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Abstract

This paper describes Idiap’s text-to-speech (TTS) system for
the Blizzard Challenge 2025. The challenge targets synthe-
sis for Bildts, a variety of Dutch with limited data availability,
requiring effective low-resource approaches. We employ the
KNN-TTS framework, training a Glow-TTS model to predict
self-supervised speech representations instead of spectrograms
on only the seven hours of provided Bildts data. Multi-speaker
synthesis is achieved through kNN-based voice conversion using
WavLM features and a pre-trained HiFi-GAN vocoder trained
on English data. For improved zero-shot voice cloning with
minimal reference audio, we augment target speaker data using
OpenVoice conversion.

Index Terms: speech synthesis, voice cloning, low-resource

1. Introduction

The advancement of text-to-speech (TTS) synthesis has been
marked by training datasets growing to tens of thousands [1, 2, 3]
or even millions of hours of audio [4, 5], delivering highly natu-
ral and expressive output. However, this data-intensive paradigm
is not applicable for low-resource languages, where such large
speech corpora are not available or too expensive to create. In
addition, the compute requirements for large-scale models are
not accessible to everyone. This disparity between high- and low-
resource languages represents a critical challenge in democratis-
ing speech technology.

The Blizzard Challenge 2025 addresses this with the aim of
developing TTS models for Bildts, a variety of Dutch spoken in
Het Bildt in the Dutch province of Friesland. The challenge pro-
vides seven hours of single-speaker training data and organises a
subjective listening test to evaluate synthesis and zero-shot voice
cloning performance of submitted systems.

Self-supervised learning (SSL) representations have opened
new avenues for addressing data scarcity in speech synthesis.
SSL models capture rich phonetic and acoustic representations
that can potentially bridge the gap between high-resource foun-
dation models and low-resource target applications. However,
the effective integration of SSL representations into TTS frame-
works for low-resource scenarios remains underexplored.

The kNN-TTS [6] framework represents a promising ap-
proach to this challenge by decoupling linguistic content mod-
elling from speaker-specific voice characteristics. The architec-
ture combines a text-to-SSL model that can be trained on a single
speaker’s data with kNN-based voice conversion (VC) [7] to
enable multi-speaker synthesis. Although kNN-VC has demon-
strated cross-lingual capabilities [8], KNN-TTS has so far only
been evaluated on English [6].

A downside of KNN-VC and kNN-TTS is that at least 30 sec-
onds of speech are required to provide sufficient phoneme cover-

age for voice cloning [7]. Many other recent systems claim to
be able to clone from as little as 5-10 seconds [1, 2, 5].

This work investigates three primary research questions: (1)
Can kKNN-TTS maintain synthesis quality when trained exclu-
sively on a small amount of Bildts data? (2) How effectively do
SSL representations trained on high-resource languages transfer
to low-resource dialect synthesis? (3) What strategies can over-
come the reference audio limitations inherent in KNN-TTS for
practical zero-shot applications?

To address these questions, we develop and evaluate a Glow-
TTS-based [11] KNN-TTS system trained only on the provided
Bildts corpus, while leveraging WavLM [9] representations and a
HiFi-GAN [10] vocoder trained on larger, untranscribed English
datasets. We further compare different approaches to reduce
the reference audio requirements for zero-shot voice cloning
since the challenge only provides a single sentence from each
target speaker. We find that augmentation with OpenVoice con-
version [19] produces the most natural and intelligible output,
while maintaining reasonable speaker similarity.

The remainder of this paper is structured as follows: Sec-
tion 2 provides technical background on the KNN-TTS frame-
work. Section 3 details our experimental setup including dataset
preparation and model configuration. Section 4 presents com-
prehensive subjective and objective evaluation results before
Section 5 summarises and concludes the paper.

2. Background

kNN-VC [7] is a simple but effective any-to-any voice conver-
sion method that relies on SSL representations where similar
features also have similar phonetic properties. While an external
SSL model and vocoder are required, the voice conversion itself
is non-parametric.

We previously extended this approach to TTS [6] by modify-
ing conventional TTS architectures, for example Glow-TTS [11]
or Grad-TTS [12], to predict SSL features instead of Mel spectro-
grams. Crucially, this text-to-SSL model is the only component
that is trained on transcribed audio data, which may be from a
single speaker. Multi-speaker output is achieved by combining
this model with kNN-VC.

As illustrated in Figure 1, the kKNN-TTS pipeline operates
as follows: (1) a text-to-SSL model generates source speaker
features from input text; (2) a kNN retrieval algorithm matches
these features to units in a target speaker database containing
SSL features; and (3) a pre-trained vocoder synthesises the final
waveform.

SSL encoder: We need an intermediate audio representa-
tion that meets the following criteria: (1) it should encode both
linguistic and speaker-specific information; (2) features close in
the embedding space should exhibit similar phonetic properties
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Figure 1: kNN-TTS framework overview [6]. Only the Text-to-
SSL model is trained on transcribed audio. The SSL encoder,
vocoder are pre-trained on untranscribed multi-speaker data,
and the kNN algorithm is non-parametric.

while preserving speaker identity; and (3) it should be possible
to decode the features back to waveform. Recent works show
that SSL models encode speech into such representations [13].

Text-to-SSL: We train a Text-to-SSL model that generates
corresponding SSL features from a given text input. Notably,
this is the only component of our framework that requires audio
data paired with text transcriptions for training. It is possible to
train this model on the speech of a single speaker.

kNN Retrieval: To synthesise speech in a target speaker’s
voice, units (or frames) from the target speaker unit database
are selected to replace corresponding frames from the source
speaker features. The selection is done by comparing source
and target frames using a linear distance metric. This results
in selected target speaker features that maintain the phonetic
information while replacing the voice attributes with those of the
target speaker. Due to the nature of this process, the target audio
should provide sufficient phoneme coverage to avoid artefacts.
The selected target speaker features are linearly interpolated with
the source speaker features to obtain the converted features:

Yconverted = /\ Yselected + (1 - )\) Ysource (1)

Finally, a pre-trained vocoder decodes the converted features
back into a speech waveform.

3. Experimental setup
3.1. Datasets

For the Blizzard Challenge 2025, 7 hours of Bildts data from a
single male speaker are provided for training.! Tt is sampled at
48 kHz and has transcriptions and text-normalised transcriptions
in Praat TextGrid format. We train on the latter and also do not
apply any text normalisation at test time. We split the training
data into individual utterances based on the provided segment
start and end timestamps and downsample to 16 kHz to match
the sampling rate of WavLM. While a pronunciation dictionary
for training grapheme-to-phoneme conversion models is also
provided, we train grapheme-based models for simplicity.

For more detailed evaluations, we additionally train English
models on the LJSpeech [14] and LibriTTS-R [15] datasets.
These are trained with Espeak phonemes for consistency with
previous work [6].

3.2. TTS and vocoder models

SSL encoder: We select the pre-trained WavLM-Large check-
point® [9] for its effective audio reconstruction capabilities, ob-

"https://zenodo.org/records/14792457
2https://github.com/microsoft/unilm/tree/
master/wavlm

tained through training with masked speech denoising and pre-
diction tasks on 94k hours of untranscribed English speech. Con-
sistent with previous works [6, 7], we choose features from
the 6th layer, which encode both phonetic and speaker charac-
teristics [16]. These representations can be pre-extracted and
cached before training and inference, eliminating the need to
load WavLM during either process if the target speaker is known.

Text-to-SSL: Following [6], we train a Glow-TTS model
with the Coqui TTS toolkit® for 600k steps at batch size 32 on the
Bildts data. Glow-TTS is based on a non-autoregressive architec-
ture with a transformer-based text encoder, a duration predictor,
and a flow-based decoder [17]. We maintain the default con-
figurations and cost functions for training, only adjusting the
output dimension to 1024 channels to match the WavLM-Large
features instead of Mel spectrograms. The training recipe and
data preparation scripts are available on Github. *

For a more comprehensive evaluation, we additionally train
three English models: (1) EN-7h trained on a 7-hour subset of
LJSpeech to match the amount of Bildts training data; (2) EN-
24h trained on the full 24 hours of LISpeech; (3) EN-124h, a
multi-speaker model trained on LISpeech and the train-clean-
100 subset of LibriTTS-R. The latter is trained for 1.2M steps to
adjust for the larger amount of data.

kNN Retrieval: For each WavLM source frame, we com-
pute its cosine distance with every target speaker frame within
the unit database. We then select the k closest units, and average
them with uniform weighting. Similar to [7], we use k = 4
which was determined to be suitable across different amounts of
target audio.

Vocoder: We use a pre-trained HiFi-GAN V1 [10] model
trained to reconstruct 16 kHz waveforms from WavLM-Large
layer 6 features. The model checkpoint, sourced from [7], was
trained on the LibriSpeech train-clean-100 set, consisting of 100
hours of English speech from 251 speakers [18]. We use the
prematched version, where KNN regression was also applied at
training time to better match how it is used for inference.

3.3. Zero-shot voice cloning

The provided evaluation data only has one sentence (7-12 sec-
onds) of reference speech for each of the six target speakers for
voice cloning. However, due to the nature of the retrieval algo-
rithm, KNN-VC and kNN-TTS require 30 seconds to 5 minutes
of reference data to provide sufficient phoneme coverage and
produce high-quality outputs [7]. We investigate different ways
to generate additional reference data to mitigate this:

* Synthesise additional sentences in Dutch or English from
the North Wind and the Sun passage with XTTS [1] and the
provided reference audio as target speaker. Dutch is the most
closely related to Bildts, so should provide at least a baseline
phoneme coverage.

Convert the Bildts training data to the target speaker with the
OpenVoice v2 conversion model [19].

Replace the kNN retrieval algorithm with MKL-VC, a re-
cently proposed factorised optimal transport formulation [20].
It claims to only require 5 seconds of reference speech by
matching distributions instead of performing frame selection.
We choose K = 256 for increased speaker similarity at the
cost of intelligibility.

We also evaluate these methods on the English 7-hour

3https://github.com/idiap/coqui-ai-TTS
4https://github.com/idiap/knn-tts/tree/
blizzard2025



model, with one sentence from each of the 39 speakers from the
LibriTTS-R test-clean subset as reference audio.

3.4. Evaluation
3.4.1. Subjective evaluation

A comprehensive subjective listening test was organised by the
Blizzard Challenge 2025. The evaluation was conducted online
with three listener groups: Bildts speakers, Dutch/Frisian speak-
ers, and international speakers. 7 teams participated in the hub
task (BH1) and 5 teams also in the optional zero-shot task (BS1).
Our submission is denoted as system D and highlighted with
an asterisk in figures. In this paper, we only present the most
relevant results of the evaluation.

For the listening test, utterances had to be synthesised at the
sentence, paragraph and full text level. Our system was trained
on single sentences only.

Descriptive statistics are provided for each evaluation met-
ric. Wilcoxon signed-rank tests with Bonferroni correction were
performed for pairwise system comparisons to determine statis-
tically significant differences (p < 0.05).

3.4.2. Objective evaluation

We additionally conduct our own objective evaluations for model
selection and analysis using the VERSA toolkit [21]. We mea-
sure naturalness with UTMOSv2 [22], speaker embedding cosine
similarity with ESPnet’s voxcelebs12_rawnet 3 model [23]
and word and character error rate (WER/CER) with the Whisper
large model [24]. We do not evaluate intelligibility for Bildts
due to lack of a suitable speech recognition model. For Bildts,
we only include the individual sentences in the objective evalua-
tion. For English, we synthesise the same 240 sentences from
the devtest subset of FLORES+ [25] as XTTS [1].

4. Results

Section 4.1 presents our results on the single speaker hub task
(BH1) and section 4.2 on the optional zero-shot voice cloning
task (BS1).

4.1. Single speaker TTS (BH1)

The aim of this task was to build a voice from the provided
7 hours of Bildts speech, using only publicly available data.
We did not train on any additional transcribed data, although
the WavLM and vocoder models were trained on untranscribed
English speech.

4.1.1. Objective evaluation

We first evaluate the effect of the reduced training data on kNN-
TTS in a low-resource setting. The original KNN-TTS model [6]
was trained on 24 hours of English speech. Table 1 shows a
slight decrease in intelligibility while maintaining naturalness if
we reduce the data to 7 hours, matching the available data for
Bildts.

Adding another 100 hours from other speakers actually leads
to worse results when evaluated only on the LISpeech speaker.
We note that training on multiple speakers is not required because
the kNN retrieval algorithm enables voice cloning even when
trained on a single speaker. We also apply kNN retrieval for
single-speaker synthesis for all models in Table 1 and they all
achieve comparable speaker similarity. These results indicate
that more Bildts data would only lead to marginal improvements.

Table 1: Single-speaker objective evaluation results measuring
naturalness (UTMOSv2), speaker similarity (SSIM) and intelli-
gibility (WER/CER).

Model UTMOSv21 SSIM+ WER| CER |

Bildts-7h 3.26 0.49 - -

EN-7h 3.86 0.54 4.09 1.70

EN-24h 3.80 0.53 3.41 1.31

EN-124h 3.56 0.50 4.63 1.97
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Figure 2: Speech quality evaluation across different audiences
using 5-point scales. Bildts speakers (green) and Dutch speakers
(orange) rated naturalness given audio and text, while interna-
tional speakers (blue) rated overall quality from the audio alone.
Higher scores indicate better quality. Our system is always indi-
cated with an asterisk (D*).

4.1.2. Subjective evaluation

The main task evaluates synthesised Bildts speech using vari-
ous perceptual measures across different listener populations:
28 Bildts (green), 100 Dutch (orange) and 50 English (blue)
speakers.

Naturalness and Quality Evaluation: Figure 2 shows natu-
ralness ratings by Bildts and Dutch listeners (5-point MOS scale:
1=Completely unnatural to 5=Completely natural) and overall
quality ratings by international listeners (5-point scale: 1=Bad
to 5=Excellent). While international listeners do not observe sig-
nificant differences in overall quality, Bildts and Dutch speakers
find our proposed system (D*) less natural than most others.

Language Variety Evaluation: Figure 3 shows how dif-
ferent audiences perceive the dialectal characteristics of synthe-
sised speech. Bildts speakers rated Bildts likeness (4-point scale:
1=Not Bildts to 4=Bildts), while Dutch speakers rated Dutch like-
ness (4-point inverted scale: 1=Dutch to 4=Not standard Dutch).
Although outputs of other systems are judged to be closer to
Bildts, interestingly Dutch speakers find ours to be among those
that sound the least like standard Dutch. A possible explanation
could be that other systems also included Dutch training data.

International Listener Evaluations: Figure 4 shows com-
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Figure 3: Language variety evaluation across audiences using 4-
point scales. Bildts speakers (green) rated Bildts likeness (1=Not
Bildts to 4=Bildts), while Dutch speakers (orange) rated Dutch
likeness (1=Dutch to 4=Not standard Dutch, inverted to show
non-Dutch-likeness). Higher scores might indicate stronger
dialectal characteristics.

prehensive perceptual evaluation by fluent English speakers us-
ing audio-only presentations. These listeners had diverse Bildts
proficiency, with 43 having no knowledge, 13 claiming native
proficiency, and 13 having passive knowledge. Three dimen-
sions were evaluated: listening effort, voice pleasantness, and
human-likeness. Among these, only the difference to system C
in terms of voice pleasantness is statistically significant in the
pairwise comparisons.

4.2. Zero-shot voice cloning (BS1)

The zero-shot task evaluates voice cloning capabilities on six
unseen Bildts speakers given one sentence of reference audio.

4.2.1. Objective evaluation

Table 2 compares different approaches for improved zero-shot
voice cloning with KNN-TTS. Bildts results are on the official
evaluation data and for English we synthesise 100 sentences from
FLORES+ with the EN-7h model for each of the 39 speakers of
the LibriTTS-R test-clean subset.

We find that replacing kKNN-VC with MKL-VC [20] does
not preserve the speaker identity very well and also decreases
intelligibility and naturalness. Generating additional Dutch or
English reference audio with XTTS performs similarly to just
using the original reference sentence in terms of naturalness and
speaker similarity. As expected, for English we observe that
XTTS and OpenVoice augmentation significantly improve intel-
ligibility, even outperforming the top-line that uses all available
reference audio for the speaker instead of just a single sentence.
While converting the training data to the target speaker with
OpenVoice as additional reference audio results in slightly lower
speaker similarity, it produces the most natural and most intelli-
gible output. We therefore choose OpenVoice augmentation for
our final submission.
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Figure 4: Fluent English listener ratings using 5-point scales
for listening effort (1=No meaning understood to 5=Complete
relaxation possible), voice pleasantness (1=Very unpleasant
to 5=Very pleasant), and human-likeness (1=Machine-like to
S=Human-like). Higher scores indicate better performance for
all metrics.

4.2.2. Subjective evaluation

Generated samples for one male (HJH) and one female (RH)
speaker were used in the subjective listening test. 5 systems
participated in this task, with ground truth references included
as controls. Listeners evaluated Bildts likeness and speaker
similarity.

Bildts Likeness: 22 native or fluent Bildts speakers evalu-
ated how close the synthesised speech is to Bildts using the same
4-point scale as the main task. Figure 5 shows that our system

Table 2: Zero-shot voice cloning objective evaluation results
for Bildts/EN-7h, measuring naturalness (UTMOSV2), speaker
similarity (SSIM) and intelligibility (WER/CER). Outputs were
generated with only the original reference audio, using MKL-VC
instead of kNN-VC, or reference audio augmented with XTTS or
OpenVoice. For EN-7h we also compute a top-line performance
with all available reference data instead of just a single sentence.

Approach UTMOSv2 1 SSIM 1 WER| CERJ|
Original 2.71/3.38 037/0.44 -/12.1 -/6.5
XTTS 2.85/3.54 0.36/0.44 -/5.0 -12.1
OpenVoice 3.13/3.77 0.17/0.28 -/3.6 -/14
MKL-VC 2.12/3.23 0.08/030 -/163 -/12.1
Top-line -13.68 -10.42 -16.6 -/3.6
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Figure 5: Bildts likeness evaluation by native Bildts speakers for
HJH (Male, solid bars) and RH (Female, hatched bars) reference
speakers. Scale: 1=Not Bildts, 2=Somewhat Bildts, 3=Mostly
Bildts, 4=Bildts.

(D*) and system E are judged less Bildts-like than the others.

Speaker Similarity (MUSHRA-like): 60 Dutch and 50 in-
ternational listeners compared synthesised speech to refer-
ence speakers using a continuous 0—100 scale (0—19=Different
speaker, 20-39=Probably different, 40-59=Similar speaker, 60—
79=Probably same, 80-100=Same speaker). Listeners first fa-
miliarised themselves with 3 ground-truth samples, then rated
4 non-identified samples including 1 hidden reference and 5 TTS
systems. Listeners who failed to give the hidden reference sam-
ple a score of 100 were excluded from the results. Text was not
provided for this evaluation. As Figure 6 illustrates, together
with system F, our KNN-TTS model is worse at matching the
speaker identity than others. To a certain degree this is expected
because kKNN-TTS is not optimised for voice cloning from such
short reference audio and as shown earlier, the OpenVoice aug-
mentation also reduces speaker similarity.

5. Conclusions

This paper presents Idiap’s kKNN-TTS system for the Blizzard
Challenge 2025 to synthesise Bildts speech from limited training
data. The kKNN-TTS framework proves viable for low-resource
synthesis with only 7 hours of transcribed training data, lever-
aging SSL representations to transfer knowledge from larger
English datasets. It achieves middle-tier performance among
participating systems. While OpenVoice augmentation improves
naturalness and intelligibility for zero-shot voice cloning from
a single sentence, speaker similarity remains challenging with
minimal reference audio, highlighting the trade-off between data
requirements and cloning quality.

Future work should explore more effective reference au-
dio augmentation strategies and investigate the application of
kKNN-TTS to other low-resource settings. Cross-lingual perfor-
mance could be improved by adopting multilingually trained
SSL models and vocoders.
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Figure 6: MUSHRA similarity mean scores and standard de-
viation comparing HIH (Male, solid bars) and RH (Female,
hatched bars) reference speakers across Dutch (orange) and
international listeners (blue).
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