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Abstract

As generative models gain attention, it is crucial to adapt these
models efficiently even with limited high-quality data and com-
putational resources. In this work, we investigate a parameter-
efficient fine-tuning (PEFT) for low-resource text-to-speech to
transfer pre-trained knowledge to a new language leveraging
only a single-speaker dataset and a single NVIDIA TITAN
RTX GPU. We propose three types of adapters: Conditioning
Adapter, Prompt Adapter, and DiT LoRA Adapter, where Con-
ditioning Adapter enhances text embeddings, Prompt Adapter
refines input representations, and DiT LoRA Adapter enables
speech generation efficiency. We further explore the respec-
tive optimal configuration of adapters for single-speaker and
multi-speaker scenarios. Consequently, under resource con-
straints, we successfully achieve effective adaptation to a new
language using only 1.72% of the total parameters. Audio sam-
ples, source code and checkpoints will be available at https:
//peft-tts.github.io/demo/.

Index Terms: text-to-speech, adapter, TTS, PEFT, LoRA

1. Introduction

Neural text-to-speech (TTS) models [1, 2] have significantly
advanced in recent years, leveraging deep learning techniques
to achieve high-quality speech synthesis [3, 4, 5, 6, 7]. How-
ever, despite these advancements, adapting TTS models to new
languages remains a fundamental challenge due to the substan-
tial data requirements and computational costs associated with
training.

To effectively adapt TTS models to a new language, a large
and diverse dataset containing recordings from multiple speak-
ers in that language is typically required. This requirement
significantly increases the scale and cost of TTS model adap-
tation, as fine-tuning often demands a substantial amount of
multi-speaker data to ensure robust generalization across dif-
ferent voices and recording conditions. Moreover, full fine-
tuning of the entire TTS model is computationally expensive
and parameter-inefficient, as it requires learning a new set of
weights for each newly adapted language. Additionally, this
process risks catastrophic forgetting, where the model may lose
its previously learned language capabilities, reducing its effec-
tiveness in multilingual applications.

In this paper, we show that a TTS model can be successfully
adapted to a new language using only 12 hours of a single-
speaker training dataset and a single NVIDIA TITAN RTX
GPU with a significant reduction in computational cost com-
pared to full fine-tuning. Our approach demonstrates that ef-
fective language adaptation can be achieved within a single-
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speaker framework while also showing the potential for ex-
tension to multi-speaker TTS, providing a foundation for scal-
able and efficient cross-lingual adaptation. We build upon pre-
trained F5-TTS [8], a flow-based multilingual zero-shot TTS
model.

To achieve this, we introduce three adapter modules:
Conditioning Adapter, Prompt Adapter, and DiT LoRA
Adapter, which enable parameter-efficient fine-tuning (PEFT)
while keeping the pre-trained model frozen. By leveraging
these adapters, we efficiently integrate new linguistic features
while minimizing the risk of catastrophic forgetting.

Furthermore, we observe that training with a single-speaker
dataset introduces a trade-off between speaker similarity and
linguistic accuracy, where improving one aspect may degrade
the other. This trade-off becomes even more pronounced
in multi-speaker scenarios, where the model must generalize
across diverse speaker identities while maintaining linguistic
consistency. To address this, we leverage Prompt Adapter to
adjust this balance and further refine adaptation performance.
Additionally, we incorporate DropPath [9] as a regularization
mechanism to control this trade-oftf dynamically, thereby main-
taining audio quality. The contributions of this work are as fol-
lows:

¢ We demonstrate that unseen language adaptation is fea-
sible with only 12 hours of a single-speaker dataset and
a single GPU, challenging the need for large-scale multi-
speaker data.

* We propose an adapter-based framework for cross-lingual
TTS adaptation, preserving original language capabilities
while enabling multi-speaker scalability.

* We analyze the impact of different adapter modules (Condi-
tioning, Prompt, and DiT LoRA) through a comprehensive
ablation study.

¢ We address the trade-off between speaker similarity and lin-
guistic accuracy, using Prompt Adapter and DropPath to
balance adaptation performance.

2. Related Work

Recent advances in parameter-efficient transfer learning (PETL)
have played a crucial role in adapting large pre-trained mod-
els to new tasks with minimal computational cost. In natu-
ral language processing (NLP), methods such as LoRA (Low-
Rank Adaptation) [10, 11] and Adapter Layers [12] enable fine-
tuning by injecting lightweight trainable modules into trans-
former layers while keeping the base model frozen. These
methods achieve performance comparable to full fine-tuning
while significantly reducing computational costs.

In speech processing, PETL techniques have been applied
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Figure 1: Overall frameworks of PEFT-TTS. (a) Based on the pre-trained F5-TTS, we added three adapters for cross-lingual continual
learning. (b) Conditioning Adapter for ConvNeXt. (c¢) Prompt Adapter with DropPath for prompt tuning. (d) LoRA adapter for DiT.

to automatic speech recognition (ASR) [13, 14] and speaker
adaptation [15]. Adapter-based approaches have been explored
for domain adaptation, accent modeling, and low-resource lan-
guage adaptation, demonstrating their effectiveness in adapting
transformer-based speech encoders. Notably, ELP-Adapter [16]
integrates adapter modules into transformer encoder layers, fa-
cilitating efficient fine-tuning for tasks such as speech recog-
nition, speaker verification, and emotion recognition. Further-
more, Morioka et al. [17] introduced Residual Adapters for
few-shot speaker adaptation, demonstrating that a model can
be adapted to a new speaker with minimal data while requir-
ing only 0.1% of additional trainable parameters. Mehrish et
al. [18] explored ADAPTERMIX, a mixture of adapters de-
signed for low-resource speaker adaptation, enabling effective
speaker adaptation with less than one minute of training data.
However, the application of PETL techniques in text-to-speech
(TTS) remains relatively limited, particularly in cross-lingual
adaptation scenarios, where effectively disentangling linguis-
tic and speaker-specific features is crucial. Li et al. [19] pro-
posed an efficient approach that integrates adapters and hyper-
networks into a TTS architecture for multilingual speech syn-
thesis, achieving comparable or superior performance to full
fine-tuning while only updating approximately 2.5% of the
model parameters. These studies highlight the potential of con-
tinual learning techniques in enhancing TTS systems for ef-
ficient adaptation to diverse languages and speakers, partic-
ularly in a low-resource environment where collecting large-
scale multilingual datasets is impractical.

3. PEFT-TTS
3.1. F5-TTS: Flow-Based Multilingual TTS Architecture

F5-TTS [8] is a fully non-autoregressive (NAR) text-to-speech
(TTS) model based on flow matching [20] with a Diffusion
Transformer (DiT) [21] . Unlike autoregressive models that pre-
dict speech sequentially, F5-TTS enables parallelized speech
synthesis, reducing inference latency while maintaining high
synthesis quality. Furthermore, FS-TTS is trained using a text-
guided speech-infilling task, where text is aligned with speech
using a simple padding strategy proposed in E2-TTS [22], rather
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than explicit phoneme-level alignment.

F5-TTS consists of three key components: Text Embed-
ding, Input Embedding, and DiT Blocks.

» Text Embedding: Converts input into dense representations
using ConvNeXt V2 [23] blocks, which enhance expressive-
ness by capturing both local and hierarchical linguistic pat-
terns.

Input Embedding: Concatenates the processed text embed-
dings with masked Mel-spectrogram and flow-matching la-
tent variables, ensuring proper conditioning before being fed
into the diffusion transformer.

* DiT Blocks: A stack of transformer-based diffusion layers
that progressively refine the latent space, modeling long-
range dependencies and natural prosody in speech genera-
tion.

Pre-trained on a multilingual corpus, F5-TTS captures
cross-linguistic phonemic and prosodic patterns, making it ideal
for cross-lingual adaptation. However, direct fine-tuning on a
limited single-speaker dataset risks catastrophic forgetting of
multi-speaker diversity, necessitating parameter-efficient strate-
gies tailored to its architecture.

3.2. Parameter-Efficient Fine-Tuning with Adapter

As illustrated in Figure 1, we introduce three adapter modules
to efficiently fine-tune F5-TTS for low-resource language adap-
tation while preserving pre-trained language capabilities.

3.2.1. Conditioning Adapter

We attach a Conv-Adapter [24] to the depth-wise convolution
layers of the ConvNeXt V2-based text embedding module. The
Conv-Adapter is designed with a depth-wise convolution fol-
lowed by a point-wise convolution, and it incorporates squeeze-
and-excitation (SE) parameter that modulates the feature re-
sponses. The compression factor « significantly affects perfor-
mance by balancing between parameter efficiency and adapta-
tion capability.



3.2.2. Prompt Adapter

We apply LoRA to the linear projection layer which follows the
concatenation of text and audio features. Notably, our training
data consists of a single-speaker, our experiments indicate that
this layer serves a more critical role than simple dimensional
consistency, as its trainability directly influences the trade-off
between pronunciation accuracy and speaker similarity. To fur-
ther fine-tune this balance, we incorporate a DropPath mech-
anism, allowing more controlled adaptation to new languages.
DropPath, a regularization technique that randomly drops resid-
ual paths during training, helps the network learn robust repre-
sentations and avoid overfitting to new language or speaker fea-
tures. This mechanism also plays a crucial role in maintaining
audio quality.

3.2.3. DiT LoRA Adapter

We apply LoRA to DiT blocks, as they are most closely asso-
ciated with speaker characteristics. This allows the model to
preserve its pre-trained capabilities while effectively adapting
to the training data. Notably, since the training data consists of
a single-speaker, the adaptation process must be carefully man-
aged to prevent the model from overfitting to speaker-specific
traits while maintaining generalizability. This effect becomes
even more pronounced in multi-speaker scenarios, where the
model must balance speaker variation while retaining language
adaptation quality. In our approach, we set the LoRA rank to
16, a relatively small value that helps maintain the model’s flex-
ibility while limiting speaker-specific bias.

4. Experiments and Results
4.1. Experimental Setup
4.1.1. Dataset

For fine-tuning, we use the KSS (Korean Single Speaker)
dataset [25], a 12.65-hour Korean speech corpus consisting of
12,853 samples recorded by a professional female voice ac-
tress. Compared to the English and Chinese subsets of the
Emilia dataset [26], a 95K-hour multilingual corpus used for
pre-training, the KSS dataset is significantly smaller and con-
sists of a single-speaker, making the adaptation process more
challenging. The dataset includes 44.1 kHz high-quality audio
aligned with transcriptions. We downsampled the KSS dataset
to 24 kHz to fine-tune the model, and split the dataset into
12,653 and 200 utterances for train and test subsets.

To evaluate the model’s ability to adapt to a single-speaker
setting, we randomly create 100 test pairs with prompt and
target speech pairs for inference. Additionally, to assess the
model’s robustness in a multi-speaker scenario, we utilize 164
utterances (87 pairs) from Al Hub’s Korean Multi-Speaker
Speech Synthesis Dataset [27], which includes a balanced male-
to-female ratio, providing diverse phonetic and prosodic varia-
tions. Following F5-TTS, we simply estimate the total duration
using the ratio of the text sequences in prompt and target.

4.1.2. Training

We fine-tune the F5-TTS model on the KSS dataset to adapt it
to the Korean language while preserving its pre-trained multi-
lingual capabilities. The base model consists of 22 layers with
16 attention heads and 1024/2048 embedding/feed-forward net-
work (FFN) dimensions for the DiT blocks. The text embedding
module is based on ConvNeXt V2 with 4 layers and 512/1024
embedding/FFN dimensions, totaling 335.8M parameters.
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For fine-tuning, we trained the model for 355,000 steps
with a batch size of 3,200 Mel-spectrogram frames, using the
AdamW optimizer. The learning rate is set to le-5, following
a linear warm-up, and then decays over the course of training.
While training from scratch, we trained the model for 710,000
steps with 7.5e-5 learning rate. We apply gradient clipping with
a max norm of 1.0 to stabilize optimization. Training is con-
ducted on a single NVIDIA TITAN RTX GPU, leveraging the
PEFT method to reduce computational costs.

The proposed method only updates 1.72% of the total pa-
rameters, significantly reducing memory consumption and com-
putation time. This approach achieves approximately twice the
training speed of full fine-tuning, as we do not compute gradi-
ents or maintain optimizer states for most parameters.

Unlike traditional Conv-Adapter, we set the compression
factor to 0.25 and use a kernel size of 3, optimizing the trade-
off between parameter efficiency and adaptation performance.
DropPath with a rate of 0.3 is applied to enhance stability and
prevent overfitting. For LoRA fine-tuning in the DiT blocks, we
apply LoRA only to the query and value projection layers with
a dropout rate of 0.05. The LoRA matrices are initialized using
Kaiming uniform initialization with A ~ U(—+/5,/5) and
B = 0, ensuring stability during the early stages of training.

4.1.3. Evaluation

We evaluate the fine-tuned model using a cross-sentence synthe-
sis task, where the model generates speech for a given reference
text while mimicking the characteristics of a provided speech
prompt. The evaluation includes both objective and subjective
metrics to assess pronunciation accuracy and speaker similarity.

For objective evaluation, we measure character error rate
(CER) and word error rate (WER) for linguistic accuracy uti-
lizing Whisper-large-v3 [28] for Korean transcription. Speaker
similarity is evaluated using SIM-O, which quantifies the acous-
tic resemblance between the synthesized speech and the refer-
ence speech. SIM-O is computed using WavLM [29] speaker
representations to provide an accurate similarity score. Addi-
tionally, we report UTMOS [30], an automated MOS predictor,
to provide further insights into synthesis quality.

For subjective evaluation, we adopt naturalness mean opin-
ion score (NMOS) and similarity mean opinion score (SMOS).
For NMOS, eight listeners are presented with randomly ordered
synthesized speech. For SMOS, eight listeners are to score the
similarity between the synthesized and prompt speech; note that
SMOS is only conducted on the multi-speaker test set.

4.2. Single-speaker TTS Results

We compared PEFT-TTS models with F5-TTS using the same
Korean dataset. Furthermore, we utilized an open-source zero-
shot TTS model, CosyVoice 2 [31] trained with large-scale mul-
tilingual datasets including a Korean dataset. First, we found
that training the F5-TTS model from scratch in low-resource
environments using only a single GPU and a small dataset is
challenging, often resulting in misalignment between text and
speech. The results show that using a pre-trained F5-TTS with
English and Chinese datasets enables learning a new language
even with a single GPU and a small dataset. Table 1 shows
the effectiveness of the proposed PEFT modules. Although we
only utilized 1.72% of the trainable parameters compared to the
baseline model, PEFT-TTS shows better pronunciation in terms
of CER and WER while achieving a comparable performance
in terms of similarity. Additionally, our model achieves better
NMOS performance than the fully fine-tuned F5-TTS models.



Table 1: Single-Speaker Korean TTS Results. * denotes large-scale multilingual text-to-speech models including Korean dataset. Full
denotes fine-tuning all parameters, C-Adpt, P-Adpt, DP denote conditioning adapter, prompt adapter, DropPath, respectively.

Methods | Pre-train | Text Enc. () Prompt Emb. DiT (rank) | #Trainable Params | CER (}) WER(}) SIM-O () UTMOS (1) | NMOS (1)
GT [ - ] - - - | - | 6519 12.679 0.625 3.808 | 4.74+0.16
CosyVoice 2% | - \ - - - \ 0.5B | 6812 17.956 0.583 3447 | 3.49£0.37
F5-TTS X Full Full Full 336M (100%) 17.345  45.883 0.641 3.152 2.64+0.41
F5-TTS v Full Full Full 336M (100%) 5.671 12.032 0.659 3.503 3.58+0.32
PEFT-TTS v Full P-Adpt w. DP (0.3) LoRA (16) | 5.81M (1.72%) 4.906 12.625 0.640 3.338 3.88+0.16
Ablation v Full P-Adpt w. DP (0.3) LoRA (32) | 7.25M (2.15%) 4.570 11.338 0.645 3.264 -
(Separated Enc.) v Full P-Adpt w. DP (0.3) LoRA (64) | 10.1M (3.01%) 4916 12.454 0.646 3.168 -

v Full P-Adpt LoRA (16) | 5.81M (1.72%) 4.282 10.804 0.638 3.241 -

v Full Freeze LoRA (16) | 5.70M (1.69%) 5.088 12.888 0.637 3.235 -
Ablation v C-Adpt (0.25) P-Adptw. DP (0.3) LoRA (16) | 5.81M (1.72%) 5.029 12.742 0.643 3.225 -
(C-Adpt) v C-Adpt (0.25) P-Adptw. DP (0.5) LoRA (16) | 5.81M (1.72%) 5513 13.923 0.642 3.185 -

v C-Adpt (0.25) Freeze LoRA (16) | 5.70M (1.69%) 5.288 13.143 0.649 3.236 -

v C-Adpt (0.25) P-Adpt LoRA (16) | 5.81M (1.72%) 4.940 12.383 0.633 3.274 -

v C-Adpt (1) P-Adpt LoRA (16) | 2.57M (0.76%) 6.099 15.293 0.636 3213 -

v C-Adpt (4) P-Adpt LoRA (16) 1.78M (0.52%) 7.242 18.192 0.639 3.289 -

Table 2: Multi-Speaker Korean TTS Results. Note that F5-TTS and PEFT-TTS are fine-tuned with a single-speaker Korean dataset.

Methods | Pre-train | TextEnc. (y) Prompt Emb. DiT (rank) | #Trainable Params | CER (|) WER(}) SIM-O(1) UTMOS (1) | NMOS (1) SMOS (1)
GT | - | - - - | | 3.488 10.295 0.834 3.604 | 4454024  4.8840.06
CosyVoice 2% | - | - - - | 0.5B | 3.662 10.887 0.806 3756 | 426+0.28 4.3640.09
F5-TTS X Full Full Full 336M (100%) 36.482  107.541 0.250 2.545 1.1340.16  1.12+0.08
F5-TTS v Full Full Full 336M (100%) 13454 39413 0.627 3.446 22440.31 2.354+0.11
PEFT-TTS v Full P-Adpt w. DP (0.3) LoRA (16)  5.81M (1.72%) 7.220 21.591 0.641 3.435 3.06+£0.31  2.81+0.21
Ablation v Full P-Adpt w. DP (0.3) LoRA (32) | 7.25M (2.15%) 5.358 15.547 0.614 3.310 -
(Separated Enc.) v Full P-Adpt w. DP (0.3)  LoRA (64) 10.1M (3.01%) 6.140 17.927 0.605 3.322 -

v/ Full P-Adpt LoRA (16) | 5.81M (1.72%) 6.662 20.021 0.639 3.251 -

v/ Full Freeze LoRA (16) | 5.70M (1.69%) 6.705 19.500 0.618 3.367 -
Ablation v C-Adpt (0.25)  P-Adpt w. DP(0.3)  LoRA (16) | 5.81M (1.72%) 8.540 25.000 0.655 3.325 -
(C-Adpt) v/ C-Adpt (0.25)  P-Adpt w. DP(0.5)  LoRA (16) | 5.81M (1.72%) 8.904 26.144 0.631 3316 -

v/ C-Adpt (0.25) Freeze LoRA (16) | 5.70M (1.69%) 10.630  31.562 0.636 3.277 -

v C-Adpt (0.25) P-Adpt LoRA (16) | 5.81M (1.72%) 11134 35.493 0.657 3.350 -

v C-Adpt (1) P-Adpt LoRA (16) | 2.57M (0.76%) 15376 44319 0.642 3.401 -

v C-Adpt (4) P-Adpt LoRA (16) 1.78M (0.52%) 18.192 52139 0.656 3.406 -

4.3. Multi-speaker TTS Results

We also evaluated multi-speaker TTS performance with the
same baselines. Note that although we use only a single-speaker
Korean dataset, our proposed PEFT methods enable the genera-
tion of novel speakers while preserving the zero-shot TTS capa-
bilities of the pre-trained models. Table 2 shows that fine-tuning
all model parameters results in a loss of zero-shot TTS ability.
Furthermore, the results also show higher CER and WER due
to hallucinations in the generated speech, such as word repeat-
ing and skipping. The results show that our proposed meth-
ods could synthesize the speech of unseen speakers, achiev-
ing higher similarity compared to the baselines. However, we
found that it is crucial to fine-tune all parameters of the text en-
coder for robust text-to-speech performance in terms of CER
and WER. Still, it has much lower performance than the model
trained with large-scale multilingual dataset including Korean.

4.4. Ablation Study

4.4.1. Conditioning Adapter

We adopt a Conv-Adapter to generate speech from the text se-
quences of new language. In our preliminary study, we could
fine-tune the model with a large - of 4 for English dataset. How-
ever, it is difficult to learn a new language with a large . The
results show that learning new language requires more train-
able parameters. In this regard, we fine-tuned all parameters of
the pre-trained text encoder. Note that the original text encoder
could be used for the pre-trained languages.

4.4.2. Prompt Adapter

We found that freezing the prompt embedding could increase
the audio quality. However, it shows lower speaker similarity
such as intonation of new language, so we fine-tune it with

LoRA adapter. Additionally, we found that training it with
DropPath could improve the similarity and preserve the audio
quality of the pre-trained model.

4.4.3. DiT LoRA Adapter

We compared the rank of LoRA from 16 to 64. Although in-
creasing the rank size could improve the pronunciation of new
language, it loses its speaker adaptation ability and decreases
the audio quality. It indicates that it is important to use low
rank when using a small-scale fine-tuning dataset for preserv-
ing the generative capability of the pre-trained model. We be-
lieve that scaling up the training dataset simply improves per-
formance with a small rank size. Additionally, using a rank of
32 could improve the pronunciation. However, we use a rank of
16 to preserve the zero-shot capability in this work.

5. Conclusion

We propose PEFT-TTS, PEFT methods for cross-lingual con-
tinual learning in low-resource environments. We investigated
three adapters for each module: a Conditioning Adapter for text
conditioning, a Prompt Adapter for zero-shot TTS, and a DiT
LoRA adapter for acoustic generation. We successfully fine-
tuned F5-TTS for a new language using only a single GPU and
a single-speaker dataset. Furthermore, our proposed method
preserves the zero-shot TTS capability despite training with a
single-speaker. However, we observed that the generated sam-
ples of zero-shot TTS might contain hallucinated results. While
fine-tuning the entire text encoder mitigates this phenomenon,
it also requires more trainable parameters. In the future, we will
explore more robust and efficient fine-tuning methods for text
conditioning layers and develop improved alignment methods
between text and speech to reduce hallucinations.
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