore [24], a
reference-based metric that quantifies semantic fidelity; and
MOSA-Net+ [25], a non-intrusive model to estimate speech
quality and intelligibility. In addition to these objective metrics,
we also conducted a subjective A/B test to evaluate the most
critical metric in the ELVC task—intelligibility. A total of 23
native Mandarin speakers were recruited for this evaluation.

IV. EXPERIMENTAL RESULTS

We provide complete details of the tables and audio samples
available on our demo site'. The number of nearest neighbors
k (Section II-B) is empirically set to 512 for all systems.

A. Overall Performance across Metrics

Table I summarizes the average performance over all speaker
pairs. Compared to the baseline system (previous LLE-ELVC)
[8], the proposed model shows notable improvements when
using several content models, especially WavLM, Chinese-
HuBERT, and Whisper. These models consistently outperform
the baseline except for the FO metrics. Notably, the pro-
posed model with Chinese-HuBERT achieves the lowest CER
(50.8%), which is a relative reduction of 25.3% compared to
the baseline (68.0%).

The results evaluated by MOSA-Net+ show similar trends.
In terms of MOSA-Net+ I (intelligibility), Whisper, Chinese-
HuBERT, and WavLM achieve scores of 0.89, 0.88, and 0.87,
respectively, compared to the baseline score of 0.79. For
MOSA-Net+ Q (quality), the same models achieve 2.99, 2.97,
and 2.95, respectively, surpassing the baseline score of 2.68.
These results show that the improvement in perceived quality
aligns with the observed reduction in CER.

'Demo site: https://f323red.github.io/improved-lle-elvc/
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TABLE I
OVERVIEW OF TRAINING DATA FOR EACH CONTENT MODEL.

Model Training Data

WavLM Libri-light, VoxPopuli, GigaSpeech
HuBERT Libri-light, LibriSpeech
Chinese-HUBERT =~ WenetSpeech-L

ContentVec LibriSpeech

Whisper Multilingual web-scale corpora

Training data references: Libri-light [26], VoxPopuli [27], Gi-
gaSpeech [28], LibriSpeech [21], WenetSpeech-L [29].

The baseline performs slightly better than the proposed
method in terms of FO RMSE and FO CORR, likely due to its
use of prosody-rich features during alignment and neighbor
search, which may help preserve pitch continuity. However,
the performance differences are small, indicating that recon-
struction using WavLM-6th features remains effective across
all models.

In terms of spectral similarity, WavLM, Chinese-HuBERT,
and Whisper also achieve lower MCD values than the base-
line, indicating higher reconstruction accuracy. They achieve
slightly higher SpeechBERTScore values than the baseline,
suggesting slightly improved semantic fidelity.

In summary, WavLM, Chinese-HuBERT, and Whisper
achieve the most robust results in all objective metrics eval-
uated. These findings support the effectiveness of decoupling
matching from reconstruction in our LLE-ELVC framework,
i.e., using content-rich representations for alignment and neigh-
bor search while retaining WavLM-6th features for weight
estimation, feature reconstruction, and waveform synthesis.

B. Model-wise Insights and Comparisons

While Section IV-A focused on the performance of all
content models across various metrics, we now turn to model-
specific insights to better understand the factors that contribute
to performance differences. This section highlights five key
observations regarding the content models evaluated.

First, ContentVec and HuBERT perform on par with or
slightly below the baseline in most metrics. As shown in
Table II, both are trained only on English audiobooks with lim-
ited language and domain diversity. Their content embeddings,
while usable, may lack sufficient alignment with Mandarin EL
speech, limiting their generalizability.

Second, comparing the last and sixth layers of WavLM,
we found that deeper representations are more effective for
content-based matching. Importantly, WavLM is pretrained
with noisy or mixed speech using denoising and masked
prediction objectives, which enhances its robustness under
acoustic distortions and background interference. In contrast,
models like HuUBERT were trained primarily on clean speech
data. WavLM’s stronger noise resilience may be the reason
for its superior spectral and intelligibility performance under
degraded EL conditions.

Third, although Chinese-HuBERT and HuBERT share the
same architecture and training method, the performance gap
between them highlights the value of Mandarin-specific pre-
training. Chinese-HuBERT is trained on a diverse and large-

Fig. 2. Examples of EL speech spectrograms for three groups of EL speakers.
Top: Easy group; Middle: Moderate group; Bottom: Difficult group.

scale Mandarin corpus, which probably accounts for its supe-
rior performance in both intelligibility and spectral accuracy.

Fourth, while ContentVec introduces disentanglement mech-
anisms on top of HuBERT-Base, its performance remains close
to HUuBERT-Large. This suggests that its potential may be bet-
ter realized when combined with a larger or Mandarin-specific
architecture. Future work can explore applying ContentVec-
style training to more powerful or multilingual SSL backbones.

Fifth, Whisper presents a unique case. Unlike other models
trained with masked prediction, it uses a weakly supervised
encoder-decoder design optimized for speech recognition and
translation. Despite the differences in architecture and training,
its representations perform robustly in our framework, which
may benefit from the large-scale multilingual and task-diverse
pretraining. This result highlights the adaptability of our LLE-
ELVC framework to a variety of content models.

C. Speaker-Level Analysis by EL Speech Intelligibility

To investigate how input speech quality affects model per-
formance, we divided the six EL speakers into three levels
based on the intelligibility of their EL speech (i.e., CER): Easy
(Pair B02), Moderate (Pairs 01, 06, 07, 08), and Difficult (Pair
05). Fig. 2 shows representative spectrograms for each level.
As illustrated, the formant structure in the Easy case is clear
and distinct, while formant in the Difficult case is severely
distorted or masked due to electrolarynx signal interference.
These spectrogram differences align well with subjective im-
pressions: speakers in the Easy case are generally easier to
understand, while speakers in the Difficult case produce EL
speech that is difficult to understand even for human listeners.
Table III summarizes the objective evaluation results of each
group under different models.

In the Easy case, all systems performed well. The speaker’s
slow and clear articulation and the quiet recording environment
resulted in clear formant structures. Even without conversion,
the CER of EL speech reached 55.4%.

In the Moderate group, all systems show moderate and
consistent gains. Whisper, Chinese-HuBERT, and WavLM
again achieved the best results, maintaining stable performance
across all metrics.

In the Difficult case, the quality of EL speech was severely
degraded due to mechanical noise and unstable articulation,
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TABLE III
OBIJECTIVE EVALUATION RESULTS FOR DIFFERENT GROUPS OF EL SPEAKERS.

Content Feature [ Difficulty MCD (dB)] F0 RMSE]

FO CORRT CER (%)J

SpeechBERTScoret  MOSA-Net+ IT MOSA-Net+ QT

Easy 5.88 29.33 0.25 29.0 0.81 0.98 3.63
WavLM Moderate 6.04 41.27 0.22 57.1 0.70 0.87 2.86
Difficult 6.30 50.52 0.23 66.5 0.64 0.80 2.60
Easy 5.95 29.49 0.23 394 0.80 0.97 3.52
HuBERT Moderate 6.12 40.12 0.22 72.7 0.69 0.81 2.65
Difficult 6.68 43.81 0.30 107.9 0.61 0.61 2.09
Easy 5.93 28.28 0.28 30.4 0.80 0.98 3.60
Chinese-HUBERT | Moderate 6.00 42.53 0.18 54.1 0.70 0.87 2.89
Difficult 6.20 49.44 0.27 58.1 0.64 0.82 2.65
Easy 5.93 28.54 0.28 30.7 0.81 0.98 3.62
ContentVec Moderate 6.06 41.12 0.21 63.0 0.70 0.83 2.74
Difficult 6.79 47.43 0.29 124.6 0.60 0.60 2.08
Easy 5.96 28.36 0.28 31.6 0.80 0.98 3.61
Whisper Moderate 5.99 4231 0.19 57.9 0.71 0.89 2.94
Difficult 6.31 46.80 0.33 68.8 0.65 0.79 2.56
Easy 6.01 29.00 0.26 25.9 0.80 0.97 3.59
Baseline Moderate 6.22 39.98 0.22 61.6 0.69 0.80 2.65
Difficult 7.06 43.72 0.32 135.9 0.58 0.53 1.90
Easy 14.16 29.55 0.01 55.4 0.67 0.83 2.75
EL speech Moderate 10.41 64.37 0.02 83.6 0.59 0.67 2.20
Difficult 9.90 121.29 0.00 111.1 0.53 0.61 2.04
Easy 0.0 0.0 1.0 1.4 1.00 1.00 4.64
NL speech Moderate 0.0 0.0 1.0 2.5 1.00 1.00 4.42
Difficult 0.0 0.0 1.0 3.1 1.00 1.00 4.56

and all systems performed poorly. The CER of the original EL
speech, the speech converted by the systems using HuBERT
and ContentVec, and the speech converted by the baseline
system exceeded 100%. Despite this, the systems using Whis-
per, Chinese-HuBERT, and WavLM still produced relatively
intelligible output, demonstrating their robustness.

These findings confirm that robust content models, espe-
cially Chinese-HuBERT, Whisper, and WavLM, have better
generalization capabilities under adverse input conditions.
They also noted that speaker factors (such as articulation and
EL device proficiency) significantly affect ELVC performance.
Therefore, improving the intelligibility of the original EL
speech through user training may be beneficial, even if it is
not related to voice conversion technology.

D. Subjective Evaluation

We conducted an A/B test with 23 native Mandarin speakers
to evaluate the intelligibility of utterances converted by LLE-
ELVC using only WavLM-6th features (baseline) and LLE-
ELVC using Chinese-HuBERT (achieving the lowest CER in
Table I) and WavLM-6th features (proposed). We randomly
selected a pair of speakers from the Easy group (pair-b02,
CER: 55.4%), the Moderate group (pair-07, CER: 84.7%), and
the Difficult group (pair-05, CER: 111.1%), respectively, with
15 utterances in each group.

From the results of the A/B test, we observed that listeners
did not show a strong preference for either system in the
Easy group (Proposed: 29.6%, Baseline: 27.8%, Same: 42.6%),
as both systems produced similarly intelligible outputs under
favorable EL speech input conditions. In the Moderate group,
listeners began to show a moderate preference for the output
produced using Chinese-HuBERT features (Proposed: 34.5%,
Baseline: 23.2%, Same: 42.3%), indicating that it is easier

to understand. Finally, in the Difficult group, listeners clearly
preferred the output produced using Chinese-HuBERT features
(Proposed: 79.1%, Baseline: 5.5%, Same: 15.4%), highlighting
that LLE-ELVC using Chinese-HuBERT yielded noticeably
higher intelligibility under the most challenging EL speech
conditions. These findings are consistent with the trends ob-
served in the objective metrics and further demonstrate the
robustness of the proposed model when dealing with degraded
input speech.

V. CONCLUSION

This study shows that incorporating robust content features
(particularly from WavLM, Chinese-HuBERT, and Whisper)
significantly improves the stability of the LLE-ELVC frame-
work and the intelligibility and quality of its output speech.
These content models help the proposed system consistently
outperform the baseline system in both objective and subjective
metrics, highlighting the importance of language-aligned and
noise-robust content embeddings in exemplar-based ELVC.

Our speaker-level analysis further shows that articulation
clarity and device proficiency substantially affect ELVC per-
formance. These user-side factors are particularly important
when the quality of input EL speech is severely degraded.
In addition, the results show that content models pretrained
on Mandarin (e.g., Chinese-HUBERT) have a clear advantage
over models pretrained only on English, underscoring the
importance of training data alignment in the low-resource
ELVC task. For future work, we suggest exploring multi-model
integration, audio-visual features (e.g., AV-HuBERT [30]), and
developing vocoders tailored to these representations.
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